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Abstract 
Motivated by situated cognition in architectural design, this research investigates a computational approach for 

spatial synthesis that supports designers inside the generative loop with fine-grained interaction. After reviewing 

and creating a taxonomy of classic paradigms of generative modeling, we present a research guideline for 

interactive spatial synthesis. This guideline comprehends control of problem parameters, real-time interaction, step-

by-step and fine-granular construction of the spatial representations, event-driven computing, reduced assumption 

about control strategies, and simultaneously addressing multiple spatial goals 

To test the feasibility of this research guideline, we investigate multi-agent spatial synthesis (MASS), which 

comprehends a collection of discrete and autonomous entities referred to as spatial agents that interact in a shared 

environment. By distributing the computation, MASS benefits from robustness and scalability and can enable 

designers to engage in interactive simulations to explore spatial patterns in large state spaces under uncertainty. 

Besides, similarly to agent-based models, MASS can potentially model the dynamics of complex systems and display 

qualities such as emergence and complexity. Nevertheless, there is no clear methodology to design agents that can 

manage conflicts with realistic spatial synthesis goals. Existing prototypes for MASS typically rely on trends such as 

bioinspiration and physics-simulation and often on hybridization with global solutions, such as metaheuristics.  

We address this bottleneck of agent design in a MASS research artifact by using multi-agent reinforcement learning 

as a training methodology for spatial agents. It enabled creating agent policies that address multiple architectural 

goals and that support fine-grained interaction with reduced dependency on initial design states and order of 

operations. The resulting artifact is based on training an ecology of spatial agents with parameter sharing and a 

parameterized reward function to support domain knowledge and enable heterogeneous agent behaviors. The 

MASS artifact was evaluated in multiple design cases: a house design in different site conditions, a museum on a 

large interstitial site, and a speculative design of a house complex on a large empty site. Overall, the agent policies 

satisfied custom spatial goals and produced consistent morphological patterns for the different design cases. 

After the evaluation of the MASS artifact, we integrated it to an interactive simulation workflow to support 

designers in the generative loop with access to fine-grained interaction, event-driven computing, and other 

properties described in the initial guideline. The success of the design artifact and the implementation of the 

interactive simulation workflow are proofs by construction of the feasibility of the proposed approach to design 

spatial agents for interactive spatial synthesis. Besides, they open doors to different lines of research, such as agent-

based architectural morphology, spatial synthesis of complex spaces based on ecologies of agents, and mainly, the 

evaluation of situational and collaborative design behavior with architects. 

Keywords: Generative design; Spatial synthesis; Agent-based modeling; Multi-agent reinforcement learning; Fine-

grained interaction; Interactive simulation. 
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0. Introduction 

0.1. Research topic 
In the last decade, there has been a resurgent interest in spatial synthesis both in academia and 

in the architecture, engineering, and construction (AEC) industry (Carta 2021, 6–7). By the term 

spatial synthesis, I refer to computational methods for the generation of building elements such 

as partitions, zones, rooms, and circulations, to address programmatic requirements, 

environmental and site conditions, spatial relationships and order, or any other relevant design 

factor. Among the many design challenges and opportunities at stake, this research focuses on 

providing computational support for situated cognition and play with design material. Primarily, 

the research addresses the design and development of a multi-agent spatial synthesis (MASS) 

method that supports designers in the generative loop with fine-grained interaction. It 

investigates the practical implications of using interactive simulations with agents to allow 

designers to study, test, and subvert spatial hypotheses. 

0.2. Research motivation 
Historically, generative design for spatial synthesis relies on classic techniques of problem-solving, 

which have been originally developed for areas where an objective rationality is often adopted to 

interpret and operationalize design, such as engineering and artificial intelligence. In this view of 

design, the conceptual knowledge about the spatial configurations to be designed, the 

consequences of the decision making, and often the forms of evaluation of the solutions can be 

described as collections of facts and rules. Therefore, it becomes possible to decompose design 

problems into parts and the design synthesis can be solved with stronger computational methods, 

which can explore the space of alternatives before generating the spatial solutions. This is typically 

achieved with search algorithms and design optimization, which can look for good solutions or 

optimal solutions according to pre-existing knowledge. 

One of the consequences of this anticipatory approach is that it generally relies on an indirect 

design method where the model is responsible for the strict generation of design alternatives, 

while designers can select the preconditions, such as goals or input parameters to guide the 

generation. Then, designers have access to one or more fully formed design alternatives in the 

output in a pre-defined design space, which can potentially be visualized and selected using 

catalogues and dashboards. If the alternatives are not satisfactory, the input can be changed, 

establishing an interaction based on turn-taking, which is a common approach in configurators 

and design tools for AEC.  In this meta-design, designers can potentially learn about the 

relationships between design parameters, configuration, and performance to restructure the 

problem and extend design exploration.  

This form of design exploration is appropriate for cases where the knowledge to support design 

analysis, evaluation, and synthesis is not only available but is also robust with the respect to the 

designers’ intentions. However, anticipating the problem structure, the design rationale, the 

decision process, and the consequences of contemplated action can hamper design exploration 
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and creative tasks. The concept of situated cognition captures this problem by challenging the idea 

that intelligent behavior can be modelled as a collection of facts and rules. Instead, it suggests that 

intelligent behavior is an activity where feedback and emergence are paramount, because 

thinking, perception, and action are coupled in the circumstance of the task (Clancey 1997). This 

view captures the contingencies of material and social circumstances that enable adaptation and 

ad hoc responses to the action of others involved in a certain task (Suchman 2006).  

Situated cognition also supports a critique of the model of problem solving and its emphasis on 

anticipating and explicitly describing facts and rules in architectural design. Over the last decades 

the field of design theory has emphasized the importance of design feedback and of coupling 

thinking, perception, and action in design practices. For example, in the conversational model of 

design, design problem and solution co-evolve during a cyclic conversation between architects 

and the design media, such as drawings or physical models (Anderson 1966; Schön 1983; 1992; 

Lawson 2005; Gänshirt 2007). 

This research intends to bridge the gap between these two views of design in spatial synthesis: 

problem solving, which relies on the development of rational design methods that are amenable 

for computation, and conversational or situated design, which understands design as an open-

ended and intuitive activity based on coupling and intense feedback with the design situation. This 

research is motivated by a desired scenario where designers can use generative design as a 

platform for creative conversations. In this scenario, generative models would enable designers to 

interact, collaborate, and adapt dynamically to changing circumstances to investigate design 

hypotheses and emerging perspective. 

0.3. Research aim 
Motivated by ideas of situated cognition, this research aims at investigating generative models 

that can subvert the indirectness and rigidity of the decision structure of classic models, and 

benefits both from direct human collaboration and from the state of art in artificial intelligence. It 

particularly aims at developing methods that allow the designers to operate in the generative loop 

with fine-grained interaction. 

We use the term designers in the generative loop to refer to a form of generative process where 

designers share the same simulation with computational agents, which allow them to access the 

design information with low cognitive loads, enabling human sensibilities and values to provide 

guidance to the generation. In this interactive simulation, the design material is not a set of 

solutions generated by the algorithm or the information about their performance but the design 

in formation itself. This contrast with the idea of turn taking in classic models, where designers 

have indirect control of a generative process that happens in a separate turn. 

The research also relies on the concept of fine-grained interaction, which not only comprehends 

increasing the speed of the feedback between human and generative model but also providing 

more granular control to enable humans and agents to execute a shared task jointly (Tran Luciani, 

Löwgren, and Lundberg 2019, 685–86). The idea is that human-computer interaction should 
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happen at small steps of formation of the design alternatives with intense percept and control 

feedback to blur the boundaries between analysis and synthesis. 

0.4. Agent-based computing for research 
This research focuses on the development of a spatial synthesis framework and artifact that 

integrate situated elements of design creativity into more open-ended and collaborative 

generative methods. For that, this research relies on two computational paradigms based on 

agents: agent-based modeling and multi-agent deep reinforcement learning. 

Agent-based modeling relies on the behavior of autonomous computational entities – agents – 

that interact in a shared environment, over time, producing a certain collective behavior or 

organizational pattern. Agent-based modeling is a computational paradigm that supports 

interactive simulations with human in the loop and fine-grained control. Besides, it also addresses 

phenomena that are related to more open-ended aspects of design, such as pattern formation, 

self-organization, and emergence. 

Typically, agent-based models are developed to represent the behavior of real-world phenomena, 

such as fluid flow, pattern formation, reaction diffusion of chemicals, physics, urban dynamics, and 

social interaction. Therefore, agents-based models can be adapted from other areas, such as 

complex systems, to architectural problems. There are interesting examples of the application of 

agent-based models to speculative design (C. M. Herr and Ford 2015), design inspiration (Gausa 

et al. 2003; Allen 2009; Gausa 2010), building occupancy, or urban design (Koenig 2011). However, 

while agent-based models from other fields have been successfully adopted in these formal, 

architectural, and urban explorations, it is not trivial to import and adapt them to address the 

specific constraints in spatial synthesis. Due to the lack of an approach to design custom agents, 

generative methods based on agent-based models have historically struggled in multi-objective 

and constrained problems, such as spatial synthesis in the scale of building design. 

The second paradigm, multi agent deep reinforcement learning, which has been one of the main 

areas of deep learning to spearhead the latest wave in artificial intelligence (Russell and Norvig 

2021, 24–27). In deep reinforcement learning, agents are trained to maximize their performance 

with the respect to a feedback signal (rewards) in a sequential decision process. In this approach, 

instead of adapting and fine-tuning pre-existing agent-based models, designers can create spatial 

goal based on reward signals that support the training of proper agent behaviors as part of an 

ecology of agents. Then, the resulting agents can be deployed in an interactive simulation with 

designers. 

0.5. Research questions 
This research uses the ill-structured and qualitative nature of situated design to investigate future 

interactive generative design practices. It addresses the problem of multi-agent spatial synthesis 

(MASS) and situated cognition in design exploration by envisioning new forms of generative 

models. The main research question is: can agent-based modeling and current deep 

reinforcement learning techniques support the design of custom agents for a spatial synthesis 
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based on fine-grained interaction? A secondary question that is partially addressed by this 

research is: can the proposed forms of interaction be integrated to a generative workflow 

centered on human experience? 

0.6. Research method 
This dissertation addresses the dual goal of providing methodological insights on the problem of 

spatial synthesis with designers in the loop and on designing, developing, and evaluating an 

innovative design artifact that contributes to its solution. It establishes an arc that begins with the 

motivation to explore spatial synthesis with designers in the loop and culminates with an 

innovative design artifact that extends and enhances this reality. 

Due to the design-theoretical motivation, the exploratory part of the research evaluates the 

rationale and technology of current generative systems available using taxonomy building and 

integrative literature review. Taxonomy building as adopted in the dissertation is a process of 

organizing the knowledge on generative models for architectural design and understanding their 

underlying ideas and paradigms. The taxonomy is built based on a review of existing categories 

and taxonomies. Instead of focusing on specific instances, applications, and algorithms, it provides 

a consistent terminology and a deeper understanding about the relationship between the 

different methods and components of a generative model and their implications for design 

interaction. Then, an integrative literature review assesses the current state of the specific area of 

research: multi-agent spatial synthesis.  

To explore new perspectives for the research problem of interactive spatial synthesis with agent-

based models, the constructive part of the research comprehends designing, implementing, and 

evaluating an original design artifact.  

First, we build a spatial synthesis artifact from the ground up, which intends to prove the feasibility 

of using agent-based modeling and multi-agent deep reinforcement learning to design custom 

spatial agents that have good performance in a spatial synthesis problem and enable finer-

granular control in the generative loop. Different iterations of the artifact are evaluated 

quantitatively and qualitatively with the respect to the training process and to the performance of 

the agents in design cases. 

After the evaluation of the artifact, the research incorporates its interactive simulation to event-

driven computing using a game engine.  The idea here is to create a design tool that enables 

designers to restructure the design problem and guide the design exploration to preferable or 

unexpected alternatives in the generative loop with situated actions and fine-granular control. 

It is important to clarify that while our method shares qualities that are common both in computer 

science, engineering, and architectural design research, it is customized to the specific inquiry 

described in this introduction. By proposing a spatial synthesis formulation and method from the 

ground up, this research has a larger set of tasks to address, including the creative re-formulation 

of spatial synthesis, so it does not benefit from existing task environments, which are common in 
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computer science and engineering research. In terms of architecture, the construction and 

evaluation of the design artifact incorporate questions related both to its efficiency and to the 

quality of the resulting spatial types. However, the formulation is still constrained by certain 

abstractions that are related to the development of a research artifact and not to specific design 

practices. Over the time, as the method becomes more developed and stable, I expect that its 

properties can be tailored to specific design pedagogies and creative practices based on the 

preferences of the architects and stakeholders. 

0.7. Research objectives 
I pursued the following objectives during my research: 

• Reviewing the existing generative models for architectural design, including classic, agent-

based methods, and deep learning methods, including reinforcement learning  

• Identifying the dominant approaches to interaction in classic generative models 

• Reviewing the existing research prototypes that use agent-based and similar models for 

spatial synthesis and identify the specific gaps 

• Incorporating learning into a multi-agent spatial synthesis 

• Identifying the available deep reinforcement learning methods to train spatial agents 

• Formalizing the multi-agent spatial synthesis problem with simultaneous spatial goals, such 

as adjacency, shape, area, and daylight access 

• Training and evaluating custom agents for spatial synthesis using reinforcement learning 

techniques 

• Implementing a design artifact that integrates custom spatial agents and a parametric 

model in an interactive environment  

• Exploring different interaction mechanisms that are compatible with the multi-agent 

model 

• Discussing the exploration of possible spatial configurations based on underlying agent-

based constraints and policies 

• Discussing how the interactive simulation workflow instantiates a specific view of spatial 

synthesis that can support collaborative workflows with artificial intelligence 

0.8. Impact of the research 
The first contribution of this research is a conceptual framework for multi-agent spatial synthesis 

with designer in the loop based on fine-grained interactions. This framework is substantiated by a 

design artifact and an interactive simulation workflow that integrate parametric modeling, agent-

based modeling, and multi-agent deep reinforcement learning to a game engine. This artifact and 
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workflow enable designers to interact with AI agents using fine-grained control mechanisms to 

build a design configuration incrementally. To my knowledge, both the initial version of the 

prototype (Veloso and Krishnamurti 2020; 2021b) and the final ones are an original contribution 

to the problem of agent design for spatial synthesis with designers in the loop. The main 

innovations in the prototype are related to the use of multi-agent reinforcement learning to 

• to generate heterogeneous agent behaviors based on parameter sharing 

• address multiple spatial synthesis goals and support domain knowledge using a 

parameterized reward function  

• use training with randomized environments and problem specifications to incentivize 

better policy generalization and reduce the dependence on pre-defined settings 

• support event-driven computing, real-time and fine-grained interaction 

• the use of granular actions to learn higher-level behaviors and spatial compositions 

• the integration of the proposed model with parametric modeling and a game engine to 

support a fully interactive environment 

By providing a deep learning approach that solves the problem of custom agent design, this 

research not only makes multi-agent spatial synthesis a viable design method but also  

• promotes the importance of fine-grained interactions in generative design workflows for 

creative research practices  

• situates designers inside an interactive simulation with agents as one possible answer for 

problems of design ethics, transparency, and authorship in automated methods 

• incentivizes the incorporation of principles from agent-based computing to architectural 

morphology and design practice 

There are also secondary contributions to design education and architectural design.  

The proposed framework subsumes some areas of rule-based modeling in design. The policy of an 

agent is in essence a function that decides what action to take, given a certain observation of the 

current state. Therefore, combining policy learning with granular actions is a form to infer 

sequences of actions that result in high-level state transformations that leads to large cumulative 

rewards (in reinforcement learning) or to other forms of objectives, such as coherence with 

recorded behaviors (in imitation learning). In other words, the proposed framework can be 

interpreted as a method to create rule sets and grammars for high dimensional design states. 

In terms of generative design education, the lack of consistency and rigor in the treatment of 

underlying ideas and terms is a barrier for architectural education. The current knowledge on 

generative models is fragmentary and the techniques to develop custom generative models are 

not systematized, so its incorporation in design education is still challenging. Therefore, the 
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taxonomy of generative modeling developed over the dissertation contributes to the 

systematization of existing generative models and to development of new ones. I introduced this 

taxonomy in computational design courses at Carnegie Mellon University and it resulted in 

insightful feedback and interesting projects – some of these projects are displayed in this 

dissertation as examples. 

0.9. Summary of chapters 
The structure of the dissertation follows the pattern of the hourglass.  

Chapter 1 starts with a broad and theoretical interpretation of ideas and configurations of 

generative models and provides the theoretical elements to narrow it down to the scope of the 

research problem. First, it introduces basic definitions of generative model and spatial synthesis 

and contextualize them in the scope of this research. Then, it starts building a taxonomy of 

generative models with paradigms consolidated in architecture, such as parametric modeling, 

rule-based modeling, search/composition, and design optimization for architectural design. Based 

on these categories, the chapter problematizes the “indirectness” of the design generation with 

optimization and composition and identifies the opportunity for novel approaches.  

To address the indirectness of design interaction and set the scope of the research, the chapter 

establishes an underlying structure in the form of a research guideline for situated and interactive 

spatial synthesis. This guideline for interactive spatial synthesis is based on a combination of 

elements such as a parameter control, event-driven computing, real-time and fine-grained 

control, and reduced assumptions about the problem structure and resolution. 

The first response to the guideline is the investigation of agent-based computing in the context of 

generative modeling, which results in the identification of research opportunities and challenges. 

While agent-based computing satisfies most of the elements of the guideline, it lacks a general 

methodology for agent design that can address spatial synthesis problems. The second 

computational paradigm, multi-agent reinforcement learning, provides computational methods 

to solve the problem of agent design and to enable the development of a design artifact. At the 

end of the chapter, the taxonomy is updated with additional categories, such as agent-based 

model, simulation, generative learning, and behavioral learning, which works as a map to situate 

the approach proposed in this research. 

The next chapters are the core of the applied research, and they cover the development of the 

design artifact for spatial synthesis with fine-granular interaction.  

Chapter 2 describes the formulation and implementation of the design artifact, which is based on 

designing, training, and deploying an ecology of heterogeneous spatial agents to build spatial 

layouts. The chapter introduces the design decisions in terms of agent and environment 

representation, which are based on the discretization of the information into grids. It presents the 

parameters and the functions used to model the environment, such as a transition function, and 

a parameterized reward function based on multiple spatial objectives. Then, the chapter 
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introduces a series of three prototypes, with specification of their reinforcement learning 

algorithms, training settings, and results. 

Chapter 3 is a proof by construction of the feasibility of research framework. It evaluates the 

capacity of the design artifact to support step-by-step formation of valid designs in face of 

adversity, such as site conditions and design perturbations. It evaluates the different versions of 

the design artifact using three design cases: a single-family house in three different sites, a single-

story complex of art galleries located in a site between urban lots with small buildings and an 

existing park, and a complex of eight houses to be placed on a large and empty site. Besides 

presenting the performance of the artifact under different conditions, the chapter also addresses 

the different configurations that are generated based on variations of the reward function.  

Chapter 4 introduces the integration of the design artifact to an interactive simulation workflow 

comprehending parametric modeling and a game engine. The chapter describes the general 

workflow, the geometric post-processing of the agent states in a parametric editor, and the 

proposed interface, tools, and commands in the game engine. This workflow is a proof of the 

viability of the design artifact to support spatial synthesis with designers in an interactive 

simulation with agents. 

Chapter 5 contains a general discussion about three main aspects of the research and its 

implication for future research. First, it addresses technical aspects of the design artifact that will 

be developed in the future to tackle more complex and larger problems. This includes extending 

the forms and parameters of agent representation, enabling variations of spatial objectives to 

increase specialization and clustering of agents, and improving the training workflow. Secondly, it 

comprehends the capacity of the artifact to explore design alternatives with coherent design 

constraints and order. This leads to two future research challenges: inferring agent behaviors 

directly from design examples and developing an approach to capture top-down compositional 

properties with an agent-based model. 

Then, the chapter emphasizes the capacity of the proposed model to support designers inside the 

loop sharing a fine-grained and local control with computational agents. This is compared with 

other interactive models of mainstream generative models, such as design optimization and 

generative learning, which typically rely on some form of turn taking. Considering that the 

proposed interactive simulation workflow succeeded in satisfying the properties of the research 

framework, it is considered a starting point for future research into situational design behavior 

with designers and computational agents.  

The chapter concludes by revisiting the trajectory of the research and the future lines of research. 
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1. In pursuit of agent-based spatial synthesis for situational design 

1.1. Introduction 
This research explores a novel computational approach to spatial synthesis that allow the 

designers to be in the generative loop with decentralized design control and real-time and fine-

grained interaction. This chapter is divided in the following parts: 

• Defining generative model and spatial synthesis 

• Classic Generative Models 

• A guideline for spatial synthesis with designers in the generative loop 

• Agent-based computing in generative design 

• Training agents for spatial synthesis 

The first two parts identify fundamental definitions and relationships underlying the concepts of 

artificial intelligence, generative model, and spatial synthesis. Then, the chapter discusses classic 

generative models for spatial synthesis – i.e., models that rely on computational paradigms from 

Artificial Intelligence (AI) and related fields. It introduces a taxonomy that describes the underlying 

computational ideas and the current modes of human-computer interaction in classic generative 

models.  

The third introduces a computational guideline to address situated design methods that allows 

designers to use the affordances of the media to iteratively test design hypotheses, to interpret, 

frame and reframe the problem itself according to frictions and emerging perspectives. The 

following two parts address two paradigms adopted in this dissertation to substantiate this 

guideline into a design artifact. The first extends the taxonomy of generative model with agent-

based computing and discusses the benefits of using agent-based generative models in our design 

artifact and exposes the current challenges, such as agent design. The second extends the 

taxonomy with the notion of learning, then introduces multi-agent deep reinforcement learning 

as a method to train the agents in our design artifact. 

1.2. Defining generative model and spatial synthesis 

 From ideation to generative models 

Natural sciences are concerned with how things are; design, on the other hand, is concerned with 

how things ought to be (H. A. Simon 1996, 114). Likewise, their respective models resonate this 

distinction between analysis and synthesis. Models in natural sciences are instruments to 

investigate hypothetical or existing phenomena and are generally based on symbolic and 

mathematical concepts. In contrast, architects traditionally rely on different types of models to 

produce building configurations to respond not only to the required goals and constraints of the 

project but also to spatialize their design principles and personal values. These models encompass 

a vast range visual media, such as in sketches or physical prototypes (which can be considered as 
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models as well) to express relevant characteristics of an as-yet-unknown spatial construct. 

Under the actions of designers, the conventions and structure of the design model are used both 

to represent their ideas about the desired building artifacts and to enable imaginative exploration 

of novel alternatives and updates. They modify and refine models that partially represent a spatial 

construct that is under construction with the models themselves (Figure 1: A), i.e., an architectural 

representation precedes and actualizes the referent (Corona-Martínez 2003, 25–40; Picon 2004, 

115). The progressive actions over the model provide feedbacks for the designers, which can 

update the internal representations in their minds. This relationship between the ideas of the 

designers and the architectural models mediated by action and perception is so crucial for ideation 

that design theorists refer to it as a form of cyclic reasoning or design conversation (Anderson 

1966; Schön 1983; Corona-Martínez 2003; Lawson 2005; Gänshirt 2007; Cross 2006). Particularly 

in the early stages of design, the “conversation” with partial representations is important for 

acquiring knowledge, creating a frame of reference, and reformulating the problem and solution 

in parallel (Cross 2006). In this process, “(…) the designer constructs the design world within which 

he/she sets the dimensions of his/her problem space, and invents the moves by which he/she 

attempts to find solutions” (Schön 1992, 11). 

Notwithstanding being a well-established practice, the direct, creative, and intuitive engagement 

with visual media as the architectural model is not the only alternative for design conception with 

models. Instead of using static models for visual and tactile feedback, designers employ models 

that embed some form of decision-making, such as instructions or behaviors, to generate design 

alternatives, which is the essence of generative models1. Designing with generative models – i.e., 

generative design – is typically an indirect methodology where designer externalize specific design 

rationales.  

 

1 The terms generative system and generative model are common in the literature. In fields such as systems 

engineering and cybernetics (Ashby 1956), system is used to comprehend the studied phenomenon as a cohesive 

organization composed of interacting parts that together produces results not obtainable by the parts in isolation. 

The term model refers to the representation of a system. I opted for the term generative model for three reasons: 

(1) it describes representations of concrete generative systems in the taxonomy presented in this chapter; (2) it can 

be considered an instance of architectural models used for design conception; (3) it also unifies the nomenclature of 

the diverse areas addressed in the chapter, such as mathematical models, geometric modeling, parametric 

modeling, agent-based models, rule-based models, etc.  
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Figure 1 A: design ideation: the direct interaction of designers with visual media to build an imaginary design world. B: 

formulation of a generative model: the definition of input and generator implies the existence of a design space to navigate and 

look for output design alternatives; (G). C: execution of a generative model: designers control an input (I), the generator (G) 

synthesizes a design alternative as an output (O), which is observed by the designers. By Author.  

Our basic representation2 of generative design has two stages – formulation and execution –, and 

the generative model has three main components: input (I), generator (G), and output (O).  

In the formulation stage (Figure 1: B), the designer develops the representations for the input (I), 

for the output (O), and the instructions to be encoded in the generator (G). This generator is 

usually an algorithm that specifies how to synthesize the output design alternatives, conditioned 

on the input information. In contrast to conventional design ideation, where designers imagine 

design worlds by interacting with design media, the configuration of the generative model induces 

the space of possible designs (design space) and the ways that the designer can use the input 

operations and data to navigate between solutions (design navigation). Thus, in the execution 

stage (Figure 1: C), the design space embedded in the model and the mechanisms for navigation 

are fundamental for the designer to explore and learn with the design alternatives. Designers 

interact with the generator by controlling the input information and observing design alternatives 

as feedback in the output of the model. They can either exploit a subspace of solutions that satisfy 

certain goals or explore unexpected alternatives in the design space. 

Generative models are not restricted to the use of computers. Currently, parametric modeler, 

algorithmic editors, plug-ins, and scripting are available to design education and can support the 

description and automation of generative tasks using symbolic operations, algorithms, and data 

structures. However, while computational generative models are the main topic of this 

dissertation, it is important to clarify that creating a generative model does not require using 

computational logic and the use of computer does not imply the use of generative models. 

Generative models can (retrospectively) include existing methods, such as form-finding models, 

like pneumatic, soap bubbles, soap-film, sand, and suspended chain models (Otto 2003; Vrachliotis 

 

2 While our representation is unique and represents our approach to the topic, it certainly has precedents in the 

literature, such as (Fischer and Herr 2001; Cagan et al. 2005, 172; Gänshirt 2007, 78–79; Bohnacker et al. 2012, 461; 

Veloso and Krishnamurti 2019). 
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et al. 2017), or the procedures to generate building elements and configurations from 

architectural treatises. In the case of form-finding models, the step of formulation requires 

constraining existing natural phenomena to make their behavior work as an algorithm for form 

exploration. In the case of a written procedure to generate a building element, the execution stage 

depends on the designer. 

Nevertheless, the abstraction and generality of numerical and symbolic computation enable the 

control over all the elements and stages of a generative model and can subsume most existing 

generative models. With computers, it is not only possible to explicitly model geometry and 

building information – as in CAD and BIM software –, but also to simulate form-finding models, to 

automate the generation of a building types, and to create custom generative models. Generative 

models are constructs situated between design and computational logic. Their logic can be 

inspired by different sources, such as human cognition, expert knowledge, brain architecture, 

social organisms, natural processes, and dynamics. They are a powerful and compelling alternative 

for design that benefits both from the rigor of scientific modeling and the open-endedness of the 

design artifacts. 

 From architectural composition to spatial synthesis 

Historically, architecture composition comprehends both to method and result of organizing 

spatial elements such as partitions, zones, rooms, and circulation, and relations, according to some 

ordering logic. This spatial order used in a composition relies both on the satisfaction of factors 

that are external and internal to the designers and to the discipline of architecture3. The former 

are the pressures over an architectural configuration derived from outside of the designers’ will, 

such as the structural, environmental, and programmatic requirements or constraints of a given 

project.  

While these external factors are necessary, they are not sufficient for determining good 

architectural configurations. In contrast to fields of engineering where empirical facts and 

objective factors tend to be dominant, the reliance of designers on principles shared by  architects 

in publications (Lucan 2012) or on personal and collective disciplinary constructs is a common 

place in design (Colquhoun 1969). Architects work with intuition, personal preferences, and local 

paradigms that are internal to the discipline to create custom spatial configurations, which can 

include shared precedents, aesthetic codes, visual language, design principles, methods, and rules.  

In a composition each part of the design is determined by its own spatial configuration, by 

connections with other spaces, and by the functions they have in relation to the whole. In the 

classical sense, the practice of composition relies on a repertoire of clearly spatial figures and 

elements, and uses academic principles of regularity, axiality, symmetry and hierarchy, to ensure 

a closed and organic unit of the whole. However, due to changes both in the external pressures 

 

3 For more details on spatial orders derived from the field of architectural design and theory, see 7.1 Appendix A: 

Notes on architectural composition. 
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and internal changes in architectural paradigms, the design of architectural configuration has been 

under constant redefinitions in the last century. Many design strategies, such as free-plan, 

transparencies, collages, montages, formal operations, and different forms of diagramming have 

been adopted by designers to disrupt the classical discipline of composition in the design of 

contemporary buildings (Figure 2). 

 

Figure 2 Matrix of different compositional and non-compositional orders. By the Author with diagrams re-drawn from (Lucan 

2012, 402, 476; Alexander et al. 1977, 518, 883, and 888; Allen 2009, 192, 218; 2012b, 98) 
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In parallel to the development of these design strategies, the automatic generation of 

architectural layouts was one of the main areas of early computational design research (W. 

Mitchell 1977; C. N. Eastman 1975).  This research area was largely informed by ideas from artificial 

intelligence and operations research, as described in 7.2 Appendix B: The influence of classic AI 

methods on generative models. Overall, early research in the field emphasized a systematic 

approach to design based on problem-solving, which could benefit from the use of computers. 

Algorithms and data-structures were used to perform different design tasks, requiring the 

externalization of the instructions for design. Due to the multi-disciplinary nature of the problem, 

its proponents adopted not only different approaches but also a variety of names. It 

comprehended a diversity of methods and a vast terminology, including terms such as automated 

spatial synthesis, space planning, facility layout, autonomous layout design, automated layout, 

automated floor plan generation, space allocation, etc. In this research I will adopt the term spatial 

synthesis. These are some of the definitions of the problem of spatial synthesis (Table 1). 

Table 1 Definitions of spatial synthesis problem 

Author Definition 

C. M. Eastman 1970, 242 “Problems involving the arrangement of objects in two- or three-space where the objective 
function primarily consists of derivatives of the distance between objects or their arrangement 
are called space planning problems.” 

Mitchell 1977, 425 “Given a data structure capable of representing a range of building designs, find a state of the 
data structure (i.e., a particular design solution) such that specified objectives and/or constraints 
are complied with.” 

Henrion 1978, 176 “A space-planning problem consists of three parts: A set of elements to be located, a receiving 
space in which to locate them and a criterion function to evaluate the arrangements.” 

Rowe 1987, 40 “In architecture and urban design the class [of well-defined problems] would include the space-
planning problem, in which a set of building spaces is prescribed, together with a site in which 
they are to be assembled and some expression of adjacency requirements among the spaces. 
Here, the problem can be formally expressed by letting P represent all possible combinations of 

building spaces, s1, . . . , s𝑛, with a subset S of combinations that satisfy the adjacency 
requirements, A(s𝑖, s𝑗). The objective is to find a satisfactory combination.” 

Liggett 2000, 197 “Facility layout is concerned with the allocation of activities to space such that a set of criteria 
(for example, area requirements) are met and/or some objective optimizes (usually some 
measure of communication cost).” 

 

The essence of spatial synthesis can be reduced to three basic elements:  

(1) a form of representation of design alternatives 

(2) a set of design requirements with objectives and/or constraints 

(3) a solution procedure to generate good solutions in the format of 1 and 

according to the design criteria of 2.  

In other words, given the hypothesis about the spatial problem to be solved, such as its 

representation, requirements and constraints, researchers could systematically develop a planned 

sequence of analysis, synthesis, and evaluation steps to generate one or more spatial solutions to 

support design decisions. In this scenario, the designer provides the specifications for the design 

and the generative model executes its program and generate one or more solutions, or even try 



15  

to enumerate all possible solutions to support future design decisions.  

1.3. Classic Generative Models 
Despite the large volume of research on generative models, the knowledge is still fragmentary and 

there is also a lack of consistency and rigor in the treatment of underlying ideas and terms. In this 

section I organize the ideas about classic generative models using part of a larger taxonomy that 

was developed both for educational and a research purpose 4. The goal of introducing this initial 

taxonomy is to identify how the components of classic generative models result in different types 

of design spaces and strategies for design navigation, and, therefore, are strongly associated with 

the possible forms of interaction with designers. The taxonomy was developed from research on 

existing classifications of classic spatial synthesis techniques and generative design methods (see 

7.2 and 7.3.2).  

This initial taxonomy (Figure 3) focuses on the essential components of classic generative models 

and its components are organized in two levels, according to their function: expression and 

synthesis. Each generative model is represented in the taxonomy as a combination of the building 

blocks5. The vertical and diagonal connections between building blocks in different levels 

represent the combination of components for models with multiple functions. The horizontal 

connections represent hybridization of components for the same function. The thickness of the 

lines indicate affinity. Thus, rule-based models have relatively stronger affinity with composition, 

even more so than parametric models with optimization.   

 

Figure 3 Taxonomy for building blocks of generative models. By Author. 

The blocks in the first row are the three common expressions of a generative model: parametric- 

and rule-based model. These blocks are essential because they define specific formulations for the 

 

4 The taxonomy was introduced in computational design courses at Carnegie Mellon University, and it resulted in 

insightful feedback and interesting projects – some of these projects are displayed in this chapter as examples. 

While the initial version of the taxonomy was published in (Veloso and Krishnamurti 2019), the content on the final 

taxonomy was organized and published in (Veloso and Krishnamurti 2021a). 

5 While the taxonomy shown here is not exhaustive, it is broad enough to subsume earlier classifications that were 

based, perhaps, on finer considerations, for example, AI techniques such as knowledge representation, case-based 

reasoning, and expert systems. Some of the techniques might be a special case of the existing blocks or might fit in 

between the blocks. 
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models that result in different types of design spaces and forms of design navigation.  

Once the expression of the model has been formalized, it is possible to explore design alternatives 

with some form of user control. The design representation can be modified, the parameter values 

of parametric models can be tweaked, rule-based models can be computed by selecting shapes 

and rules. However, generative models usually incorporate a strategy to navigate in the design 

space and automatically synthesize design alternatives. The second row contains computational 

methods for automatic design synthesis, such as optimization6, and composition. These blocks 

support the execution stage, where the designers can explore design alternatives by interacting 

with the design input and outputs. 

 Parametric model 

One of the more popular ways of expressing design synthesis is through parametric modeling, 

which has precedents in the history of rationalist architecture and in computational modeling 

(Davis 2013a). Roughly, a parametric model can be defined as an explicit representation of the 

design logic that can be controlled by independent variables (or input). Mathematically, these 

variables are named parameters and are associated with equations that map them to a certain 

quantity in the output (Davis 2013b, 21–22). For example, the explicit representation of the 

coordinates of a hyperbolic paraboloid parameterized on the straight lines maps the input 

parameters (𝑢, 𝑣, 𝑎) to the coordinates of the surface (𝑢,  𝑣, 𝑎𝑢𝑣) (Figure 4). The parameter a is 

of special interest because it can be used to change the height of the hyperbolic paraboloid. 

 

Figure 4 A: function to generate the coordinates of a hyperbolic paraboloid. B: representation of the surfaces in a specific 

domain of u and v, based on the variation of the parameter a. By Author. 

In design, the notion of a parametric function is more general than a mathematical function, 

because it can also comprehend any type of modeling operation available in design software. Thus, 

parametric modeling is employed as a method to explore and visualize variations of architectural 

solutions, based on an algorithm that receives an input, executes finite sequence of well-defined, 

geometric, symbolic, or even numerical operations and generate the design alternatives as output. 
 

6 These building blocks are related to a specific aspect of generative modeling, so it is important to distinguish them 

from the algorithms that they comprehend. For example, the category optimization is mostly based on optimization 

algorithms for the design synthesis. However, optimization algorithms are very general and can be applied for other 

ends, such as training neural networks (see 7.6 Appendix F: Deep Learning). 
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In other words, the generator is typically a fixed structure where the changes in the parameters 

propagate through all the dependencies, updating the representation. 

In the early programming courses for design (W. Mitchell, Liggett, and Kvan 1987; Coates and 

Thum 1995), this explicit parametric function was developed procedurally by scripting in CAD 

software to generate a certain shape. Furthermore, the designer could change some of the 

parameters of this script, re-execute it, and watch the change propagate through the function to 

update the shape.  Today, most current parametric editors for design are propagation-based in 

which the parametric function is explicitly modeled as an acyclic graph with dependencies, 

modeling operations and entities (R. Woodbury 2010, 12; Janssen and Stouffs 2015, 158–62). Any 

change in the input information or in some component of this graph will trigger the re-execution 

of the function, updating the output. 

Parametric modeling enables fast change in a pre-defined range of variation, which relies on the 

domain of the parameters and on the parametric function. If the parameters are all numerical or 

each parameter can be depicted on a separate axis, the design space can be represented by a 

multi-dimensional parameter space. The designer can explore combination of parameters, which 

are mapped to a geometric solution by the parametric function (if such a solution is possible) 

(Figure 4). In the cases where the input is geometrical, the variations can also be achieved by 

conventional modeling operations that affect the input.  

 

Figure 5 A: diagram of generative model based on the parameters a, b and c and on an internal network of operations. B: 

variations of the geometry. C: diagram of parameter space of the model, associating the coordinates of the parameters with the 

resulting designs. By Author with model developed by Adie Alnobani for Parametric Modeling, CMU, Spring 2016. 

Different parametric models can capture different design intentions (Figure 6). Owing to a 

commitment to a parametric structure, the design of a good model requires significant 

frontloading. The designer should anticipate and accommodate the intended interdependencies, 

changes, and future explorations. Otherwise, design decisions and changes in the design space will 

require reconstructing part or the whole parametric function (Davis 2013b, 37–47). 
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Figure 6 Exercise for Parametric Modeling (CMU, Spring 2016): outdoor theater. A: base parametric model, with specific 

geometric requirements for the theater (seats, volume with no columns and volume to shelter). B: diagram of three different 

parametric models to create a structure that responds to the variations of the base model. By author with models developed by 

Adie Alnobani, Atefeh Goloujeh, and Cecilia Ferrando for Parametric Modeling, CMU, Spring 2016. 

 Rule-based model 

Rule-based modeling encapsulates a kit of part approach. In the example below, it is composed of 

blocks with design transformations of the design representation. With access to this kit of parts, 

the generation consists of executing a sequence of rules, which will build a design representation 

incrementally. These blocks can be represented as a set of instructions or be formalized into 

productions or if-then rules (see rules x, y, z and w, in Figure 7: A and in Figure 8: A: item 1). In the 

case of if-then rules, the design transformation maps two elements: 

the if or left-hand side (lhs) represents the preconditions for the application of the rule. 

The then or the right-hand side (rhs) depicts the result of the transformation. 

Rules are either terminating or non-terminating. Non-terminating rules contain elements that 

represent preconditions, which enables further derivation of the design. Terminating rules do not 

have preconditions on the right side, that is, they prevent further changes in the representation. 

During the execution of a rule-based model, (Figure 8) an initial design representation (usually, 

the input of our generative model) will be incrementally changed by the rules available in the rule 

set.  
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Figure 7 Example based on the half-hexagon grammar (W. Mitchell 1977, 436–39; 1990, 143–47). A: definition of a non-

terminating rules (x, y, z) and a terminating rule (w). Notice that the dot represents a label, which restricts the precondition for 

future derivations. B: partial representation of the design space induced by the rule set. Thicker line represents example of a 

sequence of derivations. By Author. 

Designing with rule-based models is equivalent to selecting the preconditions and rules 

incrementally – that is to say, the decision process is represented by sequences of rule matching. 

The designer or the generator interprets the current design state to detect existing preconditions 

(Figure 8: A). Detecting the preconditions is simple in the case where it is an atomic representation, 

such as a character, a string, or a line. Moreover, geometric preconditions can be subject to 

geometric transformations, such as rotation or scaling. However, when the representation is 

ambiguous, forms and preconditions that are unanticipated during the development of the ruleset 

can emerge with the derivations. In these cases, interpreting preconditions in the representation 

can be hard. After discovering preconditions, it is necessary to pick a rule compatible to one of the 

available preconditions. If there is only one rule application available for every state of the 

representation, the model is deterministic, and it will generate a single trajectory of changes, as 

in standard fractals or simple L-systems. However, if multiple preconditions and/or multiple rules 

can be selected, there is a tree of possible design alternatives formed by the distinct paths of 

transformations starting from an initial representation (Figure 7: B). The latter is the common case 

for generative design. 

Besides, rule-based modeling must address the tradeoff between control and emergence. If the 

goal is to explore emergent solutions, the rules are designed to favor an unbounded design space 

and allow a more unstructured exploration. In the case where the emphasis is on control, the 

designer tends to adopt rules that guarantee that the design space contains good and fully formed 

design alternatives are reachable in a reasonable number of derivations. 
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Figure 8 A: diagram of a rule-based generative model using a variation of the half-hexagon table grammar. B: example of 

resulting design; C: two variations using parameters for angle and width. By Author. 

Models with if-then rules have been widely adopted and formalized in different fields, such as logic 

(Bratko 2011), shape grammars (Stiny 2006), L-systems (Prusinkiewicz and Lindenmayer 2004), 

and fractals (Mandelbrot 1982). Overall, rule-based modeling covers a vast variety of application 

areas and as such results in different nomenclature and specificities. The table below characterizes 

three different formalisms: 

Table 2 Different formalisms based on rules (inspired by Gips and Stiny 1980). 

 

Among these, shape grammars are historically the main formalism for rule-based architectural 

 
L-Systems Shape Grammars Fractals 

Representation String with constants and 
variables from a fixed alphabet 

Shapes composed of maximal 
lines 

Atomic geometric entities (lines, 
polygons, etc.) 

Original area of 
application 

Developmental biology Spatial design and visual arts Mathematics of self-similarity 

Rule set Set of production rules based on 
a fixed alphabet 

Set of rules in a grammar Typically, one rule defines a fractal 

Left-hand side (lhs) Variable from the alphabet Shape Initiator geometry 

Right-hand side (rhs) String with variables and/or 
constants 

Shape Generator geometry (a set of 
transformed initiators) 

Interpreter Detect substrings Detect subshapes Detect initiators (self-similarity) 

Mode of application Parallel  Serial  Parallel  

Types of operations String rewriting Shape substitution Shape substitution 

Post-processing A mechanism converts the string 
into geometry. 

- - 
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design (March 2011). Shapes are based on sets of maximal lines (Stiny 1980; Krishnamurti 1980) 

with rewriting rules that enable the substitution of shapes and, potentially, the emergence of 

unanticipated shapes (Knight and Stiny 2001, 364–72). Starting from an initial shape and following 

the rules defined by a certain grammar, it is possible to explore designs with a certain characteristic 

(a design language). The grammar produces shapes, which can resemble floorplans, sections or 

even 3D models.  

For example, in a grammar for apartment layout customization (see Figure 9), the generation 

might start with a pre-defined footprint followed by operations to divide it into sectors. Then, each 

sector can be divided into rooms. The navigation in the space of possible layouts can be executed 

by a human or algorithm that selects the precedent floorplan shapes and rules. 

 

Figure 9 Example of a grammar for the customization of an apartment layout (Veloso, Celani, and Scheeren 2018). A: rule set 

organized in a graph. B: two examples of floor plans that can be generated by the rules. C: all the floorplans that can be 

generated. By Author. 

Parameter- and rule-based models capture complementary aspects of design logic. In parametric 

modeling, the parameters typically define and bound the design space, while in rule-based models 

it is a network that, with proper rules and preconditions, can be indefinitely expanded. Despite 

these differences, they can be combined in hybrid models. A parametric function can represent a 

finite trajectory of rule derivations explicitly, with the preconditions and rules selection controlled 

by the input. On the other hand, rule-based models can be extended with a parametric layer, such 

as in parametric shape grammars (see Figure 8: A: item 5, and C) or in parametric L-Systems. 
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 Optimization 

Synthesis by optimization involves searching for the best solutions in a certain design space, with 

regard to certain quantifiable criteria of performance7. It is often associated with a parametric 

model, which expresses the design outcome as a function of specific input parameters. It adds two 

components to the generative model: a fitness function and an optimization algorithm. 

The fitness function typically evaluates the performance of a design mathematically. It receives 

the design output from our generator and returns its performance values, subject to constraints. 

The fitness function can be as simple as a function that measures the surface area of a solution or 

as complex as a structural or energy simulation. Constraints can be values, combinations of or 

relations between parameters that are either unacceptable or that result in an unacceptable 

solution. These constrained solutions can be either avoided or eliminated from the model in the 

generation process or be represented in the fitness function as penalization. 

By outputting a fitness value, this function creates a new space for the generative model: the 

fitness space. In this context, exploring design alternatives involves understanding the relation 

between the space of possible choices (usually, the parameter space of the model) and the space 

of the performance. If the fitness function is based on a single objective or performance value, 

each design alternative tested can be ranked on a one-dimensional space, which makes selection 

easy – i.e., by just picking solutions with higher value – for example, in Figure 10, the ones closer 

to the blue area.  

 

Figure 10 A: parametric model with a fitness function and an optimizer controlling its parameters. B: variations of the design. C: 

fitness landscape: diagram representing the fitness value of every solution in the parameter space (red is a low value and blue a 

high value). By author with model developed by Adie Alnobani for Parametric Modeling, CMU, Spring 2016. 

If there are multiple performance criteria to be represented in a fitness function, it is necessary to 

 

7 For a more detailed discussion on the relevance of optimization to generative design, see 7.2 Appendix B: The 

influence of classic AI methods on generative models. 
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define some strategy to address trade-offs and rank solutions8. 

The second additional component is an optimization method that can automatically navigate in 

the decision space of our generator (usually the parameters) to incrementally find solutions with 

better fitness values − i.e., by finding the parameters, subject to constraints, that maximizes this 

fitness function.  

Generative models originally inherited optimization techniques used in operations research for 

decision making in military operations and industrial organization (Churchman, Ackoff, and Arnoff 

1957, 3). These mathematical techniques for decision making relied on specific analytical forms of 

the problem description9 (W. Mitchell 1977, 468–72; Radford and Gero 1988). Nevertheless, the 

elements of generative models, such as the parameters, generator, the constraints or even the 

fitness function, extrapolate the forms required by mathematical optimization. They require 

techniques with less mathematical restrictions and that enable designers to explore partial 

solutions or to learn about the correlation between decisions and performance. 

Over the last decades, with the development of novel black box methods – namely, algorithms 

that do not require knowledge of the fitness function – optimization became predominant in 

generative modeling. There are three categories of black-box algorithms: metaheuristics, direct 

search and model-based (Wortmann 2018, 100–114). Recently, genetic algorithms, simulated 

annealing, particle-swarm optimization10, and many other black-box techniques have been 

incorporated to parametric modeling as plug-ins (Rutten 2013; Wortmann 2017a). These 

techniques contain different strategies to navigate in the parameter space of the model based on 

the fitness signal of the objective function. 

1.3.3.1. Optimization of parameters 

Optimization is a very general method and allows design synthesis for different formulations of 

generative models. Typically, optimization is applied to the parametric model to choose the 

parameters that increment the fitness values of the resulting design alternatives. However, it 

allows for many other applications. For example, optimization of parameters can also be applied 

 

8 For example, it is possible to rank sets of solutions based on their hypervolume in the objective space, to combine 

the different objectives in a singular fitness dimension, or to look for the non-dominated elements in the set of 

solutions. Dominance is characterized between two solutions. A solution a dominates 𝑎 solution 𝑏 if it is no worse 

than 𝑏 in all objectives and it is better than 𝑏 in at least one objective. A solution is nondominated if no other 

solution in the set dominates it. 

9 For example, calculus requires access to a continuous and differentiable function and classic optimization 

techniques usually restrict of the problem formulation to a specific analytical form, such as a convex space (Radford 

and Gero 1988, 48, 90; Boyd and Vandenberghe 2004, 1–2) 

10 These examples are metaheuristics that use higher-level strategies inspired by Nature to explore good solutions to 

an optimization problem (Brownlee 2012).  
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to rule-based models. In this case, the parameters can represent a way to select the initial state 

(see Figure 11), precedents, rules, and the number of time steps. The fitness function can evaluate 

the characteristics of the designs achieved by these parameters. 

 

Figure 11 A: optimization of floorplans with genetic algorithms and KD-Tree. The coordinates for the points used as input for a 

KD-Tree partition are the parameters. B: examples of resulting designs. By Author and inspired by (Knecht and König 2010a). 

1.3.3.2. Optimization of programs 

Optimization explores a bounded and pre-defined space of decision variables, such as the 

parameter space of a parametric model. In the previous optimization examples, the topological 

structure of the parametric model or the logic of the algorithm is pre-defined, so the optimization 

can focus on the parameter space. However, if the design space is not satisfactory, it is necessary 

to re-design the parametric model itself to enable further exploration of alternatives. 

In this sense, it is possible to use a meta-optimization to induce generative programs. The 

challenge is that the algorithms should be able to operate on data structures more complex than 

a list of parameters, such as trees or directed graphs with variables and operations. 

Conventionally, the algorithm used for this task is genetic programming (Koza 1992), an extension 

of genetic algorithm (GA) that deals with hierarchical computer programs of dynamically varying 

size and shape. It uses variations of the same genetic operators as the genetic algorithm, namely, 

selection, crossover, and mutation, to evolve a program (Figure 12). This approach can also be 

employed for generating programs such as parametric functions (Harding 2016), where the 

algorithm generates parametric functions and a uses a fitness function evaluates the performance 

of its output. Overall, inferring the program to achieve certain goal is a task that is close to the two 

categories of learning in the taxonomy. 
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Figure 12 Use of genetic programming (Embryo) to generate parametric definitions for sculptures. A-D: variations of 

parametric graphs and their respective parametric sculpture below. Work produced for Generative Systems for Design, CMU, 

Fall 2019. 

1.3.3.3. Challenges in interactive optimization 

Typically, a configurator based on optimization relies on designers guiding the process by changing 

input parameters related to the problem and to the algorithm, then visualizing catalogues and 

dashboards with representations of the correlation between design alternatives and their 

respective performance (Tomasetti 2019). Many new techniques to map performance have been 

developed beyond the conventional parallel and cartesian coordinate representation of the fitness 

of the solutions. These include radial/start coordinates (Wortmann 2017b), and custom 

dimensionality reduction and clustering techniques (Koenig, Standfest, and Schmitt 2014; Sjoberg, 

Beorkrem, and Ellinger 2017). Despite being powerful tools for design exploration based on the 

performance space, these maps do not provide access to the generative loop.  

As an alternative, research on interactive optimization extends human-computer interaction with 

control mechanisms inside the loop of optimization algorithms. The integration of interaction with 

optimizations aims at allowing “the user to bring their additional knowledge into the solution 

process and means that the tool is less brittle and can more flexibly adjust to unforeseen 

situations” (Liu et al. 2020, 1). It is a promising area of research in CAAD, with practical results 

already available for designers in the form of plug-ins. This comprehends the adaptation of 

populations of solutions based on user interaction with the spatial representation (Knecht and 

König 2010b), the manual selection and ranking of solution candidates, or dynamic control of the 

decision variables and objective functions inside the optimization loop (Von Buelow 2012; 

Danhaive and Mueller 2015; Harding and Brandt-Olsen 2018; Newton 2021).  

While Interactive optimization is a promising field, combining efficient and non-destructive 

optimization methods to support local decisions, sequential construction of the spatial 
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representation, and user control in the loop of optimization algorithms is still an open problem.  

 Composition 

In the decision-theoretic paradigm of symbolic AI, design synthesis can be modeled as a sequential 

decision process based on the search of “satisficing” solutions rather than optimizing performance 

(H. A. Simon 1975; 1996, 114–22)11. In this case, the generative process starts with an initial 

representation of the design (the root of the tree). The designer uses some form of heuristics to 

select incremental transformations, which can be interpreted as a sequential composition12. While 

the interaction of the designer with any type of model can be interpreted as a sequential decision 

process, this type of synthesis is built-in in rule-based models, where the design space is defined 

by a tree with implicit design alternatives. 

1.3.4.1. Sampling 

To explore the design space of a rule-based model without being committed to specific goals it is 

possible to sample solutions using a stochastic or deterministic strategy to select preconditions 

and rules. This weaker method is widely adopted in architectural design to explore solutions with 

different formal qualities conditioned.  

The preconditions and rule selection that can lead to certain types of formal configurations. For 

example, in Figure 13 I display a grammar that contains three rules that can be applied to any 

convex quadrilateral: 𝑥: expansion, 𝑦: parametric division, and 𝑧: elimination. All the quadrilaterals 

in the representation are preconditions. They can be ordered for the next derivations based on a 

fixed logic, such as a queue (first in, first out), a stack (last in, first out) or a priority queue (order 

according to a property). The rules and parameters for the derivation are sampled from a 

probability distribution defined by the designer. A collision test is used to prevent new 

quadrilaterals to collide with pre-existing elements in the environment (other quadrilaterals and 

obstacles).  

 

11 For a more detailed discussion on the relevance of heuristic search to generative design, see 7.2 Appendix B: The 

influence of classic AI methods on generative models. 

12 The term composition is related both to function composition and to architectural composition. In mathematics 

this is an operation that sequentially applies two or more functions ─ ex: 𝑔(𝑓(𝑥)). In architecture, it is related to the 

process of creating an architectural configuration (see 1.2.2 From architectural composition to spatial synthesis). 
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Figure 13 A: Rules of the qGrowth grammar. A-B: Generating forms with stochastic selection of rules (rule x: 60%, rule y: 30%, 

rule z: 10%) and parameter p (0.2: 50%, 0.8: 50%). B:  precondition selection with a queue (quadrilaterals added first to the 

frontier are selected first). C: precondition selection with a priority queue (quadrilaterals closer to the circle are selected first). 

By Author. 

Using weak methods such as sampling from the implicit design space of a rule-based model is not 

only part of the original research on spatial synthesis and shape grammars but also a trend that 

has recently became widespread in parametric modeling. For example, plug-ins such as Wasp 

(“Wasp” 2017) enables the user to define additive rules for spatial design, spatial constraints, and 

to derive aggregations automatically. It supports stochastic, graph-grammar based, and field-

driven aggregations. See example in Figure 14. 

Information about constraint can also be incorporated as a heuristic for the sampling. For example, 

the wave-function collapse (WFC) algorithm (Gumin 2016) was created to for the procedural 

generation of bitmaps that are locally similar to an input bitmap. WFC is a constraint solver for a 

tiling problem with additional requirements for local similarity – i.e., the patterns in the input 

should occur in the output and should approximate the original distribution in the input. It stores 

the information about the input tiles that are still legal for each location of the target grid. At every 

iteration, the algorithm uses a heuristic that select the empty location with fewest allowed 

assignments. Then, it uses the information from the tile distribution in the input to select among 

the legal tiles for that location. After placing the tile in the location, it propagates the new 

constraints imposed over the unoccupied cells of the grid, so in the next iterations it can repeat 

the same procedure with updated information about the constraints. 
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Figure 14 Interactive Aggregations. Set of rules for aggregation of components of housing complex with symmetries: a) core 

module (red) and horizontal circulation (blue); b) horizontal circulation (red) and horizontal circulation (blue); c) horizontal 

circulation (red) and living/kitchen module (blue); d) core (red) and core (blue); e) living/kitchen module (red) and double height 

living (blue); f) living/kitchen module (red) and bedroom (blue); g) living/kitchen module(red) and deck(blue); h) bedroom (red) 

and deck (blue). a) and b) Two examples of aggregations generated with sequences of random sampling combined with 

optimization and iterative creation of obstacles as constraints. Reproduced with permission of Hardik Makrubiya and Jesse T. 

Gonzalez. Work produced for Generative Systems for Design, CMU, Fall 2021.   

WFC became widespread in generative design for procedural generation of games scenarios 

(Møller and Billeskov 2019) speculative design of modular structures in architecture (Chasioti 

2020). It is also part of a plug-in called Monoceros (“Monoceros” 2021), which allows the users to 

define the adjacency allowances in the parametric modeling environment and use WFC to sample 

compositions. See example in Figure 15. 
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Figure 15 Ocean City Revisited. Elements used as tiles for aggregation (a and b); two examples of aggregations with different 

ground and boundary constraints. Reproduced with permission of Nicholas Coppula and Davis Dunaway. Work produced for 

Generative Systems for Design, CMU, Fall 2021. 

1.3.4.2. Search 

For a more systematic composition, it is necessary (1) a goal function to evaluate the qualities of 

the design alternatives in the design space and (2) a systematic search strategy to build solutions. 

In contrast to the fitness function used for optimization, which returns a numerical value indicating 

performance, the goal function typically indicates if a design is satisficing or not, based on 

experience, preferences, or any other criteria. A search algorithm starts at the root of the tree and 

explores multiple paths incrementally until it eventually synthesizes “satisficing” designs based on 

designer aspirations and criteria (H. A. Simon 1975, 297–301; 1996, 119–21). The search can rely 

on personal criteria or on strategies from AI (Russell and Norvig 2021), such as the ones described 

on Table 3. It is also possible to eliminate large portions of the search tree at once by identifying 

combinations that violate certain constraints, such as collision, area, etc. 
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Table 3 Examples of search algorithms. 

 Type of knowledge Order of exploration Data structure 

Breadth-first search (BFS) 

 

Order of branches Level-by-level Frontier: Queue (first in, first out)  

Uniform-cost search 
(UCS) 

 

Path cost Best path cost first  Frontier: Priority queue (highest 
priority first out) 

Depth-first search (DFS) 

 

Order of branches The deepest nodes first Frontier: Stack (last in, first out) 

Greedy best-first search Estimate of value of next 
nodes 

Best estimate to reach goal first Frontier: Priority queue (highest 
priority first out) 

A* Path cost and estimate of 
value of next nodes 

Best path cost and estimate to 
reach goal first 

Frontier: Priority queue (highest 
priority first out) 

Monte Carlo Tree Search 
(MCTS) 

Estimate of node values 
based on sampling and 
backpropagation 

Policy that balances exploration 
and exploitation of current 
estimates. Random search for 
unexplored nodes. 

Estimates are stored at the nodes 
of the tree 

 

One of the classical examples for applications of search in design is in layout automation. For 

example, Autoilet (Figure 16) combines a parametric and rule-based model with a search to 

automate the design of single-user toilet rooms according to the standards of the Americans with 

Disabilities Act (ADA). The inputs for the algorithm are the dimensions of the room, whether the 

room is L-shape or not, the dimensions of the corner, the position of the door. For each element 

of the toilet, there is a geometry for the element as well as a clearance. The goal function requires 

that the geometry and clearance of each element should be within the boundary of the room and 

there should be no conflicts between objects and clearances. A depth first search (DFS) is used to 

sequentially place all the equipment elements and return satisficing solution.   

 
Figure 16 Autoilet. A: parameter space of the input (boundary, corner, and door placement) for rectangular and L-shaped 

footprints. B: examples of solutions using DFS for placement of toilet, sink and ADA circle. Reproduced with permission of 

Jichen Wang. Work produced for Generative Systems for Design, Fall 2019. 
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1.3.4.3. Traversal 

In some cases, the designer enumerates the possible solutions under a certain criterion – such as 

all possible rectangular and non-dimensional floorplans up to a certain number of rooms 

(Steadman 1973; Krishnamurti and Roe 1978; Steadman 1983). While this type of enumeration 

can be done by sampling multiple solutions and organizing the unique results in a set, it is more 

efficient to use a search algorithm to explore the solutions systematically. However, instead of 

stopping the search when a certain goal function is satisfied, the algorithm should keep exploring 

and accumulating all the satisficing solutions until the tree is exhausted or a certain stopping 

condition is triggered. 

1.3.4.4. Challenges in interactive composition 

Rule-based and related modeling techniques create an implicit design space in the form of a 

network of design states connected by transformations. This design space provides a structure of 

navigation in which one or more solutions can be built step-by-step, which enables the 

incorporation of the designers’ decisions and preferences at any point of the generation 

However, there are some challenges in automatic composition with sampling and search 

algorithms. First, algorithms for composition typically anticipate a sequence of operations and a 

clear criterion to end the process, which can be restrictive for design space exploration centered 

on designers. It is not trivial to create rules to form a large design space with varied and potentially 

emergent design alternatives. Secondly, the design space grows exponentially, with the number 

of transformations available at each state (branching factor) as the base, and the depth of the 

search as the exponent. So, there can be a combinatorial explosion of alternatives or depending 

on the model, the implicit design space can be unbounded with infinite alternatives.  

Therefore, automated spatial synthesis with composition typically requires constraining the state 

space and the search tree to reduce the computation. Over the last decades the use of heuristic 

strategies related to the adjacency of the rooms or of its internal components to define an order 

of operation to reach good configurations has been a common practice (W. Mitchell 1977, 459–

62; Egor et al. 2020). In other cases, an efficient sampling algorithm for aggregation is defined, so 

the user can control the output indirectly by manipulating a seed or parameters of the problem, 

such as the definition of the spatial parts, connections, obstacles, and catalogues of parts (“Wasp” 

2017; “Monoceros” 2021).  

1.4. A guideline for spatial synthesis with designers in the generative loop 
In generative design, the designers customize the model information during the formulation stage, 

and, during the execution, they customize the input information (Figure 1), which can contain 

changes in the state of the design representation or even parameters of the synthesis algorithms. 

In essence, classic generative models emphasize an indirect form of interaction where the 

designers concentrate on the input information while the generator uses it to search for 
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alternatives in the design space and display them in the output13. Current computational 

technology comprehends sophisticated forms of cloud, multiprocessing, and parallel computing, 

and by accessible programming, algorithm editors and plug-ins connected to or embedded in 

design software applications. While the “indirectness” of the design generation with optimization 

and composition can be alleviated by faster or better algorithms, modes of visualization, or new 

forms of design control, addressing fine-grained interaction is still an open problem. 

Instead of proposing modifications and extensions to the mechanisms of classic generative 

models, this research will investigate an alternative generative model based on the premise that 

the designer is inside an interactive simulation during the generation of design alternatives. This 

approach relies on a form of rationality based on facts and values related to the practitioner, who 

can guide the design process instead of looking for an objective model for design. This form of 

pragmatic rationality benefits from existing practices and emphasizes situated action and 

cognition. In 7.3 Appendix C: Beyond objective rationality in generative design?, we discuss the 

limitations of problem-solving and review the importance of the conversational and situated 

aspects of design creativity in the literature of design theory.  

Motivated by these aspects of design, we suggest a guideline for interactive simulation motivated 

by the importance of designers as orchestrators of a conversational, situated, and fluid design 

exploration. The basic assumption of this guideline is that an interactive simulation can increase 

the opportunities for architects to use of personal and collective disciplinary constructs to guide 

the design exploration. This can not only support the exploration of partial, preferable, or 

unexpected spatial configurations based on ad hoc design decisions and contingencies but also 

other elements of design, such as learning and problem restructuring. Overall, this strategy intends 

to provide a spatial synthesis experience that uses situated knowledge and action to align spatial 

computation and design values. 

The initial characteristics of this guideline for spatial synthesis with designers inside the generative 

loop are 

1. Real-time response to prevent the disruption of the thought process  

2. Step-by-step constructive procedure to access partial representations and to engage 

designers in the building logic of the design configuration 

3. Indirect level of control of the problem parameters to enable exploration of different 

versions of the problems and design spaces 

4. Fine-grained control adjustment by human and computers that enables direct 

manipulation of small parts of the spatial representation with immediate feedback 

between designers and the generator 

 

13 For more information, check 7.1 Appendix A: Notes on architectural composition. 
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5. Reduced assumptions about initial setup, order of operations, and control strategies to 

support guidance without explicit objectives to spaces of personal preference and the 

emergence of spatial types based on situational aspects of the generation 

6. Simultaneously address different goals to allow designers to visualize and learn with the 

spatial consequences of the multiple and entwined goals embedded in the system 

7. Event-driven computing to respond to identifiable actions of the designer during the 

generation 

The next sections address two computational paradigms that support the construction of the 

interactive simulation for spatial synthesis from the ground up: agent-based computing and 

reinforcement learning. 

1.5. Agent-based computing in generative design 
Over the last decades, many paradigms have been incorporated in generative modeling, 

extrapolating the classic setup of spatial synthesis (see 7.3.3). Among these, agent-based 

computing and many of its techniques became essential components of generative models. Agent-

based computing supports the use of distributed computation of reactive agents to address 

general problems, or the creation of novel algorithms based on bio-inspired models, extending 

some categories already present in our taxonomy, such as optimization and composition (Figure 

17). Given their distributed nature, agent-based computing and simulation provide many 

opportunities for generative design, such as the development of robust, scalable, and flexible 

strategies of problem solving, and the exploration of patterns at the macro-level from the 

interactions between the parts at the micro-level without outside control (emergence and self-

organization). 

 

Figure 17 Taxonomy updated with agent-based model and simulation. By Author. 

 Agent-based computing and simulation 

The domain of agent-based computing is vast, as it comprehends many areas of study that employ 

decentralized computational methods based on a collection of discrete and autonomous entities 

referred to as agents that are situated in a shared environment. Agent-based computing is not 

restricted to computer science as it is also present in scientific domains such as life sciences, 

ecological sciences and social sciences, which can lead to confusion with regard to semantics (Niazi 

and Hussain 2011, 479–80). In 7.4 Appendix D: Agent-Based Computing I describe some of the 
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interpretations of distributed systems based on agents, with a focus on the following areas: multi-

agent systems (MAS), agent-based modeling (ABM), and bio-inspired artificial intelligence and 

engineering. 

In AI and MAS, multiple agents are used to support algorithms for solving problems such as 

distributed constraint-satisfaction problems, distributed optimization, multiagent learning, 

communication, and social choice (Shoham and Leyton-Brown 2009). In contrast, in ABM multiple 

agents are used to model the dynamics of real-world or hypothetical systems, such as fluid flow, 

pattern formation, reaction diffusion of chemicals, physics, markets, and even social interaction in 

spaces. In the latter, agents are algorithmic descriptions of entities of the system that can take 

local decisions based on the local perception and interact in a shared environment.  

In contrast, agent-based models used in generative design do not intend to capture the dynamics 

of existing systems but to emphasize the exploratory aspect of modeling. They allow designers to 

explore different design scenarios and to discover association between parameters, constraints, 

and goals that are encoded in the characteristics of the agents and environments. With that, 

designers can visualize and evaluate the behavior of different scenarios and emerging spatial 

pattern over time and under uncertainty. 

Despite this distinction, the basic definitions of agent-based models still hold. Agents and 

environment are differentiated by the notion of control where everything that is directly 

controlled by the agent is part of the agent, while everything else is part of the environment. 

Autonomy refers to the capacity of the agent to perceive the environment and other agents, then 

use its internal program to take actions. Each agent is an entity with local control, interweaving 

individual perception and action to satisfy certain spatial objectives. It observes its internal state, 

other agents, and the information from the environment. The local interactions of the agents are 

restricted by a notion of neighborhood, which is paramount to agent-based computing. When the 

agent is represented in a grid, its neighborhood can be defined in various ways, for example, 

Moore neighborhood, von Neumann neighborhood (Figure 18: A and B) or by an arbitrary 

collection of cells. Agents in a Euclidean space can receive the information constrained by a certain 

radius (Figure 19: A), by signals from radial pulses, or any other form of perception.  
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Figure 18 A: Moore neighborhood with different radii for single-cell agent and for multicellular agent. B: Von Neumann 

neighborhood with different radii for single-cell agent and for multicellular agent. C: simulation with multiple agents that use 

two cells for expansion. Images by Author. Images in C relied on model developed by Pragya Gupta for Design and Computation 

2, Fall 2018. 

 

 

Figure 19 Boids: a model that simulates the flocking behavior of bird. A: neighborhood based on 

radius and visibility angle. B: three basic behaviors (separation, alignment, and cohesion), which 

add forces to the agent conditioned on the state of the neighbors. C: Boids interacting in a 

simulation. By Author. A and B were re-drawn from diagrams in (Reynolds 1999). 

Table 4 contains models that are applicable to agent-based form exploration, and architectural 

and urban design. 
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Table 4  Examples of agent-based models 

Models Discrete models Swarm models Growth models 

Example Cellular Automata 
(Wolfram 2002) 

Reaction-
diffusion (Turing 
1952; Pearson 
1993) 

Ant foraging 
(Bonebau, 
Dorigo, and 
Theraulaz 1999) 

Boids (Reynolds 
1987; 1999) 

Diffusion-limited 
aggregation 
(Witten Jr and 
Sander 1981) 

Differential 
Growth 

Standard 
Environment  

Grid Grid Grid or graph 
with pheromone 
markers, food, 
and nest 

Euclidean Euclidean Euclidean 

Agent Cell with binary 
states 

Cell with 
concentration of 
two chemicals 

Ant that occupies 
a cell 

Agent with 
position, velocity, 
and acceleration 

Particles that 
move; aggregated 
particles 

Network of 
connected discs 

Standard 
neighborhood 

Moore Moore Adjacent 
cells/nodes 

Agents within 
distance and 
visual field 

- Connected discs 

Action Update state 
based on 
neighborhood 

Update state 
based on 
reaction of 
chemicals 

Move to adjacent 
cell based on 
pheromone; 
deposit 
pheromone 

Behaviors update 
trajectory 

Random 
movement; attach 
particles close to 
aggregation  

Disc repulsion; 
extended link 
creates new agent 

Result Dynamic patterns Dynamic patterns 
with chemicals 

Pheromone 
network between 
food and nest 

Flocking patterns Brownian trees Self-folding curve 
or mesh 

 

The internal program of an agent or its policy defines what action to take conditioned on the 

information received by the agent over time. This policy can be a simple set of if-then-rules that 

looks for preconditions in the input to select the action or that follow the gradient of a certain 

function (e.g., pheromone or distance to neighbor), a set of cumulative behaviors (Figure 19: B), 

or a more sophisticated function that chooses action based on an estimate of the future 

performance. Overall, due to the distributed and real-time computation, these tend to be reflex 

agents.  

While the structure and the program of the agents are typically designed manually, it is also 

possible to employ some form of optimization for generating the internal programs of agents, such 

as in the examples of the cas framework (Holland 1995) described in 7.4. In this case, the 

evaluation function can be associated with the performance of the agent during the interaction 

with the other elements in the model. 

In terms of actions, in a grid, an agent might be able to switch the states of its current cell, such as 

in cellular automata. In other cases, it might be able to move to another cell, such as in ant 

algorithms, or even expand or retract to change its shape if its representation allows multiple cells 
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(Figure 18). In the Euclidean space, an agent can move using acceleration (Figure 19: C) or change 

aspects of its shape, such as the position of vertices of polygons.  

The behavior of agents in a shared environment results in interaction and changes in the design 

representation that can lead to the emergence of patterns ─ i.e., more comes out than what was 

put in. Agent-based models enable this type of surprise because the mechanism for decision 

making is embedded in the program of the agents and conditioned by their neighborhood over 

time. 

For deterministic agents and environment, the design space is a single trajectory of states, 

parameterized by the initial configuration of the agents, as in standard cellular automata. 

However, if the agents can take multiple actions for the same circumstance, the space of design 

alternatives is a large tree involving the joint action of the agents in the environment. Each of the 

possible paths of this tree display a certain evolution of patterns over time. The space of possible 

configurations tends to be astronomic and it is not possible to predict the behavior based on the 

average agent (Holland 1995, 118). As a result, the algorithm to form solutions relies on executing 

the interaction of the agents in the environment over time—that is, a simulation. In a simulation, 

the model will update the states of the agents and of the environment over multiple time steps 

(Figure 20: B). To explore different alternatives in a simulation, the designer must push the 

simulation toward certain directions by customizing the environment and the agents. This 

customization can involve tasks such as, parameter tuning, the design of new behaviors, or simply 

adding randomness (Figure 21). 

 

Figure 20 A: Diagram of the agent-based model. The bottom loop represents the time steps, and the top loop represents the 

updates of the agents for one-time step. B: three distinct steps of the simulation. By Author. 
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Figure 21 Agents generating an underground gallery on campus. A: stochastic program with three rules. B: design of campus 

gallery based on agents with r2 = 0.59 and r3 = 0.67 at time step 200. C: the resulting spatial configuration for the same initial 

environment with different parameter: r2 and r3 increase the probability of choosing rules 2 and 3 respectively. Reproduced with 

permission of Jinmo Rhee. Work produced for Generative Models for Design, CMU, Fall 2019. 

 Opportunity: fine-grained interaction with spatial agents 

The standard definition of agent-based computation comprehends agents taking decisions and 

action based on their perception of its neighborhood, in a shared environment, and over time. 

This situated, distributed, and multi-step decision processes provides not only opportunities for 

generative design with the designer in the loop but also presents challenges inherited from the 

paradigm itself and from the area of application in consideration: interactive spatial synthesis. 

Agent-based computing satisfies many of the conditions of the framework for fine-grained 

interaction with the designer in the loop. It relies on a simulation based on the interaction of the 

agents with the environment. The computation happens in the local representation of the agents, 

so it attenuates the problem of the exponential joint action spaces and enables the creation of 

reactive agents in settings with variable numbers of agents. Besides, the agents are typically reflex 

agents, so the computation for decision making does not require expensive planning procedures 

and it can run in real-time. The interaction between computational model and designers can 

happen at every step of the generation of the design alternatives, which supports sequential 

construction, fine-granular control, and event-based computing. 

Fine-grained interaction with agents enables designers to participate in the simulation without 

dealing with destructive transformations or large state space. This is important to provide access 

to information about design generation to support learning and situated actions. In contrast to 
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generative models that focus on centralized algorithms for problem-solving, agent-based models 

provide a structure of interaction over which designers can improvise during the simulation with 

contextual actions. This type of local navigation allows designers to learn with the rich information 

exchange between the agents and the environment. For example, a designer can locally tweak the 

interactive simulation towards design alternatives that embed unstated qualities or explore 

patterns that emerging during the simulation. 

 Challenge: design of agents that can address multiple spatial goals 

Spatial synthesis relies both on the satisfaction of factors that are external and internal to the 

designers and to the discipline of architecture. The former are requirements or constraints of a 

given project, such as the structural, environmental, and programmatic. The later includes the 

intuition and paradigms adopted by the architects, which can include shared precedents, aesthetic 

codes, visual language, design principles, methods, and rules. 

There is an emerging niche of the field where agent-based techniques are employed in the 

generative models to augment exploration of spatial configurations in real-time, which I refer to 

as multi-agent spatial synthesis (MASS). In MASS, each of these agents is an autonomous entity 

that can use its local perception and its program to reason and act over the spatial representation. 

Its program embeds an implicit or explicit goals that involves changing the spatial representation 

towards a certain direction with local control. The agents can have different relationships with the 

spatial representations during the simulation, such as 

1. Type 1:  agents that embed the representation of a spatial unit, such as a room or a zone, 

so it can move and reshape it over time. 

2. Type 2: agents that move and occupy a pre-existing spatial partition in the environment 

3. Type 3: agents that are used as a reference for an algorithm that partition a space 

As multiple agents interweaving individual perception and action to satisfy certain spatial 

objectives they interact in the shared environment and can potentially cooperate or compete. 

MASS can have either the goal-oriented approach of classic spatial synthesis in order to create 

agents that satisfy certain requirements, or it can be closer to the exploratory branch of ABM in 

the development of models that investigate emerging spatial patterns resulting from the 

interaction of custom agents. 

The literature review on MASS prototypes in 7.5 Appendix E: A review of multi-agent spatial 

synthesis and published in (Veloso, Rhee, and Krishnamurti 2019) shows that the use of a rich 

repertoire of agent-based techniques for interactive spatial synthesis exploration has been 

successful in conceptual form exploration. However, it also shows that it not trivial to embed them 

with domain knowledge and the capacity to handle multiple spatial objectives and conflicts. Most 

examples fell short in generating spaces that satisfy multiple goals and constraints of architectural 

layouts. 

Most of existing agent-based models for spatial synthesis rely on expert knowledge in the form of 
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heuristics or on the adaption of existing models from other fields. In the literature review the 

prototypes relied on three general trends – bioinspired agents, physics-based agents, and 

hybridization with destructive methods – that have some limitations.  

1. Bioinspired models are generally resilient and adaptable. Still, as architectural problems 

are not always analogous to biological problems, it is usually hard to produce valid 

architectural patterns and satisfy architectural objectives.  

2. Physics simulation is a more general model that conciliates simple control with intuitive 

interaction and can be adapted for different spatial problems and objectives. It has recently 

been incorporated into real world practices (Derix and Izaki 2013). However, physics-based 

agents are reactive agents approximately following laws of physics, so it is not clear how 

to manage spatial conflicts with actions that address long-term goals.  

3. Some of the implementations address this by combining agents with metaheuristics that 

globally improve the solution, which often makes the granularity of the interaction coarser 

with isolated algorithms that radically change the representation. 

Another aspect of this challenge is that agent-based modeling supports many characteristics of 

complex systems, such as emergence and self-organization. However, while complex systems can 

be used as metaphors or analogies for architecture, ultimately an architectural model must deal 

with the requirements of architecture. So, overall, there is a design tradeoff between models that 

enable controlled navigation in a design space with alternatives that satisfy architectural 

requirements and models that support the emergence of unexpected patterns and a self-

organized increase in order. 

1.6. Training agents for spatial synthesis 
While agent-based modeling supports many important characteristics for spatial synthesis with 

designers in the loop with fine-grained interaction, it also poses challenges in terms of agent 

design. Overall,  

• it is unlikely that a human can design custom agent-based models that comprehend 

relevant behaviors for all possible fine-grained interactions 

• It is not clear how to design agents that can address multiple spatial goals while preserving 

the finer granularity of the design interaction. 

• it is not trivial to adapt agent-based models from other fields, such as social sciences, 

artificial life, chemistry, or biology, to create agents that address architectural goals 

To address the challenge of agent design for spatial synthesis, I investigate the second 

computational paradigm of our research framework: learning. Particularly, I address the field of 

deep learning and deep reinforcement learning. 

The previous categories of our taxonomy rely on the designer explicitly encoding the generative 
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knowledge with different formulations (parameter-based, rule-based, or agent-based) and 

strategies for synthesis (optimization, composition, or simulation). However, one alternative to 

incorporate implicit design knowledge is to use design data or experience to infer the generative 

logic of a model, similarly to the examples in deep learning. In our taxonomy of generative 

modeling this results in a new level referred to as learning (Figure 22).  

 

Figure 22 Updated taxonomy with new level for learning, comprehending the components generative learning and behavioral 

learning. By Author.  

An adaptive model such as a neural network enables designers to build components of a 

generative model without explicitly describing its logic, which is an important step to bridge 

computation and intuitive design. The recent advancements of deep learning had strong impact 

in the digital design movements in architecture and in computational design research. In 7.6 we 

provide a brief review of basic concepts of deep learning.  

Deep learning has the potential to support the training of different components of the generative 

model, such as a fitness function, a parametric model, the program of agents, or a search 

mechanism. This brings learning algorithms to the formulation stage (Figure 23: A). The logic of 

the component can be inferred from different sources, such as a dataset curated by the designer 

or simulations. Then, in the execution stage the component will support the generation of design 

alternatives and can even be refined with further training (Figure 23: B). For example, the category 

generative learning (see 7.6.6 Generative Learning in the appendix) emphasizes models that learn 

from data how to map abstractions, such as categorical images, graphs, textual description, into 

architectural forms. 
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Figure 23 A: the formulation of generative model using a data set (D), a neural network (NN), and a learning algorithm (L). B: 

execution of a generative model: designers control an input (I); the trained neural network works as part or as the whole 

generator (G) and synthesizes a design alternative as an output (O). By Author. 

Learning is particularly relevant when the generative rationale to formulate a generative model 

might not be available. For example, in conventional design ideation, designers rely on their 

cumulative experience to interact with the design media and respond to immediate problems 

based on unconscious mental processes, with no need for an explicit rationale. In contrast to the 

glass box view of design, the complexity of the designers’ brain itself is the justification for the 

black box model of design (Jones 1992, 46–47). In this model, the designer is depicted as a 

magician that controls her actions unconsciously and respond to problems based on pattern 

recognition and experience. Architects often rely on professional experience with trial and error, 

with personal experiences of space, on the visual study of design precedents, or any other form of 

design knowledge that does not require formalization. 

 Reinforcement Learning 

There are different computational methods for agent design based on a custom task environment. 

These methods rely on different ways of representing the agent, evaluating their performance in 

the task environment, and in different algorithms for improving them. This section addresses 

methods to train computational agents, which are included in the taxonomy of this research under 

the category behavioral learning (Figure 22). Particularly, it focuses on the branch of machine 

learning called reinforcement learning (RL). 

In this section, we will describe elements of reinforcement learning that are directly associated 

with the research artifact. For a broader understanding of the field and its algorithms, see 7.7 

Appendix G: Reinforcement learning. Reinforcement learning is the branch of machine learning 

that addresses sequential decision problems. In contrast to other branches of machine learning, 

which use a fixed dataset as the source for learning, RL relies on data produced by the interaction 

of two decoupled entities ─ an agent and an environment ─ over a sequence of timesteps. 

Typically, the RL agent learns how to take sequential decisions to achieve a goal based on the data 

generated by the feedback control loop with the environment (Figure 24). 
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Figure 24 The agent-environment interaction in the case of a MDP. By Author, based on (Sutton and Barto 2018a, 48)14.  

A RL agent is the learner and decision-making entity encoded into a behavioral function commonly 

known as a policy 𝜋(𝑎𝑡|𝑠𝑡). At every timestep, it uses sensors to receive two signals from the 

environment: an observation of the environment with complete or partial state information, and 

a reward signal, which are described next. The policy function maps the observation of the 

environment to an action in the action space (𝑎 ∈ 𝐴) to be devised by its actuators to affect the 

environment. This policy can be deterministic and output the best action, or stochastic, returning 

a distribution with the probability of selecting each of the available actions.  

In RL, the environment is typically a simulation or even the real world, which provides feedback 

for the agent for the control task and for learning. It is an entity comprehending everything that is 

external to the agent and therefore cannot be directly controlled by the agent. The environment 

contains an internal configuration defined by a state in the state space (𝑠 ∈ 𝑆), which can be 

influenced by the actions of the agents and by internal dynamics over time. 

The sequential decision process represented by the environment is idealized and modeled as a 

Markov Decision Process (MDP), from which precise theoretical statements can be made. The 

state of the environment at a given time step has all the necessary information to define the next 

transition – i.e., it has the Markov property (Sutton and Barto 2018a, 49). Thus, the discrete 

probability distributions that define the interactions at a given timestep are dependent only on 

the preceding state and action and not on any information from preceding timesteps. So, the 

changes in the environment can be represented by the dynamics function 𝑃(𝑠𝑡+1, 𝑟𝑡|𝑠𝑡, 𝑎𝑡), which 

maps a pair with a given state and action to the probability of reaching ending up in the following 

state and receiving the respective reward.  

From this dynamics function, many other functions of the environment can be decoupled, such as 

the transition function and the reward function. 

 

14 Notice that I opted for aligning the time index of the reward with the action that generated it and not with the 

state that was produced in the same environment processing. While this change is not intuitive, it simplifies the 

notation for the trajectory and for the description of the equations and algorithms. 
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The transition function 𝑇(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡) represents how the environment works, independently of 

the reward signal. It maps the action taken by the agent at a certain time step and its current state, 

to the probability if reaching a new state.  

With the new state defined, the reward function ℛ(𝑟𝑡|𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) maps both states and the action 

of the agent to a reward signal, in the form of a scalar. This scalar reward signal sent by the 

environment to the agent is the essence of reinforcement learning as the term reinforcement 

refers precisely to the use of positive or negative reinforcements to condition behaviors. It is a 

very general instructional feedback that can potentially enable the agent “(…) to specialise to the 

problems it is currently facing, to continually verify and correct the most pressing holes in its 

knowledge, and to find new behaviours (…)” (Silver et al. 2021, 11). 

In the ideal case, the MDP of the environment can be defined by the 4-tuple (𝑆, 𝐴, 𝑇, ℛ). If the 

MDP is discrete it can also be represented by a discrete graph. Each state is a node with outer 

edges connected to a set of nodes representing the legal or available actions. Each action node 

can have one or more edges connecting to different state nodes. If there is only one edge, the 

environment is deterministic, so taking an action 𝑎 at a state 𝑠 will always lead to the next state 

𝑠’. If there are multiple edges, is stochastic, so the same action at a certain state can take to 

different states. However, the environment can be a partially observable MDP (POMDP) – i.e., the 

agent does not observe the environment state 𝑠 but an observation 𝑜 with partial information 

about 𝑠. So, the POMDP adds an observation function 𝑂 and observation space 𝛺 to the MDP, 

resulting in the 6-tuple (𝑆, 𝐴, 𝑇, 𝛺, 𝑂, ℛ). 

 Deep Reinforcement Learning 

Deep reinforcement learning (DRL) is a subfield of machine learning that incorporates deep 

learning to solve problems that are too complex for traditional reinforcement learning algorithms. 

The recent success of deep reinforcement learning (DRL) in games, robotics and multi-agent 

navigation suggests that it is a promising field for training spatial agents that can generate spatial 

patterns and satisfy goals. 

In RL, the elements of the MDP, such as the state and the state-action pairs (actions available at 

every state state) or agent-related functions, such as the 𝜋(𝑠), are represented as tables. This 

approach is feasible for fully observed and low-dimensional domains. In contrast, DRL relies on 

neural networks as a function approximator to represent the agent policy or other function used 

during learning. So, instead of storing every state or state-action values of the function, like in 

tabular methods, the algorithm only stores the description of the neural network and manipulates 

a vector 𝜃 ∈ ℝ𝑑 with the learnable parameters.  So, even if the size of the state and action spaces 

increase or even become infinite, the RL algorithm will only change a fixed-size vector 𝜃.  

Neural networks are also good for generalization. When the parameters of the neural network are 

updated to match a specific data, the change also affect how the neural network will behave with 

different data. So even if the space of the MDP is too large to be explored by the algorithm or if 

the agent does not have access to part of the representation, with a good distribution of samples, 
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a neural network can generalize the knowledge acquired in training to unknown situations (Sutton 

and Barto 2018a, 197). This is possible because neural networks have an internal representation 

that can learn a hierarchy of features, which can be fine-tuned during training by optimization 

algorithms using the gradient extracted with the backpropagation algorithm. 

 Multi-agent RL 

There are cases where the hypotheses about the problem, such as in agent-based modeling, or 

requirements from the real world, such as limited computation or limited sensor input, require 

distributing the agent computation and constraining the structure of interactions. This multi-agent 

setting is part of the fields of multi-agent reinforcement learning (MARL) and the recent deep 

learning variant multi-agent deep reinforcement learning (MADRL). There are multiple dimensions 

to define decision models for MARL, which include aspects such as the observability, the 

heterogeneity of the agent, the cooperative or competitive nature of the agents, the simultaneity 

of the actions, and the sharing of rewards. In a decentralized setting the agents typically have 

access to a partial observation of the state environment. If the multiple agents are heterogeneous, 

they can potentially have different observation spaces 𝛺𝑖  and action spaces 𝐴𝑖. Otherwise, they 

can share the same spaces. 

In terms of multi-agent training, this research focuses in the use of parameter sharing (Gupta, 

Egorov, and Kochenderfer 2017; Justin K. Terry et al. 2021). In the parameter sharing approach, 

all the agents share the same individual policy, so the other agents are not interpreted merely as 

part of the environment. To ensure that a single policy can express a diversity of actions and agent 

types, the information in the observation is customized for the agent, which can include part of its 

own internal state, its id, or even global information. Parameter sharing is a simple approach that 

enables the use of single RL algorithms, in the observation and action spaces of the individual 

agents, with minimal modifications. The use of the shared policy enables training it with the data 

from all the agents, provides some level of centralization in the learning that can potentially 

mitigate non-stationarity, accelerate training (Justin K. Terry et al. 2021), and lead to emergent 

cooperative behavior (Gupta, Egorov, and Kochenderfer 2017).  

This approach is distinct from the trend of design generation with RL that emerged in the 

computational design community, in parallel to the development of this research15. This trend 

relies on a single RL agent to build structures and assemblies for speculative (Wang and Snooks 

2021b; 2021a; Chien-hua Huang 2021), building (Akizuki et al. 2020; Wibranek et al. 2021), 

architectural (Hosmer et al. 2020; Mintrone and Erioli 2021), or urban forms (Song and Yuan 2021; 

Chenyu Huang, Zhang, and Yao 2022) that satisfy performance criteria. Besides focusing on a single 

RL agent, most of these examples use RL as a black box mechanism to search for a design solution, 

so they do not address the problem of an interactive simulation either. 

 

15 For a more detailed description of this trend, see 7.7.8 A brief overview of reinforcement learning in architectural 

design in the appendix. 
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2. Designing and implementing the design artifact 

2.1. Introduction 
While the proposed framework can support different approaches to spatial synthesis, this chapter 

presents the design and implementation of a design artifact based on ABM and MADRL that 

supports real-time, sequential, and granular construction of the design alternative with reduced 

assumptions about setup and order of the solution procedure. The problem is defined as a 

sequential decision process of an ecosystem of 𝑁 agents sharing the same environment. Formally, 

this decision model is a variation of a partially observable stochastic game defined by the tuple 

(𝑆, 𝑁, 𝐴, 𝑇, 𝛺, 𝑂𝑖, ℛ𝑖), where:  

• 𝑆 is the set of possible states for the environment 

• 𝑁 is the number of agents 

• 𝐴 is the action space for the agents 

• 𝑇 is the transition function 

• 𝛺 is the observation space for the agents 

• 𝑂𝑖 is the observation function that is customized to the different agents 

• ℛ𝑖 is the reward function that is customized to the different agents 

The multiple agents observe, act in the environment together, and receive individual observation 

and reward signals. Notice that instead of separate reward functions, there is a single function 

that is parameterized to support heterogeneous goals and behavior. This approach assumes that 

a single policy and a single reward function are enough to model the range of behaviors in the 

system. 

This chapter is organized in the following sections  

• Representation discusses the use of a stack of grids as the base for the discrete 

representation of the environment, for the configuration of spatial agents as polyominoes, 

and its consequence for the agent’s observations of and actions in the world. 

• Simulation defines the basic elements of the environment as a simulation engine, such as 

its parameters, the transition function 𝑇, the different spatial objectives, and how these 

objectives can be combined to form a parameterized reward function ℛ𝑖 for each agent. 

• Implementation describes three implementations of the ideas in this chapter into research 

prototypes. This comprehends aspects such as how the observation function 𝑂𝑖 manages 

observations 𝑜𝑖  for 𝑁 agents dynamically during the simulation, the reinforcement learning 

algorithms, the learning models, and the training process. 
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2.2. Representation 
The representation of architectural space (environment and agents) in the design artifact is based 

on overlapping grids of information. The cartesian grid is a representation that has been widely 

adopted in the early days of space planning (W. Mitchell 1977, 161–68, 458–68) and in the 

development of recent agent-based models (Meyboom and Reeves 2013; Fernando 2014; Guo 

and Li 2017; Narahara 2017). The grids provide a very flexible spatial representation that support 

an architecture based on an ensemble of discrete entities that encapsulate contextual design 

information (Carpo 2017; Retsin 2019). Besides, they can be extended to 3D version (voxel grid). 

However, the general disadvantage of using multi-dimensional arrays of multi-layered spatial grids 

is that they bias the representation and operations by the horizontal and vertical relationship 

between cells, so there is information loss for shapes that are not aligned with the grid axes. 

From the perspective of a computational data structure, a multi-layered grid is a discrete, 

homogeneous, and structured spatial representation that can be interpreted as multi-dimensional 

arrays. Multi-dimensional arrays support 

• efficient memory allocation because they occupy a contiguous one-dimensional segment 

of computer memory 

• efficient computation with techniques such as vectorization, multiprocessing, and 

multithreading  

• spatial queries such as convolution/cross-correlation, neighborhood detection, adjacency, 

distance, etc. 

• efficient computer vision, image processing, and deep learning algorithms and models, 

such as of convolutional neural networks 

• the integration and augmentation of the information into the same structure, which 

increases the opportunities for identifying recurrent pattern in a problem 

 Environment as space 

In terms of space, the environment is a grid with cells in two states: empty or obstacle. That allow 

the representation of existing buildings and elements of the landscape as constraints. Besides, it 

enables the designer to artificially impose spatial constraints to the spatial synthesis. The 

environment grid 𝑆 has shape (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣, 𝑑𝑒𝑛𝑣). While 𝑤𝑒𝑛𝑣 × ℎ𝑒𝑛𝑣 defines the size of the grid, 

𝑑𝑒𝑛𝑣 defines the number of layers of information. The idea is that any information layer can be 

discretized and stored in an array of shape (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣).  

The basic layer of information of the environment contains two set of cells: 𝑒𝑚𝑝𝑡𝑦𝑒𝑛𝑣 and 

𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒𝑒𝑛𝑣. Empty cells can be occupied by agents while obstacles cannot. More information can 

be added to additional layers, increasing the depth of the environment.  

The environment contains the internal information of each agent, which is defined by parameters 

related to goals and by a multi-dimensional array with three dimensions (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣, 𝑑𝑎𝑔𝑒𝑛𝑡). The 
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spatial layers of this array can be customized according to the implementation of the prototype. 

In general, it contains the representation of the agent cells, the different utility representations 

used in the problem (check 2.3.2), and potentially auxiliary layers for training.  

 Agent observation 

The spatial partitions of the design are defined by polyominoes with no holes (𝑃𝑛𝐻). A polyomino 

is a set of grid cells that share edges, resulting in a connected set of cells, based on the von 

Neumann neighborhood. The 𝑃𝑛𝐻 presents some interesting properties. It forms a polygon with 

orthogonal edge boundaries and avoids the containment of one agent by another. The 𝑃𝑛𝐻 

discretizes different geometric entities in a homogeneous representation, which can approximate 

any polygon, such as orthogonal and non-orthogonal rectangles, conventional room shapes 

(rectangles, L-shapes, U-shapes, T-shapes, etc.), unconventional and irregular shapes, or free 

forms such as amoeba-like shapes (see Figure 25). Therefore, it can form custom diagrams of 

floorplans, comprehending organizations such as tight packing and loose packing.   

 

Figure 25. Examples of four real floorplans discretized into two levels of grid resolution. By Author. 

The quality of the approximations depends on the resolution of the grid, which incurs to the 

tradeoff between shape information and the design space of the agent. The adoption of high-

resolution enables complex forms but results in a very large space for design space exploration. 

Low-resolution simplifies the design space but imposes a considerable loss of shape information. 

Each agent 𝑖 is a specific 𝑃𝑛𝐻𝑖, which can represent some form of spatial boundary, such as a 

room, and induce different types of cells (see Figure 26): 

• 𝑛𝑜𝑛𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖: cells outside of the von Neumann neighborhood of the 𝑃𝑛𝐻 

• 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖: cells in the von Neumann neighborhood of the 𝑃𝑛𝐻. 
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• 𝑏𝑟𝑖𝑑𝑔𝑒𝑖: subset of 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖 containing cells that bridge the 𝑃𝑛𝐻𝑖  – i.e., that if expanded, 

create a hole in it. 

• 𝑠𝑢𝑟𝑓𝑎𝑐𝑒𝑖: internal cells that if eliminated will not affect the integrity of the 𝑃𝑛𝐻. 

• 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒𝑖: internal cells that if eliminated will create a hole or divide the 𝑃𝑛𝐻𝑖. 

• 𝑏𝑜𝑑𝑦𝑖: 𝑠𝑢𝑟𝑓𝑎𝑐𝑒𝑖 ∪ 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒𝑖. 

• 𝑜𝑢𝑡𝑠𝑖𝑑𝑒𝑖: 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖 ∪ 𝑛𝑜𝑛𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖. 

 

Figure 26 Classification of cells of agent 0: a) visualization of basic configuration; b) body and outside cells of agent 0; c) non-

adjacent, adjacent, surface, and structure cells of agent 0. By Author. 

For the characterization of these cells, I opted for using custom convolutions to take advantage of 

vectorization and parallelization. The representation of the body cells of the agent 𝑖 is used as the 

input for the algorithms that detect the structure, surface, and adjacent cells of the agent. The 

algorithms apply Boolean operators and convolutions with custom kernels to detect the structure 

and offset cells. The surface cell can be derived from the subtraction of the structure from the 

body representation.  

Inspired by agent-based modeling, the information available for the agent 𝑖 is managed by the 

observation function 𝑂(𝑠𝑡+1, 𝑖), which maps the updated environment and agents’ layers into a 

partial observation 𝑜𝑖  in the space 𝛺 ⊂ ℝ𝑤𝑝𝑒𝑟×ℎ𝑝𝑒𝑟×𝑑𝑝𝑒𝑟. More specifically, this observation 𝑜𝑖  is 

represented by an array of shape (𝑤𝑝𝑒𝑟 , ℎ𝑝𝑒𝑟 , 𝑑𝑝𝑒𝑟). It is defined by the agent’s perception grid of 

shape (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟) and by a series of 𝑑𝑝𝑒𝑟 layers related to the environment, to the agent 𝑖, and 

to other inter-related agents, such as the 𝑙 agents that share a relationship of adjacency with 𝑖 and 

the 𝑘-closest and non-adjacent agents. 
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Figure 27. Left: simplified visualization of agents in the grid with obstacles. Middle: closest neighbours with k = 2: agent 0: 

[agent 3 and agent 2], agent 1: [agent 4 and agent 0], agent 2: [agent 0 and agent 1], agent 3: [agent 0 and agent 2], agent 4: 

[agent 1 and agent 0]. Right: example of adjacency goals with l = 2: agent 0: [agent 1, agent 2], agent 1: [agent 0, agent 4], 

agent 2: [agent 0], agent 3: [], agent 4: [agent 1]. By Author. 

The perception grid of agent 𝑖 is a grid restricted by the inequality (𝑤𝑝𝑒𝑟 ≤  𝑤𝑒𝑛𝑣 and ℎ𝑝𝑒𝑟 ≤

  ℎ𝑒𝑛𝑣). If the 2-D dimension of the perception grid is smaller than the dimensions of the 

environment grid, it will be located on the environment based on the current centroid of the 

agents’ 𝑃𝑛𝐻 (see examples in Figure 28). This agent-centric observation only depends on the 

current configuration of the neighborhood of agent 𝑖, so it can support a computational method 

that is adaptable to problems with different environment sizes and with variable number of agents 

in a simulation. In this case, the environment needs enough padding with obstacles to prevent 

access to cells outside of the environment grid. The resulting observation 𝑜𝑖  is a multi-dimensional 

array that will described based on the specific implementation in the next sections.  

 

Figure 28 Variations of perception grid (dotted line) for agent 0, with fixed action grid (5, 5) (continuous line): a) perception 

grid is not centered to the agent and it is equivalent to the environment grid (20, 20); b) perception grid is centered and has 

shape (7, 7); c) perception grid is equivalent to the action grid (5, 5). The case c is just displayed for completeness as it overly 

restricts the agent’s perception. By Author. 

This definition of an agent enables the implementation common properties in complex systems, 

such as building blocks and hierarchies. For example, each agent can be interpreted as a 

microenvironment, by converting the 𝑏𝑜𝑑𝑦𝑖 to 𝑒𝑚𝑝𝑡𝑦𝑒𝑛𝑣 and 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖 to 𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒𝑒𝑛𝑣. This 

enables hierarchical relationships and the representation of different aspects of design, such as 
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zoning, building layout, and floorplan layout.  

 Action space 

The basic actions available for the agents are (1) single-cell expansion, (2) single-cell retraction and 

(3) no-action. The legal set of cells the agent’s expansion and retraction is defined by the actions 

that are not blocked by an obstacle of the environment, preserve the 𝑃𝑛𝐻s of all the agents and 

are inside the action grid (see Figure 29 - row 3). 

The action grid is a subset of the perception grid, and it defines the cells that the agent can 

potentially act on. As the perception grid is itself a subset of the environmental grid, the 

relationship between the 2-D shapes of these grids is restricted by the inequalities 𝑤𝑎𝑐𝑡 ≤

  𝑤𝑝𝑒𝑟 ≤  𝑤𝑒𝑛𝑣 and ℎ𝑎𝑐𝑡 ≤  ℎ𝑝𝑒𝑟 ≤  ℎ𝑒𝑛𝑣. If the dimension of the action grid is smaller than the 

environment grid, it will be located on the environment based on the current centroid of the 

agents’ 𝑃𝑛𝐻 (see examples in Figure 28). Therefore, as the agent expand the 𝑃𝑛𝐻 into a certain 

direction, it also moves the centroid and, consequently, the action grid. Notice that in this case, 

the environment needs enough padding with obstacles to prevent access to cells outside of the 

environment grid. 

The action grid constraints the action space of a single agent, which is a vector of size 

𝑤𝑎𝑐𝑡 × ℎ𝑎𝑐𝑡 + 1. The action that extrapolates the action grid dimension is the no-action, which is 

spatially represented as the cell to the bottom left of the action grid. The reason for the structured 

action space is both to limit the number of actions to a feasible size and to enable its 

representation as the output of a neural network to be trained. 

Besides, the cells of the action grid are not always available for expansion or retraction. For each 

possible polyomino in this grid, there will be a set of cells that will preserve the consistency of the 

𝑃𝑛𝐻 (see Figure 29 - row 4). In this sense, the legal set of cells the agent’s expansion and retraction 

is defined by the current classification of the cells (see Figure 29). More specifically, the set of cells 

that can be modified at each step is defined by: 

• 𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛𝑖 = (𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡𝑖– 𝑏𝑟𝑖𝑑𝑔𝑒𝑖– 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠– 𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒𝑒𝑛𝑣) ∩ 𝑎𝑐𝑡𝑖𝑜𝑛_𝑔𝑟𝑖𝑑𝑖 

• 𝑟𝑒𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑖 = 𝑠𝑢𝑟𝑓𝑎𝑐𝑒𝑖 ∩ 𝑎𝑐𝑡𝑖𝑜𝑛_𝑔𝑟𝑖𝑑𝑖 

The basic actions are building blocks that can be combined to form complex interplays such as 

blocking, pushing, pulling, or attraction. For example, if the agent eliminates all the cells of its 𝑃𝑛𝐻 

using retraction, it then can jump to any empty cell inside the current action grid, using a single 

expansion. The agent also has the option of not executing any action this turn.  

The number of available actions 𝑐 for each agent ranges from one to  𝑤𝑎𝑐𝑡 × ℎ𝑎𝑐𝑡 + 1. The former 

indicates the situation where all the cells on the board are unavailable – i.e., when they are either 

obstacles or agent structure –, so the agent only has the option of a no-action. The latter indicates 

the situation where agent can select the non-action or occupy any cell in the action space, which 

is the case of the empty agent or any agent with size one or two over an action space with available 

cells. In this case, the joint state is susceptible to a combinatorial explosion based the 𝑛 of agents 
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and on the constraints on the action space. This means that for centralized control, the number 

of actions at a certain step can range from 1 to (𝑤𝑎𝑐𝑡 × ℎ𝑎𝑐𝑡 + 1)
𝑛. For example, in the case of 16 

agents with a 5 × 5 action space, the upper bound for this number is 2616. 

2.3. Simulation 
The environment is not only a spatial representation of a site but also a simulation engine that 

contains and manages information about obstacles, agent parameters, agent state, and agent 

observation. During training, it is a source of a diverse and large number of experiences that allow 

the agents to acquire general knowledge about the possible future situations. After training, the 

environment should run custom design cases that replicate real-world conditions and should 

enable the designer to specify and update the specifications of the problem on the fly.  

Besides containing a series of functions to manage agent observations and actions, the 

environment is composed by two basic functions: a transition function and a reward function. 

With access to these functions, an environment can receive an input vector with agents’ actions 

to update its internal configurations and then return the resulting observations and the reward 

signals to the agents. 

 The transition function 

The changes in the environment rely on the transition function 𝑇(𝑠𝑡+1|𝑠𝑡, 𝒂𝒕) that maps a pair 

with a given state of the agents and their actions to the probability of reaching a following state. 

The decision process is Markovian, so, the discrete probability distributions that define the 

interactions at a given timestep are dependent only on the current state and actions and not on 

any information from preceding timesteps.  

The vector 𝒂𝒕 is present in the input because 𝑇 is synchronous. That means that the transition 

considers all the actions at once to take one step in the environment. The use of 

synchronous/simultaneous plays simplifies the training with variable number of agents and 

reduces the pre-defined assumptions about the generative procedure from the perspective of the 

user. However, considering that the agents dispute cells in the environment, an ordering strategy 

of the agents for the internal environmental update is necessary. As that the number of agents in 

the training environment is variable, the agents are sorted based on their current performance 

(best agent moves first) instead of using ids. Therefore, for the same input of environment state 

and set of agent actions, 𝑇 is deterministic, so it will always map to the same next state. 

 Spatial objectives and reward function 

The goals of the agents are modeled by functions 𝑓𝑗 that return a scalar value in the unit interval 

representing the performance of the agent. These goal functions are parameterized by the agents 

so they can be dynamically modified during the generation of a solution to reframe the design 

problem on the fly. For each goal function 𝑓𝑗, there is a complementary spatial function 𝑔𝑗 that 

provides a perceptual map related to the agent’s parameterization and performance w.r.t a goal 

𝑗 in the form of an array of size (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) ─ Table 5. These maps augment 𝑆 to facilitate training 

a single policy that can address multiple goals. For the design artifact, there are goal functions to 
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indicate area, smooth adjacency, not-folding (stimulates shapes with few concave corners, such 

as rectangle, 𝐿 or 𝑈 shapes), and daylight access (stimulates agent cells adjacent to open spaces). 

To provide a dense signal related to adjacency, the function 𝑔𝑎𝑑𝑗 labels the cells in the 

environment based on their distance to the 𝑃𝑛𝐻𝑖. The values are 1 for the cells that are inside or 

adjacent the 𝑃𝑛𝐻𝑖, then they decay over the Manhattan distance until they reach 0 at the 

maximum distance (𝑑𝑖𝑠𝑡𝑚𝑎𝑥) beyond the adjacent cells and on – see Figure 34: row 4. The function 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗

 evaluates the maximum values in 𝑔𝑎𝑑𝑗 that intersect with 𝑃𝑛𝐻𝑖  for all the agents that share 

a relationship of adjacency with it (the set 𝐷𝑖). Then, it returns the minimum value in that set, 

which represents its worst performance in terms of adjacency. 𝑓𝑚𝑒𝑎𝑛
𝑎𝑑𝑗

 returns the mean value in 

that set. 

The function 𝑓𝑎𝑟𝑒𝑎 is a piecewise linear function based on the relationship between the agent 

area and its target area. It returns 1 when the agent reaches the target area. This value linearly 

decreases when the area of the agent moves away from the target. It becomes 0 when its area is 

0 or when it is twice or more than the target area. The spatial representation 𝑔𝑎𝑟𝑒𝑎 labels the cells 

of the action grid with the ratio between the agent and target area shifted by one and bounded 

by 1. It labels the action grid with -1 when the agent has area 0, 0 when it reaches the target, and 

1 when it has twice the target area or more.   

To prevent irregular shapes, the spatial function 𝑔𝑓𝑜𝑙𝑑 assigns the value of 1/ 𝑓𝑜𝑙𝑑𝑚𝑎𝑥  to the 

concave corners of the agent’s 𝑃𝑛𝐻𝑖  that are surrounded by two adjacent edges (a L-fold) and 

assigns 2/ 𝑓𝑜𝑙𝑑𝑚𝑎𝑥to the ones with three adjacent cell edges (U-fold) – see Figure 34: Row 5. The 

parameter  𝑓𝑜𝑙𝑑𝑚𝑎𝑥 is controlled by the designer to define how regular the shapes should be. The 

function 𝑓𝑓𝑜𝑙𝑑 returns a value of one minus the sum of all the values in 𝑔𝑓𝑜𝑙𝑑, bounded by zero to 

prevent negative scores. The functions fold𝐿  and fold𝑈 are indicators that return a zero array of 

shape (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) with ones in the position of the respective folds. 

Finally, for daylight, we assume that cells in the 𝑃𝑛𝐻𝑖  that are adjacent to an empty cell in the 

environment have daylight access. This is based on a common daylighting rule of thumb adopted 

in architectural manuals that state that the depth of daylit area in a room is defined by a factor 

that is proportional to the size of the windows head and depends on orientation or on the use of 

blinds, light shelves, etc. For example, O’Connor et al. (1997, 13) state that for a South facing 

façade, this factor is 1.5 for a standard window and between 1.5 and 2.0 for a window with a light 

shelf. Reinhart uses daylight simulation for a variety of climates, orientations, facade geometries, 

and usage patterns to test the effectiveness of this rule-of-thumb (2005; 2014). He claims that the 

daylit factor lies in the range of 1 to 2 times the size of the window head height, which is largely 

influenced by the glazing type and the target illuminance level in the space. Without shading 

devices, the ratio of the factor increases to 1.5 to 2.5 (C. F. Reinhart 2005, 7; C. Reinhart 2014, 

103–4). 

Thus, the daylight function 𝑓𝑙𝑖𝑡 divides the percentage of agent cells that have daylight access by 

the target percentage and bounds the result by 1. 𝑙𝑖𝑡𝑐𝑒𝑙𝑙𝑠(𝑖) is an indicator function that returns 
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a zero array of shape (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) with ones in the position of the daylit cells. 𝑔𝑙𝑖𝑡 returns a map 

with the daylit cells of an agent tagged with the value of  𝑓𝑙𝑖𝑡. 

Table 5 goal and spatial functions   

 Function Specifications 

Smooth 
adjacency 

𝑓𝑚𝑒𝑎𝑛
𝑎𝑑𝑗 (𝑖, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥, 𝑐) =

1

|𝐷𝑖|
∑ 𝑚𝑎𝑥(𝑔𝑎𝑑𝑗(𝑑, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥, 𝑐) ⋂ 𝑏𝑜𝑑𝑦𝑖)

𝑑 ∈ 𝐷𝑖

 

 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗(𝑖, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥 , 𝑐) = min

𝑑 ∈ 𝐷𝑖
(𝑚𝑎𝑥(𝑔𝑎𝑑𝑗(𝑑, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥 , 𝑐) ⋂ 𝑃𝑛𝐻𝑖)) 

 

𝐷𝑖 is the set of 𝑙 agents that 
share adjacency to agent 𝑖 

clip constraints the values in the 
map to a minimum and a 
maximum 

c is a parameter for the 
exponential decay of the 
distance values 

𝑑𝑖𝑠𝑡𝑚𝑎𝑥 is the L1 distance 
considered for adjacency  

L1distancemap is a distance 
transform function based on L1 
distance 

𝑔𝑎𝑑𝑗(𝑖, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥, 𝑐) =  ( 
𝑑𝑖𝑠𝑡𝑚𝑎𝑥 –  clip(L1distancemap(𝑃𝑛𝐻𝑖) − 1, 0, 𝑑𝑖𝑠𝑡𝑚𝑎𝑥)

𝑑𝑖𝑠𝑡𝑚𝑎𝑥
)

𝑐

 

 

Area 

𝑓𝑎𝑟𝑒𝑎(𝑖 ) =

{
 
 

 
 

 

𝑎𝑟𝑒𝑎𝑖
𝑡𝑎𝑟𝑔𝑒𝑡𝑖

𝑖𝑓 𝑎𝑟𝑒𝑎𝑖 ≤ 𝑡𝑎𝑟𝑔𝑒𝑡𝑖

2 – 
𝑎𝑟𝑒𝑎𝑖
𝑡𝑎𝑟𝑔𝑒𝑡𝑖

𝑒𝑙𝑠𝑒 𝑖𝑓 𝑎𝑟𝑒𝑎𝑖  ≤  2 𝑡𝑎𝑟𝑔𝑒𝑡𝑖

0 𝑒𝑙𝑠𝑒

 𝑎𝑟𝑒𝑎𝑖 is the number of cells in 
the PnH of an agent 

𝑡𝑎𝑟𝑔𝑒𝑡𝑖  is the target number of 
cells for the PnH of an agent 

𝑎𝑐𝑡𝑖𝑜𝑛𝑔𝑟𝑖𝑑𝑖 is a grid with ones 
in the action grid of the agent 

𝑔𝑎𝑟𝑒𝑎(𝑖) =  min (𝑎𝑐𝑡𝑖𝑜𝑛𝑔𝑟𝑖𝑑𝑖
𝑎𝑟𝑒𝑎𝑖
𝑡𝑎𝑟𝑔𝑒𝑡𝑖

 –  1, 1) 

Not-
folding 

𝑓𝑓𝑜𝑙𝑑(𝑖) = max (1 – 𝑠𝑢𝑚(𝑔𝑓𝑜𝑙𝑑(𝑖)), 0) 

fold𝐿 is a function that returns a 
grid with ones in the place of 
the L-folds 

fold𝑈 is a function that returns a 
grid with ones in the place of 
the U-folds 

𝑓𝑜𝑙𝑑𝑚𝑎𝑥 is a parameter that 
restricts the number of 
acceptable folds 

𝑔𝑓𝑜𝑙𝑑(𝑖,  𝑓𝑜𝑙𝑑𝑚𝑎𝑥) =
fold𝐿(i)

 𝑓𝑜𝑙𝑑𝑚𝑎𝑥
+
2fold𝑈(i)

 𝑓𝑜𝑙𝑑𝑚𝑎𝑥
 

Daylight 

𝑓𝑙𝑖𝑡(𝑖, 𝑙𝑖𝑡%) = min (
𝑠𝑢𝑚(𝑙𝑖𝑡_𝑐𝑒𝑙𝑙𝑠(𝑖))

𝑎𝑟𝑒𝑎𝑖
, 𝑙𝑖𝑡%)/𝑙𝑖𝑡% 

 
𝑙𝑖𝑡𝑐𝑒𝑙𝑙𝑠 is a function that 
returns a grid with ones in the 
place of daylit cells. 

𝑔𝑙𝑖𝑡(𝑖, 𝑙𝑖𝑡%) = 𝑙𝑖𝑡𝑐𝑒𝑙𝑙𝑠(𝑖)𝑓
𝑙𝑖𝑡(𝑖, 𝑙𝑖𝑡%) 

 

The utility 𝑓(𝑠, 𝑖) is a function that combines a subset of these goal functions with a weighted 

average or with a multiplication of the terms to incentivize simultaneous exploration of goals. For 

each agent 𝑖, there is a parameterized reward function ℛ(𝑠𝑡, 𝑠𝑡+1, 𝑖) that maps the consecutive 

environment states and the agent information to dense scalar reward signals, to condition 

heterogeneous behaviors and accelerate training. ℛ is defined as the difference between the 

utility values of two consecutive states according to the objectives and the agent parameters: 

𝑓(𝑠𝑡+1, 𝑖)  −  𝑓(𝑠𝑡, 𝑖). 

Also, the objective functions have parameters. For example, the adjacency goal relies on the 
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specification of a parameter of exponential decay 𝑐 that changes non-adjacent agents and of the 

set of neighbor agents that defines an adjacency graph for the agent 𝑖. These and other 

parameters can be potentially modified by the designer during the generation of a solution to 

support reframing the design problem during the exploration of solutions. 

 Environment parameters 

A new environment is initialized with the following parameters 

• utility function: function 𝑓 that defines the relationship between the different spatial goals 

(𝑓𝑎𝑑𝑗, 𝑓𝑎𝑟𝑒𝑎, 𝑓𝑓𝑜𝑙𝑑, and 𝑓𝑙𝑖𝑡) to map the state of the agent to a utility value and derive ℛ𝜃. 

• N agents: integer that defines the number of agents in the simulation  

• action shape: tuple (𝑤𝑎𝑐𝑡, ℎ𝑎𝑐𝑡) that defines the shape of the action grid for each agent 

(see 2.2.3). It is also the base to define the perception grid (ℎ𝑝𝑒𝑟, 𝑤𝑝𝑒𝑟). 

• board grid is an array with custom size (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) indicating cells that are either empty 

or obstacles  

• k is the maximum number of the closest neighbor agents detected by the agent. 

• l is the maximum number of agents that share a relationship of adjacency. 

• goal area is a list of positive integers with the target area for all the agents   

• adjacency is list containing the ids of the agents that share a relationship of adjacency for 

each agent in the environment 

• max step is the maximum number of steps used for training episodes 

• limit folding is the parameter for maximum allowed folds used for 𝑓𝑓𝑜𝑙𝑑 

• p daylit is the parameter of daylight percentage used for 𝑓𝑙𝑖𝑡 

2.4. Prototyping 
This section introduces three implementation of the research prototype – P1, P2, and P3 –, which 

were developed between 2020 and 2022. This section for each prototype contains the 

specifications for the agent observation, training settings, and variations in terms of parameter 

sharing and multi-agent RL techniques. These iterations were developed sequentially, so the 

training process of one iteration was used not only for testing its feasibility but also for identifying 

opportunities for the following implementations. The development of the different versions of the 

prototype followed the specifications synthesized in Table 6 and Table 7. Besides, P2 and P3 were 

trained with multiple spatial goals, both to check the technical feasibility of the training and to 

study the architectural morphology. The latter refers to notion of morphology proposed by 

(Steadman 1983), which considers the study of possible spatial configurations given an certain 

design constraints and order.  
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Table 6 RL, environment, and training specification of the different iterations of the research prototype. 
 

 

P1 P2 P3 

R
L 

RL algorithm DDQN PPO PPO 

Core Python Libraries PyTorch PyTorch and Tianshou 0.3.0 PyTorch and Tianshou 0.3.0 

ɣ 0.92 0.99 0.99 

buffer size 10000 10000 10000 

initial ε 0.9 - - 

minimum ε 0.1 - - 

𝜏 0.02 - - 

value function weight - 0.5 0.5 

entropy weight - 0.01 0.01 

epsilon clip (ϵ in 𝐿𝑐𝑙𝑖𝑝) - 0.3 0.3 

max grad. norm. (clipping) - 0.5 0.5 

GAE λ - 0.85 0.85 

reward normalization - 1 1 

value clip - 1 1 

En
vi

ro
n

m
e

n
t 

n agents in training 6 16 16 

n agents in test 6 4, 8, 12, 16, and 20 4, 8, 12, 16, and 20 

max l adjacencies 3 4 4 

max k-closest neighbors 3 3 3 

action shape  (5, 5) (5, 5) (5, 5) 

perception shape (20, 20) env. with pads (15, 15) independent (15, 15) independent 

action space Discrete (26,) Discrete (26,) Discrete (26,) 

observation space (20, 20, 7)* (15, 15, 49) (15, 15, 49) 

board initialization (17, 17)  (8-31, 8-31) (15-45, 15-45) 

board configuration in training random obstacles random obstacles random carving 

board padding (3, 3, 3, 3) (7, 7, 7, 7) (7, 7, 7, 7) or (9, 9, 9, 9) 

steps per episode 64 128 256 

Tr
ai

n
in

g 

optimization algorithm RMSProp Adam Adam 

learning model DCNN CNN (shared) + FC (heads) CNN (shared) + FC (heads) 

learning rate 0.0001 0.0003 0.0003 

Loss function Smooth L1 Loss DDQN TD PPO policy and value losses PPO policy and value losses 

batch size 64 64 64 

n of training env. 1 64 32 

n of test env. 50 32 8 

epochs 1000 300 200 (one with 300) 

episodes per epoch 50 512 512 

augmentation 8 (symmetry) - - 

repeat per collect - 2 2 

agent sample per epoch 19,200 262,144 262,144 

agent samples produced 19,200,000 78,643,200 52,428,800 (78,643,200) 

passes over agent samples 153,600,000 157,286,400 104,857,600 (157,286,400) 

 * the agent has access to the feature maps of the other agents during the forward pass of DCNN 
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Table 7 Goals used in the different iterations of the research prototype. 
  P1 P2 P3 

Fi
xe

d
  

Max distance for distance decay (𝑑𝑖𝑠𝑡𝑚𝑎𝑥) 16 45 45 

Exponential decay for distance (c) 10 30 30 

G
o

al
s 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗
𝑓𝑎𝑟𝑒𝑎 

 
X X 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑)

2
  with 𝑓𝑜𝑙𝑑𝑚𝑎𝑥 = 3  X  

𝑓𝑚𝑒𝑎𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑)

2
  with 𝑓𝑜𝑙𝑑𝑚𝑎𝑥 = 5 X   

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑)

2
  with 𝑓𝑜𝑙𝑑𝑚𝑎𝑥 = 5  X X 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑙𝑖𝑡)

2
  with 𝑙𝑖𝑡75% 

 
X 

 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑 + 𝑓𝑙𝑖𝑡)

3
 with 𝑙𝑖𝑡50% 

 
 X 

𝑓𝑚𝑖𝑛
𝑎𝑑𝑗 (𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑 + 𝑓𝑙𝑖𝑡)

3
 with 𝑙𝑖𝑡75% 

 
X X 

 

 P1 

The primary goal of P1 is to verify the feasibility of applying parameter sharing as a RL method for 

an agent-based model. More specifically, it intends to test the capacity of a RL-based system to 

generalize the knowledge acquired in a training setting to different design scenarios. Variations of 

the training algorithms, aspects of neural network architecture and training (activations, 

initialization, resources, batch normalization, etc.), and different resources to shape the agent 

representation were empirically tested before selecting the initial configuration of P1.  

2.4.1.1. Agent observation 

In P1, the perception grid has the same size of the environment grid, which enables the possibility 

of accessing the information from any part of the representation. Each agent is represented by an 

individual input with its individual information, which results in the observation 𝑜𝑖  that contains 

four arrays: 𝑜𝑖
𝑠𝑡𝑎𝑡𝑒 , 𝑜𝑖

𝑎𝑑𝑗
 , 𝑜𝑖

𝑐𝑙𝑜𝑠𝑒, and 𝑜𝑖
𝑚𝑎𝑠𝑘. The observation of each individual agents is passed 

to the model, which dynamically builds and propagates the neighborhood information (see 

2.4.1.3). As in the example in Figure 29, the multi-dimensional array 𝑜𝑖
𝑠𝑡𝑎𝑡𝑒  of shape (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣, 7) 

with state information about the agent 𝑖 consists of: 

o The environment grid with obstacles (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣)   

o Internal state of agent 𝑖 with cell classification with structure, surface, and offset 

(𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) 

o the action grid (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) 

o 𝑔𝑎𝑟𝑒𝑎 (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣)   

o 𝑔𝑎𝑑𝑗 (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣)   

o 𝑔𝑓𝑜𝑙𝑑 (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣)   

o The agent cells scaled by the utility 𝑓 (𝑤𝑒𝑛𝑣, ℎ𝑒𝑛𝑣) 
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Figure 29: Row 1: visualization of obstacles (agents are added just for visualization); row 2: classification of the cells: structure 

(dark blue), surface (medium blue), and offset (light blue); row 3: mask with the action space of the agent; row 4: score of the 

agent with the respect to the area over the action grid: 0: (17/2), 1: (11/ 4), 2: (15/8), 3: (13/ 16), 4: (12/ 25); row 5: soft 

adjacency values based on Manhattan distance; row 6:indication of folding cells: L-folds (light blue), U-folds (dark blue); row 7: 

the current utility of the agent represented in the internal cells of the agent. By Author. 
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The vector 𝑜𝑖
𝑎𝑑𝑗

 indicates the agents that share a relationship of adjacency with the agent 𝑖. Its 

shape is (𝑙) but it is latter processed to the shape of the convolutional blocks to work as a filter. 

The vector 𝑜𝑖
𝑐𝑙𝑜𝑠𝑒 indicates the 𝑘 closest neighbor agents detected by agent 𝑖. Its shape is (𝑘) but 

it is latter processed based on the shape of the convolutional blocks to work as a filter. 

Finally, the vector 𝑜𝑖
𝑚𝑎𝑠𝑘  contains a mask with the legal action for agent 𝑖 with shape 

(𝑤𝑎𝑐𝑡 × ℎ𝑎𝑐𝑡 + 1) It is used to filter the valid state-action estimates to be considered in the action 

selection algorithm.  

2.4.1.2. RL algorithm: DDQN 

Due to the discrete nature of the problem representation, I opted for using an off-policy, model-

free algorithm called Double Deep Q-Network (DDQN) (van Hassel, Guez, and Silver 2016). DDQN 

is in the family of value-based methods, which relies on the alternate execution of two steps for 

learning: the computation of the value function for a given policy (policy evaluation) and the 

computation of an improved policy given the value function of that policy (policy improvement). 

DDQN uses two deep neural networks to estimate the Q-values of each agent. Hence, a policy 

derived from the current estimates is used to interact with the environment and collect 

experience, which is then used to update these estimates. 

Algorithm 1 DDQN 

1: Initialize two Q-networks with random weights 

2: Initialize replay buffer 𝐷, and other parameters, such as 𝛾, 𝜏, α, and 𝜀  

3: For each episode do 

4:  Initialize environment 

5:  For each step do 

6:   Define 𝑄𝜃and 𝑄𝜃
−

randomly 

7:   Choose 𝑎 from an 𝜀-greedy policy derived from 𝑄𝜃(𝑧) using a mask for legal actions 

8:   Move to z′ and receive 𝑟 

9:   Augment (𝑧, 𝑎, 𝑟, 𝑧′) and store in D 

10:   If number of steps % training mod == 0: 
11:    Sample a batch (𝑍, 𝐴, 𝑅, 𝑍′) ~ 𝐷 

12:    Compute target 𝑄𝜃(𝑧, 𝑎) = 𝑟 + 𝛾𝑄𝜃
−
(𝑧′, 𝑎𝑟𝑔𝑚𝑎𝑥𝑎′𝑄

𝜃(z′, 𝑎′)) 

13:    Perform mini-batch gradient descent using L1 loss 

14:    Update network parameters: 𝜃− ← 𝜏 ∗ 𝜃 + (1 − 𝜏)𝜏 ∗ 𝜃− 

15:  Reduce 𝜀 based on schedule 
 

In the steps 6-8, the agent interacts with the environment using an 𝜀-greedy policy to generate 

observations − i.e., it selects a random action with probability 𝜀 or the argmax of action of the 

online Q-network (𝑄𝜃) with a mask for legal actions otherwise. At the beginning of a training 

session, 𝜀 is a large value, so the policy explores random trajectories in the environment. As 𝜀 is 

reduced over training, the agent switches to the exploitation of the best estimates. The 

observations are augmented with rotation and reflection, then added to a large memory buffer D, 

from which they are later retrieved for training. The buffer randomizes the data, removing the 
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correlation between observation samples and reducing the variance for the updates. In step 9, the 

observations are augmented by rotation and mirroring before adding them to the buffer. This 

process increases the data by a factor of eight. In the steps 11-14, the algorithm uses the batch of 

observations (𝑆, 𝐴, 𝑅, 𝑆′) retrieved from 𝐷 to define the target 𝑟 + 𝛾𝑄𝜃
−
(𝑠′, 𝑎𝑟𝑔𝑚𝑎𝑥𝑎′𝑄

𝜃(𝑠′, 𝑎′)). The 

target is used to updates the current estimate of 𝑄𝜃 using a gradient descent variation called 

RMSProp. Then, 𝑄𝜃
−
 is slowly updated to approximate 𝑄𝜃 using a step-size 𝜏, which reduces the 

correlation between Q estimates and target values. 

2.4.1.3. Learning Model: Dynamic convolutional neural network (DCNN) 

The following neural network architecture was designed specifically for P1 (Figure 30). It was 

named dynamic convolutional neural network (DCNN), which supports training and simulations 

with flexible and variable number of agents. It uses the same model for all agents in the 

environment and captures the variable neighborhood and goal information by a composite 

architecture. More specifically, each agent is represented as part of a single neural network as a 

strand. For each of these strands, there are five main network blocks. To capture neighborhood 

information, the strands are dynamically connected between the blocks based on the topology of 

the closest neighbors and adjacency relationships provided by 𝑜𝑖
𝑎𝑑𝑗

 and 𝑜𝑖
𝑐𝑙𝑜𝑠𝑒. In other words, 

DCNN consists mainly of CNN blocks that dynamically change its connections according to the 

topology of the adjacency and of the closest neighbors at each environment step.  

 

Figure 30 Simplified graphical representation of the layers, operations, and arrays of DCNN. Every CNN is composed of 2 

convolutional layers with 64 filters of size 3x3, stride 1, padding 1 and a Leaky ReLU activation. The final FC network has 3 

linear layers with 104, 52, and 26 neurons. Its two first layers use Leaky ReLU activation, while the last uses a hyperbolic 

tangent function (Tanh). By Author. 

Over the forward propagation, the network captures a larger and larger receptive field with 

information of neighbors, the neighbors of neighbors, and so on. The strands of the network for 

each agent not only share weights but also gradients. Therefore, the backpropagation step of 

DDQN enables cooperative adjustment of weights between agents. As a result, while the number 

of closest neighbors (𝑘) and of maximum connected agents (𝑙) should be fixed, the number of 
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agents in the model can be changed during execution, by adding or removing strands. 

DCNN estimates the Q-values after receiving three arrays as the input: 

• The first block receives the array 𝑧𝑖
𝑠𝑡𝑎𝑡𝑒 with the state information for each agent, which is 

processed by a convolutional neural network to create a richer representation.  

• The second and third blocks receive the output of the previous block for the respective 

agent combined with agents indicated by 𝑧𝑖
𝑎𝑑𝑗

 and 𝑧𝑖
𝑐𝑙𝑜𝑠𝑒 as the input.  

• The fourth block uses a convolutional neural network on the combination of the resulting 

arrays from all the previous blocks.  

• The fifth block is a Q-network that receives the resulting arrays from the previous block 

concatenated with the 𝑧𝑖
𝑚𝑎𝑠𝑘  for each agent, then it computes the respective Q-values 

using fully connected layers. 

2.4.1.4. Training 

In the training setting, the environment is the problem generator. It creates six agents are 

randomly initialized and interact in randomly generated environments during multiple episodes of 

64 steps. The reward signals are derived from the following spatial goal  

𝑓 =  𝑓𝑎𝑑𝑗 ×0.5(𝑓𝑎𝑟𝑒𝑎  + 𝑓𝑓𝑜𝑙𝑑). 

After training, the prototype should enable designers to solve a large variety of design problems, 

so the RL agents must be able to adapt to changes by the designer without a significant drop in 

the performance. To prevent over-fitting the agents to a specific environment, the simulation 

engine randomly initializes the environment at every episode with the following steps:  

• randomly initialize a new board grid of (12, 12) with padding of 2, which results in the 

shape (16, 16) 

• Populate the board with a random number of obstacles that are either a x-aligned series 

of cell, a y-aligned series of cell, or squares based of between one and three. 

For the agents, the engine randomly 

• initializes the area and adjacency targets 

• Initializes the layers for the 𝑛 agents and its initial random positions 

• runs several steps with random actions so the agents settle in a random initial 

configuration 
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Figure 31 96 examples of random boards generated by the engine. By Author. 

 

Figure 32 96 examples of agents initialized randomly by the engine. By Author. 
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This initial prototype relies on a very simple training setup to provide an initial proof that the 

method is feasible. For example, it limits the grid size to 12 × 12, it only uses 6 agents during 

training, and it only relies on one environment for training. The complete description of the 

training setup is included in Table 6. 

The training graph for P1 (Figure 33) shows that the agents successfully improved their policy over 

time. In the first 10k episodes, this process is noisy, as the agents learn short-term policies, such 

as moving to the same side of the board and adopting the shape of parallel corridors to minimize 

distance. After that, the training becomes more stable, and the agents can converge to more 

successful policies incrementally. 

 

Figure 33 Cumulative rewards for the agents during training. The blue line is the average cumulative rewards of the six agents 

on the training episodes. Notice that the oscillations in the blue graph are the result of the custom schedule of reduction of 𝜺. The 

orange line is average cumulative rewards of the six agents in testing episodes with greedy actions. The vertical dotted line at 

43350 represents the best policy, which was adopted for the test in the design scenarios. By Author. 

2.4.1.5. Lessons learned 

The most important finding is that agents successfully learned a spatial policy that handles multiple 

spatial goals in a fine-granular setting. However, there are some drawbacks in P1 related to model 

architecture and the RL algorithm.  

On one hand DCNN enables the dynamic computation of neighborhood information both in the 

forward and back propagation of the neural network, which is an original and elegant solution for 

agent-based models with function approximation. On the other hand, DCNN imposes some 

obstacles for training. While most of the elements in the forward and backward passes can be 

parallelized, the dynamic reconfiguration of the neural network happens in runtime with serial 

computation, which slows down the training. The training was executed in a laptop with Intel® 

Core™ i9-9880H CPU @2.30 GHz, 2304 MHz, 8 cores, 16 logical processors, 32 GB (RAM), and 

NVIDIA GeForce RTX 2080 with Max-Q Design. The time was not recorded, but it took more than 

two weeks to run, considering the series of training sessions. Another limitation of DCNN is that it 

requires a fixed environment size, so it requires using the largest possible environment size as the 

grid size to comprehend all possible applications. 

Model-free RL methods are data hungry. Considering the obstacles in terms of the dynamic 
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configuration and fixed environment size in DCNN, training can potentially benefit from an 

accelerated training with simpler architecture and logic of parameter sharing. 

Finally, the RL algorithm depends on random action selection to incentivize exploration, which 

results in constant noise in the configuration of the agents and, consequentially, in the 

architectural layout. While the randomness DDQN could be potentially controlled manually or be 

associated with the performance to address exploration and exploitation, ideally the policy itself 

would take care of this process.  

 P2 

After confirming the feasibility of RL as the method to design the agents, P2 was developed 

between 2020 and 2021. It overcomes the main bottlenecks of P1. The main strategy for P2 is to  

• Use a different RL algorithm that makes training and execution more stable and efficient 

and ensures that the agents explicitly manage a stochastic policy to reduce the noise in the 

inference (see 3.2.1). 

• disentangle the agents’ frame of observation from the environment observation to enable 

the use of larger environments with flexible shape 

• use a simpler parameter sharing approach and neural networks to allow faster training and 

inference 

Besides, P2 also tests if the method can train agents that successfully generate architecture based 

on different spatial objectives. In the context of architectural design, this intends to investigate if 

learned policy conditioned by a specific goal and parameters can lead to the emergence of spatial 

types. 

2.4.2.1. RL algorithm: PPO with clipped surrogate objective and Generalized Advantage 

estimation 

P2 uses Proximal Policy Optimization (PPO, Schulman et al. 2017), an algorithm that modifies the 

original objective of an advantage actor-critic algorithm 𝐽 to overcome some problems of stability, 

such as variance and performance collapse, and makes the training more sample-efficient. PPO 

uses the relative performance identity – i.e., the difference in performance between two policies 

– to ensure non-negative improvement in a conservative policy iteration (Graesser and Keng 2019, 

165–94). In practice, this identity is approximated by using trajectories from the old policy adjusted 

with weights based on the ratio of action probabilities between the successive policies, which 

upweights the action that are more likely under the new policy. This creates a surrogate objective 

function based on importance sampling that has the same gradient as the original loss and 

guarantees monotonic improvement within an error bound.  



66  

Particularly, we opted for an PPO algorithm16 with a surrogate objective  𝐽𝜋
𝐶𝐿𝐼𝑃, which uses clipping 

inside the objective to limit the ratio to an 𝜀-neighborhood to guarantee monotonic improvement. 

The algorithm relies on Generalized Advantage Estimation (GAE), which uses a weighted average 

of the advantages for the different n-step returns to reduce its variance. There is also an entropy 

regularization term 𝐻 is subtracted from the loss function to increase exploration in the training 

by incentivizing policies with more uniform distributions. Besides being a more stable approach in 

comparison to DDQN, it also has the advantage that the learned policy is stochastic, so it is not 

necessary to introduce noise for exploration.  

Algorithm 2 PPO-Clip with multiple environments – based on (Graesser and Keng 2019, 177–78; Weng et al. 2020) 

1: Initialize actor (𝜃𝐴) and critic (𝜃𝐶) networks with random weights 

2: Initialize the buffer 𝐷, and parameters such as 𝛽, 𝜀, and 𝐾 

3: For epoch in K epochs do 

4:  For each training environment  

5:   Reset training environment 

6:   Collect an episode using 𝜃𝐴 and store in 𝐷 

7:  Compute 𝜋′(𝑎|𝑠) with 𝜃𝐴 

8:  Compute values 𝑉𝑡𝑎𝑟
𝜋 with 𝜃𝐶  and trajectory 

9:  Compute advantages 𝐴𝐺𝐴𝐸
𝜋  

10:  For each minibatch m 

11:   Compute new values 𝑉𝑛𝑒𝑤
𝜋 with 𝜃𝐶  

12:   Compute 𝜋(𝑎|𝑠) with 𝜃𝐴 

13:   Compute the probability ratio 𝑟(𝜃𝐴) using 𝜋′(𝑎|𝑠) and 𝜋(𝑎|𝑠) 

14:   Compute the entropy 𝐻 with 𝜃𝐴 

15:   𝐽𝐶𝐿𝐼𝑃(𝜃𝐴) = 𝔼[min(𝑟(𝜃)𝐴𝐺𝐴𝐸
𝜋 , 𝑐𝑙𝑖𝑝(𝑟(𝜃𝐴),1 − 𝜀, 1 + 𝜀)𝐴𝐺𝐴𝐸

𝜋 )]  

16:   𝐿𝑝𝑜𝑙(𝜃𝐴) =  𝐽
𝐶𝐿𝐼𝑃(𝜃𝐴) − 𝛽𝐻  

17:   𝐿𝑣𝑎𝑙(𝜃𝐶) = 𝑀𝑆𝐸(𝑉𝑛𝑒𝑤
𝜋 , 𝑉𝑡𝑎𝑟

𝜋 ) 

18:   Update 𝜃𝐴 using 𝐿𝑝𝑜𝑙(𝜃𝐴) 

19:   Update 𝜃𝐶  using 𝐿𝑣𝑎𝑙(𝜃𝐶) 

20:  Empty 𝐷 

21:  Test the policy during one episode for each test environment 

 

2.4.2.2. Agent observation 

In P2, the observation is centered on the agent. The example in Figure 34 shows the observation 

of a single agent with a perception grid of shape (15, 15), the depth of the observation (𝑑𝑎𝑔𝑒𝑛𝑡) 

with 6 layers. It also considers 𝑘 = 2, and 𝑙 = 2, which results in a perception of 4 neighbor agents. 

 

16 The base implementation of PPO is derived from the library Tianshou 0.3.0 (Weng et al. 2020). This 

implementation was extended with custom code to support multi-agent and parameter sharing. 
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Figure 34: Observation for agent 0 with action grid of shape (5, 5), perception grid of shape (15, 15), k=2, and l=2. Row 1: grid 

with obstacles (agents are added just for visualization). The following rows are based on the g agents that share a relationship of 

adjacency with agent 0 (1, and 2) and its k closest neighbors that do not share a relationship of adjacency (3 and 4). Row 2: 

classification of the cells: structure (dark blue), surface (medium blue), and offset (light blue); row 3: score of the agent with the 

respect to the area over the action grid; row 4: soft adjacency values based on Manhattan distance; row 5:indication of folding 

cells: L-folds (light blue), U-folds (dark blue); row 6: indication of the daylit cells; row 7: the current utility of the agent 

represented in the internal cells of the agent. By Author. 

In terms of depth, the agent observes its information layers plus the ones for the 𝑙 agents that are 

related to it by its adjacency goal and the 𝑘 closest agents (at the current step of the simulation) 

that do not share a relationship of adjacency with agent 𝑖. In terms of 2-D space, the observation 
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grid is smaller than the environment grid, so it slices all the information layers available to the 

agent. Therefore, from the perspective of agent 𝑖, all the information in observation 𝑜𝑖  is sliced 

based on the perception grid of 𝑖. 

More generally, the observation 𝑜𝑖  is a multi-dimensional array of shape (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟 , 1 + (1 + 𝑘 +

𝑙) × 𝑑𝑎𝑔𝑒𝑛𝑡), where the number of layers is independent of the number of agents in or the shape 

of the environment. It consists of  

• A clipped environment grid with obstacles (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟)   

• a multi-dimensional array 𝑜𝑖
𝑠𝑡𝑎𝑡𝑒of shape (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟 , 𝑑𝑎𝑔𝑒𝑛𝑡) with state information about 

the agent 𝑖 with 

o Internal state of agent 𝑖 with cell classification with structure, surface, and offset 

(𝑤𝑝𝑒𝑟 , ℎ𝑝𝑒𝑟) 

o 𝑔𝑎𝑟𝑒𝑎 (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟)   

o 𝑔𝑎𝑑𝑗 (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟)   

o 𝑔𝑓𝑜𝑙𝑑 (𝑤𝑝𝑒𝑟 , ℎ𝑝𝑒𝑟)   

o 𝑔𝑙𝑖𝑡 (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟)   

o The agent cells scaled by the utility 𝑓 (𝑤𝑝𝑒𝑟 , ℎ𝑝𝑒𝑟) 

• a multi-dimensional array 𝑜𝑖
𝑔 𝑠𝑡𝑎𝑡𝑒𝑠

of shape (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟 , 𝑙 × 𝑑𝑎𝑔𝑒𝑛𝑡) with state information 

(like the one listed for 𝑜𝑖
𝑠𝑡𝑎𝑡𝑒) for all the 𝑙 agents that share a relationship of adjacency with 

agent 𝑖. 

• a multi-dimensional array 𝑜𝑖
𝑘 𝑠𝑡𝑎𝑡𝑒𝑠of shape (𝑤𝑝𝑒𝑟, ℎ𝑝𝑒𝑟 , 𝑘 × 𝑑𝑎𝑔𝑒𝑛𝑡) with state 

information (like the one listed for 𝑜𝑖
𝑠𝑡𝑎𝑡𝑒) for all the 𝑘-closest agents (at the current step 

of the simulation) that do not share a relationship of adjacency with agent 𝑖. 

Particularly, we adopted an action grid of size (5, 5) and a perception grid of size (15, 15) for P2. 

Besides, we used 𝑘 =  4, 𝑙 =  3, and 𝑑𝑎𝑔𝑒𝑛𝑡 = 6. Therefore, the observation for each agent 

contains 7 layers for itself plus 6 layers for each of the 7 other agents, which results in an 

observation 𝑜𝑖  is a multi-dimensional array of shape (15, 15, 49). 

2.4.2.3. Simple neural network for parameter sharing 

P2 uses a neural network with a shared body (initial layers) and separate network heads (the final 

layers) for the actor and for the critic. This architecture allows the model to build a common 

representation based on the state information, then establish custom features for their distinct 

tasks in the independent portion of the neural network. 
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Table 8 Architecture of Neural Network for P2 

 Layer Type Input shape Output shape Kernel Stride Padding Activation 

Shared Body Convolution 2D (b, 15, 15, 49) (b, 15, 15, 64) (3, 3) (1, 1) (1, 1) ReLU 

Convolution 2D (b, 15, 15, 64) (b, 15, 15, 32) (3, 3) (1, 1) (1, 1) ReLU 

Convolution 2D (b, 15, 15, 32) (b, 15, 15, 16) (3, 3) (1, 1) (1, 1) ReLU 

Convolution 2D (b, 15, 15, 16) (b, 15, 15, 8) (3, 3) (1, 1) (1, 1) ReLU 

Convolution 2D (b, 15, 15, 8) (b, 15, 15, 4) (3, 3) (1, 1) (1, 1) ReLU 

Flatten (b, 15, 15, 4) (b, 900) - - - - 

Fully Connected (b, 900) (b, 256) - - - Linear 

Critic Fully Connected (b, 256) (b, 128) - - - ReLU 

Fully Connected (b, 128) (b, 64) - - - ReLU 

Fully Connected (b, 64) (b, 1) - - - Linear 

Actor 

 

Fully Connected (b, 256) (b, 128) - - - Relu 

Fully Connected (b, 128) (b, 26) - - - Linear 

 

2.4.2.4. Training 

The training setting relies on 64 environments with 16 agents that are randomly initialized and 

that interact in randomly generated environments during multiple episodes of 128 steps (see 

Figure 35 and Figure 36). To keep track of the robustness of the performance during training, there 

are 32 testing environments with different number of agents: 4 environments with 4 agents, 8 

environments with 8 agents, 8 environments with 12 agents, 8 environments with 16 agents, and 

4 environments with 20 agents. To see more details of this training setting, check Table 6. Besides, 

P2 and P3 were trained with multiple spatial goals, both to check the technical feasibility of the 

training and to support the design of custom agents that converge to specific spatial types in the 

larger combinatorial space of the restricted polyominoes 

For each training or testing episode, the simulation engine randomly initializes the environment 

with the following steps (see Figure 35):  

• randomly initialize a new board grid with sizes between (8, 8) and (31, 31) with padding 

of 7, which results in a shape between (22, 22) and (45, 45). 

• Populate the board with random obstacles that are either x-aligned or y-aligned series of 

cell. 
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Figure 35 96 examples of boards generated by the engine. By Author. 

For the setting of the agents (see Figure 36), the engine randomly 

• initializes the area and adjacency targets 
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• Initializes the layers for the 𝑛 agents and its initial random positions 

• runs several steps with random actions so the agents settle in a random initial 

configuration 

 

Figure 36 96 examples of agent initialization by the engine. By Author. 
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To test the feasibility of having custom agents with different spatial behaviors, the model was 

trained with different objectives: Adjacency and Area; Adjacency, Area, Not Folding (5), and Daylit 

(75%); Adjacency, Area, and Not Folding (3); Adjacency, Area, and Not Folding (5). 

The graphs in Figure 37 and Figure 38 show that the training process was stable for all the different 

goals. Besides, while time was not recorded, each of these training sessions took between 4 and 

5 days due to the use of multiple training environments and larger batch sizes. 

 

Figure 37 Training graphs with training and test rewards for P2. By Author. 
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Figure 38 Training graphs with losses for P2. By Author. 
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2.4.2.5. Lessons learned 

The use of the actor-critic framework with a simpler parameter sharing method in P2 accelerated 

the training process, made it more stable, and reduced the noise of the inference with a stochastic 

policy. The agent-centric representation enabled the training and deployment of successful 

policies in environment of variable sizes, which is critical for the scalability in the application of the 

system. Besides, P2 was able to learn policies based on different combination of goals, which 

resulted in layouts of varied types. Some of these policies were successful in addressing all the 

goals, others opted for sacrificing the performance in one of the goals to succeed in the others.  

 P3 

The development of P3 intends to explore some variations in the training setup that can potentially 

improve the performance. The main changes are the development of an algorithm to generate 

more sophisticated and realistic obstacles in the environment and variations in the training 

parameters. 

2.4.3.1. Training 

The training setting relies on 16 agents that are randomly initialized and that interact in randomly 

generated environments during multiple episodes of 256 steps. In contrast to the previous, 

version, where the environment was generated by placing small obstacles over the grid, this 

version attempts to create more realistic boards. It uses an algorithm that excavates an initial 

board full of obstacles using the number of adjacent empty spaces as a weight for random 

selection (see Algorithm 3).  

Algorithm 4 Generate environment  

1: Initialize parameters 0.75 ≤ 𝑝𝑠𝑝𝑎𝑐𝑒 ≤ 0.95, 0.5 ≤ 𝑒 ≤ 2, 5 ≤ 𝑛𝑖𝑛𝑖𝑡 < 20, 15 ≤ ℎ𝑒𝑛𝑣 < 45, 15 ≤ 𝑤𝑒𝑛𝑣 < 45 

2: initialize a new board 𝐵 of shape (ℎ𝑒𝑛𝑣 , 𝑤𝑒𝑛𝑣) with obstacles 

3: initialize a list 𝐴 of length (ℎ𝑒𝑛𝑣 × 𝑤𝑒𝑛𝑣) with zeros. It counts the number of adjacent cells that are empty 

4: populate the grid A with  𝑛𝑖𝑛𝑖𝑡  empty cells 

5: update the list 𝐴 with +1 for each obstacle adjacent to an empty cell 

6: while percentage of empty cells is smaller than 𝑝𝑠𝑝𝑎𝑐𝑒  

7:  sample the next empty cell based on the probability 
𝐴𝑒

∑ 𝐴𝑒𝑖𝑖
 

8:  update the list 𝐴 with a 0 for the empty cell 

9:  update the list 𝐴 with +1 for each obstacle adjacent to the empty cell  

10: pad 𝐵 

 

After initializing the environment, the engine randomly 

• initializes the area and adjacency targets 

• Initializes the layers for the 𝑛 agents and its initial random positions 

• runs several steps with random actions so the agents settle in a random initial 

configuration 
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Figure 39 96 examples of boards generated by the engine. By Author. 
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Figure 40 96 examples of agent initialization by the engine. By Author. 

In contrast to P2, the number of steps in the episode was increased duplicated (128 to 256) while 

the number of training environments was reduced by half (64 to 32). The intention is to preserve 

the number of steps per epoch is the same but expose the agents to more experience in stable 

configurations. The different spatial behaviors are tested again in this new configuration to 
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confirm the feasibility of learning custom policies. The model was trained with different objectives: 

Adjacency and Area; Adjacency, Area, Not Folding (5), and Daylit (50%), Adjacency, Area, Not 

Folding (5), and Daylit (75%); Adjacency, Area, and Not Folding (5). Notice that the Adjacency, 

Area, Not Folding (3) objective was removed from the list and replaced by Adjacency, Area, Not 

Folding (5), and Daylit (50%). Notice that Adjacency, Area, Not Folding (5) was trained over all the 

300 epochs to enable the comparison between P2 and P3. Due to time restriction, the remaining 

policies were only trained over 200 epochs. 

 

Figure 41 Training graphs with training and test rewards for P3. By Author. 
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Figure 42 Training graphs with losses for P3. By Author. 
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3. Evaluating the design artifact 

3.1. Introduction 
While the previous chapter proved that the design artifact can be constructed and trained, this 

chapter attempts to answer the main research question: can agent-based modeling and current 

deep reinforcement learning techniques support the design of custom agents for a spatial 

synthesis based on fine-grained interaction?  

Three design cases are used to test the performance of the different iterations of the prototype 

considering aspects of machine learning, the research framework of generative design with fine-

grained interaction and the problem of spatial synthesis. From the perspective of machine 

learning, these design cases are necessary to provide a common ground to test if agents trained 

in varied and stochastic environments can perform well in unseen design problems. While a policy 

trained specifically for the design case could perform better, policies with good generalization can 

support design tools that minimize the need of training on-demand. With the respect to the 

research framework of fine-grained interaction, the design cases evaluate the capacity of the 

artifact to support step-by-step formation of valid designs in face of adversity, such as site 

conditions and design perturbations. For the scope of the application, the performance of the 

artifact is evaluated not only with spatial synthesis problems with constraints and aspects of a real 

design program but also to unconventional ones that can result in speculative configurations.  

The chapter is organized according to the three test cases and followed by a discussion: 

1. Design case 1 comprehends single-family house to be implemented in three different sites 

2. Design case 2 includes a single-story complex of art galleries located in a site between 

urban lots with small buildings and an existing park 

3. Design case 3 encompasses a complex of eight houses to be placed on a large and empty 

site 

4. Discussion provides a synthesis about the results, about qualities and capacities identified 

in the prototype.   

3.2. Design Case 1: single family housing on small site 
The first design case is a single-family house to be implemented in three different sites. This case 

was created to evaluate P1 with a single spatial goal but was also used to evaluate the following 

versions of the prototype. Design case 1 consists of twelve agents that represent the spaces of a 

two-bedroom house with a free floor plan (see Figure 43).  
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Figure 43 Program of the house in case 1. The leading number is used to identify the spaces in the next images. The numbers in 

parenthesis indicate target area. The connections indicate adjacency. The colored grouping indicates spatial integration between 

spaces. By Author. 

For each episode, the agents interact for 6500 steps, which are divided in three stages that are 

separated by two phases of perturbations: 

• Stage 1 (0-1999): 𝜀 -greedy policy with 𝜀 = 0.05 (DDQN) or regular policy (PPO) 

• Perturbation 1 (2000-2099): random action selection. 

• Stage 2 (2100-3099): 𝜀 -greedy policy with 𝜀 = 0.05 (DDQN) or regular policy (PPO) 

• Perturbation 2 (4100-4499): random action selection. 

• Stage 3 (4500-6499):  𝜀 -greedy policy with 𝜀 = 0.05 (DDQN) or regular policy (PPO) 

In stage 1, the initialization places the empty agents in random positions. In stage 2 and three, the 

initial state is based on the randomization of the final solution of the previous state. From the 

perspective of the agents, these initializations are much more challenging than addressing a typical 

human interaction, such as sequential addition, edition, or removal agents. However, the 

assumption here is that a policy that can recover from more complex states will be better to deal 

with the iterative construction by a designer. 

The agents were tested for the house program in three different sites with obstacles (Figure 44): 

(1) a site on the top of the hill, (2) a site with a central obstacle, (3) a site with two stream banks 

connected by a bridge.  
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Figure 44 Three different sites: (1) site on the top of the hill, (2) site with central obstacles, (3) site with stream and bridge. By 

Author. 

The policy Adjacency, Area, and Not Folding (5) from the different iterations of the prototype was 

applied to the design case 1 to evaluate their performance and the resulting spatial patterns. Also, 

the algorithm used to translate the design representation of the agent polyominoes into 3D 

architectural layout models with doors and windows is described in the next chapter.  

 P1 

Figure 45, Figure 46, and Figure 47 show some snapshots of the resulting configuration for the 

three environments over 6500 steps using the policy Adjacency, Area, and Not Folding (5). Overall, 

the policy converged to the the basic elements spatial synthesis (adjacency and area) but was also 

able to address the formation of more conventional room layouts with finer adjustments to 

address obstacles and conflicts. The agents improved the performance of the house layout 

configuration either from random initialization or from a random perturbation in all the scenarios. 

After the perturbations, the agents were able to re-organize in different spatial configurations, 

which shows the potential for direct interaction with the designer.  

In a visual and qualitative analysis, it is possible to observe that the agents developed a functional 

and consistent behavior. Besides, some interesting spatial patterns that emerged from the 

interaction of the agents with local situations and from randomness, despite not being explicitly 

described in the objectives. For example,  

• In the environment on the top of the hill, the agents often defined L-shapes for the 

bathrooms to adapt to the irregular boundary (Figure 45, 879 and 882, and Figure 48) 

• an agent created a protuberance to increase the area and to adapt to local obstacles 

(Figure 45, patio at 3898 or kitchen at 5128)  

• A small courtyard emerged between the sectors of the house (Figure 47, at 6216, and 

6219). 

• The bridge in scenario three incentivized a separation of the social and private areas of the 

house to the two banks, which made the satisfaction of adjacency easier by constraining 

the associated agents on one side of the bank. 
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Figure 45 Rows 1-6: simulation of 12 agents from P1 in a terrain on the top of a hill with irregular boundaries. Every pair of 

rows contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author.  
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Figure 46 Rows 1-6: simulation of 12 agents from P1 in a terrain with a large tree and rocks as obstacles at the center. Every 

pair of rows contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 47 Rows 1-6: simulation of 12 agents from P1 in a terrain with a bridge over a stream. Every pair of rows contain the 

first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 48 Example of layout generated by P1. Artistic rendering reproduced with permission of Jinmo Rhee. 

Overall, the main achievement is that the policy of P1 was able to generalize the knowledge from 

the training environment with 6 random agents, random goal parameters, and random obstacles, 

to specific design cases with 12 agents. The resulting policy enabled the agents to react to and 

recover from random perturbations in the simulation and generated a variety of spaces that 

satisfied the multiple spatial goals. 

The performance of the agent was consistent among the different scenarios, with the average of 

the adjacency utility 𝑓𝑎𝑑𝑗 between .922 and .955 in the selected run. The average of .922 in the 

site with central obstacles indicates that agent is not always able to converge to a configuration 

that satisfies all adjacencies over many steps (e.g., 3454-3457). The average of the 𝑓𝑎𝑟𝑒𝑎 is between 

.891 and .909, which probably reflects the irregular and limited open spaces available for the 

agents in all the scenarios. The average of 𝑓𝑓𝑜𝑙𝑑  is between .931 and .945, which is reflected in the 

dominance of rectangular or quasi-rectangular agent polyominoes in the layouts.  
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Figure 49 Graphs with the performance of the agents from P1 (y axis) over an episode (x axis) for each of the three 

environments. The areas between dotted lines indicate the periods of perturbation. The means (μ) and standard deviations (σ) 

consider the three stages with ε-greedy action selection but not the periods with random perturbation. By Author. 
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 P2 

In contrast to P1, P2 was trained with 16 agents but it was for a shorter period. It also used training 

sites of different sizes, and it also relied on a much simpler neural network and in more restricted 

agent-centered percept information. Despite all these differences, P2 achieved a superior 

performance, while generating houses with the same spatial type of a cluster of rectangular and 

L-shaped rooms. The Figure 50, Figure 51, and Figure 52 show examples of the PPO agents trained 

in P2 generating the layout for the house.  

Another aspect that is important to mention is how the resulting policy addresses exploration 

directly, so no random action selection is necessary. Notice in the graphs in Figure 53 that the 

agents engage in changing the configuration, which adds perturbation to the performance when 

the adjacency score is lower but become more stable as the score gets closer to 1.  Comparing the 

graphs in Figure 49 and Figure 53, it seems that even in the phases where the agents are changing 

the layout, the PPO agents in P2 have a much stabler behavior than the DDQN agents in P1. 
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Figure 50 Rows 1-6: simulation of 12 agents from P2 in a terrain on the top of a hill with irregular boundaries. Every pair of 

rows contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 51 Rows 1-6: simulation of 12 agents from P2 in a terrain with a large tree and rocks as obstacles at the center. Every 

pair of rows contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 52 Rows 1-6: simulation of 12 agents from P2 in a terrain with a bridge over a stream. Every pair of rows contain the 

first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 53 Graphs with the performance of the agents from P2 over one episode for each site. The areas between dotted lines 

indicate the periods of perturbation. The means (μ) and standard deviations (σ) consider the three stages with the policy but not 

the periods with random perturbation. By Author. 

The policy was also evaluated 50 times in each of the environments. The results are on the 

following graphs (Figure 54). Notice that on average, the agents converge to a good configuration 

over a few iterations, even after random perturbations. 
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Figure 54 Graphs with the average performance of the agents over 50 episodes for each of the three environments. The areas 

between dotted lines indicate the periods where action was selected randomly (perturbation). The means (μ) and standard 

deviations (σ) consider the three stages with policy but not the periods with random perturbation. By Author. 
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 P3 

P3 is like P2 but with a few adjustments in the training settings. Overall, the learned policy also 

converged to good results in the three scenarios either from random initialization or from a 

random perturbation in all the scenarios. 

 

Figure 55 Rows 1-6: simulation of 12 agents in a terrain on the top of a hill with irregular boundaries. Every pair of rows 

contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 56 Rows 1-6: simulation of 12 agents in a terrain with a large tree and rocks as obstacles at the center. Every pair of 

rows contain the first 4 steps in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 57 Rows 1-6: simulation of 12 agents in a terrain with a bridge over a stream. Every pair of rows contain the first 4 steps 

in a stage of the simulation and 4 steps selected visually. By Author. 
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Figure 58 Graphs with the performance of the agents from P3 over one episode for each site. The areas between dotted lines 

indicate the periods where action was selected randomly (perturbation). The means (μ) and standard deviations (σ) consider the 

three stages with the policy but not the periods with random perturbation. By Author. 
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Figure 59 Graphs with the average performance of the agents from P3 over 50 episodes for each site. The areas between dotted 

lines indicate the periods of perturbation. The means (μ) and standard deviations (σ) consider the three stages with the policy but 

not the periods with random perturbation. By Author. 

Considering the average performance of 50 runs, it is possible to see in Table 9 that the 

adjustments in P3 slightly improved the performance of the agent with the respect to all metrics 

and to all sites.  
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Table 9 Comparison of average utility of P2 and P3 for house environments. 

 top of the hill central obstacles stream and bridge 

 𝑃2 𝑃3 
𝑃3 − 𝑃2

𝑃2
 𝑃2 𝑃3 

𝑃3 − 𝑃2

𝑃2
 𝑃2 𝑃3 

𝑃3 − 𝑃2

𝑃2
 

adjacency 0.937 0.952 1.6% 0.863 0.871 0.9% 0.887 0.907 2.3% 

area 0.905 0.916 1.2% 0.906 0.907 0.1% 0.894 0.906 1.3% 

not folding 0.946 0.962 1.7% 0.944 0.953 1.0% 0.948 0.960 1.3% 
 

 

3.3. Design Case 2: art gallery on a large site 
Design case 2 is a single-story complex of galleries for local and regional artists, with a focus on 

the promotion of visual arts and on integrating it to the cultural, gastronomical, and bohemian life 

of the city. It was designed to test the capacity of generalization of the different policies trained in 

P2. It consists of an art gallery complex that is modelled by 18 agents with more connections and 

a loop – see Figure 60. The floorplan of the complex should have a fluid configuration, which 

provides opportunities to evaluate the typological implications of the policies derived from 

different spatial goals in P2 and P3. 

 

Figure 60 Program for art gallery. The leading number is an identifier of the spaces. The numbers in parenthesis indicate target 

area in terms of cell units. The connections indicate adjacency. The colored grouping indicates spatial integration between 

spaces. By Author. 

The site for the museum is located between urban lots with one to two-story buildings and an 

existing park (see Figure 61). As a result, it has an irregular boundary facing back of buildings, 

fences, and many natural elements such as boulders or trees. Some natural elements are also 

present inside the site and should be preserved.  
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Figure 61 Site for the art gallery. Dotted red line represents the boundary and obstacles for the agents. By Author. 

Like in the design case 1, I opted for testing the performance of the agents over several steps to 

evaluate the convergence of the agent to good configurations under different conditions. 

However, considering the larger number of policies and the good performance of the training, the 

number of total steps was reduced and there is only one phase with random action selection. 

More specifically, the agents interact in the environment for 2200 steps, which are divided in two 

stages that are separated by a single perturbation: 

• Stage 1 (0-999): trained policy. 

• Perturbation 1 (1000-1199): random action selection. 

• Stage 2 (1200-2199): trained policy. 

For the design case 2, the analysis focuses on the performance of the different policies trained in 

P2 and P3. This analysis considers both their convergence to good states and the emerging spatial 

patterns.  Besides, each policy was executed 100 times. In the first 50 cases, the engine initializes 

the simulation with empty agents at random position. In the last 50 cases, a spring layout method 

from the library NetworkX (“Spring_layout” n.d.) is applied to the adjacency graph of the program 

over 50 iterations to optimize the initial placement of each agent. This method uses the 

Fruchterman-Reingold algorithm (Fruchterman and Reingold 1991) to simulate a force-directed 

representation of the adjacency network, treating edges as springs and nodes as repelling objects, 

until the positions in the positions are close to an equilibrium. The idea is to evaluate how much 

the initial knowledge about the topology can contribute to better convergence in comparison to 

the strategies developed by the agents with limited view of the environment.   

 P2 

The policy Adjacency and Area generates interesting arrangements of polyominoes with multiple 

folds (see Figure 62), which result in a maze-like shape both for the room and for the layout. When 

the target area is larger, the agents converge to a rectangular shape with a few folds, so the 

galleries look like irregular rooms. In terms of adjacency, the behavior with and without the spatial 

layout optimization was critical. Without the optimization, the agents have a medium performance 



100  

in settling to positions that would guarantee the satisfaction of the adjacencies. With the 

optimization, the agents achieve excellent performance. This suggests that the agent was not able 

to develop the initial policy for negotiating positions. However, the agents are in a reasonable 

location, the policy successfully fine-tune the positions, negotiates the boundaries, and satisfy the 

required adjacencies. 

In the policy Adjacency, Area, and Not Folding (maximum of 3 folds), adding a single fold to a room 

shape has a large impact in the score. Therefore, the agents opted for generating rows of single 

cells, which eliminates folds in the shape and reduces the distance between agents (see Figure 

64). However, as the action grid restricts the extension to 5 cells, which is smaller than all the 

target areas in the art gallery program, this policy results in undersized rooms with excellent 

daylight performance. The agents had a good performance in terms of adjacency, which was 

further improved in the stages with the spatial layout initialization (Figure 65).  
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Figure 62 Agents trained for adjacency and area goals. Col 1: simulation of 18 agents with random initialization in a large 

terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. By Author. 
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Figure 63 Performance of P2 with policy Adjacency and Area. Row 1: single episode and random initialization. Row 2: single 

episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average of 50 episodes 

with spring layout initialization. The areas between dotted lines indicate the periods where action was selected randomly 

(perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Figure 64 Agents from P3 trained for adjacency, area, and not folding (3) goals. Col 1: simulation of 18 agents with random 

initialization in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain 

with obstacles. By Author. 
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Figure 65 Performance of P2 with policy Adjacency, Area, and Not Folding (3). Row 1: single episode and random initialization. 

Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average 

of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods where action was selected 

randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Like the performance in the design case 1, the policy Adjacency, Area, and Not Folding (maximum 

of 5 folds) resulted in arrangements of rectangular and L-shaped rooms. When the agents are 

initialized without any cells at random positions, the agents keep jumping to positions closer to 

the desired adjacencies, then they grow and adjust their shape, which results in a more compact 

layout and a good performance over all the three objectives (see Figure 70 – col 1, row 2). With 

the spring layout initialization used in this test, the agents are initialized according to the adjacency 

graph and positioned further away from the neighbors, so the agents must move closer to satisfy 

adjacency. Consequently, it results in a free form layout that expands from the center (hall and 

patios) to the gallery and administrative blocks in the periphery, which resulted in a better 

performance in terms of adjacency (see Figure 70 – col 2, row 2). In both initializations, after 

random perturbations the agents recover to a good configuration. See Figure 67 for more details 

about performance. 

In the case of policy Adjacency, Area, and Daylit (75% of the room area) there is a strong pressure 

to increase the external walls adjacent to open spaces while the art gallery program requires large 

rooms. Thus, each agent tends to create irregular polyominoes with multiple concavities, which 

results in a room as a connection of a series of small spaces and niches (see Figure 68). This spatial 

pattern also creates small external patios in between the agents. In terms of average performance 

(see graphs in Figure 69), with random initialization or after random perturbation, the agents 

emphasize the daylit performance, and achieve a medium to good performance for adjacency and 

area. The spring layout initialization has a positive impact on all the goals considered by the policy, 

but it is particularly beneficial for the adjacency. 

The policy Adjacency, Area, Not Folding (5), and Daylit (75%) imposes many restrictions and 

conflicts for the agents. Overall, daylight and adjacency are the dominant drivers of the policy. In 

phase 1, the agents expand into corridor sub-dimensioned shapes with a few folds. After the 

random perturbation, the agents improve their performance in terms of area but tend to add 

more folds to preserve the daylight level. Overall, daylit and adjacency values are great in all 

phases, but even better with the spring layout initialization.  
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Figure 66 Agents trained for adjacency, area, and not folding (5) goals. Col 1: simulation of 18 agents with random initialization 

in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. 

By Author. 
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Figure 67 Performance of P2 with policy Adjacency, Area, and Not Folding (5). Row 1: single episode and random initialization. 

Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average 

of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods where action was selected 

randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Figure 68 Agents trained for adjacency, area, and daylit (75%) goals. Col 1: simulation of 18 agents with random initialization 

in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. 

By Author. 
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Figure 69 Performance of P2 with policy Adjacency, Area, and Daylit (75%). Row 1: single episode and random initialization. 

Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average 

of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods where action was selected 

randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Figure 70 Agents trained for adjacency, area, not folding (5), and daylit (75%) goals. Col 1: simulation of 18 agents with 

random initialization in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large 

terrain with obstacles. By Author. 
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Figure 71 Performance of P2 with policy Adjacency, Area, Not Folding (5), and Daylit (75%). Row 1: single episode and 

random initialization. Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random 

initialization. Row 4 average of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods 

where action was selected randomly (perturbation). By Author. 
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 P3 

It is important to notice that except for Adjacency, Area, and Not Folding (5) all the policies were 

trained over 200 epochs, in contrast to the 300 epochs used in P3. Therefore, only the standard 

policies Adjacency, Area, and Not Folding (5) and the new Adjacency, Area, Not Folding (5), and 

Daylit (50%) of P3 will be analyzed for the design case 2. Both will be evaluated quantitatively and 

qualitatively, and the former will be used to compare the performance of P2 and P3. Overall, the 

other policies resulted in similar spatial patterns but with similar or slightly worse performance, 

probably from the shorter training session. The images and graphs for their performance are 

available in 7.8 Appendix H: Additional data for the design artifact evaluation. 

Like in the previous prototype versions and case, the policy Adjacency, Area, and Not Folding 

(maximum of 5 folds) resulted in arrangements of rectangular and L-shaped rooms (see Figure 72). 

Also, while with the random initialization, the arrangement is more compact, the spring layout 

initialization stimulates a free layout based on a central core and centrifugal blocks with better 

performance overall (Figure 73). In both initializations, after random perturbations the agents 

recover to a good configuration. See for more details about performance. The table below 

describes the difference in performance between P2 an P3 for this policy. While the spring layout 

seemed to have a stronger impact for both versions, the changes implemented in P3 also 

contributed for a better performance in most of the metrics with or without spring layout (see 

Table 10). The exception is adjacency which had a slight decrease (-0.2%) for both cases. Another 

important note is that by stimulating a more disperse and centrifugal layout, the spring layout 

improves daylight performance of agents that were not trained for that (see example in Table 10). 

Table 10 Average utility for the different utility components for the Adjacency, Area, and Not Folding (5) considering 50 samples 

for P2 with random initialization (𝑃2𝑅), P2 with spring layout (𝑃2𝑆𝐿), P3 with random initialization (𝑃3𝑅), P3 with spring 

layout (𝑃3𝑆𝐿). 

 

 𝑷𝟐𝑹  𝑷𝟐𝑺𝑳 
𝑷𝟐𝑺𝑳 −  𝑷𝟐𝑹

𝑷𝟐𝑹
  𝑷𝟑𝑹 𝑷𝟑𝑺𝑳 

𝑷𝟑𝑺𝑳 −  𝑷𝟑𝑹

𝑷𝟑𝑹
 
𝑷𝟑𝑹 −  𝑷𝟐𝑹

𝑷𝟐𝑹
 

𝑷𝟑𝑺𝑳 −  𝑷𝟐𝑺𝑳

𝑷𝟐𝑺𝑳
 

adjacency 0.831 0.913 9.9% 0.829 0.911 9.9% -0.2% -0.2% 

area 0.831 0.867 4.3% 0.833 0.891 7.0% 0.2% 2.8% 

not folding (5) 0.869 0.868 -0.1% 0.876 0.895 2.2% 0.8% 3.1% 

daylit (75%)* 0.509 0.643 26.3% 0.530 0.675 27.4% 4.1% 5.0% 

*Not part of the goals of the policy but displayed here to analyze the general effect of the spring layout algorithm  

 

In Adjacency, Area, Not Folding (5), and Daylit (50%), the reduced parameter of daylight in 

comparison to the previous policies in P2, results in a policy that addresses daylight on the global 

arrangement and secondarily in the shape of the rooms. As a result, the rectangular arrangements 

look like the ones for Adjacency, Area, and Not Folding (5). However, the agents themselves 

organize a more disperse and centrifugal layout without the need of the spring layout algorithm. 

They also prevent the layout to be adjacent to borders of the site (see Figure 74). Overall, the 

agents opt for having an area slightly beyond or above the target area to improve the other metrics 

(see Figure 75). 
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Figure 72 Agents trained for adjacency, area, and not folding (5) goals. Col 1: simulation of 18 agents with random initialization 

in a large terrain with obstacles. Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. 

By Author. 
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Figure 73 Performance of P3 with policy Adjacency, Area, and Not Folding (5). Row 1: single episode and random initialization. 

Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average 

of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods where action was selected 

randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Figure 74 Agents trained for adjacency, area, not folding (5), and daylit (50%) goals. Col 1: simulation of 18 agents with 

random initialization in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large 

terrain with obstacles. By Author. 
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Figure 75 Performance of P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50%). Row 1: single episode and 

random initialization. Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random 

initialization. Row 4 average of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods 

where action was selected randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the 

policy. By Author. 
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3.4. Design Case 3: site-less house complex  
This case comprehends the speculative design of a large single-floor complex composed of 8 units 

with the same area and adjacency specification as in the case 1. However, to understand the 

spatial qualities of policies that were not developed for the house floorplans or for conventional 

floorplans, the program is not assumed to be a house but an agglomeration of 8 buildings of the 

same type on a site. Four policies were selected to represent different spatial qualities 

• P2 with policy Adjacency, Area, and Daylit (75) 

• P2 with policy Adjacency, Area, and Not Folding (3) 

• P3 with policy Adjacency, Area, and Not Folding (5) 

• P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50) 

The complex occupies an empty and flat site of 50 × 40 units. In total, there are 96 agents in the 

simulation, which are initialized with the spring layout algorithms and run for 2000 steps. This was 

repeated 50 times for each policy. The goal of this case is to  

• evaluate if the policy can generalize to a design case with many more agents than in the 

random training 

• evaluate the possibility of the system to support the parallel design of multiple buildings 

on a site 

• visualize layout types that emerge from the interaction of many agents with a shared policy  

For each of these policies, a matrix with the last state of each of the 50 runs of the policy is 

presented. Then, two options are selected for a more detailed representation with the following 

parameters 

• Gride cell with 2m × 2m 

• Floor to ceiling 2.70 meters 

• Glazing from floor to ceiling on the living room and dining room 

• Glazing from 2m to 2.70 meters on the other spaces 
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 P2 with policy Adjacency, Area, and Daylit (75) 

 

Figure 76 First 25 configurations produced by P2 with policy Adjacency, Area, and Daylit (75) over 2000 steps. The 

configurations highlighted were selected for a more detailed description. By Author. 
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Figure 77 Last 25 configurations produced by P2 with policy Adjacency, Area, and Daylit (75) over 2000 steps. By Author. 
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Figure 78  Selected configurations produced by P2 with policy Adjacency, Area, and Daylit (75) over 2000 steps. By Author. 
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 P2 with policy Adjacency, Area, and Not Folding (3) 

 

Figure 79 First 25 configurations produced by P2 with policy Adjacency, Area, and Not Folding (3) over 2000 steps. The 

configurations highlighted were selected for a more detailed description. By Author. 
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Figure 80 Last 25 configurations produced by P2 with policy Adjacency, Area, and Not Folding (3) over 2000 steps. By Author. 
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Figure 81 Selected configurations produced by P2 with policy Adjacency, Area, and Not Folding (3) over 2000 steps. By Author. 
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 P3 with policy Adjacency, Area, and Not Folding (5) 

 

Figure 82 First 25 configurations produced by P3 with policy Adjacency, Area, and Not Folding (5) over 2000 steps. The 

configurations highlighted were selected for a more detailed description. By Author. 
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Figure 83 Last 25 configurations produced by P3 with policy Adjacency, Area, and Not Folding (5) over 2000 steps. By Author. 
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Figure 84 Selected configurations produced by P3 with policy Adjacency, Area, and Not Folding (5) over 2000 steps. By Author. 
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 P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50) 
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Figure 85 First 25 configurations produced by P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50) over 2000 steps. 

The configurations highlighted were selected for a more detailed description. By Author. 

 

Figure 86 Last 25 configurations produced by P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50) over 2000 steps. 

The configurations highlighted were selected for a more detailed description. By Author. 
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Figure 87 Selected configuration produced by P3 with policy Adjacency, Area, Not Folding (5), and Daylit (50) over 2000 steps. 

By Author. 

  



130  

 Evaluation 

Overall, the policies with the spring layout initialization achieved a great performance in case 3. 

The agents quickly converge to a good configuration (see Figure 88) and they spend most of the 

simulation doing small adjustments in the layout. In some cases, the agents were not able to solve 

high-level conflicts in terms of adjacencies that would require the collaboration of multiple agents, 

so there are a few cases where the building layouts ended up interwoven. 

Overall, the typological results are consistent with the previous evaluations of the policy.  

• P3 Adjacency, Area, and Daylit (75) increases the external extension of the external walls 

by creating irregular polyominoes with multiple concavities, which results in a 

configuration of corridors, small patios, and niches (see Figure 68). 

• P3 Adjacency, Area, and Not Folding (maximum of 3 folds), generates rows of single cells 

restricted by the extension of 5 cells, which eliminates folds in the shape and reduces the 

distance between agents (see Figure 64). This policy results in an agglomeration of linear 

rooms. In the case of the grouped agents without internal walls, the union of the corridors 

result in other shapes such as rectangular, L-shaped, and S-shaped rooms. With 96 agents, 

large multiple quasi-rectangular patios are created between the building units, which 

contribute to good daylight. However, as the layout is based on an agglomeration of linear 

shapes, there are many cases where an internal room is mostly or completely surrounded 

by internal walls, which drastically reduce the daylight access.  

• P3 Adjacency, Area, and Not Folding (5 folds) resulted in arrangements of rectangular and 

L-shaped rooms in a free form and centrifugal layout. Due to the limited space, some. 

However, with the large number of agents and limited space, buildings are connected, 

creating a series of irregular courtyards of different sizes. 

• P3 Adjacency, Area, Not Folding (5), and Daylit (50%) results in room and complex 

configurations like the ones from the previous policy. However, each agent is attempting 

to expose more cells to the outdoor space, which result in small corridors and patios 

between buildings. Despite the use of the overhangs, the small patios successfully 

contributed to the better distribution of light. 
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Figure 88 Average performance of different policies over 50 episodes and with spring layout initialization Row 1: P3 Adjacency, 

Area, and Daylit (75). Row 2: P3 Adjacency, Area, and Not Folding (3). Row 4: P3 Adjacency, Area, and Not Folding (5). Row 

4: P3 Adjacency, Area, Not Folding (5), and Daylit (50). By Author. 
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3.5. Discussion on the design artifact 
Overall, the policies tested in the last chapter were able to address the three design cases, were 

efficient with the respect to the different goals and were robust to the random perturbations in 

the simulations. Some of them were efficient with the respect to all the goals while others opted 

for emphasizing some of the sub-goals at the expense of another. In smaller versions of the layout 

problem, randomly initialized agents were able to solve topological properties of layouts based on 

the jumping strategy. However, as the grid and the number of agents increased, the performance 

of the agents largely benefited from the spring layout initialization.  

The takeaway is that the research artifact is a proof by construction of the proposed framework. 

The combination of agent-based modeling and multi-agent deep reinforcement learning in the 

artifact solves many of the technical challenges discussed in the previous chapters and 

substantiates the research framework. The agent-based formulation of the artifact enables a 

distributed and granular construction of design alternatives with reduced assumptions about 

setup and order of the solution procedure. The multi-agent reinforcement learning method solves 

the problem of designing ecologies of spatial agents that can tackle multiple constraints and 

objectives while preserving the qualities of the agent-based formulation. After training, the agents 

are reflex agents (Table 13) because the execution only relies on the forward pass of small policy 

networks, which can be executed in real-time even for large number of agents.  
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4. An interactive simulation workflow for situational design exploration  
The goal of this chapter is to demonstrate that the design artifact introduced in this dissertation 

enables designers to engage in an interactive simulation that support unstructured forms of design 

exploration and use ad hoc responses to the design circumstances. These are a some of the 

properties of the design artifact that supports designers inside the generative loop with fine-

grained interaction:  

• The computation is executed by distributed reactive agents, based on the forward pass of 

a small policy network, so it can happen in real-time.  

• The granular formation of the representation is embedded in the formulation of the spatial 

agents as polyominoes and its respective action space, so it is also accessible by external 

control.  

• The agents are trained with random environments to learn a policy with reduced the 

dependence on initialization and order of operations, which provides the freedom to 

designers to navigate in the design space with different strategies. 

To explore how these and other properties of the design artifact can support novel forms of 

human-computer interaction and situated design exploration, the artifact was integrated to an 

interactive simulation workflow. This chapter describes this workflow with its communication 

mechanisms, interface, and commands. It demonstrates how designers’ actions can be translated 

to events and integrated to an interactive simulation based on the design artifact. 

4.1. General Workflow 
We integrated the design artifact (1) presented in the previous chapters to a parametric model (2) 

and a game engine (3) to show its potential as an interactive simulation (Figure 89). For that 

integration it was necessary to create mechanisms of management and communication of data. 

In the next sections, we will describe the main components of the workflow with their respective 

mechanisms of communication, and then we emphasize the types of interaction that are 

supported by the game engine.   
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Figure 89 Overview of interactive simulation workflow. By Author. 

4.2. Design artifact 
The design artifact contains a simulation engine, which manages information about environment 

and agents, and the many functions used in their interaction, such as a transition function and a 

reward function. Besides, after training the agents in randomized environments, the artifact also 

contains a pool of agent policies, which can be deployed to generate different types of spatial 

arrangements. 

For the interactive simulation workflow, the artifact was extended with functions to exchange data 

with the parametric model and the game engine, which rely on ZeroMQ, a messaging library that 

provides different messaging patterns. The connection between the construct and the game 

engine is defined by a REP socket, which allows the artifact and the game engine to work as server 

and client that exchange messages synchronously. The connection between the artifact and the 

parametric model is based on the publish-subscribe pattern. The artifact is the publisher, which 

sends the board updates, and the parametric model is the subscriber, which asynchronously keeps 

track of the messages. 

The workflow is initialized with a pre-defined environment and agent configuration. The updates 

are defined by the interaction between designers, agents, and environment in the game engine. 

Therefore, besides the regular agent-environment update based on a policy, designers can also 

directly change the configuration of the board or even redefine the configuration of the spatial 

synthesis problem, providing guidance to the design exploration with event-driven computing. 

The different forms of human-computer interaction will be described in detail in the section on 

the game engine. Each interaction results in the game engine sending a distinct message to the 

design artifact, with the specific request on how to update the board. For example, the game 
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engine can send a message telling the environment to take one step in the simulation with a 

certain policy or describing how designers changed the board. Each of these messages will trigger 

a function to implement the respective changes in the simulation loop in the artifact. 

Some of these actions defined by the designer, such as adding or deleting a single agent cell, are 

compatible with the action space of the agents, so they can be solved with a single pass of the 

transition function in the simulation engine. Other actions, such as adding or deleting an agent, 

require further updates in the agent representation and in the problem specification. In the 

extreme, certain actions taken by the designer break the logic of the action space and require 

additional procedures to be taken. For example, when designers grab and move an agent in the 

game engine, there is an algorithm (Algorithm 5) that reinforces the board constraints and uses 

BFS to ensure that the new agent configuration is legal. 

Algorithm 5 Move agent  

1: receive 𝑖 as the index of the agent being moved 

2: receive 𝑑 as a vector representing the movement of the agent 𝑖 

3: define 𝑝𝑜𝑠𝑖
𝑡𝑚𝑝

← 𝑝𝑜𝑠𝑖  +  𝑑 

4: constraint 𝑝𝑜𝑠𝑖
𝑡𝑚𝑝

 and 𝑑 to represent a valid agent position and transformation inside the grid 

5: 𝑝𝑒𝑟_𝑔𝑟𝑖𝑑𝑖
𝑡𝑚𝑝

← 𝑝𝑒𝑟_𝑔𝑟𝑖𝑑𝑖  +  𝑑 

6: 𝑎𝑐𝑡_𝑔𝑟𝑖𝑑𝑖
𝑡𝑚𝑝

← 𝑎𝑐𝑡_𝑔𝑟𝑖𝑑𝑖  +  𝑑 

7: if there is any empty cell in 𝑎𝑐𝑡_𝑔𝑟𝑖𝑑𝑖
𝑡𝑚𝑝

: 

8:  if 𝑎𝑟𝑒𝑎(𝑃𝑛𝐻𝑖) > 0: 

9:   𝑃𝑛𝐻𝑖
𝑡𝑒𝑚𝑝

← 𝑃𝑛𝐻𝑖 + 𝑑 

10:  eliminate cells of  𝑃𝑛𝐻𝑖
𝑡𝑚𝑝

 overlapping with other agents and with obstacles 

11:  if 𝑐𝑜𝑢𝑛𝑡(𝑃𝑛𝐻𝑖
𝑡𝑒𝑚𝑝

) > 0: 

12:   initialize 𝑃𝑛𝐻𝑖
𝐵𝐹𝑆  as a random cell sampled from 𝑃𝑛𝐻𝑖

𝑡𝑒𝑚𝑝
 

13:   expand 𝑃𝑛𝐻𝑖
𝐵𝐹𝑆  using BFS to flood fill the cells of 𝑃𝑛𝐻𝑖

𝑡𝑒𝑚𝑝
 

14:   𝑃𝑛𝐻𝑖 ← 𝑃𝑛𝐻𝑖
𝐵𝐹𝑆  

15:  else: 

16:   𝑃𝑛𝐻𝑖 ←  Ø 

17:  𝑝𝑜𝑠𝑖  ←  𝑝𝑜𝑠𝑖
𝑡𝑚𝑝

 

18: 𝑝𝑒𝑟_𝑔𝑟𝑖𝑑𝑖 ← 𝑝𝑒𝑟_𝑔𝑟𝑖𝑑𝑖
𝑡𝑚𝑝

  

19: 𝑎𝑐𝑡_𝑔𝑟𝑖𝑑𝑖 ← 𝑎𝑐𝑡_𝑔𝑟𝑖𝑑𝑖
𝑡𝑚𝑝 

 

After the internal updates in the artifact, it sends a message with the resulting configuration back 

to the game engine. This message is also sent to the parametric model, which is responsible for 

the procedural generation of the architectural configuration.  

 Parametric model 

The parametric model is responsible for generating the geometry for visualization, with floors, 

walls, windows, and openings for doors in Grasshopper, a parametric editor inside the NURBS-

modeler software Rhinoceros 3D. This model was used for the visualization of solutions in the 
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previous chapters. The input information for the model is derived from two sources 

• A custom asynchronous subscriber receives the configuration of the agents and obstacles 

from the design artifact 

• Designers control parameters to customize the parametric model during the simulation 

Based on these sources, the model generates the 3D model of the building based on the following 

steps (Figure 90): 

• A) Extracting polyominoes and other information from the environment 

• B) Converting the polyomino of each agent into a single mesh 

• C) Combining agents that represent a single space and do not share internal partitions 

• D) Extracting the boundary lines of the meshes, and differentiating internal and external 

walls 

• E) Defining the rooms that do not have external walls, such as porches, based on user input 

• F) Defining the glass walls for the external walls of the rooms selected based on user input 

• For each room not specified by the user for special envelopes,  

o G) Defining the windows positions based on a percentage of glazing and on a 

heuristic to select external line – e.g., random selection or wall furthest away from 

the centroid of the house boundary 

o H) Defining the door positions between rooms that share a relationship of 

adjacency by randomly selecting one of the cell edges in the shared walls. 
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Figure 90 Basic steps for the parametric model derived from the environment information using design case 1 as an example. By 

Author. 

After generating the building geometry, the model converts it into meshes, which are sent to and 

rebuilt by the host application (the game engine) using Rhino.Inside (Fragada, Baer, and Cook 

2022). 

4.3. Game Engine 
The game engine is the design interface of the workflow. It contains geometric data about the site 

context, which is combined with the agent and environment data received from the design artifact 

and the parametric model to produce a visual representation of the design board on its canvas. Its 

main goal is to allow designers to guide the design generation by playing with the settings and 

configurations during the simulation. This interactive simulation relies on capturing and processing 

user action events, then sending them as messages to the design artifact. The game engine 

provides a menu with tools that support different ways in which the users can interact with the 

board and its components so that both the simulation and user events determine the flow of the 

program. 

 Interface 

The visual interface is defined by four basic elements: (A) the name of the project, (B) the menu 

with the tools available for the designers, (C) the buttons to activate the connection with the 

parametric model, and (D) a canvas where the design geometry is displayed to the user and 

available for editing.  
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Figure 91Interface of the game engine with (A) title, (B) menu, (C) connection with parametric model, and (D) canvas. By 

Author. 

 Policy 

Policy is a value list containing options for the function used to control the agents during the 

simulation. The options are 

• None: no policy is used 

• Random: a random policy is selected (see Figure 92) 

• RL policies from the policy pool (see Figure 93), such as  

o RL – Adj Ar NF3: adjacency, area, and not-folding (3) 

o RL – Adj Ar NF5: adjacency, area, and not-folding (5) 

o RL – Adj Ar DL75: adjacency, area, and daylight access (75%) 

o RL – Adj Ar NF DL75: adjacency, area, not-folding (5), and daylight access (75%) 

If no policy is selected, the simulation will pause. Otherwise, the simulation will run with the 

selected policy. Additionally, the user can pause the simulation at any point by holding the space 

bar. 
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Figure 92 Example of random policy. Notice that there are multiple steps between snapshots. By Author. 

 

Figure 93 Example of simulation starting from a random arrangement and switching to a RL policy. Notice that there are 

multiple steps between snapshots. By Author. 

 Basic commands 

Basic user interactions rely on selecting options in the menu and using the mouse combined with 

shortcut keys to do different actions. That combination will define what events will be triggered 

and processed by the game engine. Selection is the only command that is independent of the 

options of the menu. When designers right-click on the agent, it is highlighted, and two properties 
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of the agents appear on the menu: 

• Name: initially defined as agent i but can be updated by the user. 

• Area: a slider indicating the current area of the agent with a marker indicating the target 

area. The slider can be updated to indicate a change in the problem specification (see 

Figure 94). 

 

Figure 94 Example of changing the area of two agents as the simulation is running with a RL policy. By Author. 
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If there are no tabs selected, these are the available actions with the mouse 

• Left click [on agent i] – hold – move – release [on agent j]: creates relationship of adjacency 

between i and j 

• Right click [on agent i] – hold – move – release: moves agent i to another position (see 

Figure 95 and Figure 96) 

• Ctrl + Right click [on agent i]: freezes or unfreezes agent, which defines if the agent will 

move or not during a simulation 

 

Figure 95 Example of moving an agent. By Author. 
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Figure 96 Example of moving agents during a simulation with a RL policy. By Author. 

 Agent body commands 

If the Body tab is selected the user can control the number of agents in the simulation. These are 

the available commands: 

• Left click [on board]: creates new agent on that position 

• CTRL + Left click [on agent i]: deletes agent i 
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Figure 97 Example of adding agents during simulation with RL policy. By Author. 

 

Figure 98 Deleting agents during a simulation with a RL policy. By Author. 
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Figure 99 Adding agents and connecting them during a simulation with a RL policy. By Author. 

 Agent connection commands 

If the Conn tab is selected, the user can control the connections between agents, which represent 

relationships of adjacency. These are the available commands: 

• Left click [on agent i] – hold – move – release [on agent j]: creates relationship of adjacency 

between i and j 

• Ctrl + Left click [on agent i] – hold – move – release [on agent j]: erases the relationship of 
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adjacency between i and j (if any) 

 

Figure 100 Example of creation of connections between agents as the simulation runs with a RL policy. By Author. 

 Agent cells edition commands 

When the Cells tab is selected, it is possible to edit the cells of the agents. First, a slide indicates 

the number of cells in the Moore neighborhood of the position of the cursor that will be used as 

the brush to create or delete cells on the board. With that slider defined, these are the available 

commands  

• Left click [on cells]: expands the cells of the selected agent under the area of the brush (if 

possible) 

• CTRL + Left click [on cells]: erases the cells of the selected agent under the area of the 

brush (if possible) 



146  

 

Figure 101 Example of adding cells to agents. By Author 

 

 

Figure 102 Example of adding cells to agents with larger brush. By Author 
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Figure 103 Example of deleting cells of the agents. By Author. 

 Environment obstacle commands 

If the Obs tab is selected, designers can edit the obstacles on the board with these commands: 

• Left click [on board]: creates new obstacle on cell 

• CTRL + Left click [on agent]: deletes obstacle on cell (if any) 

 

Figure 104 Example of adding obstacles to the environment during the simulation with RL policy. Transparent mouse cursors 

were added to show multiple steps in a single snapshot. By Author. 
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 Environment boundary commands 

When the Bound tab is selected, designers can edit the boundary of the board that is available to 

the agents. For that, these are the available commands: 

• Left click on an edge of the boundary of the board – hold – move – release: expands or 

retracts the rectangular board by moving its edge  

• Left click on a corner of the boundary of the board – hold – move – release: expands or 

retracts the rectangular board by moving its corner  

 

Figure 105 Example of changing boundary during simulation with RL policy. By Author. 

4.4. Activating the parametric model 

The button Load GH relies on Rhino.Inside to load the parametric editor Grasshopper using Unity 

as the host. With access to Grasshopper, it is possible to open the parametric model, which 

receives the cell configurations from the design artifact and builds a custom 3D model for the 

design. The button Load 3D activates the channel that transfers the 3D building meshes from to 

parametric model to the game engine. With the parametric model running simultaneously to the 

simulation, it becomes possible to interact with the agents and with the parameterization of the 

building as it is represented in 3D in the game engine. For example, in Figure 106 it is possible to 

see how the user can customize the 3D building as the simulation is running. Figure 107 and Figure 

108 show examples of the interactive simulation running with user interaction and the parametric 

model activated. 
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Figure 106 Example of activation of the parametric model and customization of the properties of the walls, such as thickness and 

height. By Author. 

 

Figure 107 Moving an agent, then running he simulation with random policy with the parametric model on. By Author. 
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Figure 108 Starting from a random configuration and running a simulation with a RL policy and the parametric model activated. 

By Author. 

4.5. Discussion 

The interactive simulation workflow demonstrates the feasibility of integrating the agent-

environment simulation of the design artifact to a generative design tool based on user events and 

control. The structure of the design artifact is designed for fine-granular interaction without front-

loading a specific decision structure, so it is straightforward to support different forms of design 

interaction and ad hoc responses to the circumstances without changes in the structure of the 

simulation. Besides, the computation is distributed and reactive, so it becomes possible to enable 

designers to guide the formation of the design alternative in real-time. Overall, the workflow 

supports a form of design exploration based on designers and spatial agents responding to each 

other over time in a shared design representation. This demonstration is a step towards our 

original motivation of incorporating open-ended and conversational aspects of architectural 

composition, such as the exploration of emerging design perspectives with situated action.  
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5. Discussion, future steps, and conclusions 
This research emerged from revisiting the problem of spatial synthesis and rebuilding it from the 

ground up based on a design theoretical perspective on interaction and on novel computational 

ideas that are still underexplored in the field. To the extent of our knowledge, the proposed 

framework and the design artifact constitute the first successful computational method for the 

design of an ecology of agents that can address multiple and custom spatial synthesis 

requirements with designers in the generative loop (see 7.7.8 A brief overview of reinforcement 

learning in architectural design). They also resulted in future objects of inquiry, which we will 

discuss under three categories  

• Technical extensions 

• Agent-based architectural design and morphology 

• Situational design exploration and collaborative design 

5.1. Technical extensions 
Considering the positive results of the design artifact presented in this dissertation, there are many 

windows of opportunities for future research that rely on pushing the limits of the current 

technical setting. These are some of the aspects that can be changed to explore more variations 

of agent policies and potentially more complex layouts: 

• Agent representation 

o extending the perception and action grids to provide more contextual information 

o increasing the action grid to allow shapes with higher resolution 

o extending the maximum number of adjacencies per agent 

• Goals 

o leaving all the goal parameters free, including not folding or daylight access, to 

incentivize the existence of more heterogenous agents in the same simulation 

o adding logical operators to the rewards, such as “all” or “any”, so that certain 

agents can ignore specific goals when necessary 

o supporting shared goals among groups of agents, to create adaptable clusters of 

agents 

• Training agents to discover long-term and collaborative behaviors by using 

o Longer training to enable long-term strategy and improve robustness to 

initialization 

o Curriculum for gradual skill acquisition, from single agent with simple tasks to multi-
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agent addressing higher level strategies 

o A massive number of agents 

5.2. Agent-based architectural design and morphology 
In architectural theory, bottom-up patterns of many similar elements, such as flocking patterns or 

group forms have been associated with novel approaches to architectural configuration, with open 

form and no compositional identity (Maki 1964; Allen 2012a). However, while many of these 

patterns are achievable with existing agent-based models, it is not straightforward to incorporate 

realistic architectural requirements to them. As a result, there is a gap between the exploration of 

bottom-up architectural form with relaxed design constraints and the development of practical 

agent-based tools that can support design practice and morphological analysis. 

The methodology of agent design in the research artifact contributed to bridging this gap. This 

research provides a framework that supports the study and exploration of spatial configurations 

that emerge from local actions conditioned on the configuration of the model and of the 

simulation. These include the design constraints embedded in the formulation of the agent and of 

the environment, the design knowledge embedded in its training, and the specific configurations 

of a simulation. 

The artifact successfully satisfied architectural requirements and captured different bottom-up 

organizational strategies with distributed policies and fine-grained control. As a result, it produced 

a diversity of site and layout configurations with functional relationships and consistent spatial 

qualities based on the proliferation of small and similar decentralized agents that grow and adapt 

to the circumstances. These aggregative patterns include clusters of linear rooms, irregular niches 

and corridors, conventional layout with quasi-rectangular rooms, etc.  

Some of these can be identified as the compositional orders presented in Figure 2. For example, 

the policy Adjacency, Area, and Daylit (75) or Adjacency, Area, and Not Folding (3) resulted in 

layouts with non-hierarchical patterns associated with bottom-up architectural organization, such 

as mat-buildings and group forms based on clusters of linear rooms or maze-like modules. 

In other cases, such as in Adjacency, Area, and Not Folding (5) or Adjacency, Area, Not Folding (5), 

and Daylit (50), the model produced variations of conventional architectural types that are not 

typically associated with agent-based modeling. These resemble variations of conventional 

compositions, such as free plan compositions with abstract geometry and hyper specialization of 

spaces and circulation systems. If the boundary of the environment restricts the agents, these 

same goals result in packing of quasi-convex polygonal rooms, such as the traditional floorplan 

layouts described by the pattern 191 (shape of indoor space) in A Pattern Language (Alexander et 

al. 1977, 883–92).  

In terms of urban form, with more agents in the simulation and a larger site, specific cluster 

configurations that were not embedded directly into the policy emerged, such as a hierarchy of 

irregular courtyards, boulevards, and patios between housing units. These elements started to 
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display characteristics similar to the pattern 106 positive outdoor space (Alexander et al. 1977, 

517–23), where building forms shape the outdoor space as a series of areas that are mostly convex 

and bounded. This also resonates with research on distributed computational methods to model 

vernacular morphology. For example, the Beady Ring  is a discrete cellular model that captures the 

configuration of many urban settlements in Southern France (Hillier and Hanson 1984, 52–81). It 

uses pre-defined topological constraints to ensure that the aggregation of cells will result in dense 

clusters of buildings surrounded by rings of open spaces. In our design artifact, the agent 

restrictions  

Overall, the resulting layouts with consistent spatial patterns produced by the design artifact 

demonstrate its capacity to explore architectural morphology through the lenses of agent-based 

computing. In this respect, there are some future challenges to be addressed.  

The first is the incorporation of top-down compositional principles, such as regularity, axiality, 

symmetry and hierarchy into our agent-based framework. This is an interesting challenge for 

agent-based computing, because it relies on pre-defined spatial concepts that depend on the 

coordination of all the computational agents. It is not clear if algorithms based on multi-agent 

learning combined with global signals from the environment can address it or if global methods 

are necessary.  

The second is the investigation of alternative forms of spatial representation and neural network 

architectures that can efficiently learn from them. The former would include 2.5 and 3-D grids, 

boundary models based on polygons or polyhedrons, meshes, or space partitions such as Voronoi 

or KD-trees. That would allow the artifact to model multi-story buildings, massing models, linked 

assemblies, etc. and therefore comprehend a larger scope of morphological spaces. Additionally, 

the mechanisms for post-processing could also be explored. Currently there is a single parametric 

model generating the 3D version of the spatial arrangement, so other versions created by different 

designers could be integrated to the interactive simulation workflow. Besides, the parametric 

model could also be replaced by a generative learning model, which could map the agent 

representation to a detailed floorplan representations according to a certain style. 

Finally, it would be interesting to infer spatial goals from design examples that are familiar to 

designers instead of explicitly engineering a reward function. One alternative is to use example-

based policy search derive the policy of the agents from these examples (Eysenbach, Levine, and 

Salakhutdinov 2021). A simpler alternative would be to train a neural network as a spatial goal for 

form outside of the reinforcement learning algorithm. On one hand, in this supervised learning 

setting, it would be necessary to have access to a curated dataset with the fitness of the agent 

form annotated. On the other hand, this would make the framework even more adaptive to 

existing design practices and would facilitate designers to create and share custom spatial agents. 

A vast production and socialization of agent-based models could incentivize novel forms of 

morphological investigations and collaborative design. 
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5.3. Situational design exploration and collaborative design 
This research focused on a model of interaction with designers inside the loop sharing a fine-

grained and local control of the sequential generation with computational agents. On one hand, 

this idea is inspired by the status quo of situational actions based on the affordances of the design 

tools to form design representations and ideas over time. This is a common practice in the 

discipline of architecture that is largely described in the literature of design theory. On the other 

hand, it is a disruptive idea because it uses novel forms of artificial intelligence to distribute the 

design decisions at the granular level of control between humans and computational agents, 

dissolving the boundary between synthesis (by computer) and exploration (by designers). With 

multi-agent spatial synthesis, novel spatial patterns can emerge from designers and computational 

agents continuously responding to and influencing each other over time in a shared design 

representation. 

Overall, this is part of a larger trend of computational design research to explore alternatives to 

indirect generative methods based on coarse turn-taking between designers and computers. 

For example, in design optimization, designers essentially define the preconditions for the design 

generation and later filter the favorite entries among the solutions produced by the computer. 

With the support of dashboard and graph visualizations, designers can also learn about the 

relationships between design parameters, fully formed configurations, and performance to pursue 

further design exploration (1.3.3.3). This type of performance-informed design space exploration 

workflow intends to use the feedback enable the optimization to support convergent and 

divergent thinking, and also the co-evolution of problem and solution (Wortmann 2018, 74–77). 

While there are research initiatives addressing more granular interactions, they face the challenge 

of restructuring the decision mechanisms used by optimization algorithms to enable a lower 

cognitive load with more opportunities for human improvisation (see 1.3.4.4).  

Another example is generative learning (7.6.6), which relies on the idea of training a computational 

model as a mapping between design representations. In architectural design, this typically relies 

on mapping a pre-condition, such as a vector, a textual prompt, a graph, or a spatial 

representation, to representations of the target architectural configurations. To increase the 

granularity of the process, recent work explicitly trains one or more models to capture chains of 

decisions corresponding to different scopes of the spatial representation (Chaillou 2019) or to the 

assignment and placement of the different elements of the design (He, Huang, and Wang 2022). 

However, this approach still works with a sequence of coarse steps which are mostly pre-

determined by the designers of the model. Besides, it requires having access or generating a large 

dataset with all the mappings forming the proposed decision structure. 

Our agent-based approach does not adapt the structure of existing models to increase the 

granularity of the interaction. In contrast to the examples above, it builds the architecture of the 

generative model from the ground up based on a fine-granular model of interaction. It benefits 

from having the whole structure of the generative model designed for fine-granular interaction 
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without front-loading a specific decision structure. By combining agent-based modeling and multi-

agent deep reinforcement learning, our method captures the decision-making structure of 

emerging and distributed agent policies on fine-granular spatial units. In this setting, it is 

straightforward to situate the designers in the generative process and to support coupling their 

thinking, perception, and action with spatial plays with distributed computational agents.  

In this respect, there are some opportunities for future research. 

The simulation where designer working and computational work on the shared design 

representation is currently limited by a single thread of design exploration. This could be amplified 

by exploratory strategies that are common in computer software and in other generative 

paradigms. For example, designers could build a catalogue with design alternatives collected 

during the simulation or generated by another algorithm. These alternatives could be retrieved at 

any point of the simulation to increase the capacity to explore different design scenarios over time 

and under uncertainty. 

A second aspect to be developed is to evaluation of the proposed workflow with designers to 

investigate the types of situated action and play with the design representation that are supported 

by its structure of interaction. Further, it would be interesting to understand if these actions and 

plays can lead to emerging design hypotheses and perspectives. This type of evaluation could 

address both the case with a single designer and the case with a team of designers working on the 

same design problem.   

5.4. Conclusion 
Motivated by open-ended and conversational aspects of architectural composition, such as the 

exploration of emerging design perspectives with situated action, this research addressed the 

specific problem of creating a computational approach for spatial synthesis to support designers 

inside the generative loop with fine-grained interaction. The main outcomes are described in the 

following table. 

Initially, the research used taxonomy building to organize the main ideas and paradigms of 

generative modeling and spatial synthesis, and to identify challenges in terms of design 

interaction. Then, it concentrated on developing a computational framework based on real-time 

interaction, granular control over the spatial representations, event-based computing, reduced 

assumption about central control strategies, and realistic architectural goals (see 1.4).  The 

development of a new framework was necessary as an alternative to the recent advancements in 

design optimization and deep learning in spatial synthesis, which mainly rely on other forms of 

interaction. 
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Table 11 Overview of outcomes of the chapters and selected sections in the appendix. 

 
Chapter / 
Section 

Outcomes Publication Type Publication Reference 

1 

In pursuit of agent-
based spatial 
synthesis for 
situational design 

Construction of a taxonomy of 
generative models. Definition of a 
research framework. Definition of 
generative techniques for the research 
artifact. 

Conference paper 

Conference paper 

Book Chapter 

A (Veloso and Krishnamurti 2019) 

B (Veloso, Rhee, and Krishnamurti 2019) 

C (Veloso and Krishnamurti 2021a) 

2 
Designing and 
implementing the 
design artifact 

Formulation of design artifact based on 
agent-based model and reinforcement 
learning. Implementation and training of 
three prototypes. 

Conference paper 

Conference paper 

D (Veloso and Krishnamurti 2021b) 

E (Veloso and Krishnamurti 2020) 

3 
Evaluating the 
design artifact 

Evaluation of the capacity of the 
prototypes to address varied spatial 
goals and to produce coherent spatial 
patterns using three design cases. This is 
a proof by construction of the research 
framework. 

Conference paper 

Conference paper 

Article 

D (Veloso and Krishnamurti 2021b) 

E (Veloso and Krishnamurti 2020) 

F Under development 

4 

An interactive 
simulation 
workflow for 
situational design 
exploration 

Integration of the design artifact to an 
interactive simulation workflow using a 
game engine and a parametric modeling 
editor. 

Article G Under development 

5 
Discussion, future 
steps, and 
conclusions 

Description of future steps of the 
research in terms of technical 
improvement, architectural morphology, 
and situated design. Summary of the 
dissertation. 

  

 Appendices 

 

  

7.5 

Appendix E: A 
review of multi-
agent spatial 
synthesis 

Review of spatial synthesis prototypes 
based on agent-based modeling and 
adjacent techniques. Identification of 
challenges. 

Conference paper B (Veloso, Rhee, and Krishnamurti 2019) 

7.6.6 
Generative 
Learning 

Description and examples of the 
category generative learning in the 
proposed taxonomy. 

Book Chapter C (Veloso and Krishnamurti 2021a) 

 

To prove the feasibility of this computational framework, we developed a research artifact that 

uses agent-based models, which can be robust, scalable, flexible, and can capture the dynamics of 

emerging and self-organizing systems. By distributing the computation and using simpler policies, 

agents enable designers to explore spatial patterns in large state spaces with event-driven 

computing, and real-time and fine-grained interactions. The artifact also integrates multi-agent 

reinforcement learning techniques to tackle a main bottleneck of existing spatial synthesis 

approaches based on agent-based computing: lack of a clear methodology of agent design that 

can support the multiple constraints and goals of architectural layouts.  

In the artifact, multi-agent deep reinforcement learning is used as a training methodology for 

custom agents that can handle multiple architectural objectives while preserving the benefits of 

decentralized computing. This is based on training an ecology of spatial agents with parameter 

sharing and a parameterized reward function to support domain knowledge and enable 
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heterogeneous agent behaviors. To incentivize better policy generalization and reduce the 

dependence on initial design states and order of operations, the shared policy is trained in 

randomized environments and with different problem specifications.  

The artifact succeeded in addressing multiple design cases: a house design in different sites, a 

museum on a complex site, and a complex with eight houses. The artifact also showed that by 

customizing their spatial goals, it is possible to produce variations of agent designs that result in 

radically different spatial patterns. Besides, the artifact also supports event-driven computing, 

real-time and fine-grained interaction. This was guaranteed by using reactive and distributed 

agents. We integrated these reactive agents to a parametric modeling editor and a game engine 

to build an interactive workflow with all the characteristics described in the research framework. 

Overall, the construction of the framework, artifact, and the interactive workflow opened doors 

to different lines of future research, such as the investigation of agent-based architectural 

morphology, the further development of ecologies of agents that can handle more complex 

problems, and mainly, the evaluation of situational and collaborative design behavior supported 

by computational agents. 
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7. Appendices 

7.1. Appendix A: Notes on architectural composition 
Traditionally, the existence of a formal order in architectural practice is associated with the term 

composition. The basic idea of composition refers to the organization of parts and relations to 

form a whole susceptible to some overall ordering principle. In the context of architectural design, 

it is associated with the core process of architecture conception in which each part of the design 

is determined by its own spatial configuration, by connections with other spaces, and by the 

functions they have in relation to the whole (Corona-Martínez 2003, 131). Composition 

comprehends not only the set of desired relation among the spatial elements but also the set of 

strategies to implement these relations. In this sense, designers often impose spatial constraints 

and context-specific heuristics to restructure an architectural problem and converge to specific 

types of solutions. 

 Origins of architectural composition 

Along the history, the professional understanding of architectural composition has not been 

situated under the objective framework of problem-solving. Instead, it has been developed as 

ongoing conversation of individuals and groups with the discipline of architecture itself, leading to 

spatial solutions beyond the fundamental requirements of space. Composition has always been 

loaded with multiple subtleties and ideological divergences. As design ideologies change, there is 

a recurrent re-formulation of the spatial logic and used to order space. Prof. Jacques Lucan, an 

expert researcher on composition, states that “in architecture, to compose is to conceive a 

building following principles or rules that certain architects have attempted to set forth, in 

particular by means of the teaching they practice or the articles and books they publish” (2012, 

6). As the idea of composition is built based on local paradigms ─ the consensus of an architect or 

a group of architects for a typical design solution, it is subjected to constant redefinitions, 

ubiquitous use, and even denial. 

According to Lucan (2012, 21–23), Leon Battista Alberti introduced the term composition for 

painting in 1435 in the treatise “De picture”. However, the first architectural use of the word 

composition only appeared in 1734, with Robert Morris’ Lectures on Architecture. It was related 

to the asymmetrical design principles of the British Picturesque. In the 18th and 19th centuries, 

composition – but also disposition and distribution - became dominant in the architectural theory 

to indicate the design of building masses and layout. Facing the functional specialization of rooms, 

increasingly complexity of circulation systems, and constraints of the site, composition was the 

activity of organizing architectural space according to functionality and a body of aesthetic 

principles. 

After its introduction in the 15th century for painting, the term composition transitioned to the 

territory of the architectural theory to indicate the design of building masses and layout. One of 

the most notorious systematic compositional methods was developed by Jean-Nicolas-Louis 

Durand and presented his “Precis des leçons d´architecture données à l´École Polytechnique” 
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(1802). It provided a hierarchical decomposition of buildings into construction materials, building 

elements, and building parts (Lucan 2012, 29–50). A combinatorial method described the 

assembly of materials into elements, elements into parts and, finally, parts into a complete 

building, following a simplified version of composition with grids and axes of composition. 

It is also important to notice that here was a clear distinction between a more pragmatic (and even 

algorithmic) approach to composition of the Polytechnique and the approach consolidated in 

architecture by the École des Beaux-Arts and propagated to other schools in the Beaux-Arts 

system. In the latter, the design of buildings was also subscribed to the academic principles of 

regularity, axiality, symmetry and hierarchy, ensuring an organic unit of the whole. However, it 

was more tacit and personal, establishing an ambiguous relationship with architectural theory. As 

Lucan points out, “throughout the nineteenth century, the leading figures in Ecole des Beaux-Arts 

instructions felt no particular need to set down the specific principles guiding them, and all the 

more so as theory was often viewed with suspicion by the atelier heads themselves” (Lucan 2012, 

155) 

 Composition and non-composition over the last century 

In the first half of the 20th century, architectural composition was subjected to drastic changes. 

Particularly with the modern avant-gardes, many design artifices were used to disrupt and neglect 

the closed order underlying the academic composition. 

While modernist architects frequently declared the overcoming of composition, there is no 

consensus about the success of this endeavor. For instance, Banham (1980) claim that the design 

methods and construction ideals of modern architecture have sustained a symbolic and aesthetic 

relationship with the new technologies rather than adopting new operative principles. In this view, 

while the elements and aesthetics principles of composition changed with the avant-garde, the 

underlying abstract compositional method was still pervasive. Similarly to Banham, Corona-

Martínez (2003) argues that despite the loss of principles and elements of classical composition, 

functionalism maintained the underlying compositional method and updated it with the use of 

abstract geometry and the hyper specialization of the spaces and circulation systems. He 

understands that modernist composition oscillates between the extremes of functionally 

specialized spaces and continuous space with strategies such as free-plan or transparency.  

This argument can be illustrated with the four categories of composition proposed by the French-

Swiss architect Le Corbusier as an opposing alternative to the traditional house (Figure 2 - top). : 

• “The first type shows each organ rising up next to its neighbor, in accordance with an 

organic reasoning”. 

• “The second type shows the compression of organs within a rigid envelope, absolutely 

pure”. 

• “The third type furnishes, with a visible framework (skeleton structure), a simple envelope, 

clear, transparent as a network; it allows the creation of useful volumes of rooms different 
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on each floor in form and quantity”. 

• “The fourth type attains, on the outside, the pure form of the second type; inside it had 

the advantages, the characteristics of the first and third” (Lucan 2012, 411). 

Lucan understands the impact of the modernist spatial compositional principles from a different 

perspective. He describes a tension between strategies of composition and strategies against 

composition in the modernist and contemporary architecture. He even introduces the terms 

“open order” and “non-composition” to describe these conscious attempts in the last century to 

move beyond the closed-order principles of composition (Lucan 2012, 7). Along different chapters, 

Lucan presents a series of strategies used by modernist architects to begin a disruption with 

academic composition and look for an open order. These examples include dispersion of irregular 

disposed parts, free plan, the rupture of the enclosure with free wall planes, and collage and 

assemblage of forms. 

Following Lucan’s chronology, while traditional and postmodernist architects rescued and adapted 

the classical composition as a design tool for the contemporary design, the following generations 

of modernist and contemporary architects took a further step to find alternatives for composition. 

In this context of, Lucan (2012) associates the increasingly diagrammatic approach to architectural 

design with the increasing dissolution of the ordered assemblage of figural objects and 

composition. These include neutral grids, large-scale and high-density aggregative structure that 

enables growth and functional change (mat-building), use of diagrams as a syntactical exploration 

of form, diagrams to formalize design operations and program montage. These categories contain 

different views on the creation and organization of spatial arrangements in an architectural 

project, distinct both from the academic and modernist compositional strategies. 

In this context, the taxonomy introduced by Fumihiko Maki in “Investigations in Collective Form” 

(Maki 1964) addresses the interest in collective form and the departure from the top-down design 

approach. Maki contraposes the composition with figural objects with a bottom-up approach 

based on growth and adaptation processes. To explain this contrast, Maki proposes three 

categories of architectural form (Figure 2 - middle): 

• compositional form: figural elements that are conceived and determined by rules of 

composition. Notice that it applies both to academic and modernist free-form composition 

• mega form: a main open-ended or hierarchical megastructure that guides and regulates 

all the small and changing elements of the collective form 

• group form: generated by a set of small, decentralized elements that are able proliferate, 

grow, and adapt to the circumstances, preserving its base form 

Another relevant taxonomy for this discussion is presented by Stan Allen (2009) who understands 

that there is a continuum between classical, modern, and even contemporary compositional 

strategies as they are generated by top-down rules and are based on the organization of figural 
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objects. While the rules of composition that govern these modernist compositions of fragments 

may be new, the underlying (classic) assumption that composition is concerned with the 

arrangement of a connection among these parts persists (Allen 2012a; 2009, 239). 

Allen establishes four categories of compositional strategies (Figure 2 – bottom left):  

• axial symmetry refers to the classical composition, based on axiality, symmetry and 

hierarchy in pursuit of an organic whole  

• peripheral composition refers to free form and centripetal organizational associated with 

modernism 

• collision refers to fragments of shapes associated with deconstructivism 

• linked assemblies are probably associated with aggregative structures – such as the mat-

buildings and mega-structures described by Lucan 

Allen’s text is a provocative manifesto for a new class of non-compositional organizational 

strategies that he defines as field-conditions. In opposition to all the above cited forms of 

composition, field-conditions are bottom-up organization of many similar parts. These parts are 

aggregate small bodies with no compositional identity or meaning. These aggregates are ruled by 

some form of local forces of the system, such as with iron fillings, schools, swarms, or crowds. It is 

important to note that with the definition of field-conditions, Allen not only connects 

diagrammatic strategies in art and architecture with complexity theory – particularly with self-

organizing systems –, but also with agent-based modelling.  

While the description of field-conditions as a non-compositional methodology is still speculative 

in “From Object to Field”, it acquires a more pragmatic tone in the text “The tick 2-d” (2009). While 

in the former he exemplifies field conditions with clusters, open clusters, mosaics, and twigs, in 

the latter, he adds patterns such as patchwork, loose grid, striated, field vectors, and felt (Figure 

2 – bottom right). Besides, he also associates mat-building with the diagrammatic work of 

contemporary architectural firms such as OMA, MVRDV or SANAA, and situate them under the 

umbrella of field-conditions. 

The message with this brief review of the idea of composition and some of its taxonomies is that 

the organization of spatial configurations in architecture is not only a problem-solving activity, but 

an activity that relies on configurational patterns discussed and shared inside the profession. While 

these patterns are can respond to larger technological and social issues, they are mainly validated 

inside the profession, with its changing architectural ideologies and methods. 
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7.2. Appendix B: The influence of classic AI methods on generative models 
Framing spatial configuration as problem-solving activity made it compatible with the methods of 

emerging fields, such as symbolic artificial intelligence (AI) and operations research (OR), and with 

the computational and technical infrastructure of the time: labs equipped with mainframes of 

limited graphical, interactive, and parallel computing. 

Operations research was created during World War II to provide a scientific basis for decision 

making in military operations and was later adapted for general management (Churchman, Ackoff, 

and Arnoff 1957). It is one of the fields that rely on modeling a decision problem with mathematical 

functions. There is a function that maps a set of decision variables to a certain objective (an 

objective function) and the constraints, which are equalities or inequalities based on these 

variables. This is the general definition of an optimization problem: 

Table 12 Definition of the general optimization problem 

Minimize or maximize an objective function  𝑓0(𝑥0, . . . , 𝑥𝑛−1) → ℝ 
Subject to constraints  𝑓1(𝑥0, . . . , 𝑥𝑛−1)  ≤  0 

… 
𝑓𝑚(𝑥0, . . . , 𝑥𝑛−1)  ≤  0 

This formulation provides both the design space (the possible values of the decision variables) and 

a way to measure the value of any solution (the output of the objective function for any legal 

combination of the decision variables). Even when certain values are not available, they should be 

approximated or specified by the decision maker to fit this mathematical structure. Then, 

optimization techniques, such as analytic methods or algorithms, can find configurations of the 

variables that maximize or minimize the objective function subject to the constraints.  

In contrast, Symbolic AI had a larger ambition of providing a model not only for solving problems 

but also for understanding how humans solve problem. This subject was highly influenced by the 

pioneer work of Herbert Simon in the fields of behavior economics and cognitive science and 

Newell and Simon’s information processing theory (IPS). IPS interprets both humans and 

computers as symbol-processing agents that, abstracted from physiological bases, can solve 

problems with limited knowledge of the environment and memory (Newell and Simon 1972).  

While in a mathematical optimization the design space is defined by decision variables, in symbolic 

AI it is defined by symbolic states of the design alternatives, which are represented as nodes in a 

decision network that is often referred to as state space. There are three types of nodes: the initial 

state, intermediate states, and a goal state. The initial state represents the initial configuration at 

the beginning of the problem solving, while the goal state is a state that contains solutions for the 

problem. The remaining states are intermediate states. Computational descriptions or tests can 

characterize states and detect the goal state. In terms of navigation, there are operators that are 

represented by the edges in the network that transform one state into another.  

In contrast to optimization, where the goal is to find the variables in a pre-determined design space 

that result in the optimal solution, Symbolic AI relies on a search algorithm that uses heuristics to 
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systematically expand the nodes, which results in a search tree. A heuristic in this context 

represents any form of useful knowledge that used for expanding the search towards the goal 

states. Therefore, in a problem formulated as a search, a symbolic decision maker (human or a 

computer) starts at an initial state of the problem, then iteratively perceives information in the 

problem environment and uses custom heuristics to systematically choose a transformation 

among the available edges that would eventually take to a satisfactory state (the goal). Heuristic 

search became “(…) the primary weapons in the armory of 1960s AI researchers and to the 

establishment of problem-solving as the canonical AI task.”(Russell and Norvig 2021, 106), 

Despite the difference between the original logic of search and optimization, there has been a 

long effort to understand them and other related computational methods as members of a family 

of problem solvers. For example, Newell (1967) situates the different optimization and search 

strategies in a space defined by two dimensions: generality and power. More general methods 

require less information from the problem environment and can address larger sets of problems 

in a domain. In his example, a method that can locate warehouses is less general than one that 

can solve all physical resource location problems (Newell 1967, 12). In contrast, the evaluation of 

a method in terms of power comprehends its capacity to deliver solutions, which may comprehend 

the probability of reaching a solution in the domain, the quality of the solutions, the amount of 

computation used to find a solution (Newell 1967, 12–13). 

For Newell, there is a correlation between power and generality of computational methods. More 

powerful methods tend to require more information from the task environment and therefore are 

less general. For example, heuristic search is more general (and less powerful) than optimization 

techniques such as linear programming, which require specific mathematical structures for the 

problem formulation.  

Recent overviews of AI also provide a more pragmatic understanding of the techniques for 

problem solving. For Russell and Norvig (2021), the standard model of AI consists of building 

rational computational agents that can solve problems but do not intend to model the behavior 

of humans solving problems. These self-contained problem-solving agents are an abstraction for 

constructs that operates autonomously and adapts itself to changes in a given task environment. 

The basic structure of an AI agent has sensors to perceive the environment and actuators to 

execute actions (Figure 109). An internal agent program mediates these two components, defining 

a map between percepts and actions.  
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Figure 109 Basic structure of an AI agent (From Russell and Norvig 2021, 37). Reproduced by permission of Pearson Education, 

Inc. 

For the authors, the notion of rationality in AI is generally based on consequentialism, where an 

agent is evaluated by the consequences of its behavior (Russell and Norvig 2021, 39–40). AI agents 

should act to achieve the best outcome or expected outcome in the task environment with the 

respect to its goals, which is evaluated using a performance measure. More specifically, the 

authors state that, “for each possible percept sequence, a rational agent should select an action 

that is expected to maximize its performance measure, given the evidence provided by the percept 

sequence and whatever built-in knowledge the agent has” (Russell and Norvig 2021, 40). They 

present four basic classes of agents17 (Figure 110 and Table 13), characterized by an increasing of 

complexity of its internal program and components.  

Table 13 Structure of standard agents in artificial intelligence - based on Russell and Norvig 2021, 47–54. 

 Reflex agents Model-based reflex 
agents 

Goal-based Agents Utility-based agents 

Sensor model Y Y Y Y 

Actuator Y Y Y Y 

Transition model N Y Y N/Y 

Performance 
measure 

- - Goal Utility function 

Program Condition-action rules 
that responds to 
percepts 

Condition-action rules Search or planning for 
best action 

Maximize the utility or 
expected utility 

 

 

17 The authors also present a fifth class, called Learning agents (Russell and Norvig 2021, 56–58), which is related to 

the branch of AI called Machine Learning and will be addressed in the chapters ahead. 
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Figure 110 Diagrams with the structure and of four basic AI agents (From Russell and Norvig 2021, 50, 52, 54, 55): a) reflex 

agent; b) model-based reflex agent; c) goal-based agent; d)utility-based agent. See description in the text below. Reproduced by 

permission of Pearson Education, Inc. 

a) Reflex agents rely on rules conditioned on the sensor observation of the environment to 

select actions (condition-action rules) 

b) Model-based reflex agents combine the sensor observations of the environment with an 

internal transition model of the world – i.e., an understanding of how the world works and 

how its actions affect it – to keep track of the states of the world  

c) Goal-based agents use algorithms that combine the goal information combined with the 

transition model of the world to search for the best actions. 

d) Utility-based agents use the sensors, an internal function that measures its performance, 

and potentially a transition model, to select the best actions 

Russell and Norvig’s textbook provide a vast repertoire of techniques. Heuristic search algorithms 

the foundation of the goal-based agents. Optimization algorithms are also part of the goal-based 

agents for the cases where only the configuration of the final solution and not the path to this 

solution matters. Besides, optimization algorithms are also included in some cases of the utility-

based agents. 

 Search as a model for architectural design 

Classic AI methods rely on an assumption of objective rationality, or at least, of approximated 

rationality, to provide anticipated knowledge about the problem to be solved, the consequences 
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of the decision making, and ultimately all the elements required for decidability. Under the notion 

of rational decision making, problems can be treated as well-defined – i.e., they can be formulated 

to a point in which it can be written down in a paper or program and the solutions are findable 

without the need of additional information (Rittel 1972, 391–93; Rittel and Webber 1973, 160).  

When Hebert Simon provides a list of characteristics for well-defined problems, he describes the 

necessary conditions required to translate a problem to a feasible heuristic search (1973, 183–84). 

However, he also understands that this objective rationality for decision making is an idealization 

because real problems are not well- but ill-defined. So, a problem-solver should decompose a real-

problem in well-structured parts before processing them (H. A. Simon 1973). 

This ambition of treating a search as a general model for understanding how humans solve 

problem was also influential in architectural design. In the “Sciences of the Artificial” (1996b − 

originally published in 1968), Simon described a body of knowledge for disciplines that are 

concerned with the synthesis, such as engineering or architecture. Simon considered that 

architectural problems, such as the spatial design of a house, as part of the residual class of ill-

defined or ill-structured problems (H. A. Simon 1973). This class is defined in opposition to well-

defined problems, so it refers to problems that have “little structure in terms of their operational 

parameters: goals, legal operations, alternatives to be considered, and evaluation functions” (Ö. 

Akin 1986, 5). These problems can only be partially formulated, so “both the ends and the means 

of the solution are unknown at the outset of the problem-solving exercise” (Rowe 1987, 40).  

Simon interpreted the act of design based the idea of a limited or bounded rationality. According 

to him, designers are trained to break ill-defined design problems down into pieces and provide 

structure to them, which allowed them solve the resulting well-defined sub-problems and 

coordinate the results to form the whole (H. A. Simon 1973). In this context, designers are 

considered as specific symbolic machine and the logic of design is a search parameterized by 

previous steps of the process, by personal preferences and heuristics defined by the designer (H. 

A. Simon 1975, 297, 300–301). With no access to ultimate metrics to generate optimal solutions, 

designers search in an unbounded space of design alternatives based on personal aspirations and 

style. Style here refers both to the custom characteristics of the resulting design and of the search 

that generated it, such as the order of the design process, the re-use of previous solutions, and 

the imposition of autonomous constraints (H. A. Simon 1975, 297–301). Overall, design is not 

considered a drawing-centered problem but essentially a multi-step decision problem. It is a 

search that is customized by the designer’s style and forms of representation and that results in 

solutions that are good enough or “satisficing” (a merge of satisfying and sufficing) rather than 

optimal (H. A. Simon 1996, 119–21).  

The formalization of the design process in the frame of information-processing was very influential 

over the last decades in design cognition and computational design. Some of the researchers even 

pushed them further to incorporate ill-defined aspects of design. 

Akin adopted the framework of information-processing and the concept of search as tools to 
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analyze specific characteristics of architectural design  (1986). For example, he considers that due 

to the nature and complexity of design, the search for satisficing design solutions in architecture 

usually relies on local heuristic exploration in limited representation domains. Akin et al (O. Akin, 

Dave, and Pithavadian 1987) also considers that there are also other components in the design, 

such as problem structuring, which establishes an initial setup for a problem to be solved by 

further solving sub-phases, such as generation, testing, and selection. In this sense, problem 

structuring and problem solving are co-evolutionary components of design. 

Woodbury and Burrow (2003; 2006) adopt the model of designers as information processing 

systems to model the search for satisficing design solutions with computational tools. They define 

design space exploration as  

“(…) the idea that computers can be used to help designers by representing many designs, 

arraying them in a network structure (the space part) and by assisting designers to make new 

designs and move amongst previously discovered designs in the network (the exploration part).” 

(2003, 519)  

In this sense, exploration comprehends the search in the design space mediated by human-

computer interaction mechanisms. 

Gero (1994) considers that when the different variables and their relationships of the design 

process are well-defined, a search then “determines feasible, satisficing or, in appropriate 

circumstances, optimal values for structure variables, which produce desired behavior” (1994, 

317). However, a large part of non-routine design processes involves other elements, such as 

exploration or learning. Learning is associated with reviewing and restructuring the knowledge 

used in the design (1994, 315). Exploration is related to reconfiguring of the problem variables 

(1994, 318–19). Therefore, in contrast Woodbury and Burrow’s definition, which relies on 

computational mechanisms to search in the design space, Gero associates exploration with 

creating or modifying the different design state spaces themselves. 

 Search as a model for generative models 

One of the first reviews of generative models for spatial synthesis (W. Mitchell 1977) was largely 

influenced by ideas from Symbolic AI and in particular by the logic of search proposed by Simon.  

For example, for Mitchell, the definition of a computational generative model is basically a search 

for design solutions (Figure 111). The generative model operates with discrete steps, so the design 

space accessed in the computational process can be codified in a network. In this context, the 

network structure of a problem described by Newell and Simon becomes Mitchell’s state-action 

graph. The edges represent allowable design operations of the generative model that modify a 

partial solution,  which is represented as moving from a node of the graph to another (W. Mitchell 

1977, 43–46).  
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Figure 111 State-action graph. Redrawn by Author, based on (W. Mitchell 1977, 45). 

The nodes are the set U of all potential solution states of the problem in the state-action graph.  

There are two subsets of nodes: a subset G of all goal solutions that meet the desired criteria and 

the subset S of all solutions generated for consideration by the generative model during the design 

process. With design elements formalized as nodes, edges, and goals upfront, algorithms can be 

used to search for design alternatives that are in the goal set – i.e., solutions in the intersection of 

S and G. 

 

Figure 112 Left: Venn diagram showing the relations between sets U, G, and S in a generative system; Right: six different 

relationships between solution generation and solution evaluation procedures. The darker shaded areas indicate satisfactory 

solutions that are actually produced. Redrawn by author, based on (W. Mitchell 1977, 49, 57) 
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Nevertheless, due to the situational and subjective nature of architectural creativity and to the 

fact that there is usually an extremely large space of possible architectural configurations (Ö. Akin 

and Sen 1996, 422), this formalization is not a trivial process. In practice, many of the parameters 

of an architectural configuration, such as the incorporation of implicit design factors, or the variety 

of spatial shapes, had to be simplified or downplayed to create functional computational models. 

So, while Mitchell’s definition of a generative models was heavily influenced by Simon’s general 

theory of search, he acknowledged that the AI techniques of the period privileged well-defined 

aspects of design, which may not be feasible in practice (1977, 60–62).  

 Generative models for spatial synthesis 

Fields such as symbolic artificial intelligence (AI) and operation research (OR) provided methods 

to automate the generation of architectural configurations with computers. Mitchell’s overview 

of the spatial synthesis procedures comprehends not only their respective computational methods 

(search and optimization) but a larger spectrum of solutions organized by their strength – 

according to Newell’s (1967, 12–14) understanding of algorithm power. While weak synthesis 

procedures, such as randomly generating solutions, require none or little knowledge about the 

problem, strong procedures produce results very quickly, but they depend on the expression of 

mathematical descriptions of objectives and constraints. His topics range from the weakest to the 

strongest methods for solution synthesis: 

1. generate-and-test procedures: it is based on the systematic or random sampling and 

testing of the possible solutions (brute force generate-and-test and random generate-and-

test) 

2. improvement procedures: start with a solution and use strategies to improve it (simple 

improvement hill-climbing, greatest improvement procedures) 

3. heuristic search procedures: a search/sequential decision process on a tree and 

complementary strategies to break the problem (BFS, DFS, heuristic information, branch 

selection, backtracking and planning routines).  

4. nonlinear and linear programming: mathematical technique to maximize or minimize an 

objective function of several variables. 

5. analytical procedures: use of analytical solution on several equations representing 

requirements.  

One year after Mitchell’s comprehensive review of spatial synthesis procedures, Henrion 

published “Automatic Space-planning: A Postmortem” (1978), which combines a brief review and 

an analysis of the spatial synthesis methods of the time. In the review, Henrion provides a tree-

like classification of the automatic space-planners. This first two branches separate the two 

dominant classes: optimizers and satisficers. Optimizing systems are concerned with minimizing 

the cost of a solution (usually the circulation cost), while the satisficing systems focus on 

generating a solution that does not violate the existing constraints, such as adjacency or 
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dimensions. Henrion’s classification divides these two classes in variations and descendants that 

combine both. 

 

Figure 113 a classification of selected automatic space-planners (Henrion 1978, 177). Reproduced with permission of Elsevier 

Science &Technology Journals, from Automatic Space-Planning: A Postmortem? 1978; permission conveyed through Copyright 

Clearance Center,Inc. 

The resulting subcategories are: 

1. Additive [optimizer]: the spatial elements are added sequentially in an initial empty space 

with a heuristic that minimizes the costs based on the spaces already allocated.   

2. Permutational [optimizer]: the spatial elements are added assigned initial locations and 

are interchanged until no further improvement is possible.   

3. Hybrid optimizing [optimizer]: optimization strategies that use an additive heuristic with 

posterior refinement by permutation  

4. Jigsaw [satisficer]: strategy to assign non-overlapping spatial units to existing locations, 

which can include heuristic to choose the space or location based in the shape constraints 

and resulting constraining of the solution.  

5. Dissection [satisficer]: elements are formed by subsequent operations – such as division or 

addition – of an initial form forming a catalogue of solutions that follow certain constraints 

(such as adjacency). 

6. Satisfeasing [hybrid]: strategy that recognizes that not all constraints in design can be 

satisfied, so it minimizes the degree of misfit by satisfying as many constraints as possible. 

7. Dissection with dimensional optimizing [hybrid]: combination of the topological dissection 

of a floorplan with optimization of its dimensions. 
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In their book on design and optimization, Radford and Gero (1988) focused on the application of 

optimization techniques, such as calculus, linear programming and nonlinear programming, and 

dynamic programming, to engineering and architectural design. For them, optimization a specific 

area of research, distinguished from the concept of generation. They distinguished three types of 

symbolic models for architectural design:  

1. simulation, where the computer predicts the performance of design decisions. 

2. generation, where a set or decision rules is applied recursively. 

3. optimization, where the computer prescribes a set of decisions to achieve a specified goal. 

Robin Liggett analyzed the formulation of a space planning problem as specific type of 

combinatorial optimization problem called the quadratic assignment problem. She provided two 

main classes of solution techniques (1980; 1985):     

1. constructive procedures: use rules to build a solution in a n-stage decision process to assign 

activities to a certain location, which results in decision processes in the form of tree 

searches. 

2. improvement procedures: start with a solution and uses hill-climbing strategies to improve 

it iteratively, such as exchanging locations between pairs of activities. 

3. combination/hybrid approaches: combination of constructive and iterative procedures – 

more specifically, Liggett proposed the use of constructive procedures for the initial 

placement with refinement by improvement. 

More than a decade later, she extended her taxonomy with two categories related to 

metaheuristic algorithms (Liggett 2000): 

4. simulated annealing: optimization heuristic inspired in the process of annealing in 

metallurgy and uses a decreasing temperature to reduce the exploration of worse/random 

solutions over time 

5. genetic algorithms: class of optimization algorithms inspired in evolutionary biology that 

uses genetic operations, such as crossover and mutation, to explore populations of 

solutions.  

Strategies in the weak and strong extremes of Mitchell’s classification are absent (generate-and-

test, linear programming, or analytical procedures). Constructive procedures incorporate the 

same idea as Mitchell’s heuristic search procedure category. Moreover, Liggett expanded the 

iterative procedures with the new generation of metaheuristics for optimization that became 

widespread in the new spatial synthesis research of the 1990s.  

 

 



191  

Table 14 comparing categories of solution procedures in CAAD. Parenthesis are used to indicate child category or examples 

inside this that might justify its placement. Square brackets are used to indicate the parent category to which it belongs. 

Clusters Simon [1968] 
1996 

Mitchell 1977 Henrion 1978 Radford and 
Gero 1988 

Liggett 2000 

Search/Satisficers Heuristic search Heuristic search 

Exhaustive generate 
and Test [generate 
and test] 

Random generate and 
test [generate and 
test]18 

Jigsaw [satisficer] 

Dissection [satisficer] 

Generation Constructive 
procedures 

Optimizers Linear 
programming 

Dynamic 
programming 

Geometric 
programming  

Random generate and 
test [generate and 
test]18 

Improvement 

Nonlinear and linear 
programming 

Additive [optimisers] 

Permutational 
[optimisers] 

Hybrid optimizing 

Linear 
programming 
[optimization] 

Nonlinear 
programming 
[optimization] 

Dynamic 
programming 
[optimization] 

Improvement 
procedures (hill 
climbing) 

Simulated 
annealing 

Genetic 
algorithm 

Hybrid   “Satisfeasing” 
[optimisers][jigsaw] 

Dissection with 
dimensional optimizing 
[optimisers][dissection] 

 Hybrid 
approach 

Other  Analytical procedures  Simulation  

 

  

 

18 Generate and test is a general procedure in which the generation of the solution and the test process are 

completely independent – i.e., the solution is sampled and then evaluated (Newell and Simon 1972, 98). It can be 

used to look both for optimal and for satisficing solutions. For example, it can be used to generate all the elements 

of a search tree that satisfy a criterion, or it can sample solutions that perform better according to an objective 

function. Therefore, I opted for placing its random variant in both categories.  
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7.3. Appendix C: Beyond objective rationality in generative design? 

 The divide between black-box and glass-box design models 

As discussed earlier, the research on spatial synthesis and generative models were largely 

informed by problem solving. Problem-solving relies on the notion of objective rationality or 

approximated rationality, which requires guarantees for decidability by anticipating knowledge 

about the problem at hand. It supports a systematic view of design and a glass box model is based 

on “a planned sequence of analytical, synthetic and evaluative steps and cycles” (Jones 1992, 50) 

and the use of generative techniques such as optimization or search.  

However, generative models for spatial synthesis have been barely adopted in architectural 

education or professional practice, which also raised criticisms about their underlying 

assumptions. In this sense, Henrion (1978) suggested that the first generation of generative 

methods for spatial synthesis were not only technically inadequate but were also incompatible 

with architectural design methodologies, resulting in little practical application in real-world 

problems in architecture. For a future “resurrection of space-planning as a viable domain of AI 

systems”(1978, 182), he evoked the necessity of incorporating aspects of practice such as custom 

schemata for design, procedurally embedded design knowledge and the interaction between 

problem-solving and problem definition. 

Decades later, Lobos and Donath (2010) provided a similar analysis of spatial synthesis techniques 

from the 2000s. They consider that these techniques rely on approaches from other fields, so they 

lack knowledge about problem and method definition that are specific to architecture and result 

in solutions that are not valuable (2010, 158–59). Therefore, they consider that the dominant 

engineering approach to spatial synthesis with an abstract definition of the architectural problem 

is the reason why space planning has not been successful in architectural design. 

In contrast to the glass-box model, the black box model of design (Jones 1992, 46–47) depicts the 

designer as a magician that controls her actions unconsciously and respond to problems based on 

pattern recognition and experience. This design model comprehends conventional design 

methods where the designers heavily rely on exploring the affordances of design media and of 

personal and disciplinary constructs to guide design ideation. This provides the freedom to explore 

solutions based on design intuition, socially meaningful precedents, or a shared visual language 

rather than in empirical facts outside of the architectural discipline itself. 

Despite being the dominant model in architectural education, the black-box model, with its 

personal bias, was also considered an element of social distinction and even a liability for the 

profession19. In the case of proponents of systematic design and computational methods, this 

 

19 For example, Stevens (2002) considers that by stablishing subsets of the design space that match a certain agenda 

and defining meaningful operations to explore these spaces, designers are operating in an economy of symbolic 

value to promote their social distinction. Banham’s criticism of the professional and pedagogical practices in 

architecture (1990) also captures some sociological nuances. Particularly, he depicts the modus operandi of 
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critique has emphasized the cognitive limits of design methods centered on intuition. A pioneer 

of systematic methods of design, Alexander considers the designers’ intuition and their reliance 

on a formal order as a sign of inability to solve complex problems (1964, 1). In the early days of 

spatial synthesis, Mitchell recognized that AI methods of the time could not address ill-defined 

aspects of design (1977, 60–62). Later, he would resonate Alexander’s position and contrapose 

the formal complexity of generative design with the limited cognitive capacity of the conventional 

design process (W. Mitchell 1998). More recently, Kolarevic (2005) and Oxman and Oxman (2014) 

also support this antagonism by arguing that emerging generative strategies and their potential to 

generate complex forms are replacing the conventional design ideation and producing results that 

are more complex. 

However, to design future generative models for spatial synthesis it is necessary not only to 

understand the affordances of new computational technologies in artificial intelligence and 

related fields but also to learn with this divide between glass-box and black-box, or equivalently, 

the divide between problem-solving and architectural creativity. 

 From an objective to a pragmatic rationality in design 

The limits of objective rationality as an assumption of problem-solving or as a worldview have been 

largely discussed in AI and adjacent fields. For example, Winograd and Flores (1986) advocated for 

a notion of artificial intelligence beyond the rationalism and cognitivism of symbolic AI. They 

understand that computational agents in the real world should be able to operate inside a network 

of human relations and therefore, comprehend other dimensions of design, such as 

phenomenology, biology, and linguistic. Suchman (2006, 24–28) considers that the reliance of 

symbolic AI on planning as a cognitive model to determine purposeful action of a rational actor is 

limiting. She argues that real plans are never as systematic as the planning models from AI because 

they necessarily require ad hoc responses to the action of others and contingencies of a particular 

situation. According to Andrew Pickering (2010), the field of Cybernetics also challenges the 

rational view that the world is a knowable and representable place, and that the temporal process 

is not only graspable, but also causal and calculable. Instead, Cybernetics suggests an ontology of 

performance, where the world is a system perceived by the interactions between its constituent 

elements, so actions happen as performances of the components of the system over time. 

In the case of architecture, one of the fields that have provided similar emphasis on situated action 

and cognition is design theory. Over the last decades, design theory has been moving further away 

from the objective model of problem solving to focus on other aspects of design, such as the 

rationality of existing practices, processes of argumentation, and aspects of communication and 

collaboration in design (Protzen and Harris 2010, 4–7). Particularly, the influence of Rittel’s 

understanding of design problems as wicked problems is notorious in the current state of the 

 

architecture as an exercise of an arcane, privileged, and unspoken aesthetic code, inculcated in the studios and 

glorified in the draftsmanship of architectural drawing. 
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design theories and methods (Protzen and Harris 2010, 5–6). Horst Rittel (1972) criticized many 

of the assumptions of the rational methods in design, mainly because they rely on a paradox of 

anticipating the consequences of contemplated action. In contrast to well-defined problems 

addressed by engineers or scientists, designers and planners address ill-structured problems, 

which he refers to as wicked problems, with the following characteristics (Rittel 1972, 392–93): 

1. No definite formulation exists 

2. Every formulation corresponds to a statement of the solution 

3. There is no stopping rule 

4. Instead of the Correct/false category, Good/bad should be applied 

5. There is no exhaustive, enumerable list of permissible operations 

6. There are many explanations for the same discrepancy 

7. Every wicked problem can be considered a symptom of another problem 

8. There is neither an immediate nor an ultimate test for the problem 

9. It is one-shot operation (each problem requires a different operation) 

10. It is unique 

11. The wicked problem-solver has no right to be wrong 

In a similar way, Stanford Anderson (1966) explicitly challenged the problem-solving approach to 

architectural design. He understands that architectural problems are intrinsically based on 

inconsistent representational domain of complex problems. Consequentially, objective design 

requirements or heuristics of synthesis cannot be completely determined a priori. Anderson 

contraposes the model of problem-solving with a design model named problem-worrying. 

Problem-worrying is based on the interaction of the designer with partial solutions in order to 

reformulate the design problem itself.  According to Anderson:  

I would see the architect’s approach as a sequence of activities encompassing at least the 

following stages: generalized understanding of the problem; various formal proposals; study of the 

implications of the proposals; successive reformulation of the problem and proposals; and the final 

selection of a form for its appropriateness to the reformulated problem. In this case, one must 

judge not only the fit, but also how the problem has changed. And one must judge the fit not in 

terms of frictionlessness, but in terms of whether the friction is suited to the new problem 

formulation. Does the whole – reformulated problem and form – resisted criticism? (Anderson 

1966, 10) 

Problem-worrying implies that the design problem cannot be fully structured in advance (as in 

well-defined problems) and that the design path cannot be modelled as a linear process based on 

anticipated consequences, because the designer learns new information about the problem and 

restructures it during the design process. Instead of anticipation and linearity, it places the 
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feedback between the designer, the design problem and solution, mediated by criticism as the 

logic of architectural design. Particularly, design feedback is situated as a tool for an open-ended 

reformulation of the problem and of partial solutions. 

A strong critic of the rational methods of design, the pedagogue Donald Schön proposed an 

interpretation of architectural design as an activity founded on reflection in action (Schön 1983). 

In Schön’s reflective model, there is no clear distinction between design analysis and synthesis as 

the process does not develop from a well-defined problem to a solution. Instead, the designer 

analyzes the problem while she is solving it, using fluid design representations. Schön’s model of 

design situates cognitive processes such as reflection, perception, and action of the designer occur 

in cyclic process. 

Nigel Cross understands that design deals with ill-defined problems and that design thinking is a 

constructive and synergetic activity. In this view, the design process is a co-evolution or a search 

for correspondence in the pair problem-solution (2006, 114). For Cross, a  

“generative concept is not simply found in the problem as given, but largely created by the 

designer; it is not a matter of recognizing a pre-existing pattern in the data, but of creating a 

pattern that re-formulates the problem and suggests directions towards a solution” (Cross 2011, 

74). 

Corona-Martinez (2003) interprets architectural design as continuous conversation between two 

types of representation: an internal representation (mental image) and some form of external 

representation, such as sketches or models. Therefore, the design is an iterative process of 

refinement that relies on the interaction between these two representations. Similarly, Christian 

Gänshirt (2007, 78–79) considers design as a cycle based on the feedback between perception, 

thought, and action mediated by visual and verbal design tools (algorithms, criticism, sketching, 

gesture, models, etc.). 

Bryan Lawson also follows the same line of thought. In a chapter called “Route maps of the design 

process” (2005, 31–50), Lawson counters the discrete and directional mapping of design process 

proposed in the 1960s and 1970s with a three-dimensional map that contains both the idea of 

design cycle and of problem restructuring. The cycle is composed of evaluation, analysis and 

synthesis procedures, the restructuring is defined as a pair problem-solution aligned in axis of the 

cycle. This pair represents the negotiation between the design problem and solution. 
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Figure 114 Route map of the design process (Lawson 2005, 38, 40, 49). Copyright ©2005 From How designers think: the design 

process demystified by Bryan Lawson. Reproduced by permission of Taylor and Francis Group, LLC, a division of Informa plc. 

Ranulph Glanville (2009) exposed the connection between Schön’s model of design and the 

cybernetic notion of conversation theory (CT, as proposed by the cyberneticist Gordon Pask). 

While Schön’s design model situates feedback as the basic element to understand human-

centered design, CT suggests a knowing model based on the interaction between agents (for 

example, human or AI agent). This connection is fundamental as it exposes a divide between a 

closed-world design, where a problem can be formalized and solved linearly, and an open-world 

design where acting on and understanding the design problem relies on feedback loops. Herr and 

Fischer (2019) also considers the cybernetic notion of conversation as a model for architectural 

creativity. They understand that the dialogical exchanges between different agents in the design 

are the essential elements to support novel insights, surprise, delight, and other qualities 

associated with open-ended design exploration.  

In contrast to other fields where empirical facts and objective factors are dominant, in architecture 

they are necessary but not sufficient for determining good spatial configurations. Architectural 

creativity heavily relies on individual ideas or on design principles shared by other architects in 

publications to guide the design process without the need of anticipation or formal description. 

Architects work with shared precedents, aesthetic codes, visual language, design principles, 

methods, and rules. For example, Rowe (1987; 2017) argues that designers use heuristics 

reasoning strategies such as anthropometric analogies, literal analogies, environmental relations, 

typologies, and formal language to establish autonomous constraints in the design process. Cross 

considers that some kind of formal ordering principle has to be imposed to the design generator 

to make a solution possible (1982; 2001). Lawson not only defines a model for design problems 

with a taxonomy of the source of the different design constraints with a dimension of internal and 

external constraints but also emphasizes the importance of guiding principles to influence and set 

the mental context for each design process (2005, 106, 179).  
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 Generative models beyond spatial synthesis 

In the last decades, architects gained access to personal computers and to CAD, BIM, geometric 

modeling, and animation software that enabled the manipulation of geometry and design data. 

Programming was also rediscovered by designers with scripting languages and, specially, with the 

rise of graph-based parametric editors integrated in CAD systems in the 2000s. The access to 

computational hardware, software and programming marked the transition of computation from 

the research lab to the broader arena of design education and practice.  

Generative models were part of large transformations in the architectural design field that have 

been predominantly interpreted under the notions of the term “digital” (Goodhouse 2013)20. 

Terms such as digital architecture, digital age, digital turn, or digital revolution have been widely 

adopted in design discourses and in the historiography to describe the disruptive technical and 

cultural condition. For example, the first digital turn in architecture (1992-2012, Carpo 2013) 

comprehended a paradigm shift in design education and practice, marked by the emergence of 

computational design models and a new conceptual vocabulary (Oxman 2006; 2008). In this digital 

turn, practical architects intertwined digital methods and aesthetic for the digital design (Rosa 

2003; Zellner 1999; Kolarevic 2003). For example, the operations available in animation software, 

NURBS and parametric modeling were assimilated as a blend of method and design content to 

define novel forms of digital architecture (Lynn 1999; Schumacher 2008). 

With access to tools to externalize design instructions and decisions, designers integrated 

generative models to changing trends and a varied number of topics, such as design aesthetics, 

mathematical forms, bio-inspiration, and building tectonics. Associated with digital fabrication, 

new advancements in architectural geometry, and simulation, the use of generative models 

supported a new repertoire of non-standard forms that were developed in research pavilions and, 

eventually, applied to the evaluation and synthesis of building surfaces, components, and 

envelope. 

The review of the digital in architecture or the vast landscape of generative modeling is beyond 

the scope of this research. I will briefly identify the different trends and concepts associated with 

generative modeling in this period. While the concepts related to classic generative models will be 

analyzed in this chapter, other concepts will be discussed in the following chapters. For that, I 

organized many of the taxonomies related to generative models in this expanded setting. 

according to the following clusters: search/satisficers, rule-based modeling, optimization, 

parametric modeling, simulation, agent-based models, and others. As a result, I have in   

 

20 It is important to distinguish the terms computational and digital. Computational strictly refers to the use 

algorithms or models to perform operations on symbolic or numerical models. For example, computational design 

methods use these algorithms and models to represent, analyze and synthesize design alternatives. In contrast, the 

term digital has been used fluidly to describe a certain cultural condition or state of being related to the advent of 

certain information technologies, such as virtual reality or world-wide web.  
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Table 15, 

1. the pedagogical categories for the teaching of generative systems proposed by Fischer and 

Herr (2001); 

2. the concepts identified by Kolarevic (2003) to characterize the digital morphogenesis in 

the digital age;  

3. the digital models of design (beyond conventional CAD systems) described by Oxman 

(2006) 

4. the provisional taxonomy of generative systems created by El-Khaldi (2007, 112) 

5. the main approaches to computer-based form generation in academic research and 

practice presented by Gorbman, Yezioro, and Capeluto (2009) 

6. the categories of generative design technique presented by Vishal and Gu (2012) for an 

integrated framework;  

7. the four significative techniques identified and used in workshop on generative systems by 

Henrique et al. (2019).  

With the table, it is possible to identify patterns that contrast with the early generative models, 

which were developed for the synthesis of architectural layout with methods based on techniques 

from operations research (optimization) and symbolic artificial intelligence (heuristic search).  

Rule-based models developed in the early days of generative models, such as shape grammars 

(1971), fractals (1975), and L-systems (1968), came to the forefront of the taxonomies. Usually, 

these models are associated with weak multi-step procedures, such as a deterministic or random 

derivations based on the rule set, to explore spatial patterns without much information from the 

task environment. Therefore, more systematic strategies to explore the design spaces of those 

rule-based models, such as search algorithms, became less common. 

In contrast, optimization became a dominant technique for generative models with incorporation 

of black-box methods, such as metaheuristics and model-based algorithms. This tendency is also 

related to the incorporation of parametric modeling and simulations as part of the design toolkit. 

The former enables the use of modeling parameters as decision variables for optimization and the 

later provides access to objective functions related to building performance. 
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Table 15 Concepts associated with generative modeling (2001-2019. Parenthesis are used to indicate child category or examples 

inside this that might justify its placement. Square brackets are used to indicate the parent category to which it belongs. 

Clusters Fischer and 
Herr 2001 

Kolarevic 2003 Oxman 2006 El-Khaldi 
2007 

Gorbman, Yezioro, 
and Capeluto 2009 

Vishal and 
Gu 2012 

Henrique et 
al. 2019 

Search / 
Satisficers 

    Complete 
Enumeration 

  

Rule-based 
modeling 

Algorithmic 
generation 
and growth 
(e.g., fractals, 
re-writing 
rules) 

Generative 
grammars 
(e.g., L-
systems and 
shape-
grammars) 

Genetics (L-
systems)  

Generative: 
Grammatical 
transformative 
design model 
[Generative] 

Shape 
Grammars 

L-Systems 

Fractals 

Shape grammars 
and formal rule-
based generation 

Cellular automata 
(L-systems) 

Case-based 
reasoning / expert 
systems 

Shape 
grammars 

L-systems 

Shape 
grammars 

L-systems 

Optimization 
and 
performance 

Algorithmic 
(re-) 
production 
(e.g., genetic 
algorithms, 
selective 
procedures). 

Genetics 
(genetic 
algorithm) 

Performative 
Architecture 

Evolutionary 
design model 
[Generative] 

Performance-
based 
formation 
model 
[Performance] 

Performance-
based 
generation 
model 
[Performance] 

 Space allocation 

Evolutionary 
methods 

Performance driven 
form generation 
(optimization) 

Genetic 
algorithms 

Genetic 
algorithms 

Parametric 
modeling 

Algorithmic 
generation 
and growth 
(parametric 
design) 

Parametrics Associative 
design 
formation 
model 
[Formation] 

Parametric Geometric 
constraint-based 
form generation 

  

Simulation  Metamorphosis 

Dynamics and 
fields of forces 

Motion-based 
formation 
model 
[Formation] 

 Shape grammars 
and formal rule-
based generation 
(field of forces) 

  

Agent-based 
modeling 

Emergent 
systems, self-
organization 
(e.g., cellular 
automata and 
swarm 
modelling) 

   Cellular automata Cellular 
automata 

Swarm 
intelligence 

Cellular 
automata 

Others Algorithmic 
generation 
and growth 
(data 
mapping) 

Topology 

Non-Euclidean 
geometry 

NURBS 

Datascapes 

Topological 
formation 
model 
[Formation] 

Algorithm    
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7.4. Appendix D: Agent-Based Computing 

 Artificial Intelligence and Multiagent Systems 

In AI, agents are computational constructs that operate autonomously to solve a problem, which 

is described as a task environment (Russell and Norvig 2021, 42). Task environments have many 

properties that define the appropriate type of agent and techniques to solve them. The adoption 

of multiple agents is one of these properties. Due to the multiagent nature of the task or to the 

benefits of decoupling a planning problem into subproblems, multiagent task environments 

require multiple computational agents that can compete and/or collaborate (Russell and Norvig 

2021, 43–45). Examples range from board games and card games to transportation and logistics, 

etc. While in some cases the problem itself is structured with multiple agents, in others the 

flexibility and autonomy of multiple agents are advantageous for the solving it. 

Agents in a multiagent environment still have the same basic structure of a regular AI agent, which 

includes sensors, actuators, and potentially different internal agent program to map percepts to 

actions. Additionally, they can share information from their internal state through the shared 

environment and engage in different forms of collective activities.  

One of the multidisciplinary fields intimately related to multiagent task environments and social 

agency in AI is multiagent systems (MAS), which comprehends elements from computer science, 

economics, and operations research. Its methods include algorithms for distributed constraint-

satisfaction problems, distributed optimization, multiagent learning, and topics such as game 

theory, communication, and social choice (Shoham and Leyton-Brown 2009). 

In MAS, agents are defined both by their capacity for autonomous decision-making and for 

interacting with other agents and engaging in analogues of social activities. According to 

(Wooldridge 2009, 4–5) 

The idea of a multiagent system is very simple. An agent is a computer system that is capable of 

independent action on behalf of its user or owner. In other words, an agent can figure out for itself 

what it needs to do in order to satisfy its design objectives, rather than having to be told explicitly 

what to do at any given moment. A multiagent system is one that consists of a number of agents, 

which interact with one another, typically by exchanging messages through some computer 

network infrastructure. In the most general case, the agents in a multiagent system will be 

representing or acting on behalf of users or owners with very different goals and motivations. In 

order to successfully interact, these agents will thus require the ability to cooperate, coordinate, 

and negotiate with each other, in much the same way that we cooperate, coordinate, and 

negotiate with other people in our everyday lives. 

Particularly, Wooldridge  (2009, 26–27) suggests the following list of capabilities to characterize 

agent intelligences:   

Reactivity Intelligent agents are able to perceive their environment, and respond in a timely 

fashion to changes that occur in it in order to satisfy their design objectives.  

Proactiveness Intelligent agents are able to exhibit goal-directed behaviour by taking the initiative 

in order to satisfy their design objectives.  
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Social ability Intelligent agents are capable of interacting with other agents (and possibly humans) 

in order to satisfy their design objectives. 

Therefore, intelligence is defined within the paradigm of rationality dominant in AI, so an agent is 

considered an intelligent if it exhibits goal-oriented behavior. However, Wooldridge’s list also 

emphasizes the importance of social ability and potential interaction with humans as part of 

problem solving. 

Multiagent systems are particularly useful in cases where the task environment is structured with 

multiple agents or when central planning is not feasible computationally. Multiagent systems 

support agent architectures based on simple and reactive behaviors, which allow agents to explore 

intelligent behavior as a product of the interactions that the agent maintain in an environment. 

These agents react to changes in their local perception of the environment, so they can support 

robust and flexible strategies that can couple with real-time changes in the environment. 

Additionally, if a long-term strategies are required, it is also possible to create hybrid architecture 

that combines reactive and planning agents (Wooldridge 2009, 91–93). 

 Complex systems and agent-based modeling 

In many fields, computation is used to model the behavior of real-world phenomena, such as fluid 

flow, pattern formation, reaction diffusion of chemicals, physics, markets, and even urban 

dynamics. In some cases, these phenomena can be described analytically and predicted with 

equations. In the cases of complex systems, the structure of the interaction between components 

changes over time because of the dynamics of the system. This requires replacing the analytical 

by an algorithmic description of the system that can capture time-varying interactions (Thurner, 

Hanel, and Klimek 2018, 7).  

Agent-based modeling (ABM) is one of the methodologies used in the field of complex systems 

theory. It is based on the idea that the entities have a certain degree of autonomy and can be 

described algorithmically to capture the changing dynamics of the system. The presence of 

multiple agents that can take local decisions based on the local perception and interact in a shared 

environment is key to capture many aspects of complex systems. According to Wilensky and Rand 

(2015, 6),  

Complex systems theory develops principles and tools for making sense of the world’s complexity 

and defines complex systems as systems that are composed of multiple individual elements that 

interact with each other yet whose aggregate properties or behavior is not predictable from the 

elements themselves. Through the interaction of the multiple distributed elements an “emergent 

phenomenon” arises. The phenomenon of emergence is characteristic of complex systems. 

De Wolf and Holvoet (2005) overviewed the origins of the idea of emergence in complex systems 

from the dynamical systems to fields such as cybernetics, physics, biology, artificial intelligence, 

and artificial life. Emergence is described as the arising of novel and coherent patterns on the 

macro-level of the system from the interaction of its constituent elements at the micro-level, but 

that cannot be traced back to the individual parts at the latter (H. A. Simon 1996, 169–72; Holland 

1998, 115–24; De Wolf and Holvoet 2005, 3; Wilensky and Rand 2015, 6). Emergence does not 
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rely on a central coordination or designer but only on this bottom-up relationship between the 

micro and macro levels of the system, so the system is typically robust to perturbations and flexible 

to react to different conditions of the environment.  

For Holland, the notion of emergence also comprehends characteristics mentioned above, such 

as the bottom-up relationship between the micro and macro levels of the system, the existence 

of multiple components that interact, and the generation of a flux of recognizable patterns that 

can change over time resulting in perpetual novelty (Holland 1998, 3,4,115-122).  

Additionally, Holland emphasizes the importance of the combination of procedures that freely 

generate possibilities coupled with constraints that limit these possibilities for emergence. This 

enables him to expand the umbrella of emergent systems and include not only phenomena 

typically associated with complex systems, such as ant colonies, immune system, or markets, but 

also AI problems and models, such as board games and neural networks (Holland 1998). For 

example, the state space in checkers or chess is a subset of all the possible arrangements of the 

pieces on the board. A small set of rules define how what moves are allowed for each piece. With 

these rules, it is possible to derive a transition function, which captures the possible state changes 

in the game. From the initial board configuration of the game, this transition function implicitly 

defines a search tree that can only reach legal configurations. Besides, rules can also define the 

strategies of the players in a game, which restrict the possible board configurations even further.   

To model emergent systems that rely on the combination of freely generate possibilities with 

constraints, holland defines a broad class of models of constrained generating procedures (cgp), 

which consists of a network of mechanisms (Holland 1998, 125–42). Like an agent, each 

mechanism is a distributed computing unit with an internal transition function of an agent ℎ that 

govern their behavior in a context. Given a stimulus as a set of input values 𝐼 and the current state 

of the mechanism 𝑆ℎ(𝑡) at time 𝑡 as input, this function uses if-then rules to computes the next 

state 𝑆ℎ(𝑡 + 1). 

𝑆ℎ(𝑡 + 1)  =  𝑓(𝐼ℎ1(𝑡), 𝐼ℎ2(𝑡), … , 𝐼ℎ𝑘(𝑡), 𝑆ℎ(𝑡)) Equation 1 

The global state 𝑆 of cgp is the union set 𝑆1  ∪  𝑆𝑠  … ∪ 𝑆𝑚 with the local states of all the 

mechanisms. However, the mechanisms in the model are not isolated from the other mechanisms. 

To represent the structure of the interactions in complex systems, cgp are connected by links that 

constraint how they interact – i.e., the link indicates how the information from one mechanism 

flows to another mechanism as input. Besides, they can receive a “free input” from the 

environment, which is represented as a directed edge that points at the recipient agent.  
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Figure 115 Constructing cgp's from a set of primitive mechanisms (Holland 1998, 135). From Emergence by John H. Holland, 

copyright © 1998. Reproduced with permission of Basic Books, an imprint of Hachette Book Group, Inc. 

In some cases, such as in cellular automata, board games, or in neural networks, the structure of 

the network is fixed. Holland uses the term cgp-v to refer to the cases where the structure of the 

interaction is variable and time dependent. These comprehends a large set of the phenomena 

addressed in physics, biology, and social sciences, which rely on mobile agents. 

Holland also described a general framework for complex adaptive systems (cas), where a system 

is described by a set of interacting and adaptive agents described in terms of rules (Holland 1995; 

2012). According to him,  

Adaptive agents are defined by an enclosing boundary that accepts some signals and ignores 

others, a “program” inside the boundary for processing and sending signals, and mechanisms for 

changing (adapting) this program in response to the agent’s accumulating experience. Once the 

signal/boundary agents have been defined, they must be situated to allow for positioning of the 

relevant signals and boundaries. That is, the agents must be placed in a geometry that positions 

populations of agents of various kinds and localizes non-agent “resources.” Within this geometry, 

agents must be able to form conglomerates that yield higher levels of organization with new 

boundaries so that the framework can capture hierarchical organization. (Holland 2012, 24) 

Overall, these agents are defined in terms of rules, hierarchical building blocks, and internal 

models to anticipate future consequences of its action implicitly (as in reflex agents) or explicitly 

(as in goal-based agents). For example, Holland describes a cas model named Echo, which 
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represents the interaction of evolving agents that are distributed in an environment with 

renewable resources (Holland 1995, 98–99).  

 

Figure 116 Boundaries and Tree representation of boundaries (Holland 1995, 118). From Hidden Order by John H. Holland, 

copyright © 1995. Reproduced with permission of Basic Books, an imprint of Hachette Book Group, Inc. 

In the Echo model, agents collect resources and use control and tag mechanisms from its 

chromosome to exchange resources with other agents. The tagging mechanism result in a 

selective interaction with a variable linkage structure. When it acquires enough resources to make 

a copy of its chromosomes it can generate offspring. Besides, the interactions are also constrained 

by layered boundaries, which can directly host multiple agents or internal boundaries with other 

agents (see Figure 116). This enables the creation of a large range of building blocks formed by 

single agents, aggregate of agents, and multiagent. Agents can only interact with agents in the 

same boundary or with the ones in adjacent boundaries – i.e., the one directly external or internal 

to it (Holland 1995, 119). 

With the model of cgp and the framework of cas, Holland captures a paramount property of ABM: 

situated computation. As the neighborhood of an agent constrains the possibilities of interaction 

between its parts, ABM can use simple rules and transition functions in the micro level to produce 

flows of coherent patterns on the macro-level of the system. 

Another concept that is often associated with complex system and ABM is self-organization, whose 

meaning had inconsistent treatment over the history. De Wolf and Holvoet (2005) showed that 
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the term originated from Ashby’s cybernetics and became a topic of areas such as physics, 

computer science, and system theory. According to them, “self-organization is a dynamical and 

adaptive process where systems acquire and maintain structure themselves, without external 

control” (De Wolf and Holvoet 2005, 7). Self-organization relies on autonomous control of the 

parts, such as with agents, and it leads to a dynamic increase in the order of the system behavior. 

So, when modeling systems that exhibit properties such as emergence or self-organization, the 

use of agents as building blocks is a key to capture the underlying mechanisms. ABM, the agent is 

a unit of representation in the computational modeling of social dynamics related to natural or 

artificial phenomena (Wilensky and Rand 2015). ABM relies on modeling local interaction between 

agents in a shared environment. The interactions comprehend different components, such as 

agent-self, environment-self, agent-agent, environment-environment and agent-environment 

interaction (Wilensky and Rand 2015, 257–62). ABM may also include the user as an omniscient 

agent that has access to all agents, environments and can affect the behavior of the system. All 

these interactions typically depend on the configuration of agents and environment in a certain 

spatial representation, such as cellular grids, topological networks, or coordinate systems.  

Examples of well-known ABM include cellular automata, game of life, forest fire, diffusion-limited 

aggregation, the segregation model, sugarscape, etc. (Downey 2012; Wilensky and Rand 2015). 

 Bio-Inspired Artificial Intelligence and Engineering 

Despite their distinct goals, the boundary between AI and ABM is often blurred.  While AI and 

related fields can look for complex systems as a source of inspiration for distributed methods of 

problem solving, ABM can use AI techniques to support research on complex systems.  

One important area in this shared territory is bio-inspired artificial intelligence and engineering.  

In Swarm Intelligence, Bonebau, Dorigo, and Theraulaz investigate “how to design adaptive, 

decentralized, flexible, and robust artificial systems, capable of solving problems, inspired by social 

insects” (1999, 7). They explore models of collective behavior of social insect colonies and other 

animal societies in tasks such as foraging, division of labor, corpse clustering, larval sorting, nest 

building, and cooperative transport. Then, extend these biologically motivated models to create 

decentralized problem-solving system for engineering methods and problems, such as 

optimization, multiagent systems, and collective robotics.  

Over the 1990s, reverse engineering the mechanisms of ant societies that use pheromone to 

select the shortest path connecting their nest to a food site supported the development of many 

multi-agent algorithms for combinatorial optimization. These algorithms were unified under the 

framework of the ant colony optimization metaheuristic (ACO) by Dorigo, Di Caro, and 

Gambardella ─ see details in (Di Caro 2004, 1–4). ACO relies on “a set of ant-like agents, the use 

of memory and of stochastic decisions, and strategies of collective and distributed learning” (Di 

Caro 2004, 1). 

In their book also named Swarm intelligence, Kennedy and Eberhart (2001) advocate for the 
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adoption of alternative models of artificial intelligence, based on emergent behaviors, and self-

organization. Particularly, they focus on models motivated by social behavior and collective 

navigation, based on simple rules using homogeneous and often non-autonomous computational 

entities – which they refer to as particles (Kennedy, Eberhart, and Shi 2001, xix). They propose the 

particle swarm optimization algorithm (PSO), which relies on a swarm of candidate solutions that 

iteratively adapt their trajectory using individual and shared knowledge about the known best 

positions in the problem space (Kennedy, Eberhart, and Shi 2001, 287–325).  

Floreano and Mattiussi describe a new artificial intelligence that “emerged at the turn of the 

millennium expanded its focus of attention from human brains and cognitive reasoning to a wider 

range of organisms, processes, and phenomena that occur at multiple spatial and temporal scales” 

(2008, xi–xii). They organize the theories and methods of this bio-inspired artificial intelligence in 

chapters based on the source of inspiration of models and algorithms, such as evolutionary 

systems, cellular systems, neural systems, developmental systems, immune systems, behavioral 

systems, and collective systems (Floreano and Mattiussi 2008). The book also includes models that 

are considered part of complex systems and ABM, such as cellular automata, game of life, or Boids, 

and many bio-inspired metaheuristics, such as ACO and PSO.  

Particularly, biological models became an inspiration for engineering of distributed systems, such 

as large-scale computer and mobile networks due to their properties. Babaoglu et al (2006) 

understand that centralized engineering approaches based human specifications are not suitable 

to deal with the characteristics of these distributed task environments. In contrast, biological 

networks developed solutions for problems on a different scale of time and for mutable 

environments, which makes them less sensitive to general variations.  

Navlakha and Bar-Joseph (2011; 2015) also investigate the potential of biological systems that 

perform tasks, such as coordinated decision making, leader election, routing and navigation. They 

contrast to the computationally intensive, fast, and deterministic approach of conventional 

engineering with biological systems. The latter tend to reduce the complexity of the 

communication and invest on randomized algorithms to operate in unreliable and noisy task 

environments. These systems are composed of a large scale of dynamic components and 

established strategies to be robust to failure of components and to adapt to external variables. 

Thus, while biological systems lack the central control and strong reliability of traditional design of 

computational distributed systems, they support desirable properties of adaptivity and 

robustness. 
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7.5. Appendix E: A review of multi-agent spatial synthesis 
The field of spatial synthesis is grounded in classic Artificial Intelligence (AI) techniques and on 

optimization methods. However, there is an emerging niche of the field where agent-based 

techniques are employed in the generative models to augment exploration of spatial 

configurations in real-time, which I refer to as multi-agent spatial synthesis (MASS). In MASS, 

agents are autonomous entities that can use its local perception and its program to reason and 

act over the spatial representation. They can have different relationships with the spatial 

representations during the simulation, such as 

1. Type 1:  agents that embed the representation of a spatial unit, such as a room or a zone, 

so it can move and reshape it over time. 

2. Type 2: agents that move and occupy a pre-existing spatial partition in the environment 

3. Type 3: agents that are used as a reference for an algorithm that partition a space 

Due to its emphasis on a continuous and interactive configuration of spatial patterns, MASS has 

huge potential for future decision making and design systems. However, it still has a secondary 

role in the literature. Existing spatial synthesis literature review papers (W. Mitchell 1977; Liggett 

2000; Homayouni 2000; Hsu and Krawczyk 2003; Lobos and Donath 2010) have none or few 

examples of MASS, recent specialized literature review papers focus on classic techniques, such 

as evolutionary optimization (Calixto and Celani 2015) and a recent review of agent-based models 

in architectural research (Chen 2012) addresses collaborative design systems, but does not 

present MASS examples for building design. 

This section addresses this gap by providing an initial categorization and a literature review of 

recent MASS work (2008-2017) within the scope of building design. It includes the allocation of 

human activities in architectural space, such as building parts on a site or rooms inside a building, 

using diagrams or technical representations. It comprehends agents with different complexity, 

from basic reflex agents that refine a pre-existing spatial arrangement to intelligent agents that 

can generates complete spatial patterns. It covers agent-based modeling, techniques adapted to 

control agents (such as physics simulation) and hybridizations of agents with conventional or 

manual methods. It excludes applications with cellular automata, which were already reviewed by 

a previous paper (C. M. Herr and Ford 2015), and allocation tasks that are strictly for urban design. 

Different databases and online documentations were used to look for MASS prototypes, but the 

main source is CumInCAD21. In the next three sections, I organize the descriptions of sixteen 

research prototypes and two precedents according to categories that conciliate algorithmic and 

spatial characteristics: (1) agents as moving spatial units; (2) agents that occupy discrete spaces; 

 

21 CumInCAD is a cumulative index about publications in Computer-Aided Architectural Design (CAAD), which 

provides access to papers of the conferences organized by the sibling CAAD associations (ACADIA, CAADRIA, 

eCAADe, SIGraDi, ASCAAD and CAAD futures) and other related conferences. 
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and (3) agents that partition space.  

After these descriptive sections, I analyze the prototypes based on their types and on the 

occurrence of features related to computational representation, evaluation, and control 

procedures. The goal is to characterize the prototypes under the proposed categories and to 

present trends, patterns, and challenges for future research. 

 Type 1: Agents as moving spatial units 

Each agent of a system of type 1 incorporates an individual representation of space, which is 

modified to interact with other agents and to satisfy spatial objectives.    

7.5.1.1. IMAGE (IMG) 22 

System description: IMG is an interactive computer system for multi-constrained synthesis of 

spatial arrangements (Weinzapfel and Handel 1975; Weinzapfel, Johnson, and Perkins 1971), and 

an important precedent for type 1.  

System algorithm: Each spatial unit is a custom cuboid that moves in the space. These aim at 

satisfying (multiple) user-defined objectives and constraints: adjacent, keep out, overlap, relative 

position, ratio, width / depth / height, 𝑥 / 𝑦 / 𝑧 position, distance, shared wall, enclose, next, on 

top of, floor, above, align, and visual access. A constraint graph stores cuboid units at the main 

nodes and relations as intermediate labelled nodes. A Least Mean Squares Fit (LMSF) is applied 

sequentially to all the spaces, changing the descriptors of a unit (dimension, location, and rotation) 

to achieve the best local improvement – i.e., minimum error regarding all the linear equations of 

the constraints. 

7.5.1.2. Fuzzy Layout Planner (FLP) 

System description: FLP (Bayraktar and Çağdaş 2013) is an editor to create and modify dynamic 

bubble diagrams for the early-stages of design. It adopts reactive spatial units and focuses on user 

manipulation. 

System algorithm: Each agent is a rectangular bubble, which has minimum agency and is directly 

manipulated by the designer. As the user changes one of its dimensions, the bubble modifies the 

other dimension automatically to preserve the assigned area. A repulsion force ensures the 

packing of close bubbles. 

 

22 I refer to all the prototypes analyzed in this appendix by a name and an abbreviation. In cases where the authors 

defined the name in the paper, I adopt it. Else, I create a simple name based on the paper title, description, or 

characteristics of the prototype. The abbreviation of these names will be used to reference the prototypes in the 

tables in 7.5.4. 
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Figure 117 Fuzzy Layout Planner. Top left: dimensions of bubble adapt to preserve area; bottom-left: dividing bubbles; top-

right: repulsion forces; bottom-right: packing bubbles (Bayraktar and Çağdaş 2013, 377–78). Reproduced with permission of the 

authors. 

7.5.1.3. Sniffing Space I (SS1) 

System description: SS1 (Ireland 2009a) is MASS hybrid of type 1 and 2. It consists of a self-

organizing bubble diagram combined with loosely packed rectangles (Ireland 2010, 187–88).  

 

 

Figure 118 Sniffing Space. Top row: spatial association generating zones (Ireland 2009a, 255, 256). Bottom row: expansion of 

the model with rectangular boundaries (Ireland 2010, 187–88). Reproduced with permission of the author. 

System algorithm: SS1 incorporates swarm intelligence – in contrast to the reactive agents of FLP, 

it uses ant foraging algorithms to define the interaction between two types of agents: (1) ant 

soldiers; and (2) an array of ant nests. The soldiers are produced by the nests, which are inter-

connected by edges indicating association or adversity. The soldiers are points that navigate in the 

environment, producing and following two different pheromone trails depending on whether they 

are searching for associated nests or returning to their original nest. Each nest has a fixed circular 

body and a rectangular boundary with random dimensions 𝑥 and 𝑦 that satisfy its required area. 

The nests gradually follow visiting soldiers that are returning to associated nests, clustering with 

them and eventually interrupting the production of new soldiers. Additionally, they have three 

spatial behaviors: adapt 𝑥 and 𝑦 when they nestle, move away from overlapping adversary nests, 

and overlie with associated nests. It results in a loose packing of rectangles, defined by the 
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connections. 

7.5.1.4. Actants (ACT) 

System description: ACT (Ireland 2015b; 2015a) is a self-organizing system that loosely packs 

polygons.  

System algorithm: It combines swarm intelligence and a physics engine. It is based on dynamic 

units called Actants, which are represented by soft body polygons composed of internal and 

boundary nodes that function as sensors and actuators. The nodes maintain the consistency of 

the shape by attraction-repel forces. The boundary nodes emit and track identity-based 

pheromone, detect other nodes, and move the Actant. 

The system is based on a hunter-prey dynamic between different Actants. The pheromone 

differences in the environment might attract or repel boundary nodes, keeping the Actant in 

movement. After a period, if no associated Actant is found by following the pheromone gradients, 

one of the boundary nodes is selected for a direct search in the local vicinity. When an Actant 

wants to be found by its associates, it produces pheromone. When it is evading or seeking, it blocks 

pheromone production, preventing the agglomeration of non-associated Actants. 

 

Figure 119 Actants. Top-left: an Actant and its components; bottom-left: scale of consolidation; top-center: Actants’ vertices 

reacting to pheromone; right: different associations (Ireland 2015b, 585–88). Reproduced with permission of the author. 

7.5.1.5. Floating Bubbles (FB) 

System description: FB (Hao and Ting-Li 2010) is a self-organizing bubble diagram with optional 

rectangular boundaries. 

System algorithm: Physics simulation and heuristics solve the adjacency between bubbles. Agents 

are represented as circular disks or, optionally, as rectangles, connected by adjacency edges. To 

solve the diagram, the system assigns two basic forces to the agent: attraction and repulsion. 

Attraction is proportional to the length of the vector between the boundaries of two connected 

bubbles. Repulsion is proportional to the overlapping area between two bubbles and pushes each 

bubble away. However, using only attraction and repulsion forces, the bubbles can get stuck in 

suboptimal arrangements. To avoid these situations, a heuristic moves a bubble towards a 

connected bubble when an adjacent requirement stays unsatisfied for too long. As the heuristic 

restarts the interactions in a slightly different state, eventually it reaches the equilibrium and 
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satisfy all the adjacencies. 

 

 

Figure 120 Floating Bubbles. Left: three stages in the basic floating bubble system; right: one stage of the generative process 

using squares (Hao and Ting-Li 2010, 177, 181, 182). Reproduced with permission of the authors. 

7.5.1.6. Space-planning with real-time physics (RTF) 

System description: RTF (Syp 2011) is a self-organizing, three-dimensional bubble diagram.  

System algorithm: The user defines an abstract diagram with primary and secondary adjacencies 

among the elements of the architectural brief. The elements can also be connected to anchor 

objects, which represent important features of the environment. The specifications of the abstract 

diagram are translated to a physics simulation, where the elements are spheres, the edges are 

springs (with different forces for primary, secondary, and anchor connections), and the anchors 

are cylinders. The resulting bubble diagram is solved by packing the spheres using spring forces. 

To translate the bubbles to a floorplan diagram, the spheres are converted to squares in the three-

dimensional space, which can be customized by the user. 

7.5.1.7. Interactive Bubbles (IB) 

System description: IB (Veloso 2014) is a self-organizing bubble diagram.  

System algorithm: It combines a temperature heuristic with direct application of attraction and 

repulsion forces to organize circular agents. Attraction and repulsion forces solve the adjacency of 

connected bubbles and pack them inside a user-defined polygon. The overall behavior of each 

agent is a result of the sum of the vectors of the forces. A non-destructive heuristic uses varying 

temperatures to prevent suboptimal arrangements. The temperature is inversely proportional to 

the satisfaction of the objectives. An unsatisfied agent has higher temperature, reducing its area 

and its reaction to the surrounding forces. When the agent gets closer to satisfy its objectives, the 

temperature is reduced, recovering its original area and behavior. The user can manipulate the 

descriptors of the bubbles in real-time. 
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Figure 121 Interactive bubbles. a-b: simulation of the bubble diagram with changing temperature; c-e: simulation with the 

definition of a containment area (Veloso 2014). By Author. 

7.5.1.8. Narrative Landscape (NL) 

System description: NL (Christensen 2014) is a self-organizing system that packs convex polygons.  

System algorithm: It uses a Markov chain combined with physics simulation to create and pack 

convex spaces. Initially, the user defines a set of spatial types with distinct geometric properties 

and specifies a transition matrix. The generative process starts by randomly sampling an initial 

space in that set and sequentially sampling the next spaces using the transition matrix. Different 

transition matrices and spatial properties will generate different chains of polygons. Each space is 

a soft body composed of a central particle and surrounded by child particles on the border. The 

behavior of the bodies is defined by the combination of four types of specialized springs: (1) a 

Markov spring connects the central particles of neighboring spaces to reinforce adjacency;  (2) a 

set of collision springs attaches the central particle of a space to close particles of neighboring 

spaces to reinforce alignment; (3) a minimum distance spring preserves a minimum distance 

between spaces with different qualities; (4) a within distance spring reinforces adjacency for  

spaces with the same qualities that are not connected by Markov springs.

 

Figure 122 Narrative landscape. Left: soft bodies and classes for springs connecting particles; right: two layouts (Christensen 

2014, 242, 245). Reproduced with permission of the authors. 
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7.5.1.9. Multi-agent + Evolutionary (MAE) 

System description: MAE (Guo and Li 2017) is a MASS hybrid of type 1 and 2 that combines a 3D 

bubble diagram with a grid-based system to allocate activities for architectural layouts. 

System algorithm: The simulation in MAE uses two types of agents: spheres that represent regular 

rooms and capsules that represent corridors, staircases, and linear rooms. The agents are placed 

on the environment and are connected based on adjacency requirements. They interact using 

rules such as attraction, repulsion, swap, and compression. In attraction, each agent is pushed 

closer to a connected agent by a vector 𝑚, defined by the difference between their closest points. 

Repulsion uses the inverse of 𝑚 to push overlapping agents apart. For most of the cases, attraction 

and repulsion only move the target agent. However, they can also affect the orientation and length 

if the target is a horizontal capsule-like agent. Pairs of connected agents use the swap rule to avoid 

crossing connections with other pairs. The compression rule is a heuristic that reduces the volume 

of the building by pushing the agents together along the simulation.  

After the simulation, the resulting spaces are assigned to a 3D grid, forming sets of cells with the 

same room identities and sets of faces between the different rooms. This is the initial state for an 

optimization. At each iteration, a child solution is generated by mutation – room identities are 

swapped, and room shapes are changed by moving coplanar faces. The parent and child are 

evaluated by their room shapes, dimensions, aspect ratios and building shape. An annealing-based 

function defines the probability of accepting the child as the parent for the next iteration. 

 

Figure 123 Multi-agent + Evolutionary. Top-left: spherical agent, capsule-like agent and push operation; bottom-left: swap 

operation; top-right: agents solving adjacencies; bottom-right: converting agents to a grid representation and optimizing the 

solution (Guo and Li 2017, 54–57). Reproduced with permission of the authors. 

 Type 2: Agents that occupy a space 

Type 2 agents do not have a custom spatial shape. They navigate and allocate activities in a set of 

pre-defined spatial units, such as grids. 
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7.5.2.1. Sniffing Space II (SS2) 

System description: SS2 (Ireland 2009b) is a grid-based system to allocate activities in the routes 

of an airport. 

 

Figure 124 Sniffing Space II. Left: Routing between destination points; Right: cargo clustering (Ireland 2009b, 224–25). 

Reproduced with permission of the author. 

System algorithm: It combines ant foraging with a cargo placement protocol to allocate activities 

on a grid. The ant foraging algorithm simulates passenger routing in an airport. Each ant has an 

agenda with a sequence of destinations or hubs, which represent specific spaces of the airport. 

Ants not only follow pheromones and navigate between hubs but also respond to other agents 

sharing similar qualities. These qualities are encoded as random activity cargos that are assigned 

to each agent. As agents with similar items meet on a trail, they deposit the cargo at their current 

location. Every time another agent with a similar cargo passes by this cluster of cargos, it also drops 

it. In contrast, a passing agent might collect dropped cargos that have less than 𝑛 neighbors, 

preventing scattering of activities. The concentration of the cargos defines the activity cells on the 

routes between destination points. 

7.5.2.2. Stigmergic Space Adjacency Software (SSAS) 

System description: SSAS (Meyboom and Reeves 2013) is a self-organizing system that allocates 

different activities in a three-dimensional grid.  

System algorithm: Agents represent different activities connected by adjacency relationships. Each 

agent has a specific RGB value and is compatible with agents within a close color range – meaning 

that they should be adjacent. The agents dispute the territory in a three-dimensional grid of cells. 

They expand to unoccupied cells with closest pheromone values and, after achieving the desired 

area, contract. At each node, the agent changes the local environment by diffusing its pheromone 

value, which attracts agents with compatible values. A regular cell carries a pheromone value and 

is influenced by the agents. However, the cell can be customized to impose a pre-defined value, 

stimulating spatial templates over which the agents will dispute the territory – such as circulation 

systems, boundary areas closer to the light exposure, etc. Also, the user can customize the set of 

nodes of the three-dimensional grid, creating topographies, a pre-defined parti or even voids to 

preserve views. 
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Figure 125 Stigmergic Space Adjacency Software. Left: grid topology and example of pheromone values; middle: templates for 

external influence and node masking; right: a solution (Meyboom and Reeves 2013, 201–4). Reproduced with permission of the 

authors. 

7.5.2.3. Collective construction (CC)   

System description: CC (Narahara 2017) is a multi-agent learning system that allocates different 

activities in a three-dimensional grid.  

System algorithm: Ten color-coded groups containing fifty agents allocate the different activities 

in the grid using adversarial learning. During the simulation, each agent perceives four features in 

its cone of vision and can take four actions. The features are: (1) the agent is on the ground level; 

(2) there is a teammate nearby; (3) there is an opponent nearby; and (4) there is a building block 

nearby. The actions are: (1) move forward; (2) flock, to align its heading with its teammates; (3) 

attack, which converts opponents to teammates or eliminates teammates; and (4) build, which 

places a building block of the team’s color in the cell. Each group uses a neural network with shared 

weights as its policy. At each time step, the agent uses the four features detected as the input of 

the network, which outputs the probability of executing the four actions. Then, the agent selects 

the most probable one. At the end of the simulation, the performance of each team is measured 

by the number of blocks produced multiplied by the number of surviving team members. The four 

elite networks remain for the next episode, while the other six are defined by mutation and 

combination. This experiment is repeated, resulting in different arrangements. 
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Figure 126 Collective construction. Results of the experiments (Narahara 2017, 347). Reproduced with permission of the author. 

7.5.2.4. Artificial Life Space Planning (ALSP) 

System description: ALSP (Fernando 2014) is hybrid system of type 1 and 2 that combines activity 

allocation in a two-dimensional grid with a bubble diagram. 

 

Figure 127 Artificial Life Space Planning. Left: grid-planning system; center: bubble diagram; right; integration of grid-

planning system and bubble diagram (Fernando 2014, 661, 662, 665). Reproduced with permission of the author. 

System algorithm: Each bubble is a soft body defined by a curve interpolated over a series of 

control points. The user can create, edit, drag, and connect these bubbles. Then, a genetic 

algorithm (GA) specifies rectangles on a grid. The genome is based on five descriptors: row, col, 

width, length and state. A fitness function evaluates the area and adjacency of a grid allocation 

based on the specifications of the bubble diagram (area of the bubbles and connections). Finally, 

the bubbles will move to the solution specified on the grid, stablishing a design cycle.   

 Type 3: Agents that partition space 

In contrast to agents that have an attached spatial representation or agents that occupy a discrete 

set of cells, type 3 agents navigate in the territory and parametrize the partition of the space. 

7.5.3.1. YONA (Y) 

System description: YONA (Weinzapfel and Negroponte 1976) is a graph-based system to generate 
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residential layout. It serves as an historically important precedent for type 3, 

System algorithm: It is based on a three-stage representation with incremental design information: 

graph embedding, bubble-diagram, and schematic plan. YONA tests the adjacency graph specified 

by the user to ensure its planarity and then uses a top-down heuristic to generate a graph 

embedding. The user can rearrange the embedding by moving each node to a new position. After 

a satisfactory arrangement, the program draws an offset boundary and a dual graph, creating 

multiple polygonal partitions around the original nodes. Then, it generates b-spline curves inside 

these partitions, forming a bubble-diagram over which the user can sketch the shape of the rooms.  

7.5.3.2. Associative Spatial Networks (ASN) 

System description: ASN (Harding and Derix 2011) is a system that generates an exhibition hall 

layout according to the topology of the exhibition and potentially to the users’ feedback.  

System algorithm: The system is divided in 3 parts. Firstly, adjacency graphs are generated for the 

exhibitions. Each individual exhibit of an exhibition is described by multiple features and projected 

to a point in ℝ2 by a self-organizing map (SOM). A planar graph is created by connecting each 

point to the neighbors with the closest distance and by storing these values in the edges. The 

second stage involves clustering exhibitions that can share similar spatial configuration of the 

layout. This is solved by a growing neural network that adapts to the varying dimension of the 

input spectrum for each adjacency graph, clustering them according to similar topologies. The 

graph with the spectrum closest to the average in each cluster is selected to define the floor plan. 

In the third stage, the selected average graphs are embedded on a plane and their nodes are 

distributed in the exhibition hall layout by a repulsion algorithm. Using a Voronoi diagram, each 

node becomes a polygonal exhibition cell, and the permeability of the wall is defined by the 

connection between the neighboring nodes (wall for no connection, permeable wall for high edge 

values and no wall for low edge values). 

 

Figure 128 Associative Spatial Networks. Top-left: adjacency graph for exhibition; bottom-left: growing neural gas mapping; 

middle: repulsion algorithm distributes graph nodes over the space; right: translating a graph into the layout of the exhibition 

with a 2d Voronoi diagram (Harding and Derix 2011, 310, 312, 316, 317). Reproduced with permission of the authors. 

7.5.3.3. Dwelling Agglomerator (DA) 

System description: DA (Puusepp 2014a; 2014b) is a self-organizing settlement of dwelling units 
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connected by public spaces.  

System algorithm: It associates a custom flocking model with Voronoi partitioning and an 

evaluation function to generate settlements in real-time. A flocking simulation moves the agents 

to form a network with approximated orthogonal connections, following five basic navigation 

rules. The first two rules are movements that preserve a specific distance range between the agent 

and its closest neighbors. With this range satisfied, other three rules specify a rotation around the 

closest neighbor, moving the agent towards a position aligned or perpendicular to the edge 

connecting the two closest neighbors. The agents are used to partition the space with a Voronoi 

Diagram, forming the dwelling units and the open space. An evaluation function calculates a score 

for each unit based on criteria such as area, direct sunlight, or accessibility. It defines whether the 

agent should stop or keep flocking to look for a better position. 

 

Figure 129 Dwelling Agglomerator. Top-left: flocking rules; Bottom-left: creation of access routes; right: two layouts (Puusepp 

2014a, 49–50). Reproduced with permission of the author. 

7.5.3.4. Responsive Algorithms (RA) 

System description: RA(Bazalo and Moleta 2015) is a MASS of type 1 and 3 that generates spatial 

partitions based on an architectural brief.  

System algorithm: RA combines bubble diagrams, graph embeddings and Voronoi partition inside 

a parametric modelling editor. The user defines a bubble diagram, with disks representing the 

spatial units with their required area, and edges representing the adjacency. The bubble diagram 

is treated as a circle packing problem and solved by physics simulation: circular discs are rigid 

bodies, and the edges are springs representing adjacencies. A Voronoi diagram generates a spatial 

partition using the centers of the disks. This workflow is extensible to the three-dimensional space, 

where the nodes of the adjacency graph are the centers of packed spheres and a Voronoi partition 

results in a packing of polyhedral cells. 
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Figure 130 Responsive Algorithms. Top-left: circle packing, Voronoi diagram and Voronoi diagram with radii; top-right: force-

directed graph over Voronoi diagram with radii; bottom-left: 3D Voronoi cells; bottom-right: three-dimensional packing with a 

skin (Bazalo and Moleta 2015, 212–14, 217). Reproduced with permission of the authors. 

7.5.3.5. Evolving Floorplans (EF) 

System description: EF (J. Simon 2017; Carta et al. 2020) is MASS of type 1 and 3 that generates 

floorplans based on topological and flow objectives. 

System algorithm: EF uses a general version of Neuroevolution of Augmenting Topologies (NEAT) 

to evolves a weighted, connected, and undirected graph representing a floorplan. Chronological 

markers enable crossover and mutation of solutions with different topology and numbers of 

rooms. The floorplan genome of NEAT is composed of node genes and connection genes. The 

former store information such as room’s size, while the latter assign weights to the connections 

between pairs of node genes and are added randomly until the graph is connected. 

The phenotype (i.e., the floorplan) is generated in four steps. (1) A spectral layout embeds the 

graph in space, which is the input for (2) a physics simulation that converts the nodes and edges 

into discs and springs. After the resulting packing, the centers of the discs are extracted and 

combined with the vertices of an offset concave hull for (3) the Voronoi tessellation. With this 

combination, the internal Voronoi cells have a boundary like the original circle packing boundary.  

Finally, (4) an ant-colony algorithm is applied to the interior edges of the Voronoi mesh to generate 

a weighted network to satisfy the connection requirements. The edges of the resulting hallways 

are smoothed and dimensioned according to their flow. The phenotype is evaluated by the NEAT 

algorithm, enabling the use of objectives such as minimization of traffic between classes, material 

usage, fire escape paths, and windows. 
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Figure 131 a) spectral layout; b) physics simulation; c) offset of concave hull; d) Voronoi tessellation; e) generation of 

circulation using an ant-colony algorithm; f) final floorplan (J. Simon 2017). Reproduced with permission of the author. 

 Analysis of features 

In this section, I analyze the different MASS prototypes to identify the occurrence of similar 

features of representation, objectives, and control procedures. Table 16 synthesizes the general 

categorization of types. 

In terms of representation, features used in spatial synthesis for more than four decades (W. 

Mitchell 1977), such as grids, polygonal representations, and graphs, are still pervasive in MASS. 

The prototypes also incorporate new features, such as soft shapes (bubbles) and the Voronoi 

diagram for spatial partition. As shown in Table 17, bubbles and polygons are dominant in type 1. 

Grids are mostly used in type 2. Voronoi diagrams are dominant in type 3. Graphs are used 

predominantly in type 1 and 3 to store the connections between spaces. In some prototypes, the 

diagrammatic solutions were also converted to richer architectural representations with 

constructive elements (FB and MAE). 

Table 16. MASS Types. 
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Table 17. Representation of the agents. 
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Table 18 shows a contrast between the number of objectives in IMG and in new prototypes. IMG 

has a list of seventeen objectives, which I simplified to eight features for analysis. Current systems 

are more abstract and focus on satisfying basic objectives such as adjacency and area/volume. In 

some of them, relations such as exposure or visual access can be customized by using the tools for 

adjacency.  For example, SSAS uses pheromone markers to promote the exposure or privacy of a 

part of the activities to the exterior of the building and MAE uses a form of attraction to reduce 

the external surface of the building. Some systems have an explicit implementation of different 

objectives, such as the containment of the agents in a custom polygon (IB) or an objective function 

to evaluate accessibility and exposure (DA).  

Table 18. Spatial objectives. 

 

IM
G

 

F
L

P
 

S
S

1
 

A
C

T
 

F
B

 

R
T

F
 

IB
 

N
L

 

M
A

E
 

S
S

2
 

S
S

A
S

 

C
C

 

A
L

S
P

 

Y
 

A
S

N
 

D
A

 

R
A

 

E
F

 

Adjacency                                

Area / Volume                                

Shape                                

Visual access                                

Relative position                                

Access                                

Containment                                

Exposure                                

 

In terms of control procedures, most papers reference general ideas that inspired their approach 

– such as Cybernetics, Semiotics, Biology, etc. – and present a high-level description of the 
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algorithms, but they do not provide a formal description of the control procedures or share the 

code. Table 19 displays the large diversity of control procedures in the prototypes.  

Table 19. Control procedures 
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Different types of physics simulations are present in most prototypes. They implement a custom 

version of attraction/repulsion forces (FB, IB and MAE), rigid body simulation (RTF, RA, and EF), 

soft body simulation (ALSP, NL, and ACT), or another unspecified implementation (ASN and FLP). 

The second most frequent occurrence is pheromone routing. The algorithms are used to guide 

large spatial clusters (SS1 and SSAS), to control the vertices of polygonal entities (ACT), to guide 

agents that carry and drop spatial units (SS2), or to generate a weighted circulation network 

between the consolidated spatial units (EF). Flocking has only two occurrences. In DA, the system 

is a customized Boid model that generates semi-orthogonal networks with spatial agents. In CC, 

flocking is one of the actions in the policy of agents in a three-dimensional grid. Hybrid methods 

are used for all MASS types. They incorporate techniques outside of the scope of agent-based 

modeling, such as LMSF to guide the agent (IMG), metaheuristics to initialize or refine the solutions 

(MAE, ALSP and EF), neural networks to generate the adjacency between agents (ASN) or to define 

the policy of the agents (CC), and Markov Chain to generate new agents (NL). 

In terms of evaluation, few papers analyze the performance or expression of the prototypes. One 

paper provides a brief convergence analysis (FB), some papers present a concrete architectural 

application (IMG and FB) and one prototype was applied to a real project and used in a workshop 

(SSAS).  

Using correlations between features (Table 20), correlations between types and features (  
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Table 21) and the radar charts for the occurrence of features in the types (Figure 132), it is possible 

to visualize certain patterns. The occurrences of representational and control features present 

clear and distinct patterns for each MASS type. In the occurrence of objectives, all types overlap 

on adjacency and area. 

Table 20. Correlation matrix for occurrence of features. For hybrid types, we divided the occurrence uniformly. 
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Table 21. Correlation matrix for relations between types and features. Blue is positive and red is negative. For hybrid types, we 

divided the occurrence uniformly. 

 

 

Figure 132 Radar charts with the relative occurrences of the features for each type. By Author and Jinmo Rhee. 

Type 1 has strong occurrence and positive correlation with graphs, bubbles, polygons, and physics 

simulation. Bubbles are used to represent fluid moving shapes, while polygons mostly represent 

rigid shapes for packing (ACT is an exception and uses polygons for fluid shapes). Other than access 

and exposure, Type 1 has the strongest positive correlation with all features, even with the two 

objectives that occur in all types (adjacency and area), which are also strongly correlated to the 

main representational features of type 1 (graphs, bubbles, and polygons). The occurrence of 

adjacency and area in other types is mostly related to hybridization with type 1. 

Type 2 has high occurrence and positive correlation with the grids, which are the representational 

support for correlated control strategies, such as pheromone routing (SS1, SS2, and SSAS), 

metaheuristic optimization (MAE and ALSP) or a neural network for multi-agent flocking (CC). Type 

2 is slightly positively correlated with exposure, not correlated with shape, and negatively 

correlated with all other objectives.  

Type 3 has a strong correlation with Voronoi diagrams, which translate a population of points to 

polygonal or polyhedral partitions. It also presents occurrences of graphs and bubbles due to the 

hybrids, but these correlations are respectively weak positive and negative. In terms of control, 

the significant positive correlations are related to flocking, spectral layout, and neural networks. 

In terms of objectives, it has the largest correlations with access and exposure among all types. 
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7.6. Appendix F: Deep Learning 

 Origins of Deep Learning 

Deep learning is the subset of ML that relies on models that can represent and learn complex 

concepts by modeling them as a hierarchical representation of simpler concepts (Goodfellow, 

Yoshua, and Aaron 2016, 1–2), such as neural networks. Computational learning with neural 

networks has been an important area of research since the early days of computers, in Cybernetics 

and in the pioneering research on pattern recognition (Goodfellow, Yoshua, and Aaron 2016, 12–

18; Nilsson 2009, 60–62; Cardon, Cointet, and Maziéres 2018b, 4–10). Overall, the connectionist 

AI tradition that neural networks belong to has been in constant tension and often in conflict with 

the cognitivist and symbolic tradition of AI, which largely relied on the pioneering work of Herbert 

Simon and Allen Newell.  

Cardon, Cointet, and Maziéres (2018a) describes the emergence of deep learning in this tension 

between the symbolic and the connectionist traditions, which has largely defined the history of 

artificial intelligence. They provide a timeline and graphs showing the evolution and alternating 

influence of both paradigms in academia since the mid-1930s intermediated by two major AI 

winters (Figure 133). This timeline depicts a common historical interpretation of AI history from 

where it is possible to trace the recent advancements of Deep Learning.  

 

Figure 133 The evolution of the academic influence of the connectionist and symbolic approaches. “The main plot (top) 

represent[s] the evolution of the ratio between the number of cited publications in the "connectionist" corpus2 (orange) and the 

corresponding number in the "symbolic" corpus3 (blue), both normalised by the total number of publication indexed by Web of 

Science. The plots at the bottom represent for each corpus, the number of cited publications cited during the given period” 

(Cardon, Cointet, and Maziéres 2018a). Images licensed under CC BY-ND 4.0, https://creativecommons.org/licenses/by-nd/4.0/. 

Russel and Norvig consider that Deep Learning emerged during and after the second AI winter 

(1987-1993), a period where the previous dominant paradigm ─ expert systems ─ reached a limit 
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and the research interest and funding radically shrank (2021, pp. 24–27). For example, they 

mention that AI researchers re-invented the back-propagation algorithm in the late 1980s, which 

revived the interest in the connectionist models of AI. Around the same time, there was an interest 

in establishing more scientific approaches to AI research. Many subfields, such as computer vision, 

robotics, speech recognition, multiagent systems, and natural language processing were gradually 

reunified with the “newfound appreciation for data, statistical model, optimization, and machine 

learning” (Russell & Norvig, 2021, p. 25).  

Later, in the 2000s, advances in computing power and the creation of the world-wide web 

supported the availability of big data and the shift towards deep learning. Overall, deep learning 

models enable the identifying and extracting patterns from large datasets that accurately map 

from sets of complex inputs to good decision outcomes. 

In the last decade, a new wave of AI based on DL has emerged with growing success of the 

application of machine learning with models that contain multiple layers to problems from 

different domains, such as neural networks. DL succeeded in a variety of tasks, outperforming 

experts in diverse areas. Some examples of these breakthroughs are: AlexNet (Krizhevsky, 

Sutskever, and Hinton 2012), the learning system for image classification proposed by Geoffrey 

Hinton and his team to the 2012 ImageNet competition; AlphaGo (Silver et al. 2017), a 

reinforcement learning model that was able to defeat human champions in the game of Go; and 

recently AlphaFold (Jumper et al. 2021), a model that predicts the 3-D structure of a protein based 

on its amino acid sequence. 

 From symbolic to learning models 

Cardon et al. (2018a) coined the terms Hypothetical-deductive machines (1) and inductive 

machines (2) to refer to the two approaches paradigms of AI (Figure 134).  

 

Figure 134 Hypothetical-deductive machines (1) and inductive machines (2) (Cardon, Cointet, and Maziéres 2018b, 3). Images 

licensed under CC BY-ND 4.0, https://creativecommons.org/licenses/by-nd/4.0/. 

Hypothetical-deductive machines refer to the symbolic tradition of AI, where information 

processing is a fundamental model both for cognition and for problem solving methods. Typically, 

the model for this symbolic decision maker is formulated as a heuristic search used for the 

progressive transformation of symbol structures. Given a hypothesis about a problem, the 

designer can create a program with a systematic sequence of steps to map from certain inputs 

from that problem to solutions in the output. This is equivalent to the classic generative models in 

architectural design.  
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In contrast, the term inductive machine refers to the connectionist tradition of AI. Deep learning 

is a subset of this tradition, as it typically relies on the distributed computation of neural networks, 

which are loosely inspired by the distributed computation of the human brain, for creating a model 

based on experience. In this case, the designer does not create the program directly, but induces 

it from data related to the problem. More specifically, deep learning is part of machine learning 

(ML), a multidisciplinary field concerned with the design of computer programs that, instead of 

relying on an explicit implementation of its designer to address a task, learn it from experience. 

More specifically, Mitchell (1997, 2) considers that in ML “A computer program is said to learn 

from experience E with respect to some class of tasks T and performance measure P, it its 

performance in all tasks in T, as measured by P, improves with experience E”. 

After defining a task 𝑇, a performance measure 𝑃, and some form of training experience 𝐸, it is 

necessary to define a target function to be learned. By mapping the input of the task to some form 

of solution in its output, this target function represents the knowledge that is being learned. Target 

functions can comprehend many tasks, from a chess-player program that uses the input value 𝑥 

of the board to generate a play as a value 𝑦 to a generative model that receives a site as the input 

𝑥 and generate a spatial configuration of a house represented by 𝑦. In the case of deep learning, 

hierarchical models such as neural networks are used to represent the target function and specific 

algorithms are developed to train them. 

In Russel and Norvig’s map of artificial intelligence, learning is represented by an additional 

category of the structure of a learning agent. This category is not presented as an opposition to 

the previous four standard AI agents (Figure 110 and Table 13), but as an additional layer that 

enables the computer to induce some of the agent components from experience. Besides the 

basic architecture of agents with sensors and actuators, the general learning agent has four basic 

components (Figure 135): 

1. The performance element corresponds to the internal structure of the agent, which reads 

the percepts and uses its program to select actions.  

2. The critic receives an external performance standard as the input and provides a feedback 

signal on the performance of the agent in the current task  

3. The learning element is responsible for making improvements in the performance 

element; it receives the feedback both from the performance element and from the critic, 

and it can make changes in any of the knowledge components in the structure of the 

previous agent models. 

4. The problem generator receives the learning goals from the learning element and suggests 

exploratory actions to the performance element that can lead to a better performance in 

the long run. 
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Figure 135 Structure of a general learning agent (Russell and Norvig 2021, 56). Reproduced by permission of Pearson 

Education, Inc. 

 Neural Networks for inference 

A neural network is a parametric model vaguely inspired by the human brain and by its capacity 

to change its own pattern according to different experiences from the world. It is an adaptive 

function approximator that relies on a hierarchical representation for learning features without 

the need of a human to hardcode it. In contrast to parametric models used in architecture, which 

largely rely on a graph with geometric operations, neural networks are composed of a graph with 

differentiable mathematical parameters, operations, and functions.  

These operations are commonly referred to as nodes and organized in layers, which are connected 

to the units of the following layer. The first is the input of the neural network, the last is the output, 

and any intermediate layer is referred to as a hidden layer. The sequence of layer enables the 

creation of deep neural networks and the hierarchical construction of internal features. To use the 

neural network for mapping a given input to an output, the variables and operations will be 

processed according to the order and the dependencies of operators in the graph, which is called 

a forward propagation. As the parameters, such as weights and bias, are adjusted based on the 

data, the neural network can adapt and approximate the desired target function.  

There are many neural network architectures with custom components, layers, and patterns of 

connections to address different data and operations. 

A typical neural network is organized as a feed-forward sequence of fully connected layers derived 

from earlier research on perceptron. Except for the input, each layer 𝑙 contains a matrix-vector 

multiplication 𝒛𝑙 = 𝑾𝑙𝒂𝑙−1 + 𝒃𝑙. 𝑾𝑙  is a matrix with the weights of the linear equation for the 

current layer, 𝒂𝑙−1 is the output of the previous layer, and 𝒃𝑙 is a vector with the bias terms for 

the linear equation. The linear combination is followed by a nonlinear activation function 𝑔, which 

can include functions such as a step function, rectified linear unit (ReLU), leaky rectified linear unit 

(leaky-ReLU), Sigmoid function, Hyperbolic tangent function (Tanh), etc. It results in the layer 

output 𝒂𝑙 = 𝑔𝑙(𝒛𝑙), which enables the network to approximate non-linear functions. See 
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examples of activation functions in Table 22. 

Table 22 Activation functions 

Step Function Sign Function ReLU 

   

𝑔(𝑧)  =  {
0 if z < 0
 1 𝑖𝑓 𝑧 ≥ 0

 
𝑔(𝑧)  =  {

−1 if z < 0
 0 𝑖𝑓 𝑧 = 0
1 if z > 0

 
𝑔(𝑧)  = {

0 if z < 0
 z 𝑖𝑓 𝑧 ≥ 0

 

Leaky-ReLU Sigmoid Tanh 

   

𝑔(𝑧)  = {
cz if z < 0
 z 𝑖𝑓 𝑧 ≥ 0

, with 𝑐 ∈ (0,1)  𝑔(𝑧)  =
1

1 + 𝑒−𝑧
 𝑔(𝑧) =

𝑒𝑧 − 𝑒−𝑧

𝑒𝑧 + 𝑒−𝑧
 

 

Other types of networks can use other patterns of connection between parts and other types of 

operations to address geometric or spatial information. For example, convolutional neural 

networks (CNN) replace the fully connected linear combinations of the standard neural network 

by convolution operators23 for tasks involving images or any grid-based data. This operator 

restricts it to the Moore neighborhood of each position in the grid, over all channels, taking 

advantage of the pre-defined structure of the data. Therefore, instead of a large matrix of weights 

plus a bias vector, it uses an arbitrary number of kernels with 𝑤 × ℎ × 𝑑 weight parameters, each 

with its own bias term. Each kernel is convoluted with every 𝑤 × ℎ × 𝑑 sub-region of the input 

data, resulting in a new 2-D channel of the output that captures local features of the input. With 

𝑛 kernels, the output of a CNN layer is a feature map composed of 2-D data with 𝑛 channels. The 

 

23 While the official name of the operation is a convolution, it is more accurately described as a cross-correlation 

(Zhang et al. 2021). For convenience, I will still use convolution when I refer to it. 
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2-D dimensions of the output depend on the parameters of the convolutions, such as the size of 

the filter, stride, or padding.  

Convolutional layers typically combine the convolution with operators such as max pooling, which 

only preserves the maximum value of each 𝑤 𝑥 ℎ region of each input channel, reducing the 

resolution of the output data. Over multiple layers, the convolutional network can hierarchically 

build more and more complex spatial feature extractors that depend on the ones in the previous 

layers. This enables the CNN to capture different 2-D spatial features of the input and can even be 

extended to larger dimensions ().  

There is a large variety of operations that can be added to the neural networks and many other 

network architectures that can address other types of data. For example, Recurrent Neural 

Networks (RNN) have internal memory and operators that can handle sequential data with 

variable length. Graph neural networks generalize the convolutions layers from structured 

representations such as images to non-Euclidean domains such as graphs and manifolds networks 

and meshes. 

 Training neural networks 

To train a neural network to approximate the target function, deep learning usually relies on a loss 

function, and the combination of a backpropagation algorithm with an optimization algorithm.  

The loss function measures how well the neural network approximation is performing according 

to the task and the data. It is typically a differentiable function that maps the input and output of 

the neural network to a single value indicating error. If many examples in the dataset are used as 

the input, this function usually return the average error.  

The gradient information of the loss function with respect to each trainable parameter of the 

network to can be used adjust them to reduce the error represented by the cost function 

conditioned on the current input and output data of the neural network.   

It is possible to use black-box optimization methods, such as genetic algorithms, to search for 

neural network parameters that result in better approximations of the target function. However, 

in deep learning, the optimization algorithm is commonly a variation of the gradient-descent 

algorithm, which uses the gradient information of the loss function with respect to each trainable 

parameter of the network.  

It iteratively adjusts the neural network parameters toward the opposite direction of the gradient, 

which aims at locally reducing the error represented by the cost function based on the current 

input and output data of the neural network. As this process is repeated using samples from a 

dataset, the optimization algorithm will iteratively fine tune the neural network in the steps 

toward the opposite direction of the gradient. Moving the parameters towards the descent of the 

gradient is a local strategy to minimize the loss function, which is equivalent to improving the 

performance of the network in approximating the target function. 

In one extreme, the vanilla gradient descent algorithm computes the average error using all 
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examples from the batch at every iteration, what takes advantage of vectorization but has a 

theoretical cost of 𝑂(𝑛) and is not resilient to redundant data. In another extreme, stochastic 

gradient descent samples a single example from the dataset at every iteration, which reduces the 

computation to 𝑂(1) but does not use the full power of vectorization. In between these extremes, 

there is minibatch stochastic gradient descent, which accelerates computation by sampling 

minibatches from the dataset at every iteration. Other variations, such as Momentum, Adagrad, 

or Adam, use the history of the previous updates and/or custom per-parameter and per-timestep 

updates, to adapt the size of the learning steps to ill-conditioned loss landscapes. 

Gradient descent and its variations require a form of automatic differentiation to calculate the 

gradient of loss function with the respect to the neural network parameters. Once the neural 

network and the cost function are differentiable, a backpropagation algorithm traverses the neural 

network in the reverse order of the computational graph, using the chain rule of calculus to 

incrementally calculate the gradients of each intermediate parameters. 

With the loss function and an optimization algorithm, the neural network can be systematically 

trained with batches of the data and approximate the desired target function, which can then be 

used with forward propagation. 

 Types of Machine Learning 

Research in ML and DL comprehends a vast area of applications in different fields. These tasks can 

be conceptually divided in three main branches: supervised learning, unsupervised learning, and 

reinforcement learning.  

In supervised learning the experience is represented by a fixed dataset with labeled input-output 

pairs (xi-yi) that are generated by un unknown target function f(x) to be approximated by the 

learning model. It includes tasks such as classification and regression. The labeled dataset with 

pairs of input and output elements works as an instructor to tell the model what function to 

approximate (Goodfellow, Yoshua, and Aaron 2016, 105). Part of the data is removed from the 

training and used to test if the function can generalize to new data. The training relies on an error 

function that measures the difference between the known output (target) and the output 

predicted by the neural network, given the input, such as mean squared error (MSE). Then, an 

optimization algorithm changes the internal parameters of the neural network to minimize this 

error and, consequently, the network approximates the target function.  

For example, in VGG16 (Simonyan and Zisserman 2015) (Figure 136), a convolutional neural 

network was trained for classifying an input image in 1000 classes of objects, such as teapots, 

Siberian huskies, and churches. After successful training, the network classifies the input image by 

using a series of layers with using convolutions and other operations, which result in increasingly 

complex internal representations. These representations are called feature maps and they are the 

knowledge used by the model to classify the input. In the first layers, these feature maps might 

capture abstract patterns such as the occurrence of horizontal lines. Closer to the end, they can 

capture more sophisticated shapes of the objects to be classified.   
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Figure 136 A: architecture of VGG-16; B: every column contains examples of input images that activate two features of different 

layers of the network (indicated by the dotted line). By author, with code based on (Ozbulak 2017). 

In unsupervised learning the agent learns patterns from the input data without any external 

feedback or label. This Includes tasks such as clustering, dimensional reduction, and generative 

modeling. The latter will be described in the following section. 

In Reinforcement learning an agent learns how to take sequential decisions in a task environment 

based on reward signals. This branch will be explored in detail in section later in this chapter.  

 Generative Learning 

Generative learning is a new category in the taxonomy of generative models. It comprehends 

techniques where the generative model is directly learned from data. This is an open area of 

research in design and has been an important trend in the computational design community (Joyce 

and Nazim 2021; Leach 2021; As and Basu 2021). The most notable examples of techniques for 

generative learning, such as deep dream, neural style transfer, autoencoder, and GANs. 

Deep dream (Mordvintsev, Olah, and Tyka 2015) was originally invented to investigate what the 

neural network “sees” when it receives a given input image. This is a hybrid model, as it uses an 

optimization for synthesis. It incrementally changes the pixels of an input image to maximize the 

activations of one or multiple feature maps, so the patterns of the selected feature maps start to 

emerge like a hallucination. While this process typically starts with an image with random noise, a 

real photo and drawing can be used and transformed. For example, I used this algorithm to change 

an image of the Cathedral of Brasilia, designed by Oscar Niemeyer (Figure 137: A). I selected a 

feature map in the last convolutional layers to generate a more complex pattern of hallucination. 
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Figure 137 A: applying deep dream to an image of the Cathedral of Brasilia. Image by Author, with code based on (Ozbulak 

2017). B-D: Custom style transfer (based on the code from Jacq n.d.). B: Style image used and reproduced with permission of 

Kate McLean. C: content image by Author. D: content image incorporating style. By Author.  

In the case of neural style transfer (Gatys, Ecker, and Bethge 2016), optimization is associated with 

the trained neural network to create and image that has abstract qualities of a style image and the 

concrete qualities of a content image. In this case, different feature maps are used as a mechanism 

to measure the similarity between the synthesized image with the original content image and the 

style of the original style image. Optimization is used to change the pixels and minimize these 

differences, which results in a stylized image (Figure 137: B, C, and D).  

While these examples are interesting, they are still only hybrid optimization models that rely on 

the knowledge embedded in a model trained for classification. On the other hand, there is a subset 

of unsupervised learning that addresses the synthesis of data: generative modeling24. Generative 

modeling in machine learning consists of explicitly or implicitly learning the distribution of a certain 

dataset, which enables sampling synthetic examples from it (Bishop 2006, 43; Foster 2019). 

Generative modeling is one of the current frontiers in machine learning and has been responsible 

for many of the advances in art, image, and video synthesis. There are several generative models 

in ML, including but not limited to: Autoencoder and Generative Adversarial Networks. 

An Autoencoder (AE) is a model composed of two parts: an encoder and a decoder (Foster 2019) 

(Figure 138: A). The encoder learns how to compress the samples of a data distribution into points 

in a lower-dimensional representation (latent space) or into a normal distribution around this 

point25 in the case of a Variational Autoencoder (Goodfellow, Yoshua, and Aaron 2016, 696–99; 

 

24 While there is an overlapping, it is important to distinguish the idea of generative models for design from 

generative models in machine learning. 

25 Usually, it is assumed that there is no correlation between the dimensions, so the encoder can output the vectors 

with the mean and the variance (or the logarithm of the variance).  



234  

Foster 2019). The decoder learns how to reconstruct the original input based on the observed 

values in this compressed representation. They are trained simultaneously to compress and 

reconstruct each of the samples in a dataset with a consistent representation, such as images or 

point-clouds. After training, the decoder can be decoupled and used to synthesize new output 

data based, using the compressed vector as the input parameters. 

In the context of generative models, autoencoders can be trained to reconstruct a set of design 

examples with certain characteristics. For example, in DeepCloud (Bidgoli and Veloso 2018) (Figure 

138), an Autoencoder reconstructs point clouds from datasets of chairs, cars, hats, and tables. 

After training, DeepCloud captures structural aspects of the dataset in the space of the 

compressed vector. Therefore, the user can manipulate the parameters of the decoder to 

reconstruct the design examples in the dataset or to create novel or hybrid designs based on 

different parameter values. 

 

Figure 138 Deepcloud. A: architecture of autoencoder trained on a dataset of point clouds of chairs. B: monstrous chair series 

generated by exploring the parameters of the latent space as input. By Author. 

In contrast to autoencoders, which learn a lower-dimensional representation, Generative 

Adversarial Networks are generative models created with the primary purpose of synthesizing new 

data that look like sampled from a dataset (Goodfellow et al. 2014; Foster 2019; Goodfellow, 

Yoshua, and Aaron 2016, 699–703). GAN architecture leverages two adversarial neural networks, 

a generator, and a discriminator. The discriminator is trained with the samples from a dataset and 

learns to test if a given input belongs to it. The generator has no access to the dataset and should 

learn how to generate samples to trick the discriminator. As a result, the generator masters the 

task of synthesizing data that fits in the distribution of the database.  

After training a GAN with a certain dataset of design alternatives, the generator can synthesize 

new design alternatives with characteristics like the ones in the dataset (Figure 139). The input 

parameters of the generator are typically a random vector used to promote variations on the 
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synthesized data, but with the extensions of the model (Hindupur n.d.), conditional information 

or even user input can be used for additional control. Recently, GANs have been widely applied to 

architectural design to analyze and generate building representations, such as floorplan layouts 

(Zheng 2018; W. Huang and Zheng 2018; Chaillou 2019; Newton 2019; Nauata et al. 2020; Carta 

2021). 

 

Figure 139 Urban Structure Synthesizer: 3D models (A) and 2D diagrams (B) with incremental variations of a urban fabric. The 

diagrams were generated with a model (WGAN-GP) trained on a dataset of images from Pittsburgh, USA. Reproduced with 

permission of Jinmo Rhee. Work produced for Generative Models for Design (CMU, Fall 2019) and published (Rhee and Veloso 

2021). 

Generative learning emphasizes the capacity of computational models to use datasets to capture 

design patterns and qualities that are often hard to formalize, which are then used to map 

abstractions, such as categorical images, graphs, textual description, to architectural forms, such 

as floorplan layouts. While this interaction typically relies on a single mapping, it is possible to train 

multiple generative models to create a multi-step pipeline (Chaillou 2019). Nevertheless, even in 

the case of the multi-step pipeline, the design process is still structured by a pre-defined and 

coarse decision structure based on representation mapping with the designer outside of the 

generative loop.  
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7.7. Appendix G: Reinforcement learning 

 The goal of a RL agent 

RL addresses sequential decision problems that can be formalized as a MDP. This includes a variety 

of tasks, such as board games, video games, autonomous driving, robotic control, HVAC control, 

recommendation systems, trading stocks, portfolio management, etc. The overall goal is to teach 

a RL agent how to perform well in any of these tasks with methods that commonly rely on 

interacting with the environment and trial and error. 

The agent starts at certain initial state of the environment. It uses its current policy to select the 

action, which triggers an update in the environment by the transition function and in the reward 

function. Then, the environment sends an observation and a reward signal to the agent. This 

process continues over time, until the episode is ended, generating a trajectory 𝜏 in the form of a 

sequence of tuples  

𝜏 =  (𝑠0, 𝑎0, 𝑟0), (𝑠1, 𝑎1, 𝑟1), (𝑠2, 𝑎2, 𝑟1) … (𝑠𝑇 , 𝑎𝑇 , 𝑟𝑇)  

The cumulative reward over an episode is captured by the return function 

𝑅(𝜏) = 𝑟0 + 𝑟1 + … + 𝑟𝑇 =∑𝑟𝑡

𝑇

𝑡=0

 

While some tasks in RL are episodic and have a clear end, others do not break into episodes and 

do not have time limits, so they are called continuing tasks (Sutton and Barto 2018a, 54). In the 

latter case, the rewards are potentially infinite. To restrict this infinite horizon, there is a discount 

factor 𝛾 ∈ [0,1] that changes how future rewards are valued. It is used as a weight for the reward 

for the cumulative rewards from the next step on, what recursively results in a weight with the 

delta time as the exponent. On one extreme, if 𝛾 = 0, the agent is completely shortsighted, and 

the return only considers the current reward signal. If 𝛾 = 1, the return function is equivalent to 

its formulation without 𝛾. Typically, this 𝛾 ∈  [0.8, 1.0).  

𝑅(𝜏) =  𝛾0𝑟0 + 𝛾
1𝑟1 + 𝛾

2𝑟1… + 𝛾
𝑡𝑟𝑡  =  𝑟0 + 𝛾𝑟1 + 𝛾

2𝑟1… + 𝛾
𝑇𝑟𝑇 = ∑𝛾𝑡𝑟𝑡

𝑇

𝑡=0

 

So, more formally, the goal of the RL agent is to learn a policy that maximizes the expected 

cumulative reward by interacting with the environment.  

𝐽(𝜏) =  𝔼𝜏~𝜋[𝑅(𝜏)] = 𝔼𝜏 [∑𝛾𝑡𝑟𝑡

𝑇

𝑡=0

] 

This goal relies on the hypothesis that any purpose in the interaction of the agent with the 

environment over time can be “thought of as the maximization of the expected value of the 

cumulative sum of a received scalar signal (called reward)” (Sutton and Barto 2018a, 53). This 

reward hypothesis is often used to support the argument that RL constitutes a unified framework 

for artificial general intelligence. The idea is that the maximization of simple reward signals is the 
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enough to drive behaviors in different tasks related to intelligence, such as knowledge, learning, 

perception, social intelligence, language, generalization, and imitation (Silver et al. 2021).  

While the RL agent is usually trained in a simulation to maximize the expected cumulative reward 

of the MDP, depending on the problem it can be deployed to the real world, using the learned 

policy with real sensors and real actuators, such as in robotics. 

 Challenges in reward functions 

The agent learns from the dynamics of the environment, with its two functions. While the 

transition function 𝑃(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡), describes the probabilities that underly the model of the world, 

the reward function ℛ(𝑟𝑡|𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) provides the feedback signal that the agent is trying to 

maximize over a time horizon. The design of good reward functions is an open problem in RL and 

it includes many challenges.  

In the canonical approach to RL, the signals produced by the reward function should not 

communicate how designers expect the agent to behave or with subgoals designed to facilitate 

learning but only an assessment of the agent’s progress towards the real goal that they expect it 

to achieve (2018a, 53–54, 469). Without behavioral bias from the designer, the agent can 

potentially discover optimal behaviors for the task at hand. However, while the interpretation of 

goals as reward signals might be easier in simple and well-defined tasks, goals involve design 

preferences, different interpretations, multiple criteria, or even undefined components, which 

make the design of the reward function challenging.     

Besides, even if it is straightforward to associate the goals with the rewards, identifying the state-

action pairs that are tightly related to the success or failure with the respect to the goals and 

assigning an informative reward signal can be hard, especially for complex tasks and ill-defined 

problems. Besides, even it is possible to systematically define proper values for the reward 

function and to identify the key state-action pairs to trigger its signals, these pairs may be few, so 

the information provided to the agent toward a goal can be infrequent; this is the problem of 

reward sparsity.  

Let’s consider some common reward function types derived from basic RL problems. 

Board games such as tic-tac toe, chess, or go are two-player games that can be modelled as zero-

sum games (Table 23). This means that they are purely competitive games where the gained 

resources of the winner are equal the resources losses by the other player i.e., they sum to zero. 

Typically, in RL, the reward function for these games assigns a constant value to the winner and 

the negative of that value to the loser at the end of the game. 

In other toy problems from RL, such as mountain car or cartpole, there is a task that should be 

solved by a single agent in an episode with a fixed number of steps.  

In mountain car (Table 23) there is a car with a weak engine, which can move it to the left or right 

on the screen. It starts at the bottom of valley, and it should be able to move to the top of the hill 

on the right, where there is a target represented by a flag. To reach the peak with the target, the 
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agent should learn to move to combine continuous movements to the left and right with the 

gravity. To represent the urgency of the task, the reward function assigns a -1 value to the agent 

to every step. If the agent reaches the target before the maximum number of steps, the reward 

function returns 0. Therefore, the longer the agent takes to reach the target or, in the extreme, if 

it does not reach the target until the maximum number of episodes, it will accumulate more 

negative reward signals. 

In cartpole (see Table 23) a cart can move along a flat line representing a frictionless track and it 

has an un-actuated pole attached to its body by a pin joint.  The agent can control the cart by 

applying a force of +1 or -1. At the beginning, the pendulum starts upright, and if the falls over an 

angle that is more than 15° from vertical the episode is over. The cart should try to be close to the 

center of the track, so if it is further than 2.4 units from the center, the episode is also over. In 

contrast to mountain car, where the agent tries to end the episode as far as possible, the goal here 

is to keep the pole balanced and the cart close to the center as long as possible – i.e., until the max 

number of steps is reached.  

Table 23 Examples of reward functions 

Task Image Reward functions 

games such as 
tic-tac toe, 
chess, or go. 

 

𝑟 =  {
+𝑐 𝑖𝑓 𝑎𝑔𝑒𝑛𝑡 𝑤𝑖𝑛𝑠
−𝑐 𝑖𝑓 𝑎𝑔𝑒𝑛𝑡 𝑙𝑜𝑠𝑒𝑠
0 𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒

 

mountain car. 

 

𝑟 = {
0 𝑖𝑓 𝑎𝑔𝑒𝑛𝑡 𝑤𝑖𝑛𝑠
−𝑐 𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒

}  

cartpole. 

 

𝑟 = {
0 𝑎𝑔𝑒𝑛𝑡 𝑙𝑜𝑠𝑒𝑠
+𝑐 𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒

}  

 

RL typically learns by interacting with the environment and trying different actions, so the 

intermediate rewards signals of these examples do not provide valuable indication of partial 

achievements that can lead to the final goal. In the first example, the only informative reward 
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signals happen at the end of the episode, indicating victory or loss. In the other cases the reward 

signal is not informative during the episode because all state-action pairs result in the same value. 

However, the number of timesteps as the episode is over will determine how much positive or 

negative reward the agent accumulated. 

To successfully learn in these environments, the agent can wander for longer periods over multiple 

episodes without any indication of progress. If the agents cannot succeed it won’t propagate any 

informative reward signal to the earlier stages of the simulation to create a proper policy. 

Besides, associated with the sparse rewards is the problem of credit assignment: how to distribute 

credit for every action in the sequence of decisions that resulted in the success or failure of the 

agent when it receives an informative reward?  

 Challenges in deep reinforcement learning 

The structure of RL, based on the interaction of the agent with the environment imposes in many 

challenges for deep learning that are non-existent in other branches, such as supervised learning. 

The table below synthesizes the differences, some of which were based on ideas from (Sutton and 

Barto 2018a, 195–96; Graesser and Keng 2019, 18–21). 

Table 24 Supervised Learning x Reinforcement Learning 

 SL RL 

Data and algorithm 
coupling 

Dataset generated independently from algorithm Dataset is generated by agent during training 

Static dataset Agent changes the environment, which affects future 
decisions 

Access to information Access to labels (ground truth) for every sample Access to reward signal during interaction 

Reward signal is typically sparse 

All the training data is used for training Agent only access part of the environment states during 
training 

Stationarity Target function is stationarity Target function is nonstationary 

Credit assignment Success/error refers to decision over current data Delayed reinforcement of decisions 

Loss functions Loss function is directly related to the set of 
labeled examples 

Reward signals are used to construct a long-term 
objective 

Parallelization Learning is parallelizable Sequential nature of agent-environment interaction 
restricts parallelization 

 

These challenges show that RL is still a challenging field of research compared to other domains 

such as SL, so its applications tend to be restricted to domains where it is easy to generate huge 

amount of simulated data, such as board games, video games, and robotics.  

 Reward Engineering and Shaping 

The design of the reward function in RL is itself an active area of research. 

One common approach is to break the assumption that the reward function should not have 

components that add behavioral bias or incentivize agents to move towards success faster. This is 

a common practice in RL that is called reward engineering or reward shaping (Russell and Norvig 

2021, 807). It consists of augmenting the reward function with informative non-sparse reward 
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functions for RL based on domain knowledge and qualitative goals. This augmented reward 

function ℛ’ typically relies on an original function ℛ and additional shaping reward function 𝐹 with 

signals that make the original function smoother and help guiding the agent towards success 

(Equation 2). 

ℛ’(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1)  = ℛ(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1)  + 𝐹(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1)   Equation 2 

In the simple case, 𝐹 contains signals in additional transitions to indicate sub-goals and reinforce 

the path towards the original goal. However, in some cases, this can also distract the agents from 

the original goal, leading to trajectories in the new MDP that result in more cumulative rewards 

than achieving the original one.  

Ideally, in reward shaping the decision policy should be invariant under the modifications of the 

reward function, so that optimal policy the new MDP 𝑀′ = (𝑆, 𝐴, 𝑇, ℛ′) corresponds to the 

optimal policy in the original 𝑀 = (𝑆, 𝐴, 𝑇, ℛ). If the policy invariance can be ensured, an agent 

with an optimal policy in M’ will achieve the goal represented by ℛ in the original 𝑀. To guarantee 

that the 𝐹 does not create cycles that move the agent away from the optimal paths to the goal 

and preserve policy invariance, it can be defined as a potential-shaping reward function. In this 

case 𝐹 is the delta of a real-valued function 𝛷 of the states in the MDP, modified by the discount 

factor (Equation 3). 

𝐹(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) = 𝛾𝛷(𝑠𝑡+1) − 𝛷(𝑠𝑡) Equation 3 

Other guidelines for reward shaping (Bonsai 2017; Bilgin 2020, 315–18) include keeping the 

reward in a fixed range, such as [-1, +1], creating a smooth reward function with gradual feedback, 

correlating the rewards with the observation, expressing the reward and state with terms that are 

generalizable to variations of the problem, ensuring that reward incentives do not outweigh the 

original reward signal, ensuring that reward and terminal condition do not conflict, and using time-

step penalties if behavior should incorporate urgency. Also, it is possible to start with the reward 

function with augmented signals to accelerate learning and gradually remove the augmentation 

over training to ensure that the policy is compatible with the original MDP (Sutton and Barto 

2018a, 470). 

In the extreme case, the reward signal is designed based solely on the state information, so all the 

agent needs to do is to find the actions to get to and eventually stay at a better state over the time 

horizon. Heess et al (2017, 14) uses a set of reward functions based on state information for the 

locomotion of three distinct rigid-body creatures in a simulated environment with diverse terrains: 

a Planar walker, a Quadruped, and a Humanoid. These reward functions encode the idea that the 

agent should move along the x-axis, so they are mainly associated with the velocity of the body on 

this axis, but they also contain terms in the reward related to the specific characteristics of the 

bodies and the control applied to the joints. The main motivation of the paper is to show that 

combining a generic reward signal with a curriculum of increasingly challenging environments 
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enables the agent to learn complex behaviors, such as jumping.  

 

Figure 140 Time-lapse sequences of Planar Walker, Quadruped, and Humanoid. Source: Figures 4, 5, and 7 in (Heess et al. 

2017, 6–8). Reproduced with permission of DeepMind Technologies Limited. 

Table 25 Reward functions for rigid body creatures 

Agent Reward functions 

Planar walker 𝑟 = 10.0𝑣𝑥 + 0.5𝑛𝑧 − |∆ℎ − 1.2| − 10.0𝐼[∆ℎ< 0.3] − 0.1‖𝑢‖
2 

Quadruped 𝑟 =  𝑣𝑥 + 0.05𝑛𝑧 − 0.01‖𝑢‖
2 

Humanoid 𝑟 = 𝑚𝑖𝑛(𝑣𝑥 , 𝑣𝑚𝑎𝑥) − 0.005(𝑣𝑥
2 + 𝑣𝑦

2) − 0.05𝑦2 − 0.02‖𝑢‖2 + 0.02 

 𝑣𝑥: velocity along the x-axis 

𝑣𝑦: velocity along the y-axis 

𝑣𝑚𝑎𝑥: cutoff for the velocity set to 4m/s 

𝑦: position on the y-axis 

𝑛𝑧: projection of the torso coordinate frame onto the z-axis ∈ [-1.0, 1.0] 

𝑢: control applied to the joints 

∆ℎ: height of the torso above the feet 

 

It is also the case for the two-step deep reinforcement learning (RL) framework to learn 3D 

modeling policies developed by (Lin et al. 2020). This framework trains two agents that use 

primitive and mesh modeling as a sequential and hierarchical strategy to approximate a target 

shape 𝑂. To measure the quality of the actions of the agent that models with primitives, it relies 

on a reward function that combines the ratio between the intersection and the union between 

the modeled and the target shape with a term that counts the removed primitives. 
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Figure 141 The step-by-step procedure of 3D shape modeling. The first row of each sub-figure shows the Prim-Agent 

approximating the target shape by operating the primitives (steps 5, 10, 20, 40, 60, 80, 100, 200, and 300). The second row 

shows the Mesh-Agent approximating the target by mesh editing (steps 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100). Source: 

Figure 7 in  (Lin et al. 2020, 11). Reproduced by permission from Springer Nature: Springer Computer Vision – ECCV 2020 

Modeling 3D Shapes by Reinforcement Learning, Lin et al. © 2020 Springer Nature Switzerland AG (2020). 

 

Table 26 Reward function for agents that model 3-D shapes with primitives 

Reward function at 

𝑘𝑡ℎ step 
𝑅𝑘 = (𝐼1

𝑘
− 𝐼1

𝑘−1) + 𝛼1(𝐼2
𝑘
− 𝐼2

𝑘−1) + 𝛼2(𝑁
𝑘
− 𝑁

𝑘−1
) 

Global IoU 𝐼1 = 𝐼𝑜𝑈(∪𝑖 𝑃𝑖 , 𝑂) 

Local IoU 
𝐼2 =

1

𝐾
∑ 𝐼𝑜𝑈(𝑃𝑖 , 𝑂)

𝑃𝑖∈𝑃̅

 

 𝑁
𝐾

: number of deleted primitives at 𝑘
𝑡ℎ

 step 

𝐼𝑜𝑈: intersect over union 

𝑂: target model 

𝑃𝑖: one of the primitive shapes in the model 

∪𝑖 𝑃𝑖: union of the primitive shapes in the model 

𝑃̅: set of primitives not deleted yet 

𝐾: number of primitives not deleted yet 
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 Single-agent RL Algorithms 

In this section I will refer to a subset of RL methods, which will support the construction of the 

research framework. I use and cite multiple sources to support my description, but I mostly rely 

on the taxonomies in (Sutton and Barto 2018a; Graesser and Keng 2019; Morales 2020). 

There are different RL methods to train an agent to maximize the expected cumulative reward in 

the task environment. Some of these methods rely on basic concepts and ideas developed for the 

tabular case in RL, while others transpose these ideas to the deep learning setting. Here, I organize 

these methods around the three main functions that are learned or used by RL agents: value 

functions, policies, and a dynamics model of the environment (Figure 142). Each of these functions 

and their combinations support different classes of methods for learning the agent policy. Besides, 

in the extremities of the diagram, they also intersect with adjacent methods that are often not 

considered as part of RL, such as policy optimization and planning. 

 

Figure 142 Classification of RL, DRL, and adjacent methods based on the function learned/used. By Author, inspired by (AI 

2018; Graesser and Keng 2019, 11; Causevic 2020; Morales 2020, 26). 

The following sections present a set of algorithms based on this taxonomy. Each of these 

algorithms will be briefly described and analyzed. In order to provide a high-level and unified 

language to compare the algorithms, I use a diagram with the main components of the algorithms 

connected according to their specification — Figure 143. The diagram contains four nodes 

indicating the different parts of the algorithm. There is a node for a value function (V), which can 

be either a V or Q-value. There is a node for the policy function (π). There is a node for the 

trajectory (τ) and a node for the dynamics model (M).  The existence of the nodes and the potential 

connection between them depend on the configuration of the specific algorithm. Overall, this 

diagram is an abstraction, so there is some flexibility in the meaning of the nodes and edges, which 

will be specified over the next sections.  
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Figure 143 Template diagram with the anatomy of RL algorithms. Developed by the author based on (inspired by (Sutton and 

Barto 2018b, 162). By Author. 

7.7.5.1. Value-based methods 

 

Figure 144 Diagram of Dynamic Programming. By Author. 

Dynamic programming (DP) is one of the theoretical foundation of value-based methods for 

reinforcement learning (Sutton and Barto 2018a, 73–74). DP was developed by Richard Bellman 

as a mathematical tool for multi-stage decision processes based on their decomposition into a 

sequence of smaller problems (Bellman 1957). In RL, DP comprehends a collection of algorithms 

that compute approximations of a value function – i.e., a function that estimates 𝐽(𝜏) =

𝔼𝜏~𝜋[𝑅(𝜏)] – to support a search for good policies.  

There are two variations of the value function, which are dependent on a given policy 𝜋. The first 

one is the state-value function 𝑉𝜋(𝑠). It maps a given state of the MDP to the expected cumulative 

reward considering that the agent follows a certain policy 𝜋. The second is 𝑄𝜋(𝑠, 𝑎) and it maps a 

state action pair – i.e., the situation where the agent is at a state 𝑠 and takes the action 𝑎 – to the 
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expected cumulative reward as the agent follows a certain policy 𝜋. 

𝑉𝜋(𝑠) = 𝔼𝑠0=𝑠,𝜏~𝜋 [∑𝛾𝑡𝑟𝑡

𝑇

𝑡=0

] 

 

Equation 4 

𝑄𝜋(𝑠, 𝑎) = 𝔼𝑠0=𝑠,𝑎0=𝑎,𝜏~𝜋 [∑𝛾𝑡𝑟𝑡

𝑇

𝑡=0

] 

 

Equation 5 

A fundamental property of the return function in a MDPs is that, for a given policy, it satisfies a 

recursive relationship with the returns of the following steps. The Bellman equations express this 

recursive relationship for both value functions. In the case of the state-value function, the 

relationship between value of a certain state and the values of the successor states. In the case of 

the action-value function, the relationship between the Q-value of an action-value pair and the Q-

values of the successor pairs.  

𝑉𝜋(𝑠) = ∑𝜋(𝑎|𝑠)∑𝑃(𝑠′, 𝑟|𝑠, 𝑎)

𝑠′,𝑟

[𝑟 + 𝛾𝑉𝜋(𝑠′)]

𝑎

 

             = ∑𝜋(𝑎|𝑠)∑𝑃(𝑠′, 𝑟|𝑠, 𝑎)

𝑠′,𝑟

[𝑟 + 𝛾∑𝜋(𝑎′|𝑠′)𝑄𝜋(𝑠′, 𝑎′)

𝑎′

]

𝑎

 

 

Equation 6 

𝑄𝜋(𝑠, 𝑎) =∑𝑃(𝑠′, 𝑟|𝑠, 𝑎)

𝑠′,𝑟

[𝑟 + 𝛾∑𝜋(𝑎′|𝑠′)𝑄𝜋(𝑠′, 𝑎′)

𝑎′

] 

                 = ∑𝑃(𝑠′, 𝑟|𝑠, 𝑎)

𝑠′,𝑟

[𝑟 + 𝛾𝑉𝜋(𝑠′)] 
Equation 7 

 

DP relies on two steps: the computation of the value function for a given policy (policy evaluation) 

and the computation of an improved policy given the value function of that policy (policy 

improvement).  

The algorithms based on DP build an approximation of the desired value function, which is 

initialized arbitrarily (except for the terminal states, which should be 0). For the policy evaluation 

step, the Bellman equation is used as an update rule that will iteratively update the estimates for 

the value-function of a state by bootstrapping from the estimate values of a successor state 

combined with the information from the dynamics. While it is possible to use asynchronous 

strategies in DP, bootstrapping is typically computed in systematic sweeps through the state 

space, so the value-function approximation at timestep 𝑡 is used to build the values for the 

approximation at timestep 𝑡 + 1. 

For policy improvement, DP algorithms updates the previous policy of the agent by selecting the 

best performing action for every state with the updated value function approximation – i.e., by 

deriving a greedy policy. According to the policy improvement theorem, the new policy is as good 

or better than the original one, except for the case where the policy is already optimal (Sutton and 

Barto 2018a, 76–80). With the value function 𝑉 the agent only has direct access to the value of 
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states, so it must consider the next state 𝑠 from every available move and the transition probability 

of stochastic environments. In contrast, the state-action function 𝑄 learns from the larger domain 

of state-action pairs (𝑠, 𝑎), but it enables the selection of the best expected action at a certain 

state with a query over the argmax among the available actions.  

𝜋′(𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎𝑄
𝜋(𝑠, 𝑎) 

          = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎∑𝑃(𝑠′, 𝑟|𝑠, 𝑎)

𝑠′,𝑟

[𝑟 + 𝛾𝑉𝜋(𝑠′)] Equation 8 

The interaction between these two processes is called generalized policy iteration (GPI) and is the 

base for many RL methods (Sutton and Barto 2018a, 86–87). When the policy iteration stabilizes, 

the value function is consistent with the current policy. When the policy improvement stabilizes, 

the policy is greedy with the respect to the current value function. When both processes stabilize, 

the policy should be optimal for the MDP  

 

Figure 145 Diagram of model-free and value-based RL. By Author. 

In contrast to DP, which relies on the dynamics of the environment for computing one-step 

expected updates of the value function, model-free methods perform the general steps of policy 

evaluation and policy improvement without access to the model.  

In terms of policy improvement, model-free algorithms must adopt a policy that balances 

exploitation of the current estimates with continual exploration of the state space. To address this 

exploration-exploitation tradeoff, they use strategies that combine policy greedification with the 

respect to the current value estimates and randomness. For example, the ε-greedy policy selects 

random actions with probability 𝜀 ∈ [0,1] or the greedy action according to the current estimates 

with probability 1 − 𝜀. The greedy step exploits the current best estimates, and the random step 

ignores the estimates and explores new trajectories, which can potentially lead to better returns. 

At the beginning of a training session, 𝜀 is a large value for exploration, then it is reduced over 

training, so the agent switches to the exploitation of the best estimates. 

The policy evaluation step of model-free and value-based algorithms relies on learning the value 
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function from interaction with the environment. Usually, they update the estimates for the value-

function by bootstrapping from the estimate values of a successor state as they interact with the 

environment, which referred to as Temporal Difference Learning (TD-Learning) (Sutton and Barto 

2018a, 119–40). Variations of TD-learning also allow the use n-steps bootstrapping.  

The 𝑄-function is favored over the 𝑉-function for model-free algorithms because the argmax 

query eliminates the need of the knowing or the dynamics or estimating it by one-step look ahead 

computation during execution. Based on this recursive relationship of the Bellman equation, the 

𝑄-values of non-terminal states can be initialized with a constant or a random value, and as the 

agent interacts with the environment and generates trajectories, it can bootstrap the 𝑄-values 

with the reward received during the transition (𝑠, 𝑎, 𝑠’) and the biased estimate of the 𝑄𝜋(𝑠′, 𝑎′) 

discounted by 𝛾. 

The two expectations in the Bellman equation should be considered for the TD-updates of the Q-

values. 

If the environment is deterministic, this single update will always use the same transition, but if it 

is stochastic, the outer expectation and the transitions of the agent depend on the probability of 

𝑇(𝑠′|𝑠, 𝑎). The Q-values represent expectations that are built with updates from multiple 

trajectories as the agent interact with the environment, so the outer expectation can be replaced 

by real transitions, which can approximate the transition distribution over time.  

In the case of the inner expectation, the update relies on the distribution of the policy 𝜋 and the 

probability of selecting a specific action 𝑎’ at state 𝑠’. To address this expectation, the different 

value-based algorithms use different formulations of the TD-target for the update of the 

estimations ( 

Table 27).  

Table 27 Update rules for algorithms based on the Q-function 

Sarsa 𝑸𝝅(𝒔, 𝒂) ≈ 𝒓 + 𝜸 𝑸𝝅(𝒔′, 𝒂′) Equation 9 

Expected Sarsa 
𝑄𝜋(𝑠, 𝑎) ≈ 𝑟 + 𝛾∑𝜋(𝑎𝑖

′|𝑠′)

𝑎𝑖
′

𝑄𝜋(𝑠′, 𝑎𝑖
′) 

Equation 10 

Q-learning 𝑄𝜋(𝑠, 𝑎) ≈ 𝑟 + 𝛾 𝑚𝑎𝑥𝑎𝑖
′𝑄𝜋(𝑠′, 𝑎𝑖

′) Equation 11 

Deep Q-Networks (DQN) 𝑄𝜃(𝑠, 𝑎) ≈ 𝑟 + 𝛾 𝑚𝑎𝑥𝑎′𝑄
𝜃−(𝑠′, 𝑎′) Equation 12 

Double Deep Q-Networks 
(DDQN) 

𝑄𝜃(𝑠, 𝑎) ≈ 𝑟 + 𝛾 𝑄𝜃
−
(𝑠′, 𝑎𝑟𝑔𝑚𝑎𝑥𝑎′𝑄

𝜃(𝑠′, 𝑎′)) Equation 13 

 

Sarsa uses the next action that was selected by the agent in the production of the trajectory for 
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the update. This is the reason that it is called an on-policy method. In contrast, Expected Sarsa and 

Q-learning are off-policy methods. Expected Sarsa derives the probability distribution over action 

from the policy to explicitly calculate the expectation. Q-learning relies on the Bellman optimality 

equation, so it uses the maximum 𝑄-value in the next state for the update, which is equivalent of 

assuming that a greedy policy was followed on that step. 

Algorithm 6 Q-learning based on (Sutton and Barto 2018a, 131) 

1: Algorithm parameters: step size 𝛼 ∈ (0, 1],  small 𝜀 > 0 

2: Initialize 𝑄(𝑠, 𝑎), for all 𝑠 ∈ 𝑆+, 𝑎 ∈ 𝐴(𝑠), arbitrarily except that 𝑄(𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 ,·) = 0 

3: Loop for each episode: 

4:  Initialize s 

5:  Loop for each step of episode: 

6:   Choose 𝑎 from 𝑠 using policy derived from 𝑄 (e.g., ε-greedy) 

7:   Take action 𝑎, observe 𝑟, 𝑠’ 

8:   𝑄(𝑠, 𝑎)  ← 𝑄(𝑠, 𝑎)  +  𝛼 [𝑟 + 𝛾 𝑚𝑎𝑥𝑎𝑖
′  𝑄(𝑠’, 𝑎𝑖

′)  −  𝑄(𝑠, 𝑎)] 

9:   𝑠 ← 𝑠′ 

10:  until 𝑠 is terminal 

 

Sarsa and Q-learning are originally tabular methods, which store the estimated value of every 

state-action pair (Q-values) explicitly in a table. However, it is possible to extend them to the DRL 

setting by using neural networks to approximate the Q-functions by using the TD-target as a loss 

function.  

While deep learning setting removes some theoretical guarantees of convergence from the 

tabular setting, it enables the application to more complex problems in larger MDPs. For example, 

DQN was developed by DeepMind based on tabular Q-learning and deployed to train neural 

networks to play Atari games based on the high-dimensional sensory input (Mnih et al. 2013; 

2015). The same algorithm was trained with raw images of the games, surpassing the performance 

of previous algorithms, and achieving human performance across a set of 49 games. 

In Deep Q-Networks (DQN), neural networks represent the Q-function, so the change in the 

estimates can be achieved by changing their parameters. More specifically, DQN uses two deep 

neural networks with the same architecture (the on-line network 𝑄𝜃 and the target network 𝑄𝜃
−

) 

to estimate the Q-values. The target network 𝑄𝜃
−

 is basically a version of 𝑄𝜃 that is only updated 

periodically for the stability of the training. 

In the interaction step, the agent uses an ε-greedy policy and the on-line network 𝑄𝜃 to generate 

observations (𝑠, 𝑎, 𝑟, 𝑠’) in the environment. The observations are added to a large memory buffer 

𝐷 and later retrieved for training. The buffer randomizes the data, removing the correlation 

between observation samples and reducing the variance for the updates.  

For the policy evaluation, the algorithm updates the current estimate of 𝑄𝜃 with a batch of 

observations (𝑆, 𝐴, 𝑅, 𝑆’) retrieved from the replay buffer 𝐷, which increases sample efficiency and 

enables the use of parallelization. The target network 𝑄𝜃
−

 is used for the estimation of the max 
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Q-value of the state 𝑠’.𝑄𝜃 is trained with a gradient descent method using the mean squared error 

(MSE) between its estimate and the TD-target based on 𝑄𝜃
−

. The TD-step in DQN treats the target 

as used as a temporary ground truth for the policy estimation, which results in an update like in 

regression, but with a target that is nonstationary and that depend on the parameters of the 

neural network. 

Algorithm 7 Deep Q-learning with Experience Replay - based on (Mnih et al. 2013, 5) 

1: Initialize replay memory 𝐷 to capacity 𝑁  

2: Initialize action-value function 𝑄 with random parameters 𝜃  

3: for episode = 1, M do  

4:  Initialize sequence 𝑠1  

5:  for t = 1, T do  

6:   With probability ϵ select a random action 𝑎𝑡  

7:   otherwise select 𝑎𝑡 = 𝑚𝑎𝑥𝑎𝑄
𝜃(𝜑(𝑠𝑡), 𝑎)  

8:   Execute action 𝑎𝑡 in simulation and observe reward 𝑟𝑡 and 𝑠𝑡+1   

9:   Store transition (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) in 𝐷  

10:   Sample random minibatch of transitions (𝑠𝑗 , 𝑎𝑗 , 𝑟𝑗 , 𝑠𝑗+1)  from 𝐷  

11:   Set 𝑦
𝑗
= {

r𝑗 for terminal 𝑠𝑗+1

r𝑗  +  γ max𝑎′𝑄
𝜃−. (𝑠𝑗+1, a′) for nonterminal 𝑠𝑗+1

  

12:   Perform a gradient descent step on (𝑦
𝑗
 −  𝑄𝜃(𝑠𝑗, 𝑎𝑗))

2
 

13:   Every c time steps θ− ← θ 

14:  end for  

15: end for 

There are many variations of DQN that attempt to improve its different components. For example, 

in Double DQN (DDQN) (van Hassel, Guez, and Silver 2016) the max Q-value estimated by 𝑄𝜃− in 

the TD-target is replaced by the estimate of 𝑄𝜃−of the argmax of the online network for the same 

state, to prevent over-estimation. Other variations are synthesized and analyzed in (Hessel et al. 

2018). 

7.7.5.2. Policy-gradient 

 

Figure 146 Diagram of Vanilla Policy Gradient. By Author. 
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Policy-gradient methods rely on learning the policy 𝜋, which allows an agent to take the decisions 

over time by directly reacting to the observations. A policy can be either deterministic or 

stochastic. In the former case, the function maps a state to a single action. In the latter case, the 

function maps a state to a probability distribution from which the selected action should be 

sampled. There are many advantages in learning a parameterized model for the policy instead of 

the value-function or the transition. First, discovering a good policy is the final goal of RL, so policy-

based methods avoid additional steps, such as learning other aspects of the environment. It can 

address continuous action spaces and it enables the injection of prior knowledge in the form of 

the policy. Besides, the algorithm based on policy gradient was originally developed for 

parameterized models, such as neural networks, and not to the tabular setting, so it is a natural 

choice for DRL. 

The foundation for policy-based methods is the algorithm REINFORCE (Williams 1992), which 

learns a parameterized policy 𝜋𝜃(𝑠) that is represented by a neural network. With different 

parameters, a neural network with a fixed architecture can represent different policies. Good 

policies are represented by neural networks with parameters that produce trajectories that 

increase the expected cumulative return 𝐽(𝜏) =  𝔼𝜏~𝜋𝜃[𝑅(𝜏)]. Potentially, having the gradient of 

this function 𝐽 with the respect to the network parameters (∇𝜃𝐽(𝜋
𝜃)) would enable improving the 

performance of the policies by changing the neural network parameters towards the gradient 

ascent. However, it is not possible to differentiate 𝐽 because it depends on the effects of the policy 

on the state distribution, which include parts of the environment, such as the transition 𝑇 or the 

reward function ℛ, that may be unknown or may not be differentiable. To address this problem, 

the policy gradient theorem derives an identity of that gradient that is differentiable (Williams 

1992; Sutton and Barto 2018a, 324–26; Graesser and Keng 2019, 26–28).  

∇𝜃𝐽(𝜋
𝜃) = 𝔼𝜏~𝜋𝜃 [∑𝑅𝑡(𝜏)∇𝜃𝑙𝑜𝑔𝜋

𝜃(𝑎𝑡|𝑠𝑡)

𝑇

𝑡=0

] Equation 14 

This identity is referred to as the policy gradient and it shows that the expected sum of the log 

gradients of the actions 𝑎𝑡 from the trajectory 𝜏 sampled by the neural network 𝜋𝜃multiplied by 

the corresponding return of the trajectory 𝑅𝑡(𝜏) is equivalent to the gradient of the original 

function. With this policy gradient estimate, it is possible to update the parameters of the neural 

networks to increase the probability of actions that are associated with good returns and decrease 

the probability of the bad ones. 

In contrast to value-based methods, which typically rely on bootstrapping, REINFORCE uses Monte 

Carlo to iteratively sample trajectories using the current policy (Algorithm 8- line 4). Then, for each 

step of the current trajectory, it calculates the return (line 7) and computes the policy gradient 

(line 8). Finally, the algorithm updates the policy network parameters using a step weighted by a 

parameter 𝛼 towards the sum off all the policy gradients calculated in the trajectory (line 10). 
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Algorithm 8 REINFORCE  – based on (Sutton and Barto 2018a, 328; Graesser and Keng 2019, 31) 

1: Initialize learning rate α > 0 

2: Initialize the parameters θ ∈ ℝ𝑑  of a policy network 𝜋𝜃 

3: for each episode in a max number of episodes: 

4:  Sample a trajectory τ = 𝑠0, 𝑎0, 𝑟0, . . . , 𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡  , following πθ(⋅ | ⋅) 

5:  Set gradient ∇θJ(𝜋
𝜃)  ←  0 

6:  Loop for each step of the episode 𝑡 =  0, 1, . . . , 𝑇: 

7:  define return Rt(τ) ← ∑ γt
′−trt

T
t′=t  

8:   accumulate gradient ∇θJ(𝜋
𝜃) ← ∇θJ(𝜋

𝜃) + Rt(τ)∇θ log 𝜋
𝜃(at|st)   

9:  end for 

9: Perform a gradient step on θ ← θ + α∇θJ(𝜋
𝜃) 

10: end for 

 

REINFORCE is an on-policy algorithm because every iteration relies on a single trajectory generated 

by Monte Carlo sampling with the current policy for updating the neural network, which is an 

estimate without bias – i.e., it uses the actual return from the interaction. However, it results in 

high-variance, because of the potential differences in the episodes and of the stochasticity in the 

production of the trajectory, due to the policy and transition functions (Graesser and Keng 2019, 

32). Also, it is an on-policy algorithm, so it is sample inefficient, because the experience data 

generated with a policy must be discarded after updating that policy. As a result, policy gradient 

algorithms need a lot of data to converge.  

One way to reduce the variance in policy gradient algorithms is to replace absolute return values 

by values relative to an action-independent baseline (Graesser and Keng 2019, 32–33). This can 

be achieved by subtracting the return of the trajectory by different baselines that do not vary with 

the action selection, so the new term theoretically collapses to zero in the gradient. Examples of 

the baselines include a, the mean reward, or even the state value of initial state. Additionally, the 

term can also be replaced by an advantage function (Graesser and Keng 2019, 135), which is 

defined by the difference between the action-value and state value functions: 𝐴𝜋(𝑠, 𝑎) =

𝑄𝜋(s, 𝑎) − 𝑉𝜋(𝑠).  

7.7.5.3. Actor-critic algorithms 

To improve policy gradient methods and reduce its variance, a common approach is to combine it 

with value-based methods. In this context, a natural candidate for a baseline for policy gradient 

methods is to use a parameterized state value function 𝑉. The policy network is called the actor 

because it selects the action, while the value-function is called the critic, because it critiques the 

actions – i.e., it provides additional feedback for training the actor as a baseline. In comparison to 

the return estimated by Monte Carlo sampling in REINFORCE, the critic introduces bias has a low 

variance. Besides, the 𝑉 function can bootstrap reward information and create a learned 

informative signal that can reduce uncertainty, reduce sparsity of rewards, and accelerate learning 

(Graesser and Keng 2019, 135).  
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Figure 147 Diagram of Advantage Actor-critic algorithms. By Author. 

Notice that the return function 𝑅𝑡(𝜏) in the policy gradient is based on the trajectory rewards and 

is an estimate of 𝑄𝜋(𝑠, 𝑎). Both value functions compose an advantage function in the form of 

Equation 15, which indicates the difference between taking the action 𝑎 in the state 𝑠 and of 

following the policy’s default action (Sutton et al. 2000; Mnih et al. 2016). With an advantage 

function, the policy gradient penalizes or credits actions relatively to the state value. Therefore, it 

captures the long-term effects of the action from the current time step on and in relation to all 

the available actions.     

In a typical estimation of the advantage function, the value function 𝑉 is learned by the critic while 

the action-value function 𝑄 is estimated with a combination of the return function in a certain 

horizon and the estimate of 𝑉 for a future state (Equation 16). This combination establishes a 

trade-off between the high variance no bias of the cumulative and discounted rewards with the 

low variance and high bias of the estimate of the 𝑉 value. As an alternative to estimate with a fixed 

𝑛 of steps, the Generalized Advantage Estimation (GAE, Equation 17) (Sutton et al. 2000; Schulman 

et al. 2017) uses a exponentially weighted average of advantages with multiple values of 𝑛. GAE 

uses a decay parameter 𝜆, which controls the bias-variance tradeoff. With 𝜆 = 0, GAE is equivalent 

to the TD-estimate (high bias, low variance), and with 𝜆 = 1, it is a Monte Carlo estimate of returns 

(low bias, high variance).  

𝐴𝜋(𝑠𝑡 , 𝑎𝑡) = 𝑄
𝜋(𝑠𝑡 , 𝑎𝑡) − 𝑉

𝜋(𝑠𝑡) Equation 15 

𝐴𝑁𝑆𝑇𝐸𝑃
𝜋 (𝑠𝑡 ,  𝑎𝑡) ≈ [∑𝛾𝑛𝑟𝑡+n

𝑁

𝑛=0

] +  𝛾𝑛+1𝑉𝜋(𝑠𝑡+𝑛+1) − 𝑉
𝜋(𝑠𝑡) Equation 16 

𝐴𝐺𝐴𝐸
𝜋 (𝑠𝑡 ,  𝑎𝑡) ≈∑(𝛾𝜆)𝑙

∞

𝑙=0

(𝑟𝑡+𝑙 + 𝛾𝑉
𝜋(𝑠𝑡+𝑙+1) − 𝑉

𝜋(𝑠𝑡+𝑙)) Equation 17 
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∇𝜃𝐽(𝜋
𝜃) = 𝔼𝜏~𝜋 [∑𝐴𝜋(𝑠𝑡 , 𝑎𝑡)∇𝜃𝑙𝑜𝑔𝜋

𝜃(𝑎𝑡|𝑠𝑡)

𝑇

𝑡=0

] Equation 18 

 

The actor-critic algorithms rely on separate function approximators for the actor and the critic. 

However, they are often implemented as a neural network with a shared body (initial layers) and 

separate network heads (the final layers) for the different functions. This allows both to build a 

common representation based on the state information, then establish custom features for their 

distinct tasks in the independent portion of the neural network. 

There are many alternatives to train actor-critic algorithms. For example, in Advantage Actor-Critic 

(A2C, see  

Algorithm 9), the actor can be trained with the policy gradient function updated with one of the 

advantage functions (see Equation 18). Optionally, an entropy regularization term 𝐻 can be 

subtracted from the loss function. The term encourages exploration by incentivizing policies with 

more uniform distributions.   

Part of the computation to estimate the advantage, can also be used to estimate the 𝑉 target to 

train the critic (Graesser and Keng 2019, 140–41). If the actor-critic algorithm uses the 𝐴𝑁𝑆𝑇𝐸𝑃
𝜋 , 

the n-step estimation of the 𝑄-value can be used as a 𝑉 target value. If the 𝐴𝐺𝐴𝐸
𝜋  is computed, the 

𝑉 target can be derived by subtracting the current 𝑉 estimate from 𝐴𝐺𝐴𝐸
𝜋 . 

Algorithm 9 Advantage Actor-Critic (A2C)  – based on (Graesser and Keng 2019, 141–42) 

1: Set parameters 𝛽 ≥  0 (entropy weight), 𝛼𝐴 ≥  0 (actor learning rate), 𝛼𝐶 ≥  0 (critic learning rate) 

2: Randomly initialize the actor and critic parameters 𝜃𝐴, 𝜃𝐶  

3: for episode = 0 . . . MAX_EPISODE do  

4:  Gather and store data (𝑠𝑡 ,  𝑎𝑡 ,  𝑟𝑡 , 𝑠𝑡+1 ) by acting in the environment with policy 𝜋𝜃  

5:  for t = 0 . . . T do  

6:   Calculate predicted 𝑉̂𝜋(𝑠𝑡) using the critic network 𝜃𝐶   

7:   Calculate the advantage 𝐴𝜋(𝑠𝑡, 𝑎𝑡) using the critic network 𝜃𝐶   

8:   Calculate 𝑉𝑡𝑎𝑟𝑔𝑒𝑡
𝜋 (𝑠𝑡)  using the critic network 𝜃𝐶  and/or trajectory data  

9:   Optionally, calculate entropy 𝐻𝑡  of the policy distribution, using 𝜃𝐶 . Otherwise, set 𝛽 = 0  

10:  end for  

11:  Calculate value loss using MSE: 𝐿𝑣𝑎𝑙(𝜃𝐶) =
1

𝑇
∑ (𝑉̂𝜋(𝑠𝑡) − 𝑉𝑡𝑎𝑟𝑔𝑒𝑡

𝜋 (𝑠𝑡))
2𝑇

𝑡=0  

12:  Calculate policy loss: 𝐿𝑝𝑜𝑙(𝜃𝐶) =
1

𝑇
∑ (−𝐴𝜋(𝑠𝑡 , 𝑎𝑡)∇𝜃𝑙𝑜𝑔𝜋

𝜃(𝑎𝑡|𝑠𝑡) − 𝛽𝐻𝑡)
𝑇
𝑡=0  

13:  Perform a gradient step on critic: 𝜃𝐶  ←  𝜃𝐶 − 𝛼𝐶  𝛻 𝜃𝐶𝐿𝑣𝑎𝑙(𝜃𝐶)  

14:  Perform a gradient step on actor: 𝜃𝐴  ←  𝜃𝐴 − 𝛼𝐴 𝛻 𝜃𝐴𝐿𝑝𝑜𝑙(𝜃𝐴) 

15: end for 

 

One of the challenges of policy gradient algorithms such as REINFORCE and A2C algorithms is that 

they rely on an indirect optimization. They update the actor in the parameter 𝜃 ∈ ℝ𝑑 but the 

performance is evaluated by the trajectories generated by the policies 𝜋𝜃 ∈ 𝛱  in the 



254  

environment. As the distances in these spaces do not necessarily correspond, it is hard to define 

the proper step size 𝛼 for the gradient update. Besides, as the mapping between the two spaces 

is not isometric, so a small update in 𝜃 can potentially lead to a large update in 𝜋𝜃. This can not 

only hurt the sample efficiency of the algorithm but also lead to performance collapse (Graesser 

and Keng 2019, 165–67). To solve this problem, algorithms such as Natural Policy Gradient (NPG), 

Trust Region Policy Optimization (TRPO), and Proximal Policy Optimization (PPO) change the 

update mechanism to guarantee the improvement of the policy during training. 

7.7.5.4. Black-box policy optimization 

 

Figure 148 Diagram of Black-box Policy Optimization. By Author. 

Direct policy search with black-box algorithms is typically not included in the field RL because its 

formulation does not exploit the structure of the MDP. However, it performs a task that is similar 

to the policy-gradient algorithm – i.e., it searches for good policies in a certain task environment 

–, using an optimization algorithm.  

There are many optimization algorithms under the umbrella of black-box policy optimization or 

direct policy search, but the most common are in the class of evolutionary algorithms, which rely 

on computational methods inspired by mechanisms of biological evolution (Brownlee 2012, 91). In 

policy optimization, these algorithms are used to evolve agent programs in different forms of 

representation, from string representations to deep neural networks. In some cases, such as in 

genetic algorithm or genetic programming, the optimization uses strategies inspired by population 

evolution and genetic mechanisms to explore candidates for the policy. In other cases, such as in 

Covariance matrix adaptation evolution strategy (CMA-ES), the algorithm explores the parameters 

of a distribution from which it samples policy candidates. Besides, while policy gradient algorithms 

rely on the sequential information provided by the MDP for learning, black-box optimization 

typically uses a fitness value, such as the final return of one or more episodes, for the performance 

evaluation of the policy candidates. 

As this category is a large umbrella for different approaches, I will briefly mention notorious 

examples and discuss its relationship with policy gradient and DRL. 
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Holland’s framework for complex adaptive systems (cas) (Holland 1995; 2012) included the 

capacity to adapt or learn by changing its program so that it performs better in its environment. 

Each agent program is represented internally as a string that encodes its rule set. To evolve the 

agents, Holland combines rule-discovery by genetic algorithms and an evaluation by credit 

assignment. The genetic algorithms generates new internal representations with new rules for the 

agents (Holland 1995, 60–80). Then, a custom credit assignment approach called the bucket 

brigade algorithm (Holland 1995, 53–56) is used to evaluate what rules perform better in a specific 

task environment.   

Koza (1992) addressed the problem of program induction by developing a variation of evolutionary 

algorithms called genetic programming (GP). In contrast to genetic algorithms, which typically rely 

on a representation in the form of a string or a list, GP addresses the optimization of hierarchical 

computer programs of dynamically varying size and shape, represented as tree data structures by 

symbolic expressions. These trees contain functions in its inner nodes and atoms (or input for the 

programs) in the terminal nodes. GP relies on many properties for the representation, such as 

closure and sufficiency. The former indicates that each function in the function set available for 

the nodes should accept as its argument any value or data type returned by any function in the 

set or in the terminal set. The latter indicates that the terminal and function set should be able to 

express a solution to the problem. 

A population of candidates form a generation, which is tested in the task environment with pre-

defined fitness cases. The fitness evaluation over the different cases is used for ranking each 

candidate. Then, the algorithm selects genetic operations probabilistically. In some cases, a 

candidate with a good fitness is reproduced in the next generation, in other cases two strong 

candidates are selected for crossover, generating two new candidates for the next generation. 

Additionally, operations such as mutation and permutation can also be incorporated to increase 

the diversity of the population. From an initially generated population, this process repeats over 

multiple iterations to generate programs with better performance. 

Sims (1994a; 1994b) created a methodology similar to genetic programming to evolve artificial 

creatures that can perform specific tasks in a simulation. Each creature is composed of connected 

rigid bodies, sensors, effectors, and brain. The body morphology is represented by a directed 

graph, with developmental instructions for generating a creature. The brain is a directed graph of 

neurons with mathematical operations conditioned on the configuration of the morphology graph 

with additional external neurons and connections for centralized control. These graph genotypes 

for body and brain result in a creature phenotype that is evaluated in a task in a physics simulation. 

The individuals with larger fitness survive and offspring creatures are generated by mutations, 

crossovers, and grafting operations on the graphs. 

Like policy gradient, black-box policy optimization can also address parameterized policies. It 

performs well in small and medium parameter spaces. In more specific video game domains, such 

as in Tetris, genetic algorithms, cross entropy, and CMA-ES have often surpassed many of the 

conventional RL approaches or have been integrated to them for better performance (Algorta and 
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Şimşek 2019). 

When policy optimization is combined with neural networks, it is commonly referred to as neuro-

evolution. Instead of estimating gradient of the model parameters with the respect to the 

expected return, it uses evolutionary algorithms to explore model parameters. It updates the 

parameter 𝜃 ∈ ℝ𝑑 for the actor but the performance is evaluated by the return of trajectories 

generated by the policies 𝜋𝜃 ∈ 𝛱.  It is a straightforward approach that does not access the MDP 

or any gradient of the policy model. This simplifies the computation, because there is no need to 

consider a time horizon, reward distribution, or propagating gradients. Salimans et al. (2017) 

showed that evolutionary algorithms, such as evolution strategies, are highly parallelizable, 

because they operate on complete episodes and consider a scalar return as the fitness value, so 

they require less communications between workers. Besides, they do not require value-function 

approximations. Overall, they demonstrate that evolutionary algorithms can be a competitive 

alternative to learn policies on large domains typically addressed with DRL algorithms, such as 

Atari games and robotic control.  

Algorithm 10 Parallelized Evolution Strategies (Salimans et al. 2017, 3) 

1: Input: Learning rate α, noise standard deviation σ, initial policy parameters θ0 

2: Initialize: 𝑛 workers with known random seeds, and initial parameters θ0 

3: for 𝑡 =  0, 1, 2, . .. do 

4:  for each worker 𝑖 =  1, . . . , 𝑛 do 

5:   Sample 𝜖𝑖~ 𝑁(0, 𝐼) 

6:   Compute returns 𝐹𝑖 = 𝐹(θ𝑡 + σ𝜖𝑖) 

7:  end for 

8:  Send all scalar returns 𝐹𝑖  from each worker to every other worker 

9:  for each worker 𝑖 =  1, . . . , 𝑛 do 

10:   Reconstruct all perturbations 𝜖𝑗 for 𝑗 =  1, . . . , 𝑛 using known random seeds 

11:   Set θ𝑡+1 ← θ𝑡 + α
1

𝑛σ
∑ 𝐹𝑗𝜖𝑗
𝑛
𝑗=1  

12:  end for 

13: end for 

 

7.7.5.5. Model-based algorithms and hybrids 

The dynamics model of an environment describes the consequences of the actions of the agents 

at the different states. It is a useful resource that enables the agent to foresee the potential next 

states and rewards for its different courses of action. However, RL algorithms typically assume that 

the information about the dynamics of the environment is not available for training, so the agent 

relies on the real experience generated by the environment, and tables or approximations of 

values or policy functions, to derive good courses of action. These algorithms are model-free, and 

they focus direct reinforcement learning by trial and error. 

RL also comprehend model-based methods, which use simulated experience from the model of 

the environment to discover good policies - i.e., they rely on planning. Sutton and Barto provide a 

unified view of state-space planning methods for model-based RL that comprehends background 
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planning and decision-time planning (Sutton and Barto 2018a, 159–93). According to them, all 

these methods estimate value functions by backing-up updates applied to simulated experience 

and they use that estimate to improve a policy or an optimal path to a goal (2018b, 182).  

Background planning is used to gradually improve the value function with simulated experiences 

from the model. Before an action is selected, planning is used to update the table or function 

approximator, which then can be used for action selection. For example, dynamic programming 

(DP) methods introduced in 7.7.5.1 assume that the dynamics function is given, so they compute 

sweeps of one-step expected updates of the value function. After DP computes the value-function 

off-line, it is possible to derive a good policy for any state of the MDP. Even if the model is not 

given or if the agent must operate in real-time, there are algorithms that combine learning from 

direct reinforcement learning and background planning. For example, Dyna-Q uses the real 

experiences in the environment both for Q-learning and for learning the dynamics. Inside the 

learning loop, the learned dynamics model is used for a Q-planning update – i.e., the model 

provides the transition and reward for a sampled state, action pair, which are used to improve the 

estimates of the Q-values. 

 

Figure 149 Diagram of Dyna-Q. By Author. 

Algorithm 11 Tabular Dyna-Q – based on (Sutton and Barto 2018b, 164) 

1; Initialize 𝑄(𝑠, 𝑎) and 𝑀𝑜𝑑𝑒𝑙(𝑠, 𝑎) for all 𝑠 ∈ 𝑆 and 𝑎 ∈ 𝐴(𝑠) 

2: Loop forever: 

3:  (a) 𝑠 ← current (nonterminal) state 

4:  (b) 𝑎 ← ε-greedy(𝑠, 𝑄) 

5: (c) Take action 𝑎; observe resultant reward, 𝑟, and state, 𝑠’ 

6: (d) 𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + α[𝑟 + 𝛾 𝑚𝑎𝑥𝑎′𝑄(𝑠
′, 𝑎′) −  𝑄(𝑠, 𝑎)] 

7: (e) 𝑀𝑜𝑑𝑒𝑙(𝑠, 𝑎) ← 𝑟, 𝑠’ (assuming deterministic environment) 

8: (f) Loop repeat 𝑛 times: 

9:  𝑠 ← random previously observed state 

10:  𝑎 ← random action previously taken in 𝑠 

11:  𝑟, 𝑠’ ← 𝑀𝑜𝑑𝑒𝑙(𝑠, 𝑎) 

12:  𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + α[𝑟 + 𝛾 𝑚𝑎𝑥𝑎′𝑄(𝑠
′, 𝑎′) −  𝑄(𝑠, 𝑎)] 
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According to Sutton and Barto’s unified view of model-based RL, another alternative for model-

based algorithms is decision-time planning, which includes conventional heuristic search in 

artificial intelligence and rollout algorithms (2018b, 181–85). In contrast to other RL methods, 

where the output is a value or policy function that can be used to select actions at different states, 

decision-time planning uses the memory and computational resources to discover the best course 

of action at a specific 𝑠𝑡.  

Search algorithms simulate sequences of action from the initial state in the model to find the ones 

that lead to a goal state (Russell and Norvig 2021, 64). In the off-line setting, planning by search 

results in a trajectory, which can be executed in the real environment. In the taxonomy developed 

by this research, these techniques are typically used to synthesize “satisficing” design alternatives 

based on designer aspirations and criteria (see composition in 1.3.4). In the case of decision-time 

planning for RL, the heuristic search is performed at a time step 𝑡 and results in a single action 𝑎𝑡. 

In this sense, a heuristic search is considered an extension of an action-selected method based on 

a greedy policy. This extension relies on a value function designed by humans and builds a search 

tree with simulated trajectories from 𝑠 over multiple steps. 

The rollout algorithms are decision-time planning algorithms that use Monte Carlo sampling to 

look for the best action at a state 𝑠𝑡. They rely on a rollout policy to generate a collection of 

simulated trajectories and averaging their return to produce estimates of the Q-values of all the 

available actions at 𝑠𝑡.  

In-between heuristic search, rollout algorithms, and heuristic search, there is a decision-time 

planning algorithm called Monte Carlo Tree Search (MCTS). The main ideas of MCTS were 

developed by Coulom (2006) and by Kocsis and Szepesvári (2006). Over the last decades, MCTS 

had great success in the longtime challenge of learning how to play the game of Go. MCTS It is one 

of the main components of the algorithms AlphaGo and AlphaGo Zero , which were developed by 

DeepMind to master the game of Go with (Silver et al. 2017). 

Overall, MCTS uses the rollout policy 𝜋𝑟𝑜𝑙𝑙to produce multiple simulated trajectories for 

incrementally constructing and extending a statistics tree rooted at the current state 𝑠𝑡, which in 

its turn supports the use of a planning tree policy 𝜋𝑡𝑟𝑒𝑒  that operates in the domain of the tree. 

This process is developed iteratively to guide the action selection for state 𝑠𝑡 towards trajectories 

with higher expected rewards. The statistical tree can be either discarded after the selection of 

action 𝑎𝑡, so a new search is executed to find the best action at state 𝑠𝑡+1, or the relevant 

estimates can be re-used for that search. 
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Figure 150 Diagram of MCTS. By Author. 

The MCTS algorithm consists of four steps inside a loop (Sutton and Barto 2018b, 186–87): 

1. Selection. Starting at 𝑠𝑡, a tree policy 𝜋𝑡𝑟𝑒𝑒 that balances exploration and exploitation, such 

as ε-greedy or UCT (Upper Confidence Bound), uses the estimates of the Q-values of the 

current tree to reach a leaf state node with unexplored actions. 

2. Expansion. If this leaf node was not visited before, it is selected for the simulation; 

otherwise, one or more unexplored actions are used to expand children state nodes – one 

of which is selected for the simulation. 

3. Simulation. The rollout policy 𝜋𝑟𝑜𝑙𝑙  is used to generate a collection of simulated episodes 

from an action at the selected node. Typically, MCTS is used in episodic tasks such as 

games, so each trajectory is over with the end of the game. However, it can also be limited 

by a time horizon for deep search trees or continuing tasks. 

4. Backup. Outside of the tree – i.e., over the state action values of the Monte Carlo 

trajectories – no value is updated. Inside the statistical tree, from the node and action 

selected to initialize the simulation step towards the root 𝑠𝑡, the return of trajectory is 

backpropagated to the edges. A backup operator such as mean, max, max with a 

confidence bound action-value of move with maximum count (robust max), or a mix 

between them is used to update the Q-values (Coulom 2006; Silver et al. 2017). The 

number of counts at each edge is also updated to support the backup operators and 𝜋𝑡𝑟𝑒𝑒. 

Model-based methods are good for situations where it is time consuming to gather real experience 

or when there is time available to use some form of planning. They tend to be more sample 

efficient because they can plan with simulated experiences. Besides, transition models are re-

usable for different tasks with different reward functions, so they can potentially support learning 

different tasks in the same environment. However, model-based methods are more 

computationally demanding. Background planning requires learning additional functions, such as 

the transition and the reward, and decision-time planning allocates all the computational 
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resources to select a single action.  

 Multi-agent RL algorithms and methods 

There are different methods to train multiple agents in a shared environment, which vary in the 

way that they address the learning process and the execution of the policy. 

In one extreme, using centralized training and execution allows the direct application of single-

agent and model-free algorithms with a centralized neural network. It assumes a model that maps 

the joint observation to the joint action of the agents, what in practice can be factored in the 

output of the neural networks (Gupta, Egorov, and Kochenderfer 2017). The advantage of 

centralized learning is that by learning in the joint action space, it can explicitly handle coordination 

of the agents. However, this approach leads to the exponential growth in the observation and 

actions space with the number of agents. Besides, a centralized neural network for training will 

learn the action space of several agents limited by its architecture. 

In the other extreme of the spectrum of MADRL methods, there is the concurrent or independent 

learning, which also enable the use of the standard RL algorithms. The neural network is used to 

train each heterogeneous agent, so the individual observations and rewards are used for training, 

while the other agents are treated as part of the environment. The advantage is that policy only 

learns to map a single agent’s observation to its action. However, independent learning is unstable 

due to the non-stationarity of all other agents adjusting their policies simultaneously throughout 

training, so it generally requires some form of communication to alleviate it. Besides, the agents 

do not share experiences, it adds sample complexity to the training, and it does not scale well to 

large number of agents (Gupta, Egorov, and Kochenderfer 2017). 

In between these extremes, there are other methods that try to conciliate the potential for 

coordination of centralized learning with the scalability of decentralized execution.  

For example, in the last years many specialized algorithms were developed under the paradigm of 

centralized training and decentralized execution (CTDE), which relies on centralization techniques 

that are used during training to support individual agents to develop cooperative policies, improve 

collective rewards, and stabilize training. COMA (Foerster et al. 2017) and MADDPG (Lowe et al. 

2017) use centralized critic networks to estimate a joint Q-function that relies on all available state 

and action information, which is shared with the decentralized actor networks representing the 

different agents. QMIX (Rashid et al. 2018) is a value-based methods that employs a network to 

estimate the joint Q-value as a non-linear combination of the Q-values of the individual agents 

derived from local observations.  After training, only the local agents are used at the execution 

stage.  

Another paradigm that became widespread in MADRL is parameter sharing (Gupta, Egorov, and 

Kochenderfer 2017; Justin K. Terry et al. 2021). In the parameter sharing approach, all the agents 

share the same individual policy, so the other agents are not interpreted merely as part of the 

environment. To ensure that a single policy can express a diversity of actions and agent types, the 

information in the observation is customized for the agent, which can include part of its own 
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internal state or its id. In the case of the value-function network, the observation can even be 

augmented with global information that will not be available during the execution. Besides, 

padding can be used for the cases where there are different observation or action sizes (Justin K. 

Terry et al. 2021, 8). In contrast to CTDE, parameter sharing is a simple approach that enables the 

use of the original RL algorithms with minimal modifications. It also works in the simpler 

observation and action spaces of the individual agents. The use of the shared policy enables 

training it with the data from all the agents, provides some level of centralization in the learning 

that can potentially mitigate non-stationarity, accelerate training (Justin K. Terry et al. 2021), and 

lead to emergent cooperative behavior (Gupta, Egorov, and Kochenderfer 2017). The 

disadvantage is that it relies on cases where a single policy is enough to model the range of 

behaviors in the system.  

Table 28 Synthesis of multi-agent approaches for RL 

 Multi-agent RL approaches 

 Centralized Concurrent/Independent CTDE Parameter Sharing 

Training Centralized Concurrent Centralized Parameter sharing 

Execution Centralized Decentralized Decentralized Decentralized 

Enables coordination Yes No Yes Potentially 

Modification to 
simple RL algorithms 

Minimal Minimal  Large Minimal 

 

 Multi-agent RL environments 

There are many models to describe decision processes for multi-agent RL.  

In Extensive Form Games (J. K. Terry et al. 2021, 17–19), two agents choose actions alternately 

and receive individual reward after the game. If this game is competitive, the reward function will 

typically output inverse reward signal at the end.  This is typically the model for 2-player and zero-

sum board games such as chess, checkers, and go.  

In contrast, a Decentralized Partially Observable MDP (Dec-POMDP) describes a fully cooperative 

task (Gupta, Egorov, and Kochenderfer 2017, 1–2).  In Dec-POMDP there is only one reward 

function ℛ that relies on the joint actions and cooperation of the agents. Each agent only has 

access to partial information, so they must collaborate to accomplish a shared task. The Dec-

POMDP26 can be defined by the tuple (𝑆, 𝑁, {𝐴𝑖}, 𝑇, {𝛺𝑖}, {𝑂𝑖}, ℛ), where:  

• 𝑆 is the state of the environment 

• 𝑁 is the number of agents 

 

26 In this definition, I adapted the notation to the one used for the definition of the POSG used in the next paragraph 

and based on (J. K. Terry et al. 2021, 17). Besides, for generality, instead of using as single observation model 𝑂, I 

opted for individual models 𝑂𝑖 , which can capture cases where the derivation for the observations for each agent is 

different.  
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• 𝐴𝑖  is the action space for the agent 𝑖 

• 𝑇 is the transition function 

• 𝛺𝑖  is the observation space for agent 𝑖 

• 𝑂𝑖 is the observation model for agent 𝑖 

• ℛ is the reward function shared by all the agents  

 

Figure 151 The agent-environment interaction in the case of a Dec-POMDP. By Author. 

In contrast, a Partially Observable Stochastic Game (POSG) is a self-interested version with a 

separate reward function for each agent, so it can be defined by the tuple 

(𝑆, 𝑁, {𝐴𝑖}, 𝑇, {𝛺𝑖}, {𝑂𝑖}, {ℛ𝑖}) (J. K. Terry et al. 2021, 17).  

 

Figure 152 The agent-environment interaction in reinforcement learning in the case of a POSG. By Author. 
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Multiple interacting agents with inverse reward signals must compete with one another to win in 

the case of competitive games such as team sports. Else, independent reward signals indicate a 

non-cooperative game, such as in an ecosystem of agents sharing the same environment. 

 A brief overview of reinforcement learning in architectural design 

During the development of my research artifact, a considerable number of research projects that 

address RL for architectural design were published. I opted for including both the precedent works 

(before 2020) and the new ones (2020-2022) in this section.  

The recent work in reinforcement learning for architecture explores a variety of problem domains, 

such as intelligent adaptive building control (Smith and Lasch 2016), autonomous robotic 

tensegrity (Hosmer and Tigas, 2019), adaptive and distributed drone-assisted construction (Fang 

et al. 2020), fire egress evaluation (Jabi et al., 2019), and machine feedback (Xu et al., 2018). 

Particularly, the use of RL to generate in speculative forms, fabrication assemblies, architectural, 

and urban assemblies, is an emerging trend in computational design. As mentioned in chapter 3, 

Narahara (2017) uses a RL-related techniques (policy search) for fine-tuning neural networks that 

guide competing teams of agents that create clusters of building blocks on a voxel. The recent 

trend but focuses on the single-agent case and emphasizes the use of spatial and constructive 

performance as a source of reward. 

Wang and Snooks explored self-organizing speculative designs based on a reinforcement learning. 

They used PPO to train a mesh graph with a pre-defined topology to form a pavilion form in a 

space with obstacles (Wang and Snooks 2021b). The agent and environment are encoded in a 

voxel grid and the goal is to build a pavilion that achieve a series of spatial and typological goals. 

They also combined Deep Q-Learning with a random walk to train an agent that moves on a voxel 

space, building a speculative assembly based on spatial and typological rewards (Wang and Snooks 

2021a). Huang (2021) use a Deep Q-Learning algorithm to train an agent that use pre-existing 

fragments to assemble a structural shell that address multiple objectives. In a more abstract level, 

Kotov and Vukorep (2021) proposed a testbed to test and solve abstract architecture problems 

related to basic spatial concepts, such as borders, connections, and zoning, in a 2D virtual 

environments. The idea is that the testbed supports the development of games in the minimal 

form of the gridworld that can support computational agent to gain knowledge about different 

spatial skills. 

In the case of fabrication assemblies, Akizuki et al (2020) used DQN to train an agent that builds 

trails and assemblies based on pre-existing forms encoded in images or voxels. The agent was also 

trained to use LEGO blocks to build an assembly that approximates a pre-existing form. Wibranek 

et al. (2021) addresses the problem of sequential assembly of SL-blocks with reinforcement 

learning to produce physically constructible and stable structures. After comparing the 

performance of PPO and DQN agents with evolutionary and greedy algorithms, they discovered 

that RL performs better in 3D curves and is robust to the presence of obstacles. 

In the case of architectural assemblies, Hosmer et al. (2020) use PPO to train an agent to create 
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constraint-based assemblies that satisfy multiple objectives. The agent learns how to build the 

assembly by iteratively selecting an available location and one of parts in a pre-defined catalogue 

to add at this location. In a similar fashion, Mintrone and Erioli (2021) integrates Reinforcement 

Learning to the Wave Function Collapse (WFC) algorithm to generate constraint-based assemblies 

that address spatial and structural objectives. However, in this case, during the iterative 

generation of the assembly, WFC is responsible for choosing the location and the RL agent the 

spatial part.  

Song and Yuan (2021) use deep reinforcement learning for urban cluster generation. A single PPO 

agent is used to control the height of the buildings in an urban grid representation to improve the 

environmental performance with the respect to wind. C. Huang, Zhang, and Yao (2022) use Deep 

Q-Network as a replacement for an optimization algorithm to control the parameters of the 

parametric and rule-based urban model. The goal is to improve the performance of the urban 

blocks with the respect to real-time energy performance predictions (minimizing energy and the 

maximizing the potential for rooftop photovoltaic power). 

In the case of specific works related to RL and spatial synthesis, Ruiz-Montiel et al. (2013) 

combined RL and shape grammars to generate 2D layouts of single-family housing units that satisfy 

programmatic and spatial requirements. Specifically, they used Q-learning with n-step 

Bootstrapping to train an agent to guide the rule application of the grammar. Recently, Saha, 

Haymaker, and Shelden (2020) used Deep Q-Network to train an agent that allocates spaces to a 

pre-defined topological model with locations to satisfy user-defined attributes of the spatial layout 

(adjacencies, proximity, access to views, and orientation). 
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7.8. Appendix H: Additional data for the design artifact evaluation 

 

Figure 153 Agents trained for adjacency and area goals. Col 1: simulation of 18 agents with random initialization in a large 

terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. By Author. 
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Figure 154 Performance of P1 with policy Adjacency and Area. Row 1: single episode and random initialization. Row 2: single 

episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. Row 4 average of 50 episodes 

with spring layout initialization. The areas between dotted lines indicate the periods where action was selected randomly 

(perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By Author. 
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Figure 155 Agents trained for adjacency, area, and daylit (75%) goals. Col 1: simulation of 18 agents with random initialization 

in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large terrain with obstacles. 

By Author. 
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Figure 156 Performance of P1 with policy for adjacency, area, and daylit (75%). Row 1: single episode and random 

initialization. Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random initialization. 

Row 4 average of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods where action 

was selected randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the policy. By 

Author. 



269  

 

Figure 157 Agents trained for adjacency, area, not folding (5), and daylit (75%) goals. Col 1: simulation of 18 agents with 

random initialization in a large terrain with obstacles Col 2: simulation of 18 agents with spring layout initialization in a large 

terrain with obstacles. By Author. 
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Figure 158 Performance of P1 with policy for adjacency, area, not folding (5), and daylit (75%). Row 1: single episode and 

random initialization. Row 2: single episode and spring layout initialization. Row 3: average of 50 episodes with random 

initialization. Row 4 average of 50 episodes with spring layout initialization. The areas between dotted lines indicate the periods 

where action was selected randomly (perturbation). The means (μ) and standard deviations (σ) consider the periods following the 

policy. By Author. 
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