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4.4.9 Construction Detail 

A bolted gusset detail is used to assemble the space trusses with minimum processing. This allows 
for a ubiquitous detail that can support every unique node in the 8 unique trusses. The added gusset 
plate might come from used steel plates or be bought from recycled steel. This detail also highlights 
the potential for constructing planar trusses out of reused elements because trusses only require pin 
connections and are locked by the triangulated layout. The connections are free to rotate, allowing 
room for simple details such as this one, where a single detail has a high tolerance for varying specific 
node configurations without requiring custom fabrication. Additionally, with a bolted pin connection, 
the truss is designed for disassembly and can be reused in many projects. A gusset needs to be made 
for each node valency present in the layout. For the roof, there are valency 2-5 nodes, resulting in just 
four unique gusset plate joints. 

 

 

Figure 57: Node detail of valence 4 node, showing angle profiles, gusset plate, pinned connections, spacer block, 
and roof sandwich panel. 
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Figure 58: A single developable “roof strip” with three supporting trusses, and spacer blocks. Note that gusset 
plates are not drawn in this figure. 
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Figure 59: Interior perspective render of the final design. 

 

Figure 60: Interior perspective render of the final design. 
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4.4.10 Discussion 

The case study explores a theoretical yet realistic use case of performing Circular Design with the 
Deep RL workflow. A real-life heterogeneous inventory from a disassembled transmission tower was 
examined and utilized by the RL agent in collaboration with a human designer to perform Inventory-
Constrained Generative Design. This approach designed the long-span arches for a tennis court. The 
conceptual design process took less than 1 hour, demonstrating the method's applicability and speed. 
It also highlighted remaining challenges with directly reusing structural elements, such as the need 
to customize interfaces as seen in the top hinge of the trusses, and the spacer blocks between the 
trusses and the roof.  

4.5 Discussion of Results 

The results demonstrate that RL is a flexible framework that can be tailored to specific design goals, 
such as the structural planar truss presented here. Other goals can also be envisioned; for example, 
one might simply apply a reward for regularity by using similarly sized members to achieve more 
regularly sized triangles. While the results are sometimes unpredictable and wild, this unpredictabil-
ity is also the strength of the open-ended RL approach. In other words, the downsides of the method 
are complemented by other optimization methods. Indeed, it might not outperform optimization al-
gorithms under more constrained design problems, but this is where it makes more sense to use 
conventional optimization. RL truly occupies its own unique niche in design problems, characterized 
by wide-open combinatorial design spaces. 

5 Conclusion 

5.1 Summary of contributions 

This thesis introduces a novel deep reinforcement learning-based method for circular design that 
works by sequentially assembling elements from a constrained heterogeneous inventory of linear 
elements, requiring only a design gesture as input. A custom RL training environment was developed 
to achieve this, utilizing Proximal Policy Optimization with a Multi-Layer Perceptron Policy. Com-
pared to the presented method, previous methods for computational circular design require more 
explicit deterministic inputs, such as a ground structure in topology optimization or a fully defined 
design target for matching-based approaches, and do not guarantee a perfect match with the inven-
tory, often requiring further material processing. As such, the RL method is novel and powerful be-
cause it allows a designer to perform fewer steps to explore potential designs from a material inven-
tory. The results showed that this method can generate trusses across various inventory spans and 
quantities. Generally, the agent can reliably assemble good trusses using 50%-75% of an inventory 
and use up to 100% for more homogeneous inventories. It was also demonstrated that the method 
is robust, producing reliable results within a 10% performance margin when faced with random var-
iations of wild data. Furthermore, the model generalizes to a wide range of inventory types and 
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design gestures and can assemble complex designs from inventories with thousands of elements 
within a minute. Finally, a realistic example of applying it to a circular design problem was provided, 
demonstrating its usefulness in an open-ended design problem—a capability that previous compu-
tational approaches have not achieved. 

5.2 Potential Impact 

If the Architecture, Engineering, and Construction sector adopted this method, it could significantly 
reduce the embodied carbon footprint of new structures and divert C&D waste into new high-value 
architectural structures. Furthermore, reinforcement learning enables better control of sequential 
aggregation-based generative design, which might open up use cases for expressive structural de-
sign, taking advantage of all kinds of inventories—even standard catalog-based inventories. One 
could imagine a design workflow where designs and structures are generated on the fly as part of a 
digital design process, suggesting alternatives, variations, or new designs based on a vast knowledge 
of available material inventories locally or globally. 

5.3 Limitations and future work 

This work is a promising first step toward developing RL agents to assemble complex structures bot-
tom-up from constrained inventories. It demonstrates the potential of RL-based approaches for Cir-
cular Design. Several limitations have been identified, along with opportunities for future research: 

• 3D Extension: A logical next step would be to extend the methodology to 3D. This could in-
clude following 3D design gesture curves to assemble trusses that curve spatially. The ap-
proach could be extended more ambitiously to construct space frames by selecting elements 
to form tetrahedrons rather than triangles. Transitioning to 3D would require rewriting the 
environment and restructuring the actions and rewards system. 

• Cross-section Consideration: Currently, the method’s real-world applicability is limited be-
cause it does not account for different cross-sections. Implementing observations and actions 
that facilitate the selection of various cross-sections, starting with the cross-sectional area, is 
crucial. 

• Generalizability: It would be valuable to investigate how the agent generalizes to conditions 
beyond those it was trained in. For example, can it manage inventories that differ significantly 
from those produced by the procedural training algorithm, such as members exceeding the 
3m maximum length? 

• Model Complexity: Expanding the model to include a larger action and observation space 
could enhance its generalizability. Moreover, the current model is only trained on a single 
gravity load case. Integrating a more adaptable implementation of structural load cases 
would enable the agent to assemble structures meeting various demands, such as lateral 
loads or point loads. 

• Interactivity: Incorporating more user feedback and control into the generative design pro-
cess could potentially be achieved through what might be termed "user-input observations." 
This idea involves the agent receiving some observations not from the environment—as is 
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typical in reinforcement learning—but directly from users. For instance, a user could input a 
value as an observation, indicating how regular or irregular the desired truss should be. Dur-
ing training, if high irregularity is input, the system would assign high rewards for diversity 
in triangle aspect ratios. Conversely, a low variety input would result in rewards for main-
taining similar aspect ratios. This method allows for various design inputs to be considered, 
accommodating multiple objectives such as emphasizing structural designs over precise ges-
ture-following, utilizing every element in the inventory, or restricting the use only to shorter 
members. In this way, the interactivity with the agent would be more precise and akin to a 
classic ‘parametric’ workflow without requiring a pre-defined parametric setup.  

• Planning Mechanism: Complex construction requires long-term planning rather than 
merely reactive decision-making. A planning mechanism like Monte Carlo Tree Search could 
augment the method and improve performance on larger-scale problems requiring extended 
planning horizons. Research by Bapst (2019) has shown that such planning mechanisms are 
generally beneficial for construction tasks. 

• Iterative Actions: Exploring the benefits of allowing an agent more iterations of actions, and 
the capability to undo previous steps, could reflect the iterative design process typical of hu-
man designers. This would allow an agent to spend more time on a single structural design 
problem, iterating over previously added elements to refine the final layout. 

• Multi-Agent Approach: Future studies could investigate a multi-agent approach where mul-
tiple specialized agents collaborate to design a structure. For example, one agent could spe-
cialize in providing an initial general layout, followed by another specializing in assembling a 
truss, with a final agent adding bracing or removing certain members, similar to the work 
discussed in Lin et al. (2020), where different agents specialize in different steps of 3d mod-
eling. 

• Hyperparameters and Models: Further experimentation with hyperparameters and vari-
ous RL models and training algorithms, such as Soft Actor Critic, Deep Q Learning, or other 
network architectures like graph-based neural networks or RNNs, is necessary. 

• Advancements in RL: RL still requires more fundamental research to become broadly useful, 
but it remains an exciting field with promising opportunities to address complex challenges. 

5.4 Concluding remarks 

This thesis introduces a novel approach to Circular Design, showcasing the potential of reinforcement 
learning to revolutionize building design practices by enabling the use of constrained inventories to 
generate key architectural elements such as spanning trusses. The results are promising and suggest 
that emerging machine learning technologies, like the one implemented in this study, could drive 
significant advancements in Circular Design. This includes managing heterogeneous inventories dig-
itally and designing with these resources to support more sustainable building practices. The author 
envisions a future where technology does not restrict workflows to standard, component-based 
methods but rather enhances the care, flexibility, precision, and tailoring necessary to create unique 
architectural projects from unique elements—addressing a gap left by the current standardized in-
dustry.  
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7 Appendix 

7.1 Roof sandwich plate 

 

Figure 61: Structural analysis of roof panels. 

While not the focus of the thesis, a basic roof design is proposed, consisting of sandwich plate panels 
with 12mm plywood and a core of 2X10 plates spaced at an interval of 50cm. The calculated deflec-
tion of the longest (8m) span is 0.90cm. 

7.2 Example sequence 

Below is a full 21 step example sequence generated by the Structural Agent: 
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Figure 62: Example generated truss (step 1-3). 
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Figure 63: Example generated truss (step 4-6). 
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Figure 64: Example generated truss (step 7-9). 
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Figure 65: Example generated truss (step 10-12). 
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Figure 66: Example generated truss (step 13-15). 
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Figure 67: Example generated truss (step 16-18). 
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Figure 68: Example generated truss (step 19-21). 
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assembly_seq = [] 
 
deterministic_input = input("Run the model deterministically? (yes/no): 
").strip().lower() 
deterministic = deterministic_input == 'yes' 
 

for i in range(10000): 
    action, _states = model.predict(obs, deterministic=deterministic) 
    assembly_seq.append(action) 
    obs, reward, done, info = env.step(action) 
    print(i, action, reward, done, info) 
    if done: 
        print("Return = ") 
        obs = env.reset() 
        cum_rwd = 0 
print(assembly_seq) 
env.close() 
 
 

7.5 Environmnent files 

The Grasshopper definition for the evaluation and training environments can be found by following 
this link.  

 

Figure 69: Overview of the evaluation environment definition. 

 

Figure 70: Overview of the training environment definition. 


