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Abstract

The structural design process for buildings is time-
consuming and laborious. To automate this pro-
cess, structural engineers combine optimization
methods with simulation tools to find an opti-
mal design with minimal building mass subject
to building regulations. However, structural en-
gineers in practice often avoid optimization and
compromise on a suboptimal design for the ma-
jority of buildings, due to the large size of the
design space, the iterative nature of the optimiza-
tion methods, and the slow simulation tools. In
this work, we formulate the building structures
as graphs and create an end-to-end pipeline that
can learn to propose the optimal cross-sections
of columns and beams by training together with
a pre-trained differentiable structural simulator.
The performance of the proposed structural de-
signs is comparable to the ones optimized by ge-
netic algorithm (GA), with all the constraints sat-
isfied. The optimal structural design with the
reduced the building mass can not only lower the
material cost, but also decrease the carbon foot-
print.

1. Introduction

Structural design of buildings is to design the optimal struc-
tures subject to a design objective, such as minimizing ma-
terial usage for cost and sustainability reasons. The design
also has to satisfy a set of rules from established standards
known as building codes, for example, a limited displace-
ment under loading and seismic force. However, most struc-
tural engineers do not employ optimization in real-world
cases for several reasons. First, the design space is large. A
classic five-story building has typically over 500 columns
and beams as design variables. Moreover, optimization al-
gorithms usually require many iterations, and the evaluation
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Figure 1. The iterative industrial structural design workflow.

for each optimization iteration takes 2 to 15 minutes to run
structural simulation. As a result, a single optimization pro-
cess can take days to converge, which does not fit the need
for frequent design changes in a construction project. In
practice, the majority of structural engineers complete struc-
tural designs with trial-and-error. After getting simulation
results from a proposed design, structural engineers have
to revise the design iteratively until all the building codes
are satisfied. Since finding a valid design is already chal-
lenging and laborious, the outcome is usually over-designed,
which means it satisfies the code and constraints but has
poor performance in the design objective.

The main contribution of this paper is proposing an end-to-
end solution to automate the structural design process. As
visualized in Figure 1, a typical structural design process
starts from a given building design, and then the structural
engineer will propose a skeleton design, where the loca-
tions and connectivities of columns and beams are defined.
After proposing the skeleton, the engineer will decide the
cross-section size for each bar (column and beam). The
engineer will then evaluate the design by running structural
simulation and update the skeleton and cross-section sizes
iteratively. As a starting point, the scope of this work only
focuses on automating the size design as well as the struc-
tural simulation process.

We discover that a building skeleton can be naturally repre-
sented as a graph and therefore propose two graph neural
networks, NeuralSim and NeuralSizer. We train Neural-
Sizer to assign the optimal cross-section sizes to the given
columns and beams and evaluate the size design using the
pre-trained neural approximator, NeuralSim, instead of us-
ing real structural simulation tool. Taking advantage of
the differentiable nature of NeuralSim, the gradient of the
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Figure 2. Our proposed end-to-end learning pipeline for solving the size design optimization problem.

optimization loss can flow through it and update the learn-
ing parameters in NeuralSizer. The learning pipeline is
illustrated in Figure 2. Our results show that NeuralSizer
can produce design comparable to the design generated by
genetic algorithm running for 1000 iterations. We also per-
form experiments including ablation, extrapolation, and user
study.

2. Related Work

2.1. Structural Optimization

Most structural engineering research solves building design
optimization problems with evolutionary algorithms, such
as genetic algorithms (Rajeev & Krishnamoorthy, 1997;
Balogh & Vigh, 2012; Imran et al., 2019). These meth-
ods evaluate candidate solutions using a fitness function
and iteratively evolve the solution population. The com-
putational complexity is high due to the evaluation, espe-
cially with structural simulation tools. Latest studies that
apply deep learning approaches use vector inputs to en-
code information of a structural component (Greco, 2018;
Torky & Aburawwash, 2018; Cheng et al., 2017), a single
structure(Hasancebi & Dumlupinar, 2013), or 2D images
to coarsely describe the structural geometry (Tamura et al.,
2018). These representations suffer from scalability and
expressiveness and thus can hardly be applied to real-world
cases.

2.2. Graph Neural Network

Graph neural networks (GNNs) have shown great successes
in many learning tasks that require graph data and are ap-
plied to many new scientific domains including physics
systems (Kipf et al., 2018; Sanchez-Gonzalez et al., 2018;
Watters et al., 2017), fluid dynamics(Sanchez-Gonzalez
et al., 2020), chemical molecules(Fout et al., 2017; Jin et al.,
2018b; Do et al., 2019), and traffic networks (Guo et al.,
2019; Cui et al., 2019). For readers who are unfamiliar with
GNN s, recent reviews and tutorials exist (Zhou et al., 2018;
Wau et al., 2020). Related to structural engineering domain,
(Hamrick et al., 2018) uses reinforcement learning to train
a graph neural network policy that learns to glue pairs of

blocks to stabilize a block tower under gravity in a physics
engine. However, the scale and the complexity of the tower
(maximum of 12 blocks) are much smaller than real-world
buildings.

Though some papers have applied GNNs to solve combina-
torial optimization problems (Bello et al., 2016; Kool et al.,
2018; Prates et al., 2019; Li et al., 2018), applying GNN to
solve design optimization problem is underexplored. For
molecular design optimization problems, both (Jin et al.,
2018a) and (You et al., 2018) train GNN’s to generate a new
molecular graph that optimizes objectives subject to con-
straints. (Jin et al., 2018a) trains a junction tree variational
autoencoder to obtain the latent embedding of a molecu-
lar graph and iteratively revise the latent embedding based
on a neural prediction model. Constraints on the revision
similarity is later enforced over a population of the revised
molecular graphs to find the one that has the best predicted
property. Similar to (Hamrick et al., 2018), (You et al.,
2018) also chooses reinforcement learning approach and
trains a graph convolutional policy network which outputs a
sequence of actions to maximize the property reward. Com-
pared to these two papers, our approach trains NeuralSizer
to directly propose cross-sections, and uses NeuralSim as a
differentiable simulator to provide a back-propagable loss.

2.3. Differentiable Approximator for Design

Differentiable approximators are commonly used to model
the non-differentiable loss function of interest and to pro-
vide gradients in back-propagation. Taking drawing task
as an example, StrokeNet (Zheng et al., 2018) and Canvas
Drawer (Frans & Cheng, 2018) optimizes the unsupervised
reconstruction loss with the aid of a differentiable renderer.
The differentiable renderer models the relation between
stroke actions and the output drawing. Given a target scene
of3D shapes, (Tian et al., 2019) trains a neural program
executer with a pre-trained scene generator, which maps the
input code to the corresponding output scene. Outside of
image generation domain, (Zhou et al., 2016) takes a model-
based approach by training a hand pose generation model
followed by a non-linear layer, which acts as a differentiable
approximator for forward kinematics computation.
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3. Formulation sampled cross-sections in real-world scale. We also use
Autodesk Robot Structural Simulator (RSA), a simulation
software widely used in the industry, to compute the struc-

In this paper, we target the size design optimization prob|erﬂural simulation results for the Synthetic dataset. Various
in the structural design process. After structure engineeri9ads are considered in the simulation: 1. Self-weight load
complete the skeleton design, they have to decide the crosgf the building structure, 2. Surface loads on oor panels
sections for all the columns and beams, which directly imwhich are distributed to the underlying beams, 3. Surface
pact the performance of the building, including the materialloads on the roof story, and 4. Linear loads at the boundary
usage, Stab”ity, Constructab“ity, etc. The size design optibeams for external walls. NeuralSim is then trained with the

mization problem is formulated with the following objective building skeletons with paired cross-sections and simulated
and constraints: drift ratio. Please refer to the supplementary material for

more details.

3.1. Size Design Optimization Problem

Mass Objective: We want to minimize the total mate- _ .
rial mass of the building. 3.3. Representing Building Structures as Graphs

Drift Ratio Constraint: Building code regulations re-
quire a building to satisfy a set of constraints to en-
sure its stability and safety. The drift ratio constraint
requires the drift ratios in all stories (visualized and
de ned in the grey text box in Figure 3) to be less than
some limit under lateral seismic loads.

Variety Constraint: This constraint comes from the

constructability requirement which sets a maximum

number for different cross-section types used. Usingsigyre 4. An example building structure and its structural graph
too many different cross-section types leads to highefepresentation.

manufacturing and transportation cost.

We represent building geometries as structural graphs. Every
bar (column or beam) is represented as a graph node. An
edge connects two nodes if the two corresponding bars
are joined together. Information of bais stored as node
featurev; =[ps1;p2; B; T;L], wherep, andp, locates the

two endpoints of the baB indicates if the bar is a beam or a
column,T is a one-hot vector representing the cross-section,
and L provides auxiliary loading condition information,
including 1. if the bar is on the roof story, 2. if the bar is
on the boundary, and 3. the surrounding oor penal areas
which are multiplied by the per-area loads when computing
the surface loads. A pseudo ground node is connected to all
rst-story columns and the values of its feature vector are
all -1. The structural graph of a simple example structure
is illustrated in Figure 4. Story level indices of each bar are

Figure 3.Drift Ratio is de ned (in the grey text box) as the ratio also saved.

of the relative lateral displacement of a story to the story height.

In most cases, using stronger columns or beams improved. Graph Neural Networks
stability, but leads to a larger total mass. The optimal design .

: . L 4.1, NeuralSim
should satisfy both constraints and have a minimal build-
ing mass. Mathematical equations for the objective and}.1.1. NETWORK STRUCTURE

constraints are provided in Section 4.2.2. . , .
Inspired by GraphNet (Battaglia et al., 2018), NeuralSim

also contains three steps: encoder, propagation, and decoder.
The encoder rst maps the input node features into the
Due to the lack of real structural design data, we synthesizembedding space. Then, in the propagation step, each node
a dataset that contains building skeletons with randomlgmbedding is iteratively updated based on the aggregated

3.2. Data Generation
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message, which is computed using the neighbor embeddingSumbel Softmax function (Jang et al., 2016). The hard

as well as the current node embedding. We also experimenersion returns deterministic samples as one-hot vectors
a model variant called NeuralSim + PGNN, which extendsto ensure consistency of NeuralSim inputs, but in back-
the message by integrating the position-aware message (Yqropagation, the derivatives are calculated as if they are the
et al.,, 2019). Though the classic message function casoft samples.

model the forces and reaction forces between bars, position-

aware message can further provide global information thaé.2.2.Loss

helps identify loading conditions, such as if a bar is on the
roof story or boundary. After a xed number of propagation
steps, we obtain the nal embeddings of all nodes. Given the
story indices, story embeddings are computed by pooling
over all nal embeddings of nodes in the same story.

Instead of using a standard multi-layer perceptron (MLP)
as a decoder, we designStructured Decode(SD) for
outputting drift ratios in each story. The illustration of SD
is visualized in Figure 3. Starting from the roof story, SD
updates each story embedding in the top-down order. The
update module takes in the embedding of a story and the
updated embedding of the above story to replace the current
embedding. The design of SD is intended to mimic the
algorithmic structure of the drift ratio's de nition. Moreover,
given the physics nature that the lower the story, the higher
the story drift, drift ratio in the same story will have different
distributions if two buildings have different total numbers of
stories. After updating the story embeddings, we pass them
to two MLP decoders. One decoder outputs the predicted
drift ratios while the other classi es if the ground-truth drift
ratios exceed the drift ratio limit 0.015 or not.

4.1.2. loss

Given the two kinds of output from the decoders, our multi-
task loss is de ned as the sum of an L1 loss for the drift
ratio output and a binary cross-entropy loss for the classi er
output. Later in the result section, we show that this multi-
task loss helps NeuralSim learn a better embedding.

4.1.3. TRAINING

We split the total 4000 data into 3200, 400, and 400 for
training, evaluation, and testing purposes. Adam Optimizer
is used with learning rate 1e-4 and weight decay 5e-4. Batch
size is set to 1 and the number of epoch is 5.

4.2. NeuralSizer

4.2.1. NETWORK STRUCTURE

Given the objective and constraints of the optimization prob-
lem in 3.1, we formulate them as differentiable losses.

Mass Objectivenbj: The total mass of a bar is the
product of its length, the area of its cross-section, and
the material density. The length is derived from the
two endpoint locations of the bar and we assume all
bars are made of the same steel. The total mass is
normalized by the number of bars in the structure.

Drift Ratio Constrainty, : This constraint requires the
absolute value of all drift ratidr; to be less than a
limit lim . Therefore, we penalize the mean of how
much the drift ratio in each story exceeds the limit:

lgr = MeanflLeakyReLUjdrjj lim)g O

Variety Constraint,, : The variety constraint penal-
izes the number of cross-section usages more than 6.
We compute the usage percentage of each cross-section
p and expect the sum of top 6 percentages to be 1. In
other words, we can formulate the constraint as below:

lvar =1 SumTopgp) =0

Entropy Constrainky : To avoid quick over tting to
some undesired local minimum, we introduce this en-
tropy constraint inspired by maximal entropy reinforce-
ment learning (RL) (Haarnoja et al., 2018). Denote
the entropy of NeuralSizer output of each batas
the maximum entropy over different cross-sections
Hmax , and a target ratio = 0:6. The entropy con-
straint is formulated as:

Iy = MeanfH;g=Hmax =0

Without this entropy constraint, NeuralSizer converges
within 50 iterations in the experiment and always uses
one cross-section type for all bars.

The total losd equalswpobj + wilg + Walya + Waly .

Similar network structure is adopted by NeuralSizer. It hasi aztf)?gcoefsrs]ek;;ug;?n:?; r\:\éelgztziugllaggjzltlzxf[’i\\/,(\;eaiudtogztrixi

the same encoder and propagation step. SD is not us . . N
propag P ating dual gradient descent(Boyd & Vandenberghe, 2004).

since there isn't a strong bias in the size design. Instead, a, . techni h h ful Its i f act
graph embedding is computed to provide the information of IS technigue has shown SUCCESSIUT resulls in Sott actor-
ritic algorithms (Haarnoja et al., 2018) and reward con-

the entire structure. In the end, an MLP decoder is used t§ ) . N : ;
! uety 'S U trained policy optimization (Achiam et al., 2017). A brief

map the nal node embeddings concatenated by the grapﬁ

embedding to the probability over cross-sections using har?nxaﬁg?;“on of the method is given in the supplementary
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4.2.3. TRAINING is small. The second row demonstrates that NeuralSim also

| h h tructural hi doml erforms well on extrapolated data. The learned message
n each epoch, a hew structural graph IS randomly gene yassing module in NeuralSim models the physics of force
ated and fed to NeuralSizer to get the design output. Th

. ropagation, which is universal across buildings of different
output cross-sections are concatenated to the node emb opag 9

. . S . humbers of stories. As a result, NeuralSim shows strong
dings in the str_uctura_l grap_h, which is p_assed to Neurals_mbeneralizability to extrapolated data.
for structural simulation. Given the design output and drift
ratio output, the total loss is computed. NeuralSizer up- .
dates based on the back-propagation gradients once every552' NeuralSizer Results
epochs, and runs 50,000 epochs for training. Though havingwo scenarios are created. The high safety factor scenario
the best accuracy, NeuralSim + PGNN has a much longetas a drift ratio limit 0.015 while the low safety factor sce-
inference time than NeuralSim due to the computation ohario has a drift ratio limit 0.025. For each scenario, two
the position-aware message. Therefore, we use a frozesxperiments are conducted with different weights on the

pre-trained NeuralSim, which also shows high accuracynass objective. Table 3 summarizes the results of all ex-

throughout the training. periments. All constraints are close to zero, indicating that
NeuralSizer learns to satisfy the hard constraints. In partic-
5. Experiments ular, the drift ratio constraint, which measures how much
the drift ratio exceeds the limit, is negligible compared to
All training and testing run on a Quadro M6000 GPU. the magnitude of drift ratios. Several designs are visual-
ized in Figure 5. Training takes around 2.5 hours and a
5.1. NeuralSim Results forward propagation of NeuralSizer for one design takes

. 10.07 milliseconds in average.
We compare NeuralSim to four other graph neural network 9

models: GCN (Kipf & Welling, 2016), GIN (Xu et al., To test the generalizability of NeuralSizer, we pick the high
2018), GAT (Velckovit et al., 2017), and PGNN (You et al., safety factor scenario and objective weight = 10 for an ex-
2019). Table 1 shows the L1 loss and the relative accuperiment. Again, we compare two models (training with
racy of the drift ratio output as well as the classi cation 1 10 story and 4 7 story buildings) and measures the per-
accuracy of the classi er output. NeuralSim trained with formance of three test buckets (3,4 7, and 8 10 story
the Structured Decoder (SD) outperforms GCN, GIN, GAT buildings). The results are summarized in Table 4. Both
and PGNN in all three metrics. Moreover, integrating themodels satisfy the constraints well and show similar per-
position-aware message from PGNN helps further improvdormances across the three different buckets. NueralSizer
the performance. trained with 4 7 story buildings also shows generalizability
Ablation study results are also included in Table 1. Neural%0 pg|ld|ngs with more and less numbers of stories than the
) : . . “training range.
Sim shows better performance when trained with SD since
the imposed inductive bias of SD models the increasing drif’[5
ratios in lower stories. Moreover, adding the classi er out-™"
put and the binary cross-entropy loss helps NeuralSim learfigure 5 visualizes the design outputs of NeuralSizer (high
a better embedding and thus improves the performance. safety factor + objective weight 10) for various buildings. A

cross-section with stronger structural properties is visualized

3. User Feedback and User Study

A plot of all learning curves is included in the supplemen-, i !
tary material. Training takes around 3.5 hours and a forward" @ darker color and a thicker stick.

propagation of NeuralSim for one design takes 6.789 milTo understand the quality from a professional perspective,
liseconds in average. Compared to our simulation softwargve show 10 different designs to structural engineers and ask
Autodesk RSA, which takes 13 seconds, NeuralSim is 190@or their feedback. They say that the cross-section choices
times faster with 97.36% accuracy. NeuralSim + PGNNIook natural to them, except that the design is too sophisti-
takes 43.92 milliseconds, which is 300 times faster. cated as they usually assign same cross-sections in groups.
Interestingly, structural engineers reveal some of the design

In Table 2, NeuralSim demonstrates its generalizability to los that N ISi di d that thev think
test data beyond the training scope. WesplitthetestdataintréJ es that Neura|Sizer reasons and learns and that they thin

3 buckets based on the numbers of stories314 7, and &€ reasonable. These rules are listed and explained below.
8 10 story. One model is trained with 1LO story buildings
while the other is trained with 47 story buildings. Both
models are trained with the same amount of training data
and tested against each bucket. The results in the rst row
show that the performance variation across different buckets

During an earthquake, columns must support vertical
gravity loads while undergoing large lateral displace-

ments. Therefore, to satisfy the drift ratio constraint,

NeuralSizer learns to distribute masses on columns
more than beams.
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Table 1.NeuralSim Performance compared to Other Models

Model \ L1Loss 1le 4 Relative Accuracy Classi cation Accuracy
GCN 16.01 94.86 89.22

GIN 33.85 89.62 84.27

GAT 10.87 96.41 93.35

PGNN 9.39 96.72 94.83
NeuralSim 7.57 97.36 95.64
NeuralSim + PGNN 5.01 98.22 96.43
NeuralSim(no SD) 10.24 96.65 92.71
NeuralSim(only L1 loss) 16.47 95.24 n/a

Table 2.NeuralSim Generalizability Results
Train Data \ Test Data \ L1Loss 1le 4 Relative Accuracy Classi cation Accuracy

1 3story 6.09 98.09 95.01

l(BigeTit:Q)/ 4 7 story 6.67 97.55 96.31

8 10 story 8.73 96.34 96.79

1 3story 23.97 91.70 85.75

4 7story | 4 7 story 15.49 92.93 96.40

8 10 story 26.43 91.11 84.33

Table 3.NeuralSizer Results under Different Scenarios i
Scenario Objective Weight Object.|ve. : . Con_s tramts. .
Mass Objective| Drift Ratio Constraint| Variety Constraint

. 1 0.870 6.00 1e 7 0.01 1e 8
High Safety Factor 10 0.735 134 1le 7 1.04 le 8
Low Safety Factor 1 0.592 6.42 1le 5 1.67 le 8
10 0.596 332 1le 5 1.78 l1le 8

Table 4.NeuralSizer Generalizability Results (High Safety Factor, Objective Weight = 10)

Train Data | Test Data Objective Constraints
Mass Objective| Drift Ratio Constraint| Variety Constraint

1 3story 0.738 1.62 1e 7 0.80 1le 8
1(8230;';?3' 4 7 story 0.725 128 le 7 0.97 le 8

8 10 story 0.711 1.69 1e 7 1.06 1e 8

1 3story 0.773 296 1le 7 1.30 1e 8
4 7story | 4 7 story 0.746 350 le 7 1.25 1e 8

8 10 story 0.728 3.68 le 7 1.01 1e 8

Since gravity loads are carried down the building struc-One user testing is conducted to compare our results with
ture, the loads accumulate and increase on lower sttvuman design process. Given a building and 30 minutes,
ries. Columns for lower stories have a higher strengtha structural engineer tries ve design iterations. The rst
requirement than for higher stories. This can also bahree iterations are able to satisfy all the constraints while
observed from NeuralSizer's design outputs. the fourth and the fth cannot. The best out of the three

valid designs is used to compare with NeuralSizer results.

The result shows NeuralSizer's design output has a better
It is reasonable to have similar patterns in design outperformance. The quantitative user testing results are pro-
puts of different buildings. Given the objective and vided in the supplementary material. The goal of this testing
constraints in the optimization problem, structural en4s not to show NeuralSizer can replace professional struc-
gineers will probably design with similar patterns.






