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Abstract

Deep generative models have recently shown success in solving complex engi-
neering design problems where models predict solutions that address the design
requirements specified as input. However, there remains a challenge in aligning
such models for effective design exploration. For many design problems, finding
a solution that meets all requirements is infeasible. In such a case, engineers
prefer to obtain a set of Pareto-optimal solutions with respect to those requirements,
but uniform sampling of generative models may not yield a useful Pareto front.
To address this gap, we first fine-tune generative design models with simulation
feedback, and then apply epsilon-sampling, inspired by the epsilon-constraint
method used for Pareto front generation with classical optimization algorithms, to
construct a high-quality Pareto front with the fine-tuned models. Our framework,
named e-SimFT, is shown to produce better-quality Pareto fronts than existing
multi-objective alignment methods developed for large language models.

1 Introduction

Generative artificial intelligence (AI) has made remarkable impact in many domains, especially
where creative automation is greatly desired. One notable area is engineering design, where various
generative AI models have been proposed to help engineers develop solutions to their problems at a
much faster pace than with the traditional design process [13]. Such progress could bring significant
innovation to real-world problems and therefore amplify AI’s positive impact on our society.

There remains a challenge in making use of generative AI models for engineering design in practice.
For many design problems, finding a solution that meets all the requirements specified is often
impossible. In such a scenario, engineers could focus on finding solutions for a relatively more
important subset of the requirements. Or preferably, they would like to obtain a set of Pareto-optimal
solutions so that they can understand the trade-offs and compare alternative solutions.

This challenge highlights new research opportunities in two aspects. First, we need to align a
generative model with respect to specific design requirements preferred by the engineer. Next, we
need a method to effectively sample a generative model to produce a high-quality Pareto front.

This work demonstrates that the alignment problem can be solved by adapting fine-tuning methods
used for LLMs, but using simulation feedback. Because a simulator can be used to evaluate a given
solution with respect to design requirements of interest, we can use it to either generate fine-tuning
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data or compute accurate rewards during reinforcement learning (RL). We propose SimFT, fine-tuning
methods for generative design models with simulation feedback. In addition, we propose epsilon-
sampling, which leverages the simulation fine-tuned models to produce a high-quality Pareto front.
The technique is inspired by the epsilon-constraint method [8] used for constructing a Pareto front
with gradient-based optimization.
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Figure 1: Randomly sampling a generative model (for engineering design) may not yield a good
Pareto front with respect to the design requirements of interest. We address these issues with SimFT
methods–using simulation feedback to fine-tune a generative model with respect to specific design
requirements, and apply a new sampling strategy to create e-SimFT for Pareto front generation.

The overview of our method is illustrated in Figure 1. We showcase the performance improvements
made with respect to specific design requirements using SimFT methods and various ablation studies
to elucidate the nature of simulation fine-tuning. We also evaluate e-SimFT against several baselines
including multi-objective alignment methods developed for LLMs and show its superior performance.

2 Related Work

Preference alignment aims to fine-tune LLMs to generate content that aligns with the user’s values or
objectives, mainly through Reinforcement Learning with Human Feedback (RLHF) [2, 19, 15, 10].
The most popular RL algorithm used is Proximal Policy Optimization (PPO) [14], while a non-RL
approach such as Direct Preference Optimization (DPO) [11] uses a preference dataset to fine-tune
LLMs [9, 1, 6]. Because user preferences for LLMs are likely multidimensional with trade-offs, e.g.,
helpfulness vs. harmlessness, multi-objective alignment methods have been proposed to produce
Pareto-front aligned models [12, 18, 16, 7, 17].

Note that the purpose of multi-objective alignment methods has a strong parallel with the purpose of
multi-objective optimization methods [4] where the goal is to find models or solutions that constitute a
high-quality Pareto front [20]. Therefore, we were motivated to find inspirations from the techniques
used in the latter domain such as the epsilon-constraint method [8] or non-dominated sorting [3].

3 Methods

Our method involves first fine-tuning a generative design model with respect to each design require-
ment, and sampling from the collection of fine-tuned models to construct a Pareto front.

3.1 SimFT methods for requirements alignment

We use the typical two-step fine-tuning procedure developed for LLMs – supervised fine-tuning (SFT)
followed by RL using PPO. Here, we focus on presenting methods developed to align a generative
design model with respect to new design requirements that the model has never seen before (Figure
2). The alignment method with respect to the original requirements used to train the model is more
straightforward and can be found in Appendix B.1.

SFT. In the first SFT stage, we generate the dataset in the following manner. We sample a design
solution from the pre-trained model and compute the corresponding new requirement value using a
simulator. We increase this value by some random variance and set it as the upper bound value of
the requirement, synthetically generating a pair of the constraint bound value, ni, and a solution that
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(b) SimFT Step 2: PPO with a simulator to compute rewards.

Figure 2: SimFT data generation and training methods.

satisfies the constraint, x′. We fine-tune the pre-trained model using this dataset by minimizing the
log probability loss (Eq. 1) but conditioned on the new requirement. We freeze the original encoder
while training the decoder and also a new encoder that can encode the new requirement bound value.

L(θ) = −Ex′∼πθ
[log πθ(x

′|ri)] (1)

PPO with a simulator. We employ PPO [14], using the simulator to compute accurate rewards for
each solution during exploration. For the loss, we use both the clipped policy ratio (the full expression
is omitted here for brevity) with the KL divergence penalty:

LRL(θ) = −E(x,ni)∼D

[
clipped

(
πθ(x | ni)

πold(x | ni)

)
R(x, ni) − β KL(πθ ∥πold)

]
. (2)

where R(x, ni) is a reward function computed using the simulator output and normalized to [−1, 1],
i.e., R = 1 if x is evaluated to meet the bound value ni and approaches −1 as the violation increases.

In Appendix B.2, we also present using a simulator to generate a preference dataset with respective
to different requirements and employing DPO to fine-tune the model.

3.2 Epsilon-sampling for Pareto front generation

Randomly sampling a generative design model multiple times likely would not result in a good Pareto
front because generation is not conditioned on different requirement preferences. One could sample
multiple models, each fine-tuned for different requirements, but this may get clusters of solutions at
the extremes of only satisfying each requirement.

We propose epsilon-sampling (Figure 5, Appendix B.3) inspired by the epsilon-constraint method
[8]. Given a pair of objectives, the method sets one objective as a constraint and solves multiple
single-objective constrained optimization problems by incrementing the threshold value ϵ imposed
on the constraint. Solutions to these problems form a Pareto front. With SimFT models, given a
set of requirements r⃗, we assume that the model fine-tuned for ri can best enforce that constraint;
therefore, sampling from that model would be equivalent to posing ri as a constraint and the rest of
the requirements as objectives. We sample multiple solutions from this model by varying the target
value by ri ± ϵ, mimicking the epsilon-constraint method, which constitutes our e-SimFT framework.
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4 Experiments and Discussion

We first evaluate the performance improvements made by SimFT methods. We then evaluate e-SimFT
against several baselines in generating high-quality Pareto fronts. Details of experimental setup are
presented in the Appendix C.

We used GearFormer, a generative model for gear train design [5] as the backbone, which was
fine-tuned with respect to the original and new requirements using SimFT methods. Table 1 presents
the improvements made by SimFT methods for each requirement. For original requirements (speed
and position), the metrics are based on [5]. For new requirements (cost and bounding box volume),
we calculate the percentage of the problems from the test dataset for which the first solution generated
by the original GearFormer or SimFT models satisfy the respective requirement. We observed that
DPO performed slightly better than PPO for both requirements.

See Appendix D.1 for additional details, including ablation studies performed to examine the impor-
tance of rejection sampling, performance trade-offs, and using different reward functions.

Table 2 reports the hypervolumes of Pareto fronts obtained with e-SimFT and other baselines (C.4).
It shows that on average, e-SimFT is the best method for both two- and three-requirements scenarios.
One could also observe that on average, SimFT and epsilon-sampling on their own do not perform
as well as e-SimFT. Only in one scenario, an alternative multi-objective alignment method, RiC,
achieved the highest hypervolume. We also present the results obtained with a larger sample size and
the Pareto fronts generated by different methods for sample design problems in the Appendix D.2.

Concluding Remarks The current work has demonstrated how the alignment techniques developed
for LLM and a sampling technique inspired from multi-objective optimization can be combined to
effectively construct a Pareto front with generative design models. We believe that many research
opportunities exist at the intersection of generative AI, optimization, and engineering design.

Table 1: Performance improvements by SimFT methods

Requirement Baseline SimFT method
SFT DPO / RL via PPO

speed [log(·)] ↓ 0.0171 0.0139 N/A
position [m] ↓ 0.0338 0.0317 N/A
cost ↑ 52.8% 54.1% 66.9% / 65.4%
b.box ↑ 49.4% 55.2% 62.3% / 59.1%

Table 2: Comparison of Pareto front hypervolumes. Number of test problems = 30 and samples = 30
per scenario. In the Design Scenario column, each label lists the requirements treated as simultaneous
objectives (pairs or triplets). speed and position are original requirements (minimize deviation from
their targets); cost and b.box are new requirements (design cost and bounding box volume; lower is
better). Colons separate the jointly optimized objectives.

Design Scenario Method
Baseline R. Soup R.-in-Context SimFT e-sample e-SimFT

speed : position 0.56±0.19 0.59±0.20 0.57±0.21 0.59±0.20 0.68±0.15 0.70±0.16

speed : cost 0.61±0.23 0.61±0.23 0.60±0.23 0.61±0.24 0.66±0.24 0.67±0.23

speed : b.box 0.71±0.19 0.72±0.27 0.72±0.20 0.75±0.23 0.74±0.22 0.81±0.20

position : cost 0.46±0.22 0.48±0.23 0.48±0.25 0.47±0.22 0.47±0.24 0.49±0.25

position : b.box 0.52±0.22 0.46±0.22 0.53±0.22 0.51±0.20 0.56±0.20 0.54±0.19

cost : b.box 0.57±0.26 0.51±0.28 0.58±0.25 0.56±0.25 0.52±0.27 0.52±0.28

mean 0.57±0.22 0.56±0.24 0.58±0.23 0.58±0.22 0.60±0.22 0.62±0.22

speed : position: cost 0.38±0.22 0.40±0.23 0.40±0.24 0.43±0.23 0.48±0.24 0.48±0.22

speed : position : b.box 0.44±0.21 0.44±0.21 0.43±0.20 0.51±0.19 0.50±0.18 0.53±0.20

speed : cost : b.box 0.47±0.24 0.47±0.26 0.50±0.23 0.54±0.23 0.48±0.24 0.52±0.25

position : cost : b.box 0.34±0.20 0.31±0.21 0.38±0.23 0.38±0.20 0.35±0.24 0.37±0.21

mean 0.40±0.22 0.40±0.23 0.43±0.22 0.46±0.21 0.45±0.22 0.47±0.22
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A Additional Background

The problem of our interest can be stated as follows. Suppose we have a generative model parameter-
ized by θ that takes a set of design requirements r⃗ = {r1, r2, ..., rN} as input and outputs a solution x
that addresses those requirements, e.g., πθ(x|r⃗). First, an engineer might want to prioritize a specific
requirement ri. Therefore, we aim to find a fine-tuned model πθ,ri such that a solution sampled from
the model is optimal with respect to ri. In some scenarios, there may be a new design requirement
nj independent of the current generative model that an engineer would like the sampled solution to
nevertheless satisfy. In such a case, the goal is to find a fine-tuned model πθ,nj

from which a sampled
solution would be optimal with respect to nj .

Finally, given a set of prioritized requirements p⃗ ⊂ (r⃗ ∪ n⃗), we aim to sample from the fine-tuned
models a set of Pareto-optimal solutions with respect to p⃗ that maximizes a Pareto front quality, e.g.,
hypervolume [20].

A.1 Illustrative example: GearFormer

We use GearFormer, a recently developed generative model for gear train design [5], as an illustrative
example for the current work. GearFormer is a Transformer-based model that takes multiple require-
ments as input via its encoder and outputs a gear train sequence via its decoder. The requirements
it can handle are the speed ratio, output motion position, output motion direction, and input/output
motion types. While it has been shown to outperform traditional search methods, an engineer does
not have an option to express a preference of emphasizing one requirement over another, or explore
multi-requirement trade-offs. Our goal is to fine-tune this model with respect to specific requirements
and use the fine-tuned models to generate a high-quality Pareto front.

We consider the two types of requirements as expressed in the problem definition. Original require-
ments are those used to train GearFormer and therefore are used as an input to condition the output
design. Note that these requirements are treated as equality constraints, i.e., they are target values
such as speed ratio or output motion position that the design must meet. New requirements are those
never seen by the model during training. We consider metrics such as the bounding box volume
and design cost, which can be evaluated given a design. In contrast to the original requirements, we
intentionally chose new requirements formulated as inequality constraints, i.e., an engineer will be
willing to accept any value that is below the specified bound value.

A.2 Challenges of fine-tuning a generative design model

A generative model for engineering design such as GearFormer is trained with a synthetic dataset
of (r⃗ = requirements, x = solution) pairs, where x can be first generated using some rules and r⃗
is evaluated using a simulator for the generated x. The model is then trained to predict x given r⃗,
which means that the model has only seen designs that perfectly address the requirements. Therefore,
during fine-tuning, any design that does not perfectly address a particular original requirement would
likely deteriorate the performance of the pre-trained model. We show this effect in an ablation study
presented in D.1.

Now, suppose a RL-based method is used to fine-tune a pre-trained model with a typical policy
gradient loss

L(θ) = −Ex∼πθ
[log πθ(x|ri)R(x, ri)] (3)

where R is the reward for the solution sampled from the current policy. Since we aim to avoid
degrading the policy with low-quality data, R can simply become a binary function that gives 1 for
an x that satisfies ri and 0 otherwise, i.e., equivalent to simply rejecting the sample. This means
that with rejection sampled data, Eq 3 becomes a typical log probability loss used for supervised
fine-tuning, e.g.,

L(θ) = −Ex′∼πθ
[log πθ(x

′|ri)] (4)

where x′ are solutions that satisfy the target value ri. We therefore assume that SFT with rejection
sampled data suffices as the fine-tuning step for original design requirements.

However for new design requirements, the fine-tuning scenario is very similar to the one with LLMs.
The pre-trained model is not trained on the new requirement data and does not have any sense of
which output is good or bad with respect to the requirement. Therefore, a solution that does not
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perfectly satisfy the new requirement but is reasonably close can still provide useful signals for the
model. We can therefore use a continuous reward value that reflects the degree of constraint violation.
Based on these observations, a similar two-step technique used for fine-tuning LLMs such as using
DPO or PPO with simulation feedback in addition to SFT can be considered.

B Additional Description of Methods

B.1 SimFT methods for original requirements

For an original requirement ri, we perform a single SFT step as justified in the previous section. We
generate an additional dataset for SFT by prompting the pre-trained model with a list of objectives
(one of which is ri), evaluate the designs generated using a simulator, and keep only the designs that
meet ri. This can be thought of as synthetic data generation via rejection sampling, but performed
in an offline mode before training. Also, we have the advantage of using a simulator to accurately
evaluate the data generated and keeping only the perfect design solutions.

The pre-trained model is fine-tuned with this dataset by minimizing the log probability loss (Eq. 4).
Note that we freeze the encoder while updating the decoder only.
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Figure 3: SimFT method for original requirements – SFT with simulation-augmented data

B.2 DPO with simulation-generated preference dataset

The preference dataset is generated by sampling a pair of solutions from the pre-trained model and
using a simulator to evaluate the requirement values. The solution with the lower requirement value
is labeled as preferred while the other as rejected. We then assume the mean of the two requirement
values as the constraint bound value, i.e., the preferred solution would satisfy the bound value while
the rejected solution would not. We freeze both the original encoder and the new encoder while
updating the decoder by minimizing the DPO loss [11]:

LDPO(θ) = −E(xw,xl,ni)∼D

[
log σ

(
β log

πθ(xw | ni)

πold(xw | ni)
− β log

πθ(xl | ni)

πold(xl | ni)

)]
where xw and xl are the preferred and rejected solutions for the requirement ni. β is the KL
divergence penalty parameter and πold is the reference policy.
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B.3 Epsilon-sampling

The depiction of the epsilon-sampling method is shown in Figure 5.
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C Experimental Setups

C.1 Pre-trained model and simulator.

We use GearFormer [5] as the pre-trained model. We also use the simulator developed for GearFormer
and extend it to compute the new requirements required for this work. While it would be ideal to test
our method on multiple generative models, GearFormer was the only work that provided the model,
simulator, and dataset required for our experiments.

C.2 Design requirements.

We consider four design requirements. Two original requirements of GearFormer, speed ratio and
output motion position, are posed as equality constraints. The other two are new requirements that
were not considered in training GearFormer, bounding box volume (b.box) and design cost, posed as
inequality constraints.

C.3 Design scenarios.

We generated 30 new random test problems based on the distributions of requirement metrics obtained
from the original GearFormer dataset [5]. For each test problem, we consider 10 different trade-off
scenarios – the all possible two-way and three-way combinations of the four requirements under
consideration. For each design scenario, a sample budget of N is assumed. How this budget is used
varies depending on the methods employed, as explained in the following section.

C.4 Baselines.

The first baseline involves sampling the pre-trained GearFormer N times for each design scenario.

Two distinct and recent multi-objective alignment methods are chosen as additional baselines.

Rewarded Soup: First, Rewarded Soup (RS) [12] linearly interpolates the weights of models
fine-tuned for each specific objective, given the preference weights assigned for each objective. A
Pareto front can be constructed by sampling from multiple of these linearly interpolated models with
varying preference weights. We define Ns combinations of preference weights and allocate N/Ns

sampling budget for each combination.

For a given weight preference combination, we linearly interpolate the parameters (weights) of SimFT
models to create a new model specific for that combination. For Pareto-front generation, we use the
following weight combinations. For the two-requirement scenarios, w1 = [0, 0.2, 0.4, 0.6, 0.8, 1]
and w2 = 1 − w1. For the three-requirement scenarios, w1 = [0, 0, 0, 0.33, 0.5, 0.5, 1], w2 =
[0, 0.5, 1, 0.33, 0, 0.5, 0], and w3 = 1− w1 − w2.

Rewards-in-Context: We also chose Rewards-in-Context (RiC) [16]. RiC performs SFT on the
pre-trained model with outputs associated with their reward/preference values, which are encoded
as additional input to the model. For this work, we train a new encoder that can take in preference
values for each requirement, indicating which requirements to prioritize. We define Nr combinations
of requirement preferences and allocate N/Nr sampling budget for each combination.
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Using the problems defined in Dft, the training data is generated by sampling a solution for each
problem using GearFormer and determining whether the solution meets each of the four requirements
of interest or not. Based on this, we can create a preference weight vector that indicates whether a
particular requirement is met or not. We then perform supervised fine-tuning with this dataset using
log probability loss, while training two new encoders – one for encoding the new requirements and
another for encoding the preference weight vector. We train until the validation loss increases, which
was at epoch #7 . We used the learning rate of 1e-6 for all models and the batch size of 64. For Pareto-
front generation, we use the following weight combinations. For the two-requirement scenarios,
w1 = [0, 1, 1] and w2 = [1, 0, 1]. For the three-requirement scenarios, w1 = [0, 0, 1, 0, 1, 1, 1],
w2 = [0, 1, 0, 1, 0, 1, 1], and w3 = [1, 0, 0, 1, 1, 0, 1].

C.5 e-SimFT.

Relevant SimFT models are chosen based on the design scenario and we allocate N/2 or N/3
(for two- or three-requirements) sampling budget to each model. We then create an evenly spaced
values of ϵ, sized either N/2 or N/3, within [-5, 5] for original requirements and [0, 10] for new
requirements, and add these values to the requirement values before sampling SimFT models.

We also test two conditions as ablation: SimFT only or epsilon-sampling only. For the former, we
use the same sampling budget allocation as e-SimFT with relevant SimFT models but do not employ
epsilon-sampling. For the latter, we follow the same epsilon-varying schedule as the e-SimFT method
but use the pre-trained GearFormer model.

C.6 Evaluation metric.

For each requirement, the degree of constraint violation for the design solutions generated by different
models is normalized as [0, 1]. These values are used to determine Pareto-optimal solutions for each
problem and the hypervolume of the Pareto front [20] is used to compare e-SimFT versus other
baselines.

C.7 Dataset

We use the validation and test portion of the original GearFormer dataset [5] for all our fine-tuning
and testing, |D| = 7360. 5% of the dataset was withheld for testing SimFT methods including their
ablation studies. The rest was used for fine-tuning, i.e., Dft ∪Dtest = D, |Dft| = 6992, |Dtest| = 368.

For the original requirement SimFT, use the whole Dft for SFT; where 90% is used for training and
10% is held for validation.

For the new requirement SimFT, use the first half Dft,1 for SFT and the other half Dft,2 for DPO/RL,
i.e., Dft,1 ∪Dft,2 = Dft, |Dft,i| = 3496. Again for each subset, we use 90% for training and 10% for
validation.

C.8 Training SFT models.

SFT for original requirements: Training was performed until the validation loss increased. For
the speed SimFT, it was stopped at epoch #16, and for the position SimFT, it was stopped at epoch
#19. We used the learning rate of 1e-6 and the batch size of 64 for both.

SFT for new requirements: Training was performed until the validation loss increased. For both
the speed and position SimFT models, it was stopped at epoch #6. We used the learning rate of 1e-5
(including the new encoder) and the batch size of 64 for both.

DPO for new requirements: Training was carried out for 20 epochs and the model checkpoint
with the best requirement improvement was picked post hoc, subject to the criterion that 95% of the
generated solutions are valid. For the cost SimFT, this was at epoch #15 while for the boundinb box
volume SimFT, it was at epoch #10. We used the learning rate of 1e-6, β = 0.1, and the batch size of
64 for both.
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PPO for new requirements: Same as DPO, training was done for 20 epochs and the model
checkpoint with the best requirement improvement was picked post hoc, subject to the criterion that
95% of the generated solutions are valid. For the cost SimFT, this was at epoch #9 while for the
bounding box volume SimFT, it was at epoch #4. We used the learning rate of 1e-5, β = 0.1, the
rollout size of 64, and the mini-batch size of 8 for both.

For the reward function, we used the following normalization function based on the evaluation of
each solution using a simulator:

R(x) =

{
1, if ñ(x) ≤ n

1− 2(ñ(x)−n)
1+ñ(x)−n , otherwise

where x is the solution, n is the target requirement value, and ñ(x) is the evaluated requirement
value. Note that because we compute the exact reward for each solution as a whole, we employed an
actor-only method (i.e., no critic model).

D Full Experimental Results

D.1 Evaluation of SimFT methods

Table 1 presents the improvements made by SimFT methods for each requirement. As an example,
Figure 6 shows solutions obtained for the same design problem with the original GearFormer model
vs. a SimFT model.

Importance of offline rejection sampling for SFT. To show the importance of using only the
samples that satisfy the equality constraint requirements, we ran an ablation study where any new
sample drawn was accepted for the SFT training data. The performances for the speed and position
requirements dropped to 0.0179 and 0.0339, compared to the baseline performances of 0.0171 and
0.0338.

Performance trade-offs during DPO. Because DPO is performed using a preference loss that
differs from the original cross-entropy loss used for the pre-trained model, over-training the model
can lead to significant deterioration of its original performance. Figure 7 shows that after 16 and
12 epochs, respectively, the percentage of valid designs produced by GearFormer drops below 95%
(the performance reported in [5]) and at a significant rate in the subsequent epochs. Note that the
DPO training loss and the requirement-met performance continues to improve over these epochs.
Therefore, the best model checkpoint should be picked after confirming that other performances of
the model have not deteriorated below the required thresholds.

Using binary reward function for PPO. Considering the new requirements are inequality con-
straints, we could implement a binary reward function for PPO that simply assigns a score of 1 or -1
if the requirement is met or not. We found that fine-tuning the model with this reward function for 20
epochs, the best accuracies were 62.3% for the cost requirement and 60.4% for the bounding box
volume requirement, versus 65.4% and 59.1% reported in Table 1.

D.2 Evaluation of e-SimFT for Pareto front generation

We considered two settings for the hypervolume comparison. In the first setting, we used the sampling
budget of N = 30, which for each design scenario takes about 90 seconds of inference and simulation
time on a machine with a Tesla V100-SXM2-16GB GPU and a AMD EPYC 16-core processor. This
is assumed to be a relatively short time that an engineer needs to wait to obtain a Pareto front with
multiple optimal solutions. The results for the first setting was shown in Table 2, showing that on
average, e-SimFT is the best method for both two- and three-requirements scenarios. One could
also observe that on average, SimFT and epsilon-sampling on their own do not perform as well as
e-SimFT.

In the second setting, we set N = 300 to examine how each method scales with increased sampling.
Table 3 shows a similar pattern when the sampling size is increased by 10 times. On average, e-SimFT
is still found to be the best for both two- and three-requirement scenarios.
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Figure 6: Example of gear designs produced for a sample problem with the original GearFormer
versus a SimFT model fine-tuned for bounding box volume. The first design has a volume of 0.018m3

while the second design has a much lower volume of 0.008m3.
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Figure 7: DPO improves the percentage of requirements met at the expense of the percentage of valid
designs.

Table 3: Comparison of Pareto front hypervolumes. Number of test problems = 30 and samples =
300 per scenario.

Design Scenario Method
Baseline R. Soup R.-in-Context SimFT e-sample e-SimFT

speed : position 0.68±0.17 0.70±0.16 0.68±0.19 0.70±0.16 0.77±0.13 0.78±0.14

speed : cost 0.71±0.22 0.72±0.22 0.72±0.21 0.72±0.22 0.76±0.19 0.78±0.20

speed : b.box 0.83±0.15 0.84±0.20 0.87±0.14 0.87±0.15 0.87±0.15 0.91±0.13

position : cost 0.58±0.21 0.58±0.22 0.57±0.23 0.59±0.23 0.59±0.24 0.59±0.24

position : b.box 0.63±0.20 0.56±0.21 0.63±0.20 0.62±0.19 0.68±0.19 0.65±0.19

cost : b.box 0.72±0.23 0.62±0.26 0.70±0.24 0.69±0.25 0.68±0.26 0.67±0.27

mean 0.69±0.20 0.67±0.22 0.70±0.20 0.70±0.21 0.72±0.20 0.73±0.20

speed : position : cost 0.51±0.23 0.50±0.24 0.52±0.24 0.53±0.23 0.57±0.22 0.59±0.23

speed : position: b.box 0.57±0.19 0.52±0.21 0.58±0.21 0.59±0.19 0.65±0.17 0.66±0.18

speed : cost : b.box 0.60±0.23 0.60±0.25 0.62±0.23 0.65±0.23 0.66±0.23 0.69±0.23

position : cost : b.box 0.47±0.22 0.41±0.23 0.49±0.23 0.50±0.23 0.52±0.23 0.50±0.25

mean 0.54±0.22 0.51±0.23 0.55±0.23 0.57±0.22 0.60±0.22 0.61±0.22
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Figure 8: Pareto fronts generated by e-SimFT versus other methods for sample design problems.
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