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Abstract

We present TIDES, a text informed design approach for generating physically sound
designs based on a textual description and a set of physical constraints. TIDES
jointly optimizes structural (topology) and visual properties. A pre-trained text-
image model is used to measure the design’s visual alignment with a text prompt
and a differentiable physics simulator is used to measure its physical performance.
We evaluate TIDES on a series of structural optimization problems operating under
different load and support conditions, at different resolutions, and experimentally
in the lab by performing the 3-point bending test on 2D beam designs that are
extruded and 3D printed. We find that it can jointly optimize the two objectives
and return designs that satisfy engineering design requirements (compliance and
density) while utilizing features specified by text.

1 Introduction

Generative design has advanced rapidly and independently across the text-to-image (physics agnostic)
and engineering (physics constrained) design domains. In this work, we bridge the two to address
a major challenge with each. First, text-image models [1–6] are powerful pattern generators and
understand design concepts such as bilateral symmetry, asymmetry, and shapes such as hexagons,
arches, and triangles. However, their application to the domain of physical design is limited due to
their inability to consider crucial physical design constraints, such as excessive structural deformation,
material weight, and manufacturability, in the generated designs. That is to say, while they can
generate artistic depictions of “a chair in the shape of an avocado” they can not ensure the chair can
support weight, is made of real materials, or can be constructed. Here we introduce a method for
placing physical constraints on the output of a text-image generator ensuring the generated design is
physically sound and validate by 3D printing and testing a set of designs in the lab.

Second, structural optimization is an approach for designing load-bearing structures such as support
columns, beams, and bridges. Given a set of applied forces, materials, and supports, the goal is to
generate the design that offers the greatest resistance to the applied force. However, it is challenging
to embed complex design goals into the design process, e.g. specifying the type of structural features
present in the design such as arch, hexagonal, or triangular supports or an aesthetic goal. Here, we
introduce a method for using text-based guidance to explore the design space and return diverse
functional designs that utilize visual features specified by text. That is to say, we modify the structural
optimization goal from generating the strongest possible design given a set of physical constraints
to generating the strongest possible design that meets an additional visual design criteria supplied
by text, e.g. “Generate a chair shaped like an avocado that supports the most weight”. Additionally,
unrelated text prompts have been found to increase originality in human generated designs [7]. We
aim to investigate if a similar phenomenon can be observed in an algorithmic design approach.
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To address these challenges, we developed the Text Informed DESign (TIDES) approach. TIDES
consists of three key components: a design generator, a physics simulator, and a visual judge. The
design generator parameterizes the design space and determines what material is placed at each
point in the design space. The physics simulator provides the means for evaluating the physical
performance of the design, and its selection depends on the specific design task at hand. In the current
work, we demonstrate on a fully differentiable structural design problem and use the differentiable
finite element solver from [8]. For non-differentiable design tasks such as soft robotics [9] or game
level design [10], TIDES can be adapted to use a gradient free or genetic algorithm. The visual
judge measures the perceived visual similarity of the design to a textual input. A pretrained CLIP
model [11] is used as the visual judge. The goal of optimization in TIDES is to jointly maximize the
perceived visual similarity of the design to a textual input and the physical performance of the design
according to a selected performance metric such as structural stiffness and material cost.
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Figure 1: Tower design problem. The red arrow indicates the location a force is applied, and the blue
line indicates the support the design rests on. The visual performance (v) of each design is given
by the CLIP score. The physical performance is measured by the compliance (c), low compliance
indicates a greater resistance to the force. (A) Designs generated from our TIDES approach display
features specified by text and resist the applied force. (B) Designs generated from a vision loss alone
have no understanding of physics indicated by floating material and orders of magnitude higher
compliance. (C) Designs generated from a physics loss alone are physically sound and display simple
solid features.

For example, consider the tower structural optimization problem given in Figure 1. Here a load
is applied from the top of the design space and the goal is to place the materials in the design
space to carry the load with minimum deformation, i.e. maximize the stiffness of the design by
minimizing compliance (c). The text prompts specified are: “Leaning tower of Pisa, dark black
outline”, “Eiffel tower, dark black outline”, “Water tower, dark black outline” and “A stack of letters,
dark black outline”, and the goal is to embed features of these structures into the design. As a point of
reference, we include the results for a standard structural optimization, design optimized for physical
performance alone in Figure 1C and the results for maximizing a vision only criteria (CLIP score) for
a given text prompt in Figure 1B. The physics alone designs utilize a simple solid support structure
that does not resemble any of the text prompts, indicated by the low clip scores (v). The vision alone
designs display features given by the text prompt, but have no understanding of physics indicated by
the absurd compliance values and floating material. In Figure 1A, we plot the results for our TIDES
approach for linking the visual and physical properties of the design. Here, TIDES returns designs
that utilize complex support features specified by text: the “Leaning tower of Pisa” design utilizes
arch supports, the “Eiffel tower” utilizes a truss structure, the “Water tower” utilizes leg supports,
and the “stack of letters” contains supports resembling letters, while resisting deformation from the
applied force.
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In summary our contributions are:

• Physics constrained text-image generation: We develop a framework for placing physical
constraints on a pretrained text-image generator to ensure the generated design is physically
sound and validate by 3D printing designs generated by our approach and testing them under
load for a 3-point bending problem. This indicates it is not necessary to train a new text to
design model from scratch on physics data to generate sound designs.

• Text informed co-design: We embed a visual constraint into structural optimization, al-
lowing complex design goals to be conveyed to the optimizer by text while respecting the
underlying physical constraints. This is a step towards co-design with text providing an
intuitive means for shaping the structural support features.

• Generating diverse physically sound designs: We find that varying the text prompt
allows the generation of diverse designs that perform competitively in terms of structural
compliance.

2 Background and Related Work

2.1 Structural optimization

Structural optimization is a specific field within topology optimization [12] concerned with the design
of load-bearing structures such as support columns, beams, and bridges. One of the primary goals
of structural optimization is to generate a design that can effectively withstand applied forces while
minimizing the overall material cost. In this section, we provide a brief introduction to structural
optimization. Introductions and tutorials in structural optimization [13, 14] exist for readers unfamiliar
with the domain who are looking for a more thorough introduction.

A structural optimization problem is defined by four factors. The first is the design space. The design
space bounds the design and is specified by the dimensions of the design problem. For computational
purposes this space is divided into a grid of cells called finite elements. At every cell in the design
space a material can be present or not. The second factor is the location of the fixed support points or
normals the design will reset on. The third factor is the location the load or force is applied at. The
fourth factor is the material cost. This penalizes the amount of material used in the design process
and serves two purposes. The first is to generate non-trivial solutions. As we are maximizing the
structure’s stiffness the optimal solution is often to simply fill the entire design space with material.
To generate more interesting designs, we must then limit the material through a cost penalty. The
second is to reduce construction cost. A cost-effective structure will use the minimum amount of
material to achieve a desired stiffness. Together these factors along with the choice in optimizer and
random seed shape the design.

In practice it is common to work with continuous values for material density, d ∈ [0, 1], rather than
binary variables for material presence or absence at each element. This has the advantage of allowing
for gradient based optimization methods. Denser elements can be viewed as “more” present and offer
a greater contribution to the structures stiffness. After optimization, when looking to assemble the
design elements with densities close to zero will be treated as voids (no material present) and values
close to one will be filled with material. Thus during optimization it is key to push density values
towards 0 or 1. The Solid Isotropic Material with Penalization method (SIMP) [15, 16] is a widely
used approach to solve structural optimization problems. This approach operates on continuous
densities d ∈ [0, 1] and contains a penalty term p = 3 to steer elements towards 0 or 1. In this work
we use the modified SIMP equation 1 from [17].

Ee(de) = Emin + dpe(E0 − Emin) (1)

Where Ee is the stiffness coefficient or Young’s modulus of the material at each element. Emin is
the minimum allowed stiffness of any element and will indicate voids in the final design. E0 is the
Young’s modulus of a solid material.The goal in optimization is to maximize the stiffness of a design
subject to a material cost and the application of a force. The parameters are the densities (presence of
material) at each element. To evaluate the performance of the design we compute the design’s elastic
potential energy or compliance c, given in equation 2.

c(d) = UTKU =

n∑
e=1

Ee(de)u
T
e k0ue (2)
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Where U is the displacement vector, K is the global stiffness matrix and KU = F where F is the
vector of applied forces. Compliance measures the structures displacement or deformation from the
force. A stiffer design will have a smaller compliance. In optimization we minimize the compliance
to generate a stiffer structure. To impose a material cost m we take a simple approach and add an
additional term to the loss given by the MAE between the design’s density d and some specified
target density d∗. This approach was chosen to allow independent weighting of the visual, physical,
and material cost components of the total loss equation: 5.

m = |d∗ − d| (3)

The optimality and functionality of the generated design are important considerations. “Topology
optimization problems have extremely many local minima”[18]. This can make it challenging to
arrive at the globally optimal material layout for a given design problem. In the current work our focus
is on generating functional designs rather than optimal designs. A functional design is a design that
resists deformation and can be specified by a variable performance target for example a compliance
threshold. For a given threshold there can be multiple possible functional designs. Generating and
exploring the space of functional designs has previously been explored in the context of generating
diverse competitive designs [19] and architectural design [20].

2.2 Generating art with CLIP

In this section, we provide a brief introduction into generating art with CLIP. CLIP [11] is a model for
connecting images and text. Its architecture consists of an image encoder and a text encoder. During
training the encoders are respectively fed images and their corresponding textual description, and the
weights are optimized to maximize the cosine similarity between the text and image embeddings.
After training the weights can be frozen and CLIP can be used to measure text image alignment. For
example, given an image of a dog and two textual descriptions [“a dog” and “a cat”] we would expect
the similarity between the image embedding and text embedding for “a dog” to be higher than the
similarity of the image embedding and text embedding for “a cat”.

We can then think of CLIP as a visual judge. Given some image and text CLIP can be used to score
the perceived visual similarity of the image to the provided text. If we now hold the text description
constant and replace the image with a blank canvas parameterized by learnable weights, we have the
setup to an image generation problem. By maximizing the cosine similarity and backpropagating
through the frozen CLIP image encoder we can update the canvas to generate images with features
specified in the textual description. This approach has been widely used to generate artistic images
and designs. Deep Daze [21] generates images by updating the parameters of SIREN an implicit
neural representation network[22]. CLIPDraw [23] generates images with a differentiable render and
learning vector stroke arrangements. [24] generates images using an evolutionary search algorithm
and a CLIP loss to determine the placements of shapes. CLIP has also been used to generate diverse
3D objects [25–27].

2.3 Physics-based constraints for visual/physical design

Recent efforts have explored physics-based constraints for visual/physics design problems. Several
approaches have focused on generating designs that maintain stability under gravity. Atlas3D [28]
refines designs generated by a diffusion model using a physics-based loss formulated for standability.
DSO [29] assembles a dataset of 3D objects and their stability scores and fine-tunes a diffusion model
on this dataset. [30] uses an input image to guide the visual geometry of 3D objects and physics
constrained optimization for stability and soft object deformation. Our approach differs in that our
focus is on a different design problem, structural optimization, where the forces applied can vary
in intensity and placement throughout the design space rather than a singular gravitational force.
Additionally, our approach does not require starting from an existing image or design generated by
a diffusion model. Other efforts have looked to data-driven methods to incorporate differentiable
physics constraints. Phy3DGen [31] trains a neural network to approximate a solid mechanics finite
element solver. DrivAerNet++ [32] introduces a large multimodal dataset for aerodynamic car design
for surrogate modeling and data-driven design. Our approach does not require data as the physics is
differentiable.

In parallel to this work [33] examined CLIP stylization for topology optimization. However, the
approach taken in [33] utilizes RGB channels and connected component labeling, which can cause
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overfitting to the visual domain. Our approach differs in that we do not use RGB values and the
focus is on generating a shared binary (material presence/absence, black or white pixel) distribution.
Additionally, we introduce an efficient physics based approach for removing unattached material
rather than connected component labeling. In Appendix Figure 9, we provided a comparison with our
approach for an art deco building. In the design generated by [33] the windows exist only in RGB
space and are painted over solid material, whereas in the design generated by TIDES the windows
are structural features where there is no material present.

3 Text informed design

In Section 2, we provided background into two design tasks: Structural optimization a physics
grounded approach for generating designs that resist deformation from an applied force and Gen-
erating art with CLIP guidance an artistic approach for generating visually interesting output from
text. We argue that there is a natural overlap between these two design tasks. Both operate on a
grid of pixels/elements and can be optimized with a differentiable performance metric. It then may
be possible to share a grid of pixels/elements across both tasks and jointly optimize the design to
maximize both its visual and physical performance.

We pose that linking a design’s physical performance and visual appearance may offer a number of
benefits:

1. Text to drive design diversity and navigate the space of possible designs. In standard
topology optimization diverse designs are generated through randomizing or diversifying
initial conditions. The suitability of the initial conditions is based on the shape of the design
space which may or may not be known apriori. Text guidance may allow for the use of prior
knowledge of structurally strong shapes given as text e.g. an “arch” or “hexagon” to steer
the design process and reduce the number of runs an optimizer needs to reach a fit solution.
Further, text guidance may provide a means of intelligently exploring a reduced set of initial
conditions in a design space instead of relying on randomness to drive design diversity, e.g.
in Figure 4C and D, we plot competitively performing designs that use different support
strategies specified by text.

2. Complex feature specification. In a standard topology optimization approach, it is not clear
how one would include complex visual design criteria in the optimization e.g. generating a
tower that is both structurally sound and “resembles a robot”. A visual loss specified by text
may provide a mechanism for complex feature specifications.

3. Mechanism for applying location based attention. The placement of material in the
image/design space depends on the locations a user has specified for the support and the
force application. From an artistic perspective this could be used to ground the placement
of aesthetic features and create focal points in the image where material must be placed to
resist physical deformation. E.g. given an RGBA image, the alpha channel could define a
structural optimization problem and be jointly optimized with a visual loss across the RGB
channels.

In the current work, our focus is on the first two. However, to bridge a design’s physical and visual
performance there are two challenges we need to address. The first is mapping between the visual
and material domain. CLIP was trained on 3 channel 224 by 224 RGB images while structural
optimization operates on 1 channel densities bound between 0 and 1 where the design space may
take various shapes and sizes. To resolve the size and shape differences we resize the design with
bilinear interpolation. To resolve the channel difference, we repeat density channel 3-fold to generate
a grey scale image. The inclusion of the visual loss term introduces an additional issue in that visually
appealing images often make use of artistic techniques, such as shading, where pixel values are
spread between 0 and 1. This is not ideal for structural optimization where it is desired for the pixels
to occupy values close to 0 or 1, corresponding to material presence or absence.

To address this challenge, we introduce a Hill function-style sigmoid equation 4 and apply it to
the output of the design encoding to push the densities close to 0 or 1. In Appendix C.2 we include
examples of designs generated using our Hill function and with the Hill function removed. The Hill
function removed designs contain intermediate grey scale values while the Hill function designs
utilize values close to 0 and 1 indicating the Hill function is successful in pushing the densities to 0
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or 1. The Hill function style sigmoid employed is given in equation 4 where the values α = 0.8 and
n = 20 were determined heuristically.

d =
1

1 + α
xn+0.1

(4)

Further while CLIP was primarily trained on RGB images the training data includes images that are
binary (black and white) in nature e.g. (silhouettes, outlines, shadow art, line art, and stencils). We
append such terms to the end of the text prompts.

The second challenge is to ensure that all pixels contribute structurally to the design. The introduction
of a visual loss term can lead to the creation of aesthetic features in the design that do not offer
structural support. These features are often unattached to the main structure and float in space e.g. the
“clouds” in Figure 1C. To solve this issue, we developed a compliance based masking approach
to trim non-structural features from the design prior to showing it to CLIP. The compliance mask
is generated by thresholding the element wise compliance returned from the physics simulator i.e.
mask = log(compliance) ≥ threshold; threshold = -20. This returns a mask of zeros and ones where
zero indicates a given pixel does not contribute structurally and one indicates it does. The mask
is applied by multiplying by the design encoding. This ensures the CLIP loss only reflects pixels
directly contributing to support and prevents over fitting to the visual loss through the creation of
solely aesthetic features. In Appendix C.2 we generate designs with and without the compliance
mask. The designs generated with the compliance mask contain no floating material while the designs
generated with mask removed contain floating material indicating the masking approach ensures all
pixels are connected to the design. In Figure 2, we sketch TIDES our text informed design framework.
TIDES consists of three key components: a design encoding, a physics simulator, and a visual judge.

Compliance 

mask

Visual 

Physics 

Figure 2: The proposed text informed design framework. The framework jointly optimizes a text to
image visual loss, a physic-based loss, and a material cost.

The design encoding parameterizes the design space. Here, we modify a direct encoding approach
commonly used in structural optimization. In this approach, there is one parameter for every element
in the design space. At initialization, every parameter is assigned a value. The starting parameters
can be a random canvas, zeros for an empty canvas, or ones for a solid canvas. We opt for a starting
value of 1 as we can think of this as starting from a solid block of material. A Gaussian blur filter is
then applied across the parameter grid. The filter is used to avoid checkerboard artifacts [34]. In a
standard structural approach these densities would then be passed into the SIMP equation 1. Here we
add the additional step of applying the Hill function-style sigmoid equation 4, to return the densities
and push the densities towards 0 or 1.

The visual judge receives the output of the design encoding as input. A compliance mask is applied
to zero out sections of the design that do not contribute structurally. The design is then repeated 3-fold
channel wise to return a grey scale image. The image is then resized to 224 by 224, the dimension
expected by the CLIP image encoder. The image augmentation scheme from [23] is then employed to
generate a batch of images. The image is randomly cropped, random perspectives are taken, and the
images are all resized. These operations are performed using the TorchVision library [35]. The batch
of images is then passed through the CLIP Image Encoder, and the cosine similarity is computed
between the image embedding and the text embedding. Randomly sampling sections of the images
has the benefit of allowing TIDES to focus on the visual aspect of different sections of the design
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between trials. This enables TIDES to generate different designs when given the same prompt and
problem setup in repeated trials.

The physics simulator receives the output of the design encoding as input and executes the modified
SIMP approach, equations 1 and 2 to compute the compliance. We use the AutoGrad [36] SIMP
implementation from [8] with an added wrapper to pass the gradients from autograd to pytorch.

The material cost is computed as the mean absolute error between the target density and the current
density. Intuitively, we can think of the target density as the percentage of the design space the design
should occupy if all pixels are either 0 or 1.

The loss function for TIDES is given in equation 5. Where m is the material cost, c is the compliance,
v is the vision loss given by clip score and β1 and β2 are heuristically determined values for weighting
the material cost and visual loss.

L = c+ β1m− β2v (5)

4 Experiments

In this section, we present experimental results for designs generated with TIDES. We include
high-resolution plots of all designs in Appendix C along with detailed descriptions of the methods and
experimental setup in Appendix B. The results cover structural design problem classes including single
point force application, multiple point force application, multiple points and varied force application,
and for 3D printing the 3-point bending problem used to test for beam strength. Additionally, in
appendix B.6, we include results for starting from and tuning an existing design to improve physical
performance.

4.1 Designs generated at different resolutions
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Figure 3: Generating designs at increasing resolutions for a tower structural optimization problem. A
force is applied at the center of the design space indicated by the red arrow and the design rests on
support given by the blue line. As the resolution increases feature complexity increases.

The pretrained visual judge (CLIP) was trained on 3 channel fixed resolution 224×224 images, while
the design space in structural optimization operates on 1 channel and may take on various shapes
and sizes. To evaluate TIDES ability to map between the visual and material domains and scale to
structural design problems below or above the fixed resolution input of CLIP, designs were generated
for a tower structural optimization problem at increasing resolutions from 32× 32 to 512× 512.

In Figure 3A, we plot designs generated from the text prompt: “arm chair in the shape of an avocado,
dark black solid outline”. Here, TIDES returns designs that increase in feature complexity with
resolution. At 64 × 64 the returned design is a simple silhouette outline of a chair with a bulbous
shape, at 128 × 128 texture emerges in the form of small cut outs and by 512 × 512 the design
captures the pitted skin surface of an avocado. The designs are composed of two regions; the round
bulbous shape occupies the top half of the design and the stand-like structure on which it rests at the
bottom. The compliance of the TIDES designs are orders of magnitudes lower than the vision alone
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results Appendix C.3A and are within the same magnitude of the physics alone results Appendix
C.3C, indicating the designs are physically sound while utilizing complex structural support features
supplied by text.

In Figure 3B, we plot designs from the text prompt “art deco hotel, dark black solid outline”. Here,
feature complexity again increases with resolution. At 64 × 64 the design returned is a simple
rectangular shape with square window-like cutouts, at 128× 128 the detail increases and the design
resembles the triangular shape of the famous Flatiron building in New York and by 512× 512 the
tower rises above a detailed marquee. The designs share the perspective of an individual looking up at
the tower. The compliance of the TIDES designs are orders of magnitudes lower than a vision alone
result Appendix C.3B and are within the same magnitude of the physics alone results Appendix C.3C
while utilize complex support features supplied by text. This suggests that the mapping approach and
Hill function design encoding employed in TIDES allow for joint optimization of a design’s physical
visual and physical properties across different scales.

4.2 Navigating the design space with text
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Figure 4: Distribution of design performance across 30 trials. (A) and (B) results for a suspended
bridge and hoop design problem, the 90% confidence ellipse is plotted for each trial. (C) and (D)
examples of designs returned. All 30 designs for each trial can be found in the Appendix C.5 and C.6.

For a given design problem, there are multiple possible paths an optimizer can take to achieve a
functional design. To assess text as a means of navigating the design space and generating diverse
designs, we generated designs for a suspended bridge and hoop design problem, Appendix B.2 &
B.3. 30 trials of the TIDES approach were conducted for three different text prompts selected to
elicit structural support features: “a large triangle, dark black outline”, “a large hexagon, dark black
outline”, and “a large arch, dark black outline”. Additionally, 30 trials were conducted for a physics
loss alone, where the vision component was removed and the starting canvas was randomized to
generate different designs between trials.

In Figure 4A & B, we plot the resulting design distributions. We plot a design for each text prompt
trial in 4C & D, a plot of all designs can be found in Appendix C.5 & C.6. The designs returned
for the suspended bridge and hoop design problems visually display and structurally utilize the
support strategies specified by text, e.g. in Figure 4C & D: the designs generated from the “Hexagon”
prompt utilize a hexagonal mesh, the designs generated from the “Triangle” prompt utilize a large
central triangle and surrounding smaller triangles, and the designs for the “Arch” prompt utilize a
large central arch and surrounding smaller arches. For the suspended bridge design problem we
observe similar physical performance across designs utilizing different support strategies and features
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specified by text, with designs generated by TIDES approaching the upper bound of the physics
alone results in terms of compliance suggesting that designs resist deformation. For the hoop design
problem, the designs returned for the arch and triangle prompt overlapped in performance with the
physics alone results. This is a point of interests, as it is expected that inclusion of a visual constraint
into the structural design problem will lead to some trade off in physical performance and suggests in
some cases the addition of a visual text based loss may act as a mechanism for dislodging designs
stuck at a local minimum.

4.3 Diverse design problems and varied text prompts
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Figure 5: Diverse design problems. As input, TIDES receives a text prompt and the locations of
the supports and applied forces. Here, we plot designs generated by TIDES for different force and
support positions, and text prompts. The designs resist deformation from the applied force while
displaying features specified by text suggesting TIDES is robust to changes in the initial conditions.
In Appendix: B.5 we provide the configurations for each design problem.

4.4 3D printed beams for a 3-point bending problem

The experimental performance of the TIDES approach was assessed by 3D printed beams subjected to
three point loading. The 3D printing and testing setup is described in Appendix B.4. In Figure 6A, we
plot the final designs generated by binarizing the TIDES and the physics alone output densities to 0
or 1. In Figure 6B we plot an example of the beams returned from the 3D printing process, 3 replicate
beams were produced and tested for each design to account for variations in the printing process. In
general, the rather fine features presented in this manuscript lead to some flaw development associated
with terminations in paths of material when any dimension is not a discrete numeral of the path width
(200 microns). At locations where this occurs void content will create stress concentrations and
reduce part stiffness and strength. The x-direction strain field (left-right in the image) is presented in
Figure 6D at a displacement of around 2.66 mm which is about the onset of non-linearity which can
be seen in Figure 6C. The magnitude of the maximum measured strains is of the same order with the
distribution and location of maximal values dependent on the morphology.

From the force-displacement graph, Figure 6C, the physical performance of the TIDES and Physics
alone are the most similar in the 0 to 1.5 mm region of loading with some divergence from 1.5 to
2.66 mm. The physics alone design had the lowest compliance value of 1.0e-3 N/mm followed by
the “honeycomb, many hexagons” with 1.13e-3 N/mm and the “large arch” 1.19e-3 N/mm. This
aligns with the simulation results where the physics alone result returned the lowest compliance
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Figure 6: 3D printed beams tested on a 3 point bending problem. (A) Generated designs from TIDES
and physics alone. (B) 3D printed beams returned from extruding the design along the y-axis. (C)
Force-displacement behavior from the 3 point bend testing. The points correspond to the mean force
and the bars indicate the minimum and maximum force value observed across the three replicates
per trial. (D) Snapshot of beams under load. The beams rests on two separated points and a force is
applied at the center.

value of 280.0 c, note the simulation compliance values have a different unit than the experimental,
in simulation the compliance is computed for every element and the summed value is reported and
experimentally displacement is measured for the marked points in Figure 6D (L1-L2) and used to
compute compliance. In simulation the “large arch” design returns a slightly lower compliance value
of 285.71 c to the “honeycomb, many hexagons” design’s 299.55 c this differs from the experimental
results where the “honeycomb, many hexagons” design returns a slightly slower compliance than the
“large arch” design. This could be due to manufacturing as previously mentioned. The performance
across both the experimental and simulation for all trials are within the same order of magnitude and
indicate that all designs successfully resist deformation from the applied force.

5 Discussion and Conclusion

In this work, we presented TIDES, an approach for bridging the design domains of physic agnostic
text-to-image generation and physics constrained structural optimization. To the best of our knowl-
edge, this is the first approach to jointly optimize a visual and physics-based loss for a load bearing
design problem. Experimental results across a series of text prompts and structural optimization
problems operating under different load and support conditions, at different resolutions, over repeated
trials, and experimentally in the lab through 3D printing, show TIDES generates designs that resist
physical deformation from an applied force while utilizing support strategies and features conveyed by
text and is robust to changes in the initial conditions. This suggests that placing physical constraints
on a pretrained text-image model is a valid new approach for ensuring that the generated design is
physically sound and indicates that it is not necessary to train a new text to design model from scratch
on physics data to generate sound designs. Further, from a structural design perspective, it suggests
that embedding a visual constraint into structural optimization allows for text informed co-design
and diverse design generation and is a valid mechanism for conveying complex design goals, such as
using a specified structural shape, e.g.“Hexagon”, “Arch”, and “Triangle” in the support strategy or a
more aesthetic driven goal such as “in the shape of an avocado” or “art deco hotel”, while respecting
the underlying physical constraints. We believe that linking text-image models and differentiable
physics simulators is an exciting new area of research towards generating physically sound designs
that can be realized in life.
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Appendix
A Limitations and Impact Statement

This paper presents work whose goal is to advance the field of generative design by bridging the
domains of physics constrained structural design and unconstrained text-image generation. As TIDES
is a generative framework that uses CLIP, a pretrained text-image model to guide the designs it
produces, there are the inherent risks of misuse and the amplification of biases present in the training
data. Our approach has the added risk of allowing the generation of load bearing designs that could be
constructed through means such as 3D printing. Our approach is currently limited by the simulation
environment restricting 3D designs to layering of 2D force applications. Future work could extend
the approach to simulators that support 3D meshes and higher resolution solvers and could have
impacts on 3D design domains such as engineering, sculpting, and architecture.

B Design problem details and methods

B.1 Tower design problem

In the tower design problem, Figure: 1, the design rests on the ground and resists deformation from a
downward force applied at the top. A target density 0.3 is selected and the x and y dimensions of
the design space are set at 128. As the force application is symmetric, we compute the compliance
for half of the design and mirror the results in the image shown to CLIP. We used the text prompts:
“Leaning tower of Pisa, dark black outline”, “Eiffel tower, dark black outline”, and “a stack of letters,
dark black outline”. In the loss function β1 = 50 and β2 = 100. The AdamW [37] optimizer was
used with a learning rate of 0.25 and train for 100 epochs. Lastly we perform a quick manual pass
to remove any disjoint artifacts created by the compliance masking, these disjoints are connected
to the main structure, do not contribute structurally and occur where the mask occludes pixel with
compliance over a specified threshold. In the varied resolution tower design problem, Figure: 3, the
same setup is used and the design space is set to (64 x 64), (128 x 128), (256 x 256) and (512 x 512).
The text prompts given to tides are as follows: “arm chair in the shape of an avocado, dark black solid
outline” and “art deco hotel, dark black solid outline”.

B.2 Hoop design problem

F
o
rc
e

Figure 7: Hoop design problem setup

For the hoop design problem, Figure: 4B and 4D, the force and support layout is given in Figure: 7
the design rests on the ground and a variable a downward force is applied around the hoop. A target
density 0.3 is selected and the the x and y dimensions of the design space are set at 128. As the force
application is symmetric, we compute the compliance for half of the design and mirror the results in
the image shown to CLIP. We use the text prompts: “a large triangle, dark black outline”, “a large
hexagon, dark black outline”, and “a large triangle, dark black outline”. In the loss function β1 = 50
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and β2 = 100. The AdamW [37] optimizer was used with a learning rate of 0.25 and train for 100
epochs.

B.3 Suspended bridge design problem

Figure 8: Suspended bridge design problem setup

For the suspended bridge design problem, Figure: 4A and C, the force and support layout is given
in Figure: 8 the design rests on separated points and a downward force is applied along the span
of the bridge. A target density 0.3 is selected and the dimensions of the design space are given as
x = 256 and y = 128. As the force application is symmetric, we compute the compliance for half
of the design and mirror the results in the image shown to CLIP. We use the text prompts: “a large
triangle, dark black outline”, “a large hexagon, dark black outline”, and “a large triangle, dark black
outline”. In the loss function β1 = 50 and β2 = 100. The AdamW [37] optimizer was used with a
learning rate of 0.25 and train for 100 epochs.

B.4 3D printing and testing

For the beam design problem, Figure: 6A, the force and support layout is given in Figure: 6C the
design rests on two separated points and a force is applied at the center. A target density 0.5 is
selected and the dimensions of the design space are given as x = 672 and y = 96. This gives a
(7 x 1) inch ratio in the 3D printed design. As the force application is symmetric, we compute the
compliance for half of the design and mirror the results in the image shown to CLIP. We use the text
prompts: “a large arch, dark black outline” and “a honeycomb, many hexagons, dark black outline”.
In the loss function β1 = 50 and β2 = 100. The AdamW [37] optimizer was used with a learning
rate of 0.25 and train for 100 epochs.

Beams were printed using a Markforged X7 3D printer which extrudes nylon highly filled with short
carbon fibers trademarked Onyx. Parts are build layer by layer starting with the paths of outer shell
material infilling the center volume at alternating +45 and -45 deg. A path of material has a finite
minimum width of 200 microns and a height of 100 microns limiting the minimum feature size. The
beam rests on two lower rollers which move upwards in a displacement control test at 1 mm/min
while the upper center roller is fixed. The center fixture has a 20 kN load cell that is used to measure
the applied load. A more detailed description of the setup and methods are available in [38].

B.5 Diverse design problems

For the roof design problem, the target density was 0.3 and the dimensions of the design space were
x = 128 and y = 64. In the loss function β1 = 10 and β2 = 250. For the staircase design problem,
the target density was 0.4 and the dimensions of the design space were x = 64 and y = 64. In
the loss function β1 = 10 and β2 = 250. For the cantilever beam two design problem, the target
density was 0.5 and the dimensions of the design space were x = 80 and y = 64. In the loss function
β1 = 100 and β2 = 250. For the dam design problem, the target density was 0.5 and the dimensions
of the design space were x = 64 and y = 80. In the loss function β1 = 10 and β2 = 250. For the
multistory building design problem, the target density was 0.5 and the dimensions of the design space
were x = 70 and y = 64. In the loss function β1 = 50 and β2 = 250. For the staggered point design
problem, the target density was 0.5 and the dimensions of the design space were x = 80 and y = 80.
In the loss function β1 = 50 and β2 = 50. The AdamW optimizer was used with a learning rate of
0.25 and train for 100 epochs for all additional design problems. The adjustments here to the weights
on the visual loss and material cost for each trial were made to balance out an increase in the initial
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physics loss in some of the more complex design problems. In B.1-B.4 the same weights (β1 = 50
and β2 = 100) are used for all trials.

B.6 Starting from an existing design

Stable Diffusion 2.1 [39] was used to generate a 768 x 768 image for the text prompts: “the eiffel
tower, dark black outline”, “seattle space needle, dark black outline”, “a robot, dark black outline”,
and “st louis arch, dark black outline”. The default settings for Stable Diffusion 2.1 were used. The
returned images were processed for compatibility with TIDES design encoding. The images were
converted from three channel RGB to one channel grey scale and resized to 256 x 256 to match the
design space of the structural optimization problem. This was then passed as the starting parameters
for TIDES design encoding. A tower design problem B.1 was used. The target density and learning
rate were adjusted to account for starting from an existing design. The learning rate was reduced
and the target density was selected as a value less than the mean density of the starting image to
account for the amount of unconnected material in the starting design that will be removed during
optimization. For each text prompt the target density and learning raters are given as : “the eiffel
tower, dark black outline” : learning rate = 0.02 and target density = 0.4, “seattle space needle, dark
black outline”: learning rate = 0.05 and target density = 0.14, “a robot, dark black outline”: learning
rate = 0.1 and target density = 0.4, and “st louis arch, dark black outline”: learning rate = 0.02 and
target density = 0.2. All other parameters used the same settings as B.1.

C Additional Results

C.1 Comparison with [33]

TIDES

"Art Deco"

(Zhong, 2023)

"Art Deco"

A) Zhong et al., 2023 B) TIDES 

RGB Material layout Material layout

Windows
Windows

Figure 9: Comparison with [33] for an “Art Deco” structure. (A) [33] utilizes RGB channels and
can overfit to the visual domain e.g. the generated Art Deco building has off-white colored windows.
These windows are not structural features and are painted on over solid material. (B) TIDES does
not use RGB values, the focus is on generating a shared binary (material presence/absence, black or
white pixel) distribution. The window features present in TIDES all correspond to structural features
(no material is present).

In [33] RGB channels are utilized during the design generation process. This can cause overfitting
to the visual domain by allowing the model to improve the loss by painting over sections of the
underlying structure rather than by shaping the physical structure itself. E.g. In Figure 9A, the
generated art deco building has off-white colored windows. These windows are not structural features
and are painted over solid material. Our work does not use RGB values, the focus is on generating a
shared binary (material presence/absence, black or white pixel) distribution. The visual loss tends to
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favor generating artistically pleasant images that utilize shading rather than binary values. To solve
this, we introduced a Hill-function into the design encoding to control material distribution and push
pixel/density values towards 0 or 1. E.g. In 9B, we present the design generated by our approach
for an art deco building. In contrast to [33], the windows in our design all correspond to structural
features (no material is present). [33] does not scale well to large design spaces and can result in
designs with features that do not offer structural support. [33] utilizes the Connected Component
Labeling (CCL) algorithm to remove unconnected features, this is computed at every optimization
step. CCL scales poorly in computational time as the size of the design increases. In our work, we
introduce a compliance based masking approach to remove unconnected features. As compliance is
already computed for structural optimization there is no additional computational overhead required.
Further compliance is physics based and allows the removal of features that are not offering direct
structural support.

C.2 Hill function and compliance masking ablation

c: 13.4 
v: 33.23

c: 13.38 
v: 34.93

c: 13.76 
v: 34.35

Compliance mask and 
Hill function removed 

Hill function removed Compliance mask removed TIDES

"a robot, dark black outline"

c: 13.20 
v: 33.42

F FF F

Figure 10: Hill function and compliance masking ablation. The compliance masking approach
developed for TIDES ensures all features are connected. Removing this mask leads to designs with
floating material. The Hill function developed for TIDES pushes density values to 0 or 1 (material
presence or absence). Removing the Hill function leads to designs that utilize intermediate grey scale
values between 0 and 1. See Figure 1 and Figure 11, for examples of designs generated from ablating
the vision and physics loss components from TIDES.

C.3 Designs generated at multiple resolutions
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Figure 11: Loss ablation. Optimizing the tower structural optimization problem in Figure 3 for only a
physic or vision loss. (A) and (B) are designs generated from maximizing the CLIP score. These
designs have no concept of physics and return designs that have a compliance orders of magnitude
higher then a sound design, and contain floating material. (C) The designs returned for minimize
compliance. The designs returned are are relatively simple solid structures with a low compliance.
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C.4 Starting from an existing design

Figure 12: Starting from an existing design. An image generated by Stable Diffusion is converted to
a single channel density representation and passed as the starting design encoding for a tower design
problem. TIDES updates the material layout to resist the force applied at the top center of the design
space while preserving the visual features given by text prompt and starting image.

In addition to generating a design from scratch, TIDES can be used to update an existing design to
satisfy physical constraints. In Figure 12, we present the generation process starting from an existing
design. Here, Stable Diffusion [39] is first used to generate an image from a text prompt. This image
is then converted to a one channel grey scale image, resized to match the design space, and passed as
the starting parameter for TIDES’s design encoding. The “eiffel tower” and “st louis arch” starting
designs contain floating material and span the entire design space. Over 100 epochs TIDES places
material to improve compliance while maintaining visual features conveyed in the text prompt and
starting design. The “eiffel tower” design maintains its iconic shape and the thickness of the support
struts are increased by TIDES improving resistance to the applied force. The “st louis arch” design
maintains the arch shape with an additional horizontal strut emerging during generation.

The “space needle” and “robot” starting designs represent a more challenging initial condition where,
in addition to floating material, the designs are not fully connected and do not span the entire design
space. The saucer in the “space needle” is floating above the tower base and the “robot” does not
reach the top of the design space. In both cases, the starting designs do not resist the force applied at
the top center and return very high compliance values. Over successive epochs, TIDES improves the
design by removing floating material, connecting disconnected structures, and placing material to
fully cover the design space and resist the applied force. The “space needle” preserves the visually
distinctive feature of a saucer/orb supported by a pronged tower base. TIDES improves compliance
during generation by increasing the thickness of the supports and reducing the size of the saucer. The
“robot” maintains the rectangular head resting on a support body. The arm features do not offer much
support and are removed by TIDES during generation with material reallocated and added to thicken
the head and body to improve resistance to the applied force. Across all designs, the compliance
mask rapidly removes the floating material and the hill function pushes a binary material distribution
removing the grey background.
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C.5 Suspended bridge designs for all 30 trials

In this section we include high resolution plots of every design returned from 30 trials of the suspended
bridge design problem. Each design corresponds to a point plotted in Figure 4A. To better view the
detailed fine features present in each design we recommend zooming in on the individual design.

Figure 13: Designs generated from 30 runs of a physics loss alone for the suspended bridge design
problem with a randomized starting canvas.
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Figure 14: Designs generated from 30 runs of TIDES for the suspended bridge design problem given
the text prompt “a large arch, dark black outline”.
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Figure 15: Designs generated from 30 runs of TIDES for the suspended bridge design problem given
the text prompt “a large hexagon, dark black outline”.
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Figure 16: Designs generated from 30 runs of TIDES for the suspended bridge design problem given
the text prompt “a large triangle, dark black outline”.
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C.6 Hoop designs for all 30 trials

In this section we include high resolution plots of every design returned from 30 trials of the hoop
design problem. Each design corresponds to a point plotted in Figure 4B. To better view the detailed
fine features present in each design we recommend zooming in on the individual design.

Figure 17: Designs generated from 30 runs of a physics loss alone for the hoop design problem with
a randomized starting canvas.
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Figure 18: Designs generated from 30 runs of TIDES for the hoop design problem given the text
prompt “a large arch, dark black outline”.
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Figure 19: Designs generated from 30 runs of TIDES for the hoop design problem given the text
prompt “a large hexagon, dark black outline”.
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Figure 20: Designs generated from 30 runs of TIDES for the hoop design problem given the text
prompt “a large triangle, dark black outline”.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claim made in the abstract and introduction is the development
of a framework for generating physically sound designs from text and a set of physical
constraints. The claim is supported by experimental results presented in Section 4 where
designs generated by the approach resist physical deformation in simulation and in the lab
while displaying visual support structures and features that align with the text prompt.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of the work performed in the main body of the text
and include additional discussion in the Appendix A.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA] .
Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide a detailed full and clear description of the TIDES algorithm and
architecture depicted in Figure 2 in Section 3, along with a discussion of all settings for
each individual run and trial and experimental setup in Appendix B. We will make our code
available.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: We describe the experimental configurations in Appendix B and we will make
our code available.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: In Appendix B we provide descriptions of all experimental setups and the
hyperparameters used for each run.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We conducted multiple trails and report distribution plots with confidence
ellipses and min max range bars where appropriate. In Figure 4, we plot the distribution
of performance across 30 trials per prompt along with their confidence ellipse and the min,
median, and max values observed for the baseline. In Figure 6 we plot bars that indicate the
min and max force observed at each displacement across the replicates.
Guidelines:
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• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: The paper does not require extensive computing resources. All runs and trials
were performed on a computer with an RTX A4000, 32GB Ram, and an Intel i7 processor.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The authors have reviewed the NeurIPS code of Ethics and the paper conforms,
in every respect, with the NeurIPS code of ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
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Justification: We discuss potential societal impacts in Appendix: A.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the original papers for all assets used and direct the reader to the
original papers for more detailed discussion. We respect the terms of the licenses. All
existing assets use permissive free-software licenses e.g. MIT License for CLIP and Apache
License 2.0 for the physics simulator.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
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• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We will make our code available and provide documentation.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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