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Abstract—The emergence of generative artificial intelligence
(GenAI) and large language models (LLMs) has revolutionized
the landscape of digital content creation in different modalities.
However, its potential use in Physical AI for engineering design,
where producing physically viable artifacts is paramount, remains
largely underexplored. The lack of physical knowledge in existing
LLM-to-3D models often results in outputs that are detached
from real-world physical constraints. To address this gap, we
introduce LLM-to-Phy3D, an online 3D object generation method
that enables existing LLM-to-3D models to produce physically
conforming 3D objects on the fly. LLM-to-Phy3D introduces
a novel online black-box refinement loop that empowers large
language models (LLMs) through synergistic visual and physics-
based evaluations. By delivering directional feedback in an
iterative refinement process, LLM-to-Phy3D actively drives the
discovery of prompts that yield 3D artifacts with enhanced physical
performance and geometric novelty bias relative to user reference
objects, marking a substantial contribution to AI-driven generative
design. Systematic evaluations of LLM-to-Phy3D, supported by
ablation studies in vehicle design optimization, reveal various
LLM improvements gained over 78% in producing physically
conform target domain 3D designs over conventional LLM-to-3D
models. The encouraging results suggest the potential general use
of LLM-to-Phy3D in Physical AI for scientific and engineering
applications.

Index Terms—prompt evolution, vision-language model, large
language models, generative AI, text-to-3D, evolutionary optimiza-
tion, engineering design optimization

I. INTRODUCTION

Remarkable advancements in generative artificial intelligence
(GenAI) and large language models (LLMs) have opened
new research opportunities, primarily focused on creating
high-fidelity digital artifacts that align with user preferences
through tailored prompts. This has led to a surge in broad
applications, including text-to-X generation, which produces
digital artifacts across different modalities (e.g., text, images,
or 3D) conditioned on textual prompts [1]–[3].

Among those applications, text-to-3D object generation has
attracted increasing attention due to its success and potential
to democratize 3D content creation, accelerate design work-
flows, and leverage the capabilities of emerging multimodal
foundation models [3]. One major challenge in 3D object
generation is automating the design process while synthesizing
novel and diverse shapes [4]. Several works introduce text-
to-3D models that can generate the parameters of implicit

functions for rendering textured meshes and neural radiance
fields [5], [6]. This enables the synthesis of diverse 3D shapes
in a target domain from a single text prompt. Xiang et al. [7]
proposed a unified structured latent representation that expands
the generation of outputs to the 3D Gaussian format and
improves the quality of generated artifacts. Wang et al. [8]
attempted to unify spatial textual knowledge in LLMs with 3D
information to improve mesh understanding, thereby enabling
the generation of simple polygonal meshes from text.

While these advancements led to the proliferation of digital
media applications, there is a notable lack of progress in
advancing 3D object generation in Physical AI for engineering
design, where the production of physically viable artifacts
is paramount [9], [10]. One major challenge we observed
is generating objects that satisfy physical constraints. 3D
vehicles generated from conventional text-to-3D models without
physical knowledge (Fig. 1 (Left Group) and Fig. 2 (a)) while
aesthetically pleasing, have limited efficacy in both the real
physical world and its digital twin as compared to ones gener-
ated with these constraints (Fig. 1 (Right Group) and Fig. 2
(b)). Notable work attempts to incorporate such constraints into
GenAI models, focusing on enforcing the generation of a target
object shape that complies with physical laws [11]. However,
due to confidentiality concerns and prohibitive data-generation
costs, the scarcity of large-scale, high-quality engineering data
hinders the scaling and generalization of such techniques for
text-to-3D generation. In contrast, black-box techniques can
overcome such difficulties, enabling existing GenAI models
to generate novel artifacts that conform to targeted physical
constraints. Pioneering research studies that investigate this
approach in engineering design optimization, where preliminary
results, particularly in enhancing aerodynamic performance
while satisfying domain constraints [12], [13], encourage
progress and interest. These efforts motivate the use of GenAI
with language models to narrow the gap between digital
innovation and functional applicability, driving progress in
Physical AI for engineering design. However, these methods
focus on improving conventional optimization strategies. To
date, the feasibility of using LLMs to generate 3D artifacts that
adhere to physical laws in engineering design remains largely
unexplored.

To this end, we introduce LLM-to-Phy3D, a novel physically-



Fig. 1. Most representative vehicles generated with various conventional LLM-to-3D models using LLM-generated prompts (left) and physically conforming
novel vehicles generated with LLM-to-Phy3D (right).

conforming online 3D object generation method with LLMs.
Central to LLM-to-Phy3D is its unique online black-box
iterative refinement framework that adaptively steers the LLM
to find textual prompts that yield physically plausible 3D
artifacts with high geometric novelty. The framework starts with
3D artifacts generated with randomly sampled LLM-generated
prompts. Subsequently, LLM-to-Phy3D quantifies the physical
performance, target-domain alignment, and geometric novelty
of 3D artifacts using visual and physics-based evaluations,
which serve as surrogate indicators for a non-differentiable
black-box objective. An iteration of LLM-to-Phy3D ends with a
selection process that picks the best-performing LLM-generated
prompts as exemplars, enabling the LLM to learn the relation-
ship between its prompts and the generated 3D artifacts that
yielded the quantified score, thereby improving its performance
in the next iteration. This selection pressure mechanism not
only ensures constant space complexity but, more importantly,
achieves the desired generation characteristics with directional
feedback [14], [15] that steers the LLM to produce physically
conforming target domain 3D artifacts.

Moreover, generation issues, such as hallucinations [16],
produce 3D artifacts whose shapes are outside the target domain
yet still satisfy the physical constraints. Visual evaluations can
not only effectively identify and penalize irrelevant shapes
but also reward novel ones. While existing foundation vision
models can assess such artifacts from 2D rendered views
with high accuracy [17], [18], projecting 3D artifacts onto
2D can introduce significant geometric distortions in surface
topology, degrading model performance. To address such issues,
we propose conducting the physical light simulation under
orthographic projection [19] to capture the precise surface
topology of 3D artifacts and minimize geometric distortions.
This single visual representation serves the dual purpose of
object recognition and quantification of geometric novelty
relative to reference objects.

To demonstrate the efficacy of LLM-to-Phy3D against
conventional LLM-to-3D methods, we conduct experiments
on a test scenario that mimics real-world engineering design
optimization. Starting from initial LLM-generated prompts
that yield 3D artifacts with significant variation in physical
performance, we demonstrate that all LLMs in our experiments
are able to improve the quality of its generated prompts,
leading to significant improvements in producing physically

conforming novel 3D artifacts with better realism than the ones
generated with conventional text-to-3D models. To summarize,
the contributions of this paper are as follows:
• We introduce LLM-to-Phy3D, a novel physically conform

online 3D object generation with LLMs, for actively steering
the LLM to produce physically conforming novel 3D objects.
LLM-to-Phy3D enables the LLM to find effective prompts by
providing physical knowledge through directional feedback.
This allows the LLM to learn the association between its
generated prompts and the quality of 3D artifacts generated
with its these prompts.

• LLM-to-Phy3D captures the precise surface topology and
visual characteristics of 3D artifacts through physical light
simulation with orthographic projection in a single visual
representation for object recognition and geometric novelty
quantification with respect to reference objects. The tech-
nique minimizes geometric distortion, ensuring the rendered
surface topology conforms to scientific and engineering
requirements.

• Visual and physics-based evaluations are introduced to
quantify the quality of 3D-generated artifacts based on
its physical performance and geometric novelty. These
evaluations contribute to the search objective, enabling the
selection of physically conforming ones as exemplars for
the LLM to learn from in the next iteration.

• Systematic evaluations of LLM-to-Phy3D, along with ab-
lation studies in aerodynamic vehicle design optimization
tasks, reveal various LLM improvements gained over 78% in
producing physically conforming target domain 3D designs,
indicating the broader potential of the framework in Physical
AI for science and engineering applications.

II. PRELIMINARIES

In this paper, we articulate the physical viability of 3D
objects in the context of, but not limited to, automotive
aerodynamic design. As such, we introduce in this section
the key fundamental concepts in representing and quantifying
the novelty and quality of 3D objects.

Surface Topology Representation for Object Recognition
and Geometric Novelty Quantification: In many computer
vision and computer graphics applications, the semantic mean-
ing and visual features of a 3D object are defined based on the
object’s surface topology [20]–[22]. This topology information



Fig. 2. Aerodynamic Visualization of two vehicles generated (a) without considering physical constraints and (b) with physical constraints. Vehicle shape has a
direct impact on the aerodynamic (drag) performance. Some aerodynamically efficient (low-drag) characteristics include attached, streamline flow from the
front to the rear and small pressure differences between the front and rear. In contrast, an aerodynamically inefficient (high-drag) vehicle exhibits the opposite
characteristics, including separated flow and pronounced pressure differences.

can be captured by illuminating the surface with a physical
light simulation [19], which replicates light rays reflecting and
refracting off the surface and projecting onto a camera plane.
Assuming camera orthographic projection, given a set of all
intersection points Zc in a fixed camera viewpoint c of a 3D-
object x, the surface topology of the rendered R multi-view is
defined as:

g(x) = {X = {I(z) | ∀z ∈ Zc} | ∀c ∈ {1, ..., R}}, (1)

where X is a rendered view image of x consisting of the
illumination (or shading) from multiple light rays intersecting
at different surface point z by I(·). In this paper, we compare
the multi-view of generated and reference 3D objects to
minimize inaccuracies in determining the region of geometric
novelty due to surface topology distortion caused by indirect
illumination [23].

Aerodynamics Computation for Physical Performance
Quantification: For automotive aerodynamics [24], the drag
and lift characteristics of a vehicle are of prime interest. These
characteristics can be quantified using a physics simulator (or
surrogate) G in which the vehicle is subjected to fluid-flow
conditions, such as steady or unsteady air streams, thereby
replicating real-world aerodynamic environments. The fluid
particles interacting with the vehicle’s surface generate viscous
forces and pressure in the flow direction that drag or lift the
vehicle body. Assuming the particles are travelling along the
x-axis, given the projected area of the vehicle (Aprojected), the
drag and lift scores are defined as:

Gfluid_forces(x,F) ≈
F(x)

2ρ∞∥u∞∥22 ·Aprojected
,

C̄lift(x) = Gfluid_forces(x,Fz),

C̄drag(x) = Gfluid_forces(x,Fx),

(2)

where ρ∞ is the freestream ambient density of the fluid, and
u∞ is the freestream velocity vector. Here, F(·) computes the
integral forces acting on the surface with Fx(·) considering
the forces along the x-axis only while Fz(·) take into account
forces along the z-axis only. Note that the drag and lift coeffi-
cients (C̄drag and C̄lift) are usually computed in a dimensionless
and normalized form.

III. METHOD: LLM-TO-PHY3D

We first present the LLM-to-Phy3D framework, followed by
detailed discussions of its key components.

A. Online Blackbox Iterative Refinement Framework

Without loss of generality, let P denote a space of textual
prompts and X denote a space of 3D objects. Given any 3D
object x ∈ X , we assume a text-to-3D GenAI model (pt3d)
that generate new 3D objects conditioned on a textual prompt.
Moreover, given any prompt m ∈ P , we also assume the
presence of an LLM-based optimizer (pllm) that can iteratively
generate new prompts based on the domain of interest S (e.g.,
“car”, “watercraft”, etc) and a meta-prompt M, and can be
adaptively guided using exemplars consisting of prompts paired
with its performance in generating high-quality 3D objects. As
such, given a set Y of reference 3D objects, the search goal
is to find novel 3D artifacts that satisfy physical and domain
constraints:

min
m∈P

: E
pt3d(x | m)

[fphysical(x) + fdomain(g(x),S)− βFnovelty(x,Y)]

s.t. Q(m,S) ≤ ϵ,

c ≤ fphysical(x) ≤ c̄,
(3)

where Q(·, ·) is a function that filters infeasible LLM-generated
prompts, due to generation failure scenarios (e.g. LLM hal-
lucination), which are semantically distant to the domain of
interest S by ϵ. Moreover, c > 0.0 and c̄ < 1.0 define the
boundary that any 3D generated artifact in the target domain
can realistically achieve in the real world, effectively filtering
infeasible ones such as the non-conforming or non-watertight
with object’s surfaces are not fully closed. In addition, d ensures
the search does not deviate far from the target domain and get
stuck in infeasible regions. The first term ranks artifacts with
better physical performance higher than those with impractical
performance. Among those that satisfy the physical constraint,
generated artifacts less resembling S are penalized in the second
term, demoting its position for such artifacts. Finally, the third
term rewards artifacts with geometric novelty bias relative to
the user reference objects, thereby promoting their positions.
This term is weighted with a β parameter to balance the novelty
score with the physical score. These three terms work in synergy
to provide the LLM with effective feedback on the quality of
generated artifacts, ensuring that higher-quality candidates serve
as exemplars for subsequent iterations.

Algorithm 1 describes the mechanics of the framework.
Given a domain of interest S, LLM-to-Phy3D initializes the
LLM (pllm) with the search task. Our proposed method then
samples prompts from the LLM to produce the corresponding



3D artifacts from the text-to-3D generative model pt3d. The
generated 3D artifacts are evaluated against the specifications to
determine the scores. These scores are then combined with the
LLM-generated prompts to serve as exemplars for the LLM to
learn and re-attempt to create new prompts that can yield better-
performing candidates. These candidates are evaluated and,
together with the ones generated in the last iteration, undergo
a selection process. This process selects the better-performing
candidate from each random pair to form an exemplar set of N
candidates for the next iteration (Line 7 in Algorithm 1), thereby
ensuring constant space complexity throughout the search.
Moreover, the exemplar set serves as directional feedback,
allowing it to learn the association between the prompt and
the quality of the 3D object and find more effective prompts
that steer towards the optimal. LLM-to-Phy3D iterates until
the terminating condition is satisfied.

Algorithm 1 LLM-to-Phy3D
Input: M meta prompt, S domain of interest, batch-size N
Output: Designs Set Dstep

1: step← 0
2: Dstep ← {(mi, xi) |mi ∼ pllm(mi |M,S), xi ∼

pt3d(xi |mi)}∀i ∈ {1, ..., N}
3: Evaluate Dstep against S based on Equation (3), (4), (5),

and (7)
4: while non-terminating condition do
5: Dcandidates ← {(mi, xi) |mi ∼

pllm(mi |M,S,Dstep), xi ∼ pt3d(xi |mi)} ∀i ∈
{1, ..., N}

6: Evaluate Dcandidates against S based on Equation (3), (4),
(5), and (7)

7: Dstep+1 ← select_N_candidates(Dcandidates ∪ Dstep)
8: step← step + 1
9: end while

B. Quality of 3D Generated Objects

We quantify the quality of a 3D-generated object x with the
following measures:

(I) Physical Constraint with Physical Alignment Measure:
This measure assesses the performance of 3D-generated objects
under various physics conditions, governed by the natural
physical laws. Here, we provide an instantiation of this measure
in the context of fluid dynamics [24]. As such, the physical
alignment measure is defined as follows:

fphysical(x,F) = [min(max(G(x,F), a), b)− a] /(b− a), (4)

where a physics simulator (or surrogate) G(·, ·), such as a
Computational Fluid Dynamics (CFD) solver [25], computes
the physical performance of the 3D generated artifact x.

(II) Domain Constraint with Domain Alignment Measure:
Given a domain of interest S and multi-view images g(x) of the
3D object x, we measure the degree of alignment between the

object and target domain with the following cosine similarity
measure:

s1 = Hvlm(g(x),S),
s2 = Hvlm(g(x),¬S),
fdomain(g(x),S,Γ) = es1/Γ/(es1/Γ + es2/Γ),

(5)

where Γ is the temperature hyperparameter that controls the
discriminative strength between the positive and negative pairs
(e.g., S = “car” and ¬S = “No car”). Here, we assess the
likelihood that a 3D object is within the domain of interest
S with a Visual-Language Model Hvlm(·, ·) that sets Γ =
0.01 [17].

(III) Geometric Novelty Measure: This measure detects
and localizes the regions of geometric novelty by comparing
the surface topology of a 3D-generated object with a reference
object. The surface topology differences with the reference
object indicate regions of geometric novelty bias that contribute
to the improvement or degradation of the overall physical
performance fphysical. Here, we instantiate this measure in the
context of physical light simulation [19] to capture the precise
surface topology of a 3D object. As such, given a 3D-generated
object x and a target object y in the conventional set, the
measure compares images of the same rendered view, defined
as follows:

s3 =

R∑
i=1

∥M⊙g(y)[i] −M⊙g(x)[i]∥22,

s4 =

R∑
i=1

J∑
j=1

∥hj(M⊙g(y)[i])− hj(M⊙g(x)[i])∥22,

fnovelty(x, y) =
γ(g(x), g(y))(s3 + s4)

∥M∥1
,

(6)

where ⊙ denotes the element-wise product, R is the number
of rendered views, g(·)[i] provides the i-th rendered view of a
3D object, and M is a mask matrix for indicating the regions
of interest to compare the surface topology. The first term
s3 compares the same rendered view image between the 3D-
generated and target object at the pixel level. The second term
s4 compares various visual feature maps with a pre-trained
image feature extractor hj(.), which extracts specific features
at the j-th level of image abstraction. On a separate note, the
measure score is weighted with γ(·, ·) to ensure the relevance
of the 3D-generated novelty with respect to the target domain.
This allows impractical 3D-generated objects that have no
resemblance to the target domain to be ranked lower than
the practical ones. In addition, the fnovelty is scale invariant by
normalizing with the number of pixels considered in the regions
of interest ∥M∥1. Furthermore, if a set Y of reference objects is
provided, the reference object with the least geometric novelty
with respect to x is selected as the representative novelty of
the set and is defined as:

Fnovelty(x,Y) = min
k∈{1,...,K}

{fnovelty(x, yk) | yk ∈ Y}. (7)



TABLE I
COMPARISON OF LLM-TO-PHY3D AND BASELINES DPAR (MEAN ± STD EQ. (8)) IN PRODUCING PHYSICALLY CONFORM TARGET DOMAIN 3D ARTIFACTS

Text-to-3D Model / Shap-E [6] Trellis [7]
LLM Baseline Ours Baseline Ours

Mistral 3.0 Small 0.0868± 0.0247 0.9347± 0.0263 0.0831± 0.0576 0.8412± 0.0460
GPT 3.5 0.1123± 0.0092 0.9655± 0.0271 0.4167± 0.0209 0.9578± 0.0322
GPT 4o Mini 0.0927± 0.0068 0.9558± 0.0462 0.2618± 0.0048 0.9768± 0.0267
Gemini 2.0 Lite 0.0401± 0.0055 0.9125± 0.0048 0.2449± 0.0021 0.9472± 0.0106

Overall 0.0830± 0.0299 0.9059± 0.0362 0.2517± 0.1221 0.9308± 0.0615

C. Meta Prompt Design

A set of instructions (or meta-prompt) is designed for the
LLM to function as an effective optimizer. Specifically, a role
description highlights the search task the LLM operates and
the goal (or objective) it needs to solve. LLM is provided with
target-domain knowledge to generate domain-specific prompts,
effectively constraining the generation of 3D objects within
that domain. To this end, we instruct the LLM to complete the
following prompt template, M = “A < S > in the shape of"
, where S is the domain of interest. Lastly, for the LLM to
improve its generative performance, we provide the LLM with
feedback by presenting previously LLM-generated prompts
with its evaluated scores as exemplars for the LLM to reflect
on and learn from. This in-context learning approach improves
the likelihood that the LLM generates more effective prompts
than its previous iteration.

IV. EXPERIMENTS

We demonstrate the efficacy of LLM-to-Phy3D through ex-
periments designed to solve an engineering design optimization
problem. In this section, we will first present the experiment
setup, followed by the evaluation, and finally the results and
discussion.

A. Setup

The problem of interest is to discover novel cars with
aerodynamically efficient (low drag) body shapes. As such,
the target domain S is set as “Car" and we design the meta
prompt for the problem with the search goal of minimizing
the aerodynamic drag C̄drag in fphysical. In addition, we bound
the drag scores within a = −1.0 and b = 1.0 in Equation (4)
and normalized. Moreover, we set d ≤ 0.7 in Equation (3).
Furthermore, we set β according to only reward novel cars
with better aerodynamic drag performance than a set of typical
car objects Y = {y1, ..., yQ}. Specifically, we first sample
reference car objects in Y with the text-to-3D generative model
in the test scope conditioned on “A car", and then determine the
physical performance of each object. Subsequently, we compute
the physical performance standard deviation σ̂ and mean µ̂ of
the set Y for instantiating the hyperparameter as β = e−(µ̂/σ̂).
We employ CFD physics simulation with OpenFoam [26]
to obtain the physical performance aerodynamic scores. In
addition, to generate the feature maps in Equation (6), we
utilize the EfficientNet model [18]. On a separate note, we
employ the Nvidia ray tracing engine OPTIX [19] to capture
and render the precise surface topology of 3D objects.

Our proposed method is compared against four different
baseline LLM-to-3D methods. We select four LLMs - GPT-
3.5 Turbo, GPT-4o Mini, Gemini 2.0 Flash Lite, and Mistral
3.0 Small, to compare based on its capabilities in following
the designed meta-prompts and creating feasible prompts
throughout the iterations in a single experiment run. As these
LLMs require a text-to-3D generative model to produce 3D
artifacts, we select Shap-E [6] and Trellis [7] models. For these
baseline LLM-to-3D methods, we established a standard meta
prompt “Create a prompt that starts with M and ends with
a full stop.", where M is the prompt template introduced in
Section III-C. Moreover, the temperature of the LLMs is set
in a range that allows it to produce viable and diverse prompts.
Also, for consistency, we use the same temperature range for
these LLMs, unless notable hallucination issues significantly
degrade the LLM’s ability to follow instructions.

In all experiments, we use the same random seeds across
multiple runs, with each run producing N = 20 candidates
generated per iteration. We ran each experiment for 40 opti-
mization steps, yielding up to 800 designs per run. Furthermore,
in a single experiment run, the experiment is performed on a
single shared compute node with a configuration comprised of
Intel Xeon Silver 64 CPU cores clocked at 2.10 GHz, 128GB
of RAM, and three Nvidia Quadro GV100 GPUs (32 GB each).

B. Evaluation

We compare LLM-to-Phy3D against baseline methods in
terms of its ability to produce physically conforming target-
domain 3D artifacts. Specifically, given the target domain S
and set D of all 3D artifacts generated with a method in a
single experiment run, we define the domain and physical
alignment rating (DPAR) of a method of interest as:

DPAR(D,S) = E
x∈D

[fdomain (g(x),S) /fphysical(x)] , (8)

where the higher the rating, the better the method at producing
physically conforming target-domain artifacts. For a fair
comparison, we ensure that the number of generated outputs
is the same for the baseline and our proposed methods across
iterations. Furthermore, our proposed method and the baseline
use the same LLM temperature ranges.

C. Results and Discussions

Based on the experimental results, the baseline models often
generate vehicles with aesthetically pleasing shapes or that
resemble conventional vehicle body shapes (as observed in
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(a) Shap-E [6] (b) Trellis [7]
Fig. 3. Search optimization score (Equation 3) of LLM-to-Phy3D with different LLM and text-to-3D generative models combinations.

(a) Shap-E

(b) Trellis
Fig. 4. Results of the aerodynamic profile of cars generated with LLM-to-Phy3D at specific iterations and compared with a representative car generated with
the best baseline LLM-to-3D method. Note that the lower the drag, the better the car’s physical performance.

some of the most representative examples in the left group of
Fig. 1). In contrast to these vehicles, LLM-to-Phy3D found
novel vehicles that are not only visually creative but also
satisfy the physical and target-domain constraints (as shown
in the right group of the same figure). This observation is
evident in the benchmark with DPAR (Table I), where our
proposed method consistently outperforms the baselines across
different LLMs of interest by more than 78%. LLM-to-Phy3D
demonstrates its efficacy in enabling each LLM to learn the
association between 3D artifact quality and its LLM-generated
prompts, and in predicting the best possible prompts that yield
higher-quality outputs.

As presented in Fig. 3, GPT-4o-mini and GPT-3.5-Turbo can
learn more proficiently than other LLMs of interest, resulting
in convergence in less than 10 steps. On the other hand, while
Gemini 2.0 Flash Lite is capable of producing diverse and
creative prompts, we observe it requires more time to overcome

the generation issues in Shap-E (Fig. 3(a)) where the text-to-
3D model is less adhering to the LLM-generated prompts.
We also noticed that Mistral 3.0 small struggles to learn the
association between its generated prompts and the evaluation
scores, hindering its ability to produce effective textual prompts.
While still able to find physically plausible and more novel 3D
vehicles, the limitations observed in Gemini 2.0 Flash Lite and
Mistral 3.0 small resulted in minimal variation in the generated
prompts.

By analyzing the aerodynamic performance of the generated
3D shapes (Fig. 4), our findings reveal that the initialization
step produces 3D-generated cars with shapes that yield high
surface pressure at the car front and sides. This increases
the aerodynamic drag force and decreases the performance.
These resulting artifacts have similar aerodynamic issues to
the baseline samples, as the LLMs generate textual prompts
without prior knowledge of the physics. After introducing prior



Fig. 5. Ablation Studies on the effectiveness of different terms in the objective function on generating 3D artifacts (Top Row: LLM with Shap-E, Bottom Row:
LLM with Trellis).

Fig. 6. Example of geometric novelty between a reference car (in grey solids) and a car generated with LLM-to-Phy3D (in orange wireframe). The novelty
heatmaps presented in the top row are the multi-view results of Fnovelty(.), which highlight the regions contributing to the geometric novelty score of the
generated car compared with the target one. Multiple views (bottom row) of the generated car overlay on the target car show regions corresponding to
contrasting body shapes that contribute to the difference in aerodynamic performance.

knowledge and selecting effective textual prompts that result
in better physically-conforming 3D artifacts, the generated
3D artifacts possess shapes that lead to lower aerodynamic
performance indicators, such as a reduced pressure difference
or smaller projected area.

We conduct several ablation studies to examine the effect
of each term in the objective function. We noticed that using
physical constraint fphysical only, the search favors malformed
or highly fragmented cars (Fig. 5 (a)) that registered better drag
performance than complete generated cars. This degrades the
framework’s overall performance over time as the LLM learns
false positives, leading to incorrect associations of prompts with
cars and resulting in shapes that perform worse in drag. On a
separate note, the search process adhering to the target domain
constraint fdomain only can lead to artifacts that visually highly
resemble the reference cars of varying physical performance
(Fig. 5 (b)). With geometric novelty Fnovelty only, on the other
hand, LLMs found textual prompts that yield cars with highly
unconventional or fragmented shapes that have high novelty
but are impractical (Fig. 5 (c)). By combining all three terms as
a weighted sum in the objective function, LLM-to-Phy3D can
effectively produce novel 3D artifacts that satisfy the physical
and domain constraints (Fig. 5 (d)).

Fig. 6 reveals the highlighted visual features indicating the
geometric novelty between a reference car and a car generated
with LLM-to-Phy3D. In the top-row heatmap images in the
figure, the geometric differences between the surfaces of a 3D-
generated car and a reference car are highlighted, indicating
visual cues of high geometric novelty. These differences
correlate to the overlay meshes of the cars presented in the
bottom row. Such geometric differences serve as an indicator
of the region of novelty, allowing LLM-to-Phy3D to reward
3D artifacts in the objective function that not only lead to the
discovery of novel artifacts but also satisfy physical and domain
constraints. Investigation on the effectiveness of this geometric
novelty measure under different camera projections reveals
an LLM-to-Phy3D improvement with orthographic projection
(DPAR +3.38% to +52.21%). This indicates that the geometric
distortions introduced by the projection strategy considerably
affect the identification of physically conforming 3D artifacts.
These proposed mechanisms enable LLM-to-Phy3D to find
effective text prompts that yield novel, physically conforming
designs (Fig. 7).

V. CONCLUSION

We introduce LLM-to-Phy3D, a novel physically-conforming
text-to-3D online guidance method with LLMs. Our proposed



(a) Baseline (b) LLM-to-Phy3D
Fig. 7. Examples of 3D cars generated with baseline and with LLM-to-Phy3D methods. Note that the lower the aerodynamic drag, the better the physical
performance of the generated car.

method enables existing LLM-to-3D models to produce physi-
cally conforming 3D objects in the target domain on the fly.
Central to LLM-to-Phy3D is an online black-box iterative
refinement framework that adaptively steers the LLM to find
textual prompts that yield physically plausible 3D artifacts
with high geometric novelty. Systematic evaluations, supported
by ablation studies of LLM-to-Phy3D in an aerodynamic
vehicle design optimization scenario, reveal that our proposed
method outperforms existing LLM-to-3D models in producing
physically conforming target-domain 3D artifacts by more than
78%. Furthermore, the precise surface topology of 3D-generated
objects, captured via physical light simulation with orthographic
projection, enables effective measurement of geometric novelty
relative to reference objects. These results underscore the
potential general use of LLM-to-Phy3D in Physical AI for
further scientific and engineering applications.
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