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A. Test-Time Reward-Guided Alignment

In the reward model, we employ a pre-trained CLIP-style
dual encoder and discriminator to jointly evaluate the se-
mantic alignment and structural plausibility of the gener-
ated microstructures, which is illustrated in Figure 1. The
discriminator is trained to distinguish high-quality text-
aligned structures from generated samples. The discrimina-
tor’s local structure score is denoted as s, the discrimina-
tor’s global structure score is denoted as s, and the overall
score sy is obtained by averaging the patch-level and global
probabilities. The weights of CLIP and the discriminator
are 1.0 and 0.4, respectively.

Detailed process of test-time reward-guided alignment is
shown in Algorithm 1. The initial sample undergoes R = 5
iterative optimization steps. In each iteration, £ = 4 local
patches of size 32 x 32 x 32 are randomly selected as can-
didate editing regions. For each patch, i = 8 candidate
structures are generated. These candidates are evaluated
using a reward model that weights the semantic similarity
score from CLIP and the structural realism score from the
discriminator. For each local region, the candidate with the
highest reward score replaces the original patch. After each
round of optimization, the current best reward is normal-
ized using a softmax function, and the structure from the
pool of best resampled samples is used as the starting point
for the next round. This iterative process continues until a
predetermined number of rounds is reached.
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Figure 1. Overview of Test-Time Reward-Guided Alignment:
Given an initial material structure and a target textual description,
the proposed module performs localized optimization of random
regions guided by metric scores derived from two reward models:
a contrastive reward and a discriminative reward, thereby progres-
sively refining the 3D material structure toward the target.

B. Evaluation Metrics

To evaluate the performance of our generated microstruc-
ture, we conduct a quantitative analysis using four comple-
mentary metrics: classification accuracy, Fréchet Inception
Distance (FID), CLIP score, and Chamfer Distance (CD).
These metrics respectively assess the semantic consistency,
distributional fidelity, text-to-structure alignment, and geo-
metric accuracy of the generated microstructures. Further-
more, we used the R-squared coefficient to evaluate the cor-
relation between the predicted properties of the generated
structure and the predicted properties of the real structure.



Algorithm 1 Test-Time Reward-Guided Local Sampling

1: Input: Diffusion model G, prompt T, batch size B,
diffusion steps S, guidance scaling factor w, edits per
round F, candidates per edit K, total rounds N, tem-
perature A

2: Output: Optimized structures X *
3: Initialize X from the diffusion model G(T', B, S, w)
4: Set X* < X, and compute initial rewards R*
5: forn =1to N do
6: Sample E patch locations
7: fore =1to £ do
8: for k =1to K do
9: Local edit X with half-step sampling X®)
10 Replace patch e with a new sample
11 end for
12: Evaluate the combined rewards of K candidates
13: Update X with the highest reward
14: end for
15: Compute current rewards R
16: if Reward enhancement then
17: Update X* and R*
18: end if
19: Compute probabilities p = softmax(AR*)
20: Sample indices s ~ Multinomial(p, B)
21: Set X + X*[s]
22: end for

23: return X*

B.1. Classification Accuracy

It can evaluate the ability of the model to generate mi-
crostructures that are recognizable and distinguishable
across predefined categories. To perform this evaluation, a
3D convolutional neural network classifier is trained using
2,000 labeled microstructures distributed over 20 semantic
classes. The high accuracy achieved by the classifier on the
generated samples indicates strong semantic alignment be-
tween the structures and the textual prompt.

B.2. FID Score

To evaluate the generation quality of 3D microstructure, we
adopt the Fréchet Inception Distance (FID) metric by ex-
tracting feature embeddings from the penultimate layer of
a pre-trained 3D classifier. We compute the FID score be-
tween 2,000 real and 2,000 generated microstructures using
the standard formulation:

FID = ||z — || + Tr(Cr + Cy — 2(CCy) %) (1)
where z and y represent the feature vectors of real and gen-
erated structures, respectively, 1, and (i, are the mean vec-
tors, C,, and C, are the covariance matrices, and T'r denotes
the matrix trace. A lower FID indicates that the distribution

of generated structures is closer to that of real samples, sug-
gesting higher generation fidelity.

B.3. CLIP Score

It can measure the degree of semantic alignment between
the input text and the corresponding microstructure gener-
ated. A pretrained dual encoder from the first stage of train-
ing is employed to embed both the text description and the
generated microstructure into a shared representation space.
Semantic alignment is subsequently assessed by computing
the cosine similarity between their corresponding embed-
dings. A high similarity score indicates that the model ef-
fectively captures and preserves the semantic content of the
input prompt in the generated output.

B.4. CD Score

It is computed between point clouds sampled from the gen-
erated and ground-truth material structures, serving as a
measure of geometric similarity. To compute the CD score,
the material structures, both generated and ground-truth, are
first converted into surface point clouds, typically by sam-
pling the coordinates of boundary voxels or using isosurface
extraction methods. Let P = {p;};*, and Q = {g;}}1,
represent the two point clouds sampled from the generated
and ground-truth structures, respectively. The CD score is
written as:

CD = —; |P| mellp qll3+ |Q| Zmlnllq pl3 @)

which ensures that each point in one set is close to at least
one point in the other. The first term evaluates how much
of the generated structure is relevant to the target geome-
try, while the second term captures how well the generated
structure covers the target. The lower CD score corresponds
to higher shape fidelity and more accurate reconstructions.

B.5. R-Squared Coefficient

It can evaluate the ability of the model to generate mi-
crostructures that closely match the target physical prop-
erties. For this evaluation, we train a solver with the
same convolutional architecture as the classifier using 2000
properties-labeled microstructures. A higher R-squared co-
efficient, approaching one, indicates stronger physical con-
sistency in the generated structures.

C. Implementation Details

During the pre-training phase, PropDiff-TMG trains a
property-informed dual encoder using a contrastive text-
structure pre-training approach to align text-structure em-
beddings. The dataset contains N = 2000 microstructures,
with 80% used for training and 20% for validation. Each
text description is accompanied by the physical properties



of its corresponding microstructure, including volume frac-
tion, effective Young’s modulus, and isotropy. To improve
generalization, the physical property is randomly masked
during training. A pre-trained 3D-ResNet model [2] serves
as the structure encoder, and a pre-trained BERT model [1]
serves as the text encoder. The two encoders are jointly
trained to optimize the similarity matrices of structure and
text embeddings. The model trains within a self-conditional
diffusion framework, processing input microstructures at a
resolution of 64 x 64 x 64 voxels. Training is performed
using the Adam optimizer with a learning rate of 1 x 1074,
a batch size of 64, and a temperature parameter of 0.1.
Attention mechanisms operate at spatial resolutions of 4
and 8, utilizing 4 attention heads and a dropout rate of
0.1. Training incorporates an exponential moving average
(EMA) with a decay rate of 0.999 to stabilize parameter up-
dates. Training runs for 2000 epochs on a single NVIDIA
GeForce RTX 4090 GPU. The inference time is approxi-
mately 5 seconds per sample with 100 diffusion steps on
a single RTX 4090 GPU, while the optimized testing-time
inference takes 110.4 seconds.

D. Experiment

D.1. Dataset Construction

GenText-Microstructure is a text-structure pair dataset
based on automatically generated microstructure physical
descriptions from 3D voxels [3] as prompts. Over 14,000
metamaterial structures spanning a broad spectrum of mod-
ulus and Poisson’s ratio are utilized for training, while an-
other 2,000 randomly generated structures are used for eval-
uation. For each binary voxel, we extract geometric features
such as connectivity, Euler number, surface area to volume
ratio, symmetry, and internal porosity. In addition, the cor-
responding stiffness tensor provides mechanical properties,
including C11, C12, Cy4, and the derived bulk modulus V.
All data are normalized using a pre-trained scaler. Subse-
quently, GPT is employed to generate descriptive text con-
ditioned on the properties and features, and a rule-based text
generator converts the quantitative properties into a coher-
ent, scientifically styled natural-language description, cov-
ering volumetric stiffness, axial stiffness, Poisson’s ratio,
shear strength, and structural topology.

D.2. Visualizations and Simulations

Qualitative Analysis on Geometries 2000: Figure 2 shows
the visualization of qualitative results generated based on
properties-driven text. The introduction of property con-
straints makes the generated results more targeted while still
meeting the target physical properties, but this also reduces
structural diversity.

Qualitative Analysis on GenText-Microstructure: To
evaluate the model capacity to interpret and translate struc-

tured textual descriptions into diverse material geometries,
we conducted qualitative visualization experiments using
the GenText-Microstructure. As shown in Figure 3, the
visualization results demonstrate that the model effectively
captures the underlying structural semantics while exhibit-
ing diverse results. As shown in Figure 4, the generated
structures after adding properties maintain the overall form
while exhibiting local diversity. This indicates that the
model not only learns deterministic text-structure mappings
but can also generalize to generate different structures under
the same text semantics.

Visualization of Simulation: Simulation results are pre-
sented in the videos included in the supplementary mate-
rials. The compression process of the resulting metamate-
rial structure is visually recorded via video contour plots
extracted from a series of nonlinear finite element simula-
tions. These contour plots illustrate the gradual evolution
of deformation as the axial compressive displacement is in-
crementally applied along the z-axis, starting from O to 0.3.
The video begins with the undeformed configuration and
proceeds through successive loading stages. Throughout
the simulation, the displacement field distribution is color-
mapped to emphasize regions of high deformation gradi-
ents. The progression demonstrates that the generated struc-
ture consistently exhibits auxetic behavior, as indicated by
lateral compression in the z- and y-directions under axial
compression. Compared to the reference metamaterial, the
generated structure maintains a pronounced negative Pois-
son’s ratio effect across a wide range of compressive strains.
Furthermore, the contour plots reveal localized stress con-
centrations and deformation distortions. Overall, the results
confirm that the generated structures maintain the desired
mechanical behavior.

D.3. Visualization under Diverse Prompts

To evaluate model generalization and text—structure align-
ment beyond the training distribution, we conduct a quali-
tative visualization experiment using newly generated and
diverse text prompts created by GPT. The Geometries
2000 [4] includes four types of materials: metals and alloys,
polymers and composites, ceramics, building materials, and
metamaterials. For each material category, we select a rep-
resentative target structure and textual descriptions gener-
ated by GPT describing its morphology and spatial distri-
bution. The model then generates 3D structures based on
each textual prompt. As shown in Figure 5, the generated
samples demonstrate that the model can accurately capture
structural semantics from various textual descriptions. This
confirms that the model can generalize beyond memorized
training samples and align textual semantics with structure
generation in an interpretable manner.



Ground Truth Generated Structures
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"Triply periodic minimal surface structure. phi:0.4177, 1/E:0.1303,
Anisotropy:0.6525"
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"Intricate, complex aluminum oxide structure. phi:0.1888,
1/E:0.2913, Anisotropy:0.7735"
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"Structure featuring octet lattices in an ordered design. phi:0.3370,
1/E:0.1749, Anisotropy:0.7455"

Ground Truth Generated Structures
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""Composite material with nanoparticle remforcement, it has
same sphere size and random distribution of spheres. phi:0.0507,
1/E:0.8834, Anisotropy:0.9878"
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"Carbon threads woven into the polymer. It has random fibre size
distribution. phi:0.2701, 1/E:0.2745, Anisotropy:0.3760"

"Microstructure with finely spaced perforations. It has pentagon
pores. phi:0.7358, 1/E:0.0196, Anisotropy:0.5270"
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Figure 2. More qualitative visualizations: Voxel-based microstructures generated by our model using textual prompts with properties.
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"This engineered microarchitecture. showing reasonable
structural integrity under pressure. demonstrates balanced axial
stiffness. with typical lateral contraction as seen in most solids.
providing balanced resistance to torsion. Structurally, it is fully
connected without separation. with internal cavities and porous
features. phi:0.7197 E:0.4525 v:0.3265"

bt dnd

"The designed structure. with low volumetric stiffness, prone to
compression. shows compliant axial behavior. with near-zero
lateral expansion indicating auxeticity. but relatively weak under
shear. that reveal perforations or foam-like internal structure.
phi:0.6722 E:-0.5787 v:-0.9840"

"This engineered microarchitecture. showing reasonable
structural integrity under pressure. demonstrates balanced axial
stiffness. with typical lateral contraction as seen in most solids.
providing balanced resistance to torsion. Structurally, it is fully
connected without separation. with internal cavities and porous
features."

LAl

"The designed structure. with low volumetric stiffness, prone to
compression. shows compliant axial behavior. with near-zero
lateral expansion indicating auxeticity. but relatively weak
under shear. that reveal perforations or foam-like internal
structure. "

Figure 3. Qualitative visualizations of GenText-Microstruture
without physical properties: Voxel-based mechanical metamate-
rial structures are generated in response to text prompts produced
by a rule-based text generator.

Figure 4. Qualitative visualizations of GenText-Microstruture
with physical properties: Voxel-based mechanical metamaterial
structures are generated based on attributed text prompts generated
by a rule-based text generator.



Target Label  Ground Truth Generated Structures

Metals and
alloys

"Powder-consolidated metal lattice, with spherical particles fused
into a continuous yet porous matrix. phi:0.8500"

Architected
materials

"Closed-cell foam with spherical pores of varying diameters and
homogeneous wall material distribution. phi:0.8205"

Ceramics ' ”

"Porous ceramic network, material density decreases from the
center to the edges. phi:0.6744"

Ground Truth

Target Label Generated Structures

Architected
materials

""An auxetic metallic lattice with re-entrant cell geometry,
exhibiting a negative Poisson's ratio. phi:0.4566"

""Wood microstructure featuring layered cell arrangements
and uniform fiber distribution. phi:0.4065"

TRe

"Cellulose composite with interwoven fibrous networks and
layered reinforcement structure. phi:0.2751"

Polymers and
composites

Polymers and
composites

Figure 5. Qualitative visualizations of GPT-generated textual descriptions: 3D structure generation was conducted based on GPT-
generated textual descriptions across different material categories. The figure presents representative target structures, the corresponding
GPT-generated text prompts, and the resulting generated 3D structures.

D.4. Ablation Experiment

To comprehensively evaluate the contribution and general-
ization ability of different components in our method, we
conduct ablation studies on different modules on GenText-
Microstruture, as shown in Table 1.

Effectiveness of Property-Informed Stochastic Condi-
tioning: To verify the effectiveness of property-informed
stochastic conditioning, we conduct additional ablation ex-
periments on our constructed text-structure dataset. As
shown in Table 1, the results show that adding physical
properties further improves the model across all metrics,
indicating higher consistency in semantics among the gen-
erated structures. Furthermore, this module effectively re-
duces ambiguity in structure generation, enabling the model
to more accurately align expected physical features while
maintaining diversity.

Effectiveness of Test-Time Reward-Guided Alignment:
To validate the effectiveness and generalization ability of
the test-time reward-guided alignment module, we conduct
additional ablation experiments on our constructed text-
structure dataset. The text prompts on this dataset are gener-
ated using regularized templates, systematically describing
different structural features, and differed from the original
dataset in text-structure distribution. As shown in Table 1,
the results show that the proposed reward-guided align-
ment still significantly improves performance across mul-

Table 1. Ablation studies: Contrastive Align and Reward-Guided
Align denote Contrastive Text-Structure Alignment and Test-
Time Reward-Guided Alignment, respectively. In evaluating the
FID metric, we select the visual encoder from Contrastive Text-
Structure Alignment as the feature extractor.

Method FID|, CLIPT CDJ
@ Ours 47.74  0.6463  0.0442
@  w/o Property condition 52.94 0.5210 0.0482
® w/oReward-Guided Align 49.02 0.5164 0.0468
® w/o Discriminator 51.89  0.6396 0.0404
®  w/o Normalization 51.94 0.6396 0.0454

tiple metrics, further confirming that this module can guide
the model to generate structures that are more functionally
and physically consistent without additional training.
Furthermore, additional ablation experiments are con-
ducted on each component of the module to validate the
effectiveness of the discriminator and the normalized com-
bined reward function. As shown in Table 1, the results
demonstrate that incorporating the discriminator slightly in-
creases the CD score but improves FID and CLIP, indicating
enhanced diversity and semantic fidelity instead of target
memorization. Meanwhile, the normalized combined re-
ward function balances the contributions of the two reward



metrics, avoiding a single factor dominating the optimiza-
tion process, thereby improving all metrics. This further
demonstrates the effectiveness of these two modules.
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