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1. Introduction

Composite properties are governed by latent mor-
phological and interfacial mechanisms that mani-
fest across multiple data modalities [1], including mi-
crostructure images capturing spatial organization,
scientific text encoding domain context, and process
and material parameters such as cooling rate, fiber
size, and filler volume fraction that strongly influence
strength and stiffness [2]. Despite the inherently mul-
timodal nature of composite materials, traditional
machine learning approaches rely on a single data
source and are further constrained by the high cost of
experimental characterization, which limits the avail-
ability of annotated data [3, 4]. These challenges moti-
vate a multimodal self-supervised foundation model
that learns robust, invariant representations and can
be efficiently adapted to diverse downstream tasks.
While recent work has explored diffusion-based mod-
els for composite materials [4], in small data regimes,
pixel-level reconstruction objectives often overfit ac-
quisition artifacts [5], while contrastive methods de-
pend on fragile negative sampling strategies that are
ill-suited to small scientific datasets [6].

To address these challenges, we propose a con-
ditional multimodal Joint Embedding Predictive Ar-
chitecture (JEPA [7]) that learns invariant, material-
relevant representations by predicting latent targets
using context from complementary modalities, en-
couraging invariance to experimental measurement
artifacts while retaining morphology and context-
sensitive factors. Our contributions are threefold:
(1) a JEPA-based multimodal conditional pretrain-
ing framework that leverages microstructure images,
process parameters, and scientific text; (2) a condi-
tioning strategy that incorporates textual and visual
context into feature-wise tabular modeling; and (3)
an experimental evaluation demonstrating improved
prediction performance across multiple mechanical
properties. Our results indicate that the proposed
model learns compact latent representations that
generalize effectively across downstream material
property prediction tasks.

2. Proposed Model Architecture

Let x = [x,x2,...,xr] denote the tabular input,
where each x; corresponds to a process or material
feature. Each feature x; is independently embedded
into a d-dimensional token

e = gbi(xi) S Rd, (1)

where ¢;(-) denotes a feature-specific embedding

function. The resulting sequence of feature tokens

E=[eye,,...,ep] € RF*? 2)

is processed by a feature-wise Transformer encoder
fo(+), which captures inter-feature dependencies via
self-attention:

H = fy(E) e R"™4 (3)

Given a microstructure image I and a corresponding
textual description T, modality-specific representa-
tions are obtained using pretrained encoders:

zr = ggerr(7T), 4)

where gyiT(-) denotes a Vision Transformer (ViT) [8]
encoder and gpgrr(-) denotes a MatSciBERT [9] en-
coder. The image and text embeddings are concate-
nated and projected into a shared conditioning space.

z; = gyit(D),

z. = W.[z; || zr] € RY, (5)

where W, is a learnable linear projection and || de-
notes concatenation. The conditioning vector z, is
incorporated by additive modulation of the feature to-
ken embeddings e;. The conditioned representation
is given by:

i:i =e€; + az., (6)

where «a is a scaling factor controlling the contri-
bution of the multimodal conditioning. Two condi-
tioned feature-wise Transformer encoders are em-
ployed, a context encoder fafc) and a target encoder

fe(t ). Both share the same architecture but maintain
separate parameters. Given the same multimodal
conditioning z., the encoders generate representa-
tions:
N R
H© :fe(C) (E), H® :fg )(E) )

We randomly mask approximately 30% of the input
features while keeping the rest visible. The visible
context embeddings are passed as input to a Multi-
layer Perceptron (MLP) which predicts the masked
features in latent space. The error between the pre-
dicted masked features and the encoded masked
features is measured using L2 loss. Fig. 1 shows a
schematic of the proposed model.

3. Experiments

Dataset We analyze a dataset of electrospun
nanofiber-reinforced composites containing process
parameters and fiber descriptors, including fiber
mixture, flow rate, radius, thickness, and width.
Nanofiber morphology is characterized using scan-
ning electron microscopy (SEM). Mechanical proper-
ties are measured via uniaxial tensile tests, yielding
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Fig. 1: An overview of the proposed approach. The
tabular features are encoded using conditioned
feature-wise Transformers. The fusion of text em-
beddings and image embeddings is used to condi-
tion the transformer. The error between the pre-
dicted masked features and the encoded masked
features is measured using L2 loss.
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Fig. 2: The radar plot presents a comparison of the R?
for the proposed algorithm with SoTA algorithms
for tabular data.

fracture strength, yield strength, elastic modulus, tan-
gent modulus, and fracture elongation. A binary in-
dicator denotes the tensile loading direction. Details
of the dataset construction are provided in [10].

4. Results

In this section, we compare the performance of
the proposed model to other state-of-the-art (SoTA)
models for tabular data. We only fine-tune the MLP
prediction head while keeping the weights of the en-
coder frozen. Fig. 2 shows that the proposed method
outperforms baseline models on most mechanical
properties, with notable gains in strength and modu-
lus related targets, while elongation remains compa-
rable.

Changing the masking ratio We investigate the ef-
fect of the masking ratio by varying the number of
masked columns while keeping all other model ar-
chitecture and hyperparameters fixed. Performance
improves as the masking ratio increased up to three
columns, with similar results for masking two and
three columns. However, further increasing the
masking ratio led to a degradation in performance.
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Fig. 3: The figures present the ablation studies for
(a) target masking ratio, (b) microstructure image
encoder and (c) multimodal conditioning strategy.

Fig. 3(a) shows this inverted U-shaped performance
curve.

Vision Encoders We ablate the encoder used for
encoding the microstructure images. We ran experi-
ments using a CNN encoder, and a pretrained DeiT
encoder [11], a pretrained Vision Transformer to en-
code the microstructure images. We observe that the
ViT encoder outperforms the other encoders. Fig.
3(b) shows the trend.

Conditioning Mechanism We evaluate several
strategies for conditioning the context and target
encoders with text and image embeddings. The
simplest approach adds a small projected bias to
the feature representations, scaled by a factor. We
also explore more expressive alternatives, including
sigmoid-based gating with an MLP and a weighted
averaging scheme learned via an MLP. Surprisingly,
the simple bias-based method consistently achieves
the best performance. We attribute this to the lim-
ited size of the tabular data. The difference in model
performance is shown in Fig. 3(c).

5. Conclusion

In this work, we propose a multimodal conditional
framework for predicting material properties of com-
posite materials using tabular features, microstruc-
ture images, and literature-derived text. The pro-
posed approach follows a JEPA-based formulation
to predict masked material properties without recon-
structing raw inputs or relying on contrastive mem-
ory banks. Our results show that the proposed model
learns meaningful correlations across the available
inputs and achieves performance in line with estab-
lished SoTA tabular learning methods. Future work
will explore improved robustness to incomplete data.
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