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Abstract

Tactile sensing provides local essential information that is complementary to visual perception,
such as texture, compliance, and force. Despite recent advances in visuotactile representation
learning, challenges remain in fusing these modalities and generalizing across tasks and
environments without heavy reliance on pre-trained vision-language models. Moreover,
existing methods do not study positional encodings, thereby overlooking the multi-scale
spatial reasoning needed to capture fine-grained visuotactile correlations. We introduce
ViTaPFEs, a transformer-based framework that robustly integrates visual and tactile input
data to learn task-agnostic representations for visuotactile perception. Our key idea is to
encode positional structure at two complementary levels that emerge naturally in visuotactile
perception: local, within each modality, and global, shared across modalities to place their
tokens in a common reference before fusion. Unlike prior work, we provide provable guarantees
in visuotactile fusion, showing that our encodings are injective, translation-equivariant, and
information-preserving, validating these properties empirically. Experiments on multiple
large-scale real-world datasets show that ViTaPFEs not only surpasses state-of-the-art baselines
across various recognition tasks but also demonstrates zero-shot generalization to unseen,
out-of-domain scenarios. We further demonstrate the transfer-learning strength of ViTaPFEs
in a robotic grasping task, where it outperforms state-of-the-art baselines in predicting grasp

success. Project page: (link hidden for review)

1 Introduction

Studies across species demonstrate that tactile perception
is essential for the development and expression of intel-
ligence, supporting perception, learning, and decision-
making in living organisms (Banerjee et al., 2023; Dia-
mond & Toso, 2023). For humans, touch is critical for
tasks such as grasping, manipulation, material character-
ization, and detecting environmental changes (Lederman
& Klatzky, 1987; Klatzky & Lederman, 1992). It provides
essential information about object properties like texture,
compliance, and force, which is vital for fine motor skills
and subtle interactions (Calandra et al., 2017). Tactile
sensing can offer local descriptions of deformation at con-
tact points, providing information that other modalities
cannot efficiently capture. When combined with vision,
it enhances perception by offering fine-grained details like
pressure distributions and surface compliance, comple-
menting vision’s global view of object shapes and spatial
relationships (Dahiya et al., 2010; Calandra et al., 2017).
Together, these modalities provide a thorough contextual
understanding of the environment.
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Figure 1: Task-accuracy radar comparing visuo-
tactile models. ViTaPEs outperforms all others in
robustness and cross-domain generalization.
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Recent works in visuotactile representation learning have shown the potential for joint models, improving
performance in complex tasks that rely on both modalities (Chen et al., 2022; Yang et al., 2024; Fu et al.,
2024; Lygerakis et al., 2024). Although a number of these methods can effectively learn shared representations,
challenges remain, including aligning data across different sensory scales and handling domain-specific
artifacts (e.g., texture, compliance, localization, scene context) and explicitly modeling positional encodings
for multi-scale spatial alignment of touch with vision.

Current research in this field often relies on
large, pre-trained visual or vision-language models
(VLMs) (Yang et al., 2024; Fu et al., 2024), where
the visual encoder is frozen and only the tactile
encoder is trained to align with it. This can limit ( r
expressivity and assumes that visual representations I
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solely on simulated force-torque feedback, far lower
in resolution and complexity than data from high-
resolution spatial sensors like DIGIT (Lambeta

et al., 2020), GelSight (Yuan et al., 2017a), or
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uSkin (Tomo et al., 2018). Moreover, VIT de- .dAPm.
pends on application-specific auxiliary losses, and ‘.‘3.-;
its generalization to broader tasks remains untested. ‘.E.'

Another key limitation is the narrow scope of most
existing approaches. Current models are typically
fine-tuned for specific downstream tasks, such as
object manipulation, material classification, texture
recognition, or cross-modal generation, reducing
their ability to generalize (Dave et al., 2024; Jang
et al., 2022; Fang et al., 2024; Yang et al., 2023).
As a result, they often lack the versatility needed
for broader applications. A more task-agnostic approach that performs well with little or no fine-tuning
would significantly improve the practical utility of visuotactile representation learning.

Figure 2: ViTaPFEs framework: The visual and tactile
inputs are projected into separate token spaces, followed
by the addition of modality-specific (green and orange)
and a shared (purple) global PEs for multi-modal fusion,
so vision and touch tokens inhabit a common reference
while preserving each stream’s spatial layout.

We present a cross-modal method that integrates visual and tactile data using a transformer-based architecture
enriched with multi-scale Visuo-Tactile Positional Encodings, namely ViTaPFEs. In visuotactile settings,
positional information appears in two complementary forms. First, each modality carries its own spatial
layout (e.g., local texture in touch or scene context in vision) that should remain distinguishable within
the stream. Second, we express both modalities in a shared reference frame so that visual patches and
their corresponding tactile patches can be brought into unambiguous correspondence at fusion time. This
design treats cross-modal alignment as a primary representational objective as alignment is enforced within
the encoding itself rather than deferred to downstream heads. As a result, fusion operates over co-indexed
tokens with well-posed correspondences. We operationalize this by injecting positional structure at two
levels: modality-specific local encodings preserve fine spatial detail, while a global cross-modal encoding places
tokens from both streams into a common reference before any attention layers mix them. Because vanilla
transformers (Vaswani et al., 2017) are position-agnostic and large and synchronized visuotactile datasets are
scarce, ViTaPEs supplies the right inductive bias by injecting this multi-scale structure pre-fusion, guiding
attention to discover cross-modal correspondences without relying on prohibitively large training corpora.

Our model can be trained in both self-supervised and supervised regimes, facilitating task-agnostic embeddings
while also optimizing for specific downstream tasks. Evaluations on out-of-distribution objects in real-world
scenarios substantiate the efficacy of ViTaPFEs in grasp success prediction, object recognition, material
characterization, texture analysis, and hardness assessment. We contribute with:
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e Multi-Scale Positional Encodings: Our ViTaPFEs model employs a multi-scale positional design
that encodes spatial structure within each modality and a shared cross-modal reference before
attention, overcoming the inability of previous models to perform multiscale positional reasoning.

e Theoretical Guarantees: We present ViTaPEs as the first visuotactile model that does not
solely rely on intuition or empirical evidence alone, by providing theoretical analyses to support our
experimental findings. Specifically, we show that our multi-scale visuotactile positional encodings
are injective, translation—equivariant, and information-preserving, and we validate these properties
empirically.

e Zero-Shot Generalization and Transferable Representations: We demonstrate the out-
of-distribution generalization capacity of ViTaPEs, trained with self-supervision, highlighting its
robustness across diverse tasks and environments. We further show that ViTaPFEs outperforms
baseline methods on a real-world robotic grasping dataset, leveraging its transfer learning capabilities
to adapt effectively to a smaller dataset of 10K samples.

2 Related Work

Visuotactile Representation Learning. Visuotactile representation learning combines vision and touch
to enhance perception in a wide range of tasks, including manipulation, material recognition, and texture
analysis. Recent approaches have leveraged deep learning to jointly model visual and tactile data. Yuan et al.
(2017b) introduced a shared latent space for the two modalities using GelSight sensors (Yuan et al., 2017a) for
fabric classification. Building on this, Yang et al. (2022) and Kerr et al. (2023b) employed contrastive learning
techniques to improve tactile representation learning with GelSight (Yuan et al., 2017a) and DIGIT (Lambeta
et al., 2020) sensors, respectively. Li et al. (2019) addressed the scale gap between visual and tactile signals
using conditional adversarial networks to synthesize tactile data from visual inputs. Luo et al. (2018) improved
cloth texture recognition by focusing on shared features across modalities, while the Visuo-Tactile Transformer
(VTT) (Chen et al., 2022) utilized spatial attention to effectively merge visual and tactile data. More recently,
MViTac (Dave et al., 2024) demonstrated the effectiveness of multimodal contrastive training, learning both
intra- and inter-modal representations to improve material classification and grasp prediction.

Transformer-Based Multimodal Fusion. Transformer-based architectures excel at modeling complex
cross-modal relationships but often rely heavily on pre-trained large language models (LLMs) or vision-
language models (VLMs), which limits their adaptability to visuotactile domains. Unitouch (Yang et al.,
2024) aligns tactile data with embeddings from pre-trained VLMs, achieving multimodal alignment between
language, vision, and touch. However, this comes under the assumption that the visual latent space is optimal,
thereby overlooking tactile-specific richness. Similarly, Fu et al. (2024) leverages pre-trained LLMs and VLMs
to align touch, vision, and language. This approach also forces tactile data to conform to representations
optimized for other modalities, potentially constraining the expressivity and adaptability of the tactile
features.

Positional Encodings in Transformers. Transformers rely on positional encodings to incorporate
structural information, as they lack inherent inductive biases for sequential or spatial data. Absolute PEs,
such as sinusoidal functions or learned embeddings, enable generalization to unseen sequences but fail to
capture relational dependencies (Vaswani et al., 2017). Relative PEs address this limitation by modeling
relationships between elements based on their distances, improving relational reasoning tasks (Shaw et al.,
2018). However, relative PEs are limited by their inability to generalize to arbitrary-length inputs and their
increased computational complexity due to explicit pairwise distance calculations, making them less efficient
for long or high-dimensional data. Rotary PEs (RoPE) (Su et al., 2024; Heo et al., 2025) address these
limitations by encoding relative positions through rotating query and key vectors, offering a more efficient
solution that scales effectively with sequence length. However, RoPE does not explicitly capture multi-scale
spatial relationships or the complex positional dynamics needed for both effective multi-modal integration and
detailed within-modality spatial nuances, limiting its applicability in tasks requiring comprehensive spatial
understanding.
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3 ViTaPEs: Visuotactile Positional Encodings

To address the limitations of existing approaches in visuotactile joint modeling, we propose ViTaPEs , a
unified framework for integrating visual and vision-based tactile data based on a vision transformer (ViT)
architecture (Dosovitskiy et al., 2021). ViTaPFEs incorporates multi-scale PEs to effectively capture both
intra-modal and inter-modal relationships. Specifically, our multi-scale design consists of unimodal PEs
(Section 3.1) that operate on individual modalities and a global PE (Section 3.2) shared across the concatenated
visuotactile token sequence. By leveraging attention mechanisms (Vaswani et al., 2017), ViTaPEs models
complex multimodal interactions, enabling robust joint representation learning to improve performance in
tasks requiring integrated visual and tactile perception.

At the core of ViTaPEs is the ability to process visual and tactile data within a single transformer encoder.
Each modality’s input is patchified into tokens that carry its own spatial layout. However, unlike CNNs,
transformers (Vaswani et al., 2017) do not exploit this structure by default. After patchification and projection,
token embeddings encode only local content, not their position. To restore this information, we add modality-
specific local positional encodings that preserve within-stream geometry. Second, the two streams must meet
in a shared frame so that a visual patch and a tactile patch referring to the same contact can “find” each
other during fusion. We operationalize this by introducing a global cross-modal positional encoding that
places tokens from both streams into a common reference before any attention layers mix them. Local PEs
respect within-modality geometry, and the shared global PE induces translation-equivariant cross-modal
attention (Thm. 3.2), thereby promoting stable alignment.

NvisualXP " where Nyisual denotes the number of visual patches, and

X B
)

The visual input is represented as V € R
P is the dimensionality of each flattened patch. Similarly, the tactile input is represented as T & RNeactite
where Niactile denotes the number of tactile patches, and B is the dimensionality of each flattened patch.
These patches are mapped into an embedding dimension D via learnable linear transformations to form
tokens:

Xvisual(v) _ Vinsual’ Xtactile (T) _ thactile (1)

where XVvisual ¢ RNvisuarxD apq Xtactile ¢ RNwctiieXD are the token embeddings for the visual and tactile
modalities, respectively. Here, WVisual ¢ RPXD apq Wactile ¢ REXD are Jearnable weight matrices. These
token embeddings serve as the initial representations for each modality.

3.1 Uni-modal Position Encodings

Each modality carries distinct spatial and semantic characteristics. For instance, standard visual images
typically capture global spatial descriptors aligned with a camera-based view, whereas tactile images may
encode sensor-specific signals such as pressure or contact distribution across a specialized surface. To
accommodate these differences, we assign a separate learnable modal positional encoding to each modality,
thereby providing a dedicated spatial representation for each domain. Specifically, the visual modality employs
PEVsual ¢ RNvisun1 XD and the tactile modality employs PE'!le ¢ RNwewiexD Ty preserve modality-specific
structure, each position encoding is added directly to its corresponding token:

X visual (V) _ Xvisual(v) + PEVisual, X tactile (T) _ Xtactile(T) + PEtactile (2)

modal modal

These modality-specific PEs enable the transformer encoder to capture the unique spatial priors inherent to
each sensor, before any cross-modal mixing occurs.

3.2 Global Position Encoding

A key part of our design is a global positional encoding that imposes a shared spatial inductive bias across both
visual and tactile tokens, ensuring that features from the two modalities can interact coherently within the
transformer layers. Even though each modality has its own distinct layout, certain tasks demand a cross-modal
spatial reference so that tokens from either domain can be compared on common positional grounds. To
achieve this, we optimize a global positional encoding PE&°Pa ¢ R(C+N)XD where N = Nyisual + Niactile i
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the total number of patches across visual and tactile modalities, and C is 1 if a classification token is included
(otherwise 0). We denote by g : RV*2P 5 RNXD the two-layer non-linear projection head introduced in
Eq. 3. Then we form the modality-enriched tokens as

Xprojected (V;T) = g([Kemgih (V) s Xiastt (1)), (3)
where [-; ] denotes row-wise concatenation. Then, we add PE&'°"™ to obtain the fused representation:
Xaiobal(V, T) = Xprojected (V; T) + PESP[1:(C + N), :]. (4)

By applying the non-linear map ¢ in Equation 3 before adding the global encoding, we preserve distinct local
(modality-specific) and global (cross-modal) positional references, rather than collapsing them into a single
linear offset.

3.3 Transformer Operations and Cross-Attention for Multi-Modal Integration

Once the positionally-encoded tokens Xgjoba1 are obtained, they are fed into a single transformer encoder. The
transformer architecture comprises of standard layers, including multi-head self-attention and feed-forward
networks, adapted to process the combined visual-tactile data.

Given the fused embeddings Xgiobal, the self-attention mechanism highlights cross-modal dependencies, where
visual information provides context for tactile details and vice versa. The self-attention operation is defined

as:
T

K
Attention(Q, K,V) = Softmax(Q
Vdy
where @), K, and V are the query, key, and value matrices derived from the positionally-encoded tokens,
and dj, is the dimensionality of the key vectors, for each head in the multi-head attention mechanism, i.e.,
dr, = D/h, where h is the number of attention heads.

). (5)

When the above attention mechanism is applied to the concatenation of visual and tactile modalities, it
inherently leads to both self-attention and cross-attention (Chen et al., 2022). This inherent dual attention
mechanism simultaneously processes modality-specific details, while facilitating cross-modal information flow.
Specifically, one can interpret this process by partitioning the value matrix V into, e.g., V; (visual) and V;
(tactile) during the computation of attention in Equation 5 for the j-th head of the n-th attention layer:

L QKT QKT Vi| _ [QiETVi+ QiKY
Aj—Softmax({QtKiT QKT /\/@) Vil |QeKIV + QiKI'V, |’ (6)

Here, Q;, K;, V; represent query, key, and value matrices derived from the visual embeddings, and Q¢, K¢, V;
are from the tactile embeddings. Q and K denote post-softmax normalization. Specifically in Equation 6,
the components QtKiT V; and QJ@T Vi encode cross-attention interactions, where visual queries attend to
tactile keys and vice versa.

The final output of the transformer encoder represents a comprehensive visual-tactile feature map, preserving
intra-modal relationships while capturing inter-modal dependencies. This feature map can be pooled or
processed via a classification token for downstream tasks.

3.4 Theoretical Grounding of ViTaPEs

ViTaPEs is designed to ensure three important properties in transformer-based fusion: (I) no key collisions
(injectivity), (ii) consistent cross-modal alignment (cross-modal equivariance), and (iii) adequate positional
detail (information preservation). Our multi-scale PEs satisfy all three under the implementation assumptions
that we show they hold in practice (see Appendix A for empirical validation). Formal proofs of theorems and
propositions are provided in Appendix B.
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Table 1: In-domain top-1 accuracy (%) evaluations across various downstream tasks, separated by models
trained with and without SSL. We trained the models on the TAG dataset (Yang et al., 2022) for the category,
hardness, and texture tasks, and on Object Folder Real (Gao et al., 2023) for “OF-Real” identification; “YCB”
column reports performance on YCB-Slide. See Appendix I for details of baseline methods. Supervised
baselines on the YCB-Slide dataset are omitted, as they uniformly achieved perfect (100%) top-1 accuracy,
precluding meaningful comparative analysis.

Material Property Recognition Object Identification

Methods Model SSL  # params
Backbone Category Hardness Texture OF-Real YCB
Vanilla CNN ResNet 46.9 72.3 76.3 89.8 - X 22.3M
VTT (Chen et al., 2022) ViT 77.0 90.6 84.7 83.6 - X 12.0M
RoPE (Heo et al., 2025) ViT 75.7 93.6 84.9 84.7 - X 12.0M
ViTaPEs (Ours) ViT 80.1 94.8 89.7 92.7 - X 12.7M
TAG (Yang et al., 2022) ResNet 54.7 77.3 79.4 81.2 79.3 v 22.3M
SSVTP (Kerr et al., 2023a) ResNet 70.1 88.6 83.6 53.8 76.7 v 22.4M
MViTac (Dave et al., 2024) ResNet 74.9 91.8 84.1 82.3 91.5 v 22.4M
VTT (Chen et al., 2022) ViT 72.4 88.2 83.3 76.8 85.5 v 29.7M
RoPE (Heo et al., 2025) ViT 73.0 89.5 84.0 77.5 81.9 v 29.7M
ViTaPEs (Ours) ViT 75.9 92.2 87.2 85.2 96.9 v 30.6M

Injectivity FEach token is first augmented by its modality’s PE (Eq. 2), then fused by the projection head
(Eq. 3), and finally augmented by the global PE (Eq. 4). Distinct patches must map to distinct keys so that
high similarity in the fused space reflects true co-location. Under the assumptions( in Appendix A) and Eq. 2,
the following theorem holds (Formal Proof of Theorem 3.1 in Appendix B.1).

Theorem 3.1 (Injectivity). Under the implementation assumptions, the map ® : (V,T) — Xprojectea(V, T') +
PEY°bl g injective on RNvisurXD sy RNuactaex D

Cross-Modal Translation Equivariance In ViTaPFEs, each input modality is first split into a regular
matrix of non-overlapping patches, indexed by (r, ¢), for rows and columns respectively. Let T shift every
patch from (r,¢) to (r + A, c+ A,).

Theorem 3.2 (Cross-Modal Translation Equivariance). For any integer offset A = (A, A.), ®(Ta(V,T)) =
Ta(®(V,T)).

The result follows because each stage of the ViTaPFEs pipeline commutes with the shift: adding the uni-modal
encodings merely relocates tokens to their new indices; the projection head g is position-agnostic; and the
cross-modal encoding is added at the same shifted indices. Formal Proof of Theorem 3.2 in Appendix B.2.

Information Preservation By Theorem 3.1, ® is injective, and thus lossless in the positional mapping
(see Appendix B.3 for formal proof), preserving all input entropy H(V,T).

Proposition 3.3 (Entropy Preservation). Under our injectivity assumptions, ® preserves the full input
entropy, i.e. I((V,T);®(V,T))=H(V,T).

4 Experiments

We evaluate ViTaPEs on three types of tasks: material recognition, cross-sensor generalization, and robotic
grasp prediction. Training is performed on TAG (Yang et al., 2022) and OF-Real (Gao et al., 2023), and we
additionally test on YCB-Slide (Suresh et al., 2022) and unseen out-of-domain splits. For manipulation, we
use the grasp prediction dataset from Calandra et al. (2017). Performance is measured by top-1 accuracy
for classification. In the linear-probe setting, the encoder is frozen and only a linear classifier is trained,
while in the zero-shot setting, we train on a source dataset and evaluate directly on a disjoint target without
fine-tuning. Unless otherwise noted, results are averaged over multiple random seeds. Implementation details,
hyperparameters, and augmentations are provided in Appendix C, and we report training cost and inference
throughput in Appendix E.
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4.1 Material Property Recognition

We first assess the ability of ViTaPFEs to capture material-specific features on the Touch-and-Go (TAG)
dataset (Yang et al., 2022). Alongside standard supervised learning, we employ a masked autoencoder
(MAE) (He et al., 2022) for self-supervised pre-training (SSL) of the ViT-based models, aiming to acquire
robust and task-agnostic representations. To ensure fair comparisons and match the model capacity of other
self-supervised baselines, we employ our Balanced (see Appendix F for the model sizes) ViT encoder for the
MAE. Further details on this architecture and our training choices are provided in Appendix C. The TAG
dataset comprises 20 diverse objects, each providing tactile feedback indicative of distinct material properties
(see Appendix H.1 for dataset details). Following Yang et al. (2022), we evaluate on three tasks: Category
(classifying samples into 20 object types), Hardness, and Texture (both binary classification tasks). These
tasks highlight how local tactile signals and global visual cues collectively characterize material attributes.

Results: Table 1 shows that CNN-based methods (TAG, Vanilla-CNN) underperform, suggesting that ResNet
backbones may struggle to capture the multi-faceted aspects of material recognition. In contrast, ViT-based
models (VI'T, RoPE, and ViTaPFEs) leverage attention and PEs more effectively, boosting performance
across all tasks. Notably, ViTaPEs, with its multi-scale PEs, consistently exceeds the accuracy of VI'T
and RoPE, demonstrating the benefit of modeling both absolute and relative spatial relationships. Under
supervised training, ViTaPFEs reaches 80.1% in Category, 94.8% in Hardness, and 89.7% in Texture, largely
outperforming competing approaches.

When integrating self-supervision, all models experience performance changes, though the extent varies.
ResNet-based methods appear to benefit from SSL, however, their gains remain modest due to the limited
capacity of CNN architectures in capturing complex cross-modal interactions. VTT and RoPE show a
moderate decrease with SSL, falling behind ViTaPFEs. Notably, ViTaPFEs achieves the highest performance
across all tasks in the self-supervised setting, reaching 75.9% in Category, 92.2% in Hardness, and 87.2% in
Texture. These results highlight the effectiveness of ViTaPEs’ multi-scale PEs in enabling robust, transferable
visuotactile representations, even in self-supervised scenarios.

4.2 Object ldentification

We evaluate ViTaPEs on object identification using two benchmarks: the Object Folder Real (OF-Real)
dataset (Gao et al., 2023) and the YCB-Slide (YCB) dataset (Suresh et al., 2022). OF-Real features real-world
household objects spanning materials such as wood, glass, plastic, and steel, with tactile readings collected
via the GelSight robotic finger (Yuan et al., 2017a) aligned to synchronized video frames. YCB comprises 21
common objects captured with paired RGB and DIGIT tactile images under varying lighting and backgrounds,
serving as a cross-sensor transfer test for generalization. Both benchmarks challenge models to integrate
localized tactile signals with global visual features, making them ideal for assessing cross-modal alignment
capabilities.

Results: As shown in Table 1, ResNet-based approaches fail to effectively capture the multi-modal com-
plexities of object identification, compared to the ViT counterparts, achieving relatively lower accuracy
on OF-Real. Transformer-based models such as VI'T and RoPE improve on these baselines but still lag
behind ViTaPFEs, which achieves 92.7% top-1 accuracy in the supervised regime and 85.2% in the SSL setting.
Importantly, on the YCB dataset, used here as a cross-sensor transfer benchmark, ViTaPFEs attains 96.9%
top-1 accuracy under SSL, outperforming the next-best method by over 5%, and demonstrating exceptional
generalization across both datasets.

4.3 Zero-Shot Generalization

To evaluate out-of-domain generalization, we test models pre-trained with SSL on one dataset and evaluate
their performance on a different one without additional fine-tuning. We conduct two types of evaluations:
linear probing and zero-shot. In linear probing, a linear classifier is trained on top of the frozen encoders to
assess how well the learned representations transfer across datasets. For zero-shot evaluation, cosine similarity
is computed directly from the frozen encoders without additional training. Table 2 summarizes the results for
both setups across the TAG and OF-Real datasets.
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Table 2: Accuracies (%) for linear probing and zero-shot  Table 3: Performance on the Grasp dataset for
tasks. The N/A entries for UniTouch reflect that the original — grasp success prediction. The results report
paper did not evaluate pre-training on OF-Real and testing accuracy on self-supervised learning (SSL),
on TAG. Results are reported for TAG (category) and OF- linear probing (Linear), and zero-shot (Zero)

Real (object identification) performance. in out-of-distribution datasets.

Linear Probe Zero-Shot Methods SSL. Linear Zero
Methods

TAG OF-Real TAG OF-Real SSVTP (Kerr et al., 2023a) 582  59.1  53.6
MViTac (Dave et al,, 2024) 483 50.2 395  41.8 EQGT(Y*“B‘% et al., 210222)24 563 57.8 509
UniTouch (Yang et al., 2024) N/A 612 N/A 332 o aé}( ave et o), 2024) 803 7 Tel
VTT (Chen et al., 2022) 497 550 418 454 vIT Chenetal, 2022) 565 629 552
RoPE (Heo et al., 2025) AT1 524 400 443 RoPE (Heo et al., 2025) 62.6 645 574
ViTaPEs 53.1  68.1 53.8  65.2 ViTaPEs 70.7 693 604

Results: ViTaPEs consistently outperforms all baselines in both linear probing and zero-shot evaluations. For
linear probing on OF-Real, ViTaPEs achieves 68.1%, significantly surpassing the next-best model, UniTouch
(61.2%). This highlights the superior transferability of the visual-tactile representations learned by ViTaPEs.
In the zero-shot setup, ViTaPEs demonstrates exceptional generalization capability, achieving 65.2% on
OF-Real, nearly double that of UniTouch (33.2%). Other baselines, such as MViTac, RoPE, and VTT,
underperform in both settings, emphasizing the challenges faced by simpler architectures and PE strategies
in capturing transferable features across datasets.

Each dataset employs tactile sensors with different gel types, resulting in significantly diverse tactile image
characteristics. These differences necessitate models to extract robust, high-level representations capable of
generalizing across sensor-specific variations. For qualitative intuition, Appendix Figure 6 juxtaposes paired
visual-tactile frames from all four datasets, revealing pronounced appearance differences caused by lighting,
object sets, and sensor-gel morphology. Figure 6 in Appendix H.5 illustrates the domain gap introduced by
the distinct tactile sensors used for all datasets. The strong zero-shot performance of ViTaPEs demonstrates
its ability to bridge this gap, underscoring its suitability for real-world applications involving diverse sensing
configurations.

4.4 Robot Grasping Prediction

We evaluate our approach on the Grasp dataset (Calandra et al., 2018) too, a benchmark for predicting grasp
success or failure using tactile data from a parallel-jaw gripper and RGB images. For details on the dataset
and its preprocessing configurations, we refer the readers to Appendix H.4.

To assess the learned visuotactile representations, we employ three evaluation schemes: SSL, linear (linear
probing), and zero (zero-shot). In the SSL setup, models are fine-tuned from and evaluated directly on the
Grasp dataset. For all three SSL, linear and zero, models are pre-trained on the (out-of-distribution) TAG
dataset (Yang et al., 2022) dataset before being tested on the Grasp dataset. We follow the same guidelines
for linear and zero-shot probing as in Section 4.2. For more details regarding the models’ pre-training, see
Appendix G.

Results: As shown in Table 3, ViTaPFEs achieves the highest accuracy across all three setups, surpassing
the performance of both ResNet-based (SSVTP, MViTac, TAG) and ViT-based (VIT, RoPE) baselines.
In particular, ViTaPFEs attains 70.7% in SSL, 69.3% via linear probing, and 60.4% in the zero-shot OOD
scenario. These gains reflect the effectiveness of ViTaPFEs in small datasets (approximately 10K samples in
this case) where training a ViT-based model is a hard task, due to the lack of inherent inductive biases.

5 Ablation Studies and Discussion

The ViTaPFEs approach sets a new state-of-the-art across a wide range of tasks: in Section 4.1 it excels in all
baselines on material category, hardness, and texture; in Section 4.2, it achieves top-1 accuracy on object
identification on both OF-Real and YCB; and in Sections 4.3 and 4.4 it demonstrates exceptional transfer via
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linear probing and zero-shot evaluation, surpassing pre-trained VLM baselines such as UniTouch (Yang et al.,
2024). These results confirm that our novel multi-scale PEs enable robust visuotactile feature fusion and
generalization.

Learnable or Sinusoidal Positional Encodings? Table 4 examines how different choices for PEs,
learnable vs. sinusoidal, affect performance on the Category task. The three left columns compare scenarios
where either the modal or global encodings are replaced by non-learnable versions. We observe that relying
on sinusoidal encodings for either modal or global PEs yields lower accuracy (76.2-76.5%) compared to
fully learnable PEs. This confirms that learnable embeddings adapt more effectively to the peculiarities
of visual-tactile data. Although sinusoidal encodings can provide a reasonable inductive bias, the dynamic
nature of tactile signals, along with variations in camera perspectives, appears to benefit from the flexibility
of learnable positional parameters.

Table 4: Ablation of positional encodings (PEs) and modality settings on the TAG (Yang et al., 2022) category
task. The first three groups of columns toggle learnable vs. sinusoidal PEs (non-learnable = sinusoidal),
whether each modality uses any PE, and whether vision or touch is active. The rightmost column reports the
full ViTaPEs configuration with all learnable PEs and both modalities enabled, corresponding to the 80.1%
result in Table 1.

Learnable PE PE Use Modality Use | ViTaPEs
Visual X v X X v v X
Tactile X v X X v X v
Global v X X v X
Category | 76.5 764 762|769 772|705 638 | 80.1

Are Both Modal and Global PEs Effective? The ablation in Table 4 reveals that omitting either
modality-specific or global PEs drops accuracy to around 76.9-77.2% (two central columns). This indicates
that each component encodes distinct spatial cues critical for aligning visual and tactile features. By contrast,
employing both (ViTaPEs in Table 1) raises accuracy to 80.1%, demonstrating the synergy of encoding
localized modality-specific structure alongside a shared global reference. In other words, our multi-scale
design, where separate PEs are learned for the visual, tactile, and global contexts, fosters richer and more
discriminative cross-modal representations.

Figure 3 underscores how each learned PE contributes differently. The visual PE (Fig. 3(left)) exhibits a
grid-like pattern, capturing broad spatial dependencies aligned with typical camera-based inputs. Meanwhile,
the tactile PE (Fig. 3(middle)) shows higher-frequency fluctuations, reflecting its attention to localized
texture variations and contact points vital for tactile sensing. Most notably, the global PE (Fig. 3(right))
presents a smooth overarching pattern, yet internal variations suggest it has also learned distinct nuances
from each modality: the segments attending to vision (tokens 1- 196) appear more uniformly distributed,
while those focusing on tactile signals exhibit finer oscillations. By unifying both modalities under this global
coordinate frame, ViTaPFEs effectively leverages large-scale visual context alongside the subtle deformations
captured by tactile feedback. This complementary encoding ultimately drives the performance gains seen
in Table 1, confirming that local (within-modality) cues and a global reference both play essential roles in
robust visuotactile representation learning.

Are Both Vision and Touch Important? Another typical question that arises when developing
visuotactile models is the benefit of using both modalities for solving tasks. As shown in the two right
columns of Table 4, models not leveraging both vision and touch achieve lower accuracy compared to those
using both modalities (80.1%). This demonstrates that integrating global visual context with localized tactile
information enhances the model’s discriminative capabilities, highlighting the complementary strengths of
both vision and touch in visuotactile perception.

Sensitivity to Data Variations We assess robustness to missing tactile evidence on TAG by mask-
ing at evaluation a random fraction p € {0, 20, 40,60,80,100}% of tactile image patches, while keeping
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Figure 3: Learned PEs in ViTaPEs after training: visual, tactile, and global (left to right). Each PE exhibits
a unique spatial structure reflecting modality-specific priors and representational needs.

the vision stream intact. The encoder is frozen after masked-autoencoding pretraining (75% masking),
and a single linear classifier is trained on top of it; for each p we report the mean over five seeds.
As shown in Table 5, accuracy degrades monotoni-

cally with increasing p for all methods, yet ViTaPEs Table 5: TAG (Yang et al., 2022) category accuracy (%)
remains best at every level, with VI'T and RoPE  ypder tactile-patch masking at evaluation (linear probe;
trailing across the entire range. ViTaPEs preserves encoders frozen after masked-autoencoding pretraining

near-optimal performance with up to 40% missing with 75% masking; 5 seeds per p). Higher is better.
tactile input and retains a 1.4% margin over VI'T

and RoPE even when all tactile pixels are removed. 0% 20% 40% 60% 80% 100%
ThlS robus'tr.less mitrors the masking ratio used dur- VIT 24 122 720 718 698 667
ing pretraining and highlights the advantage of our RoPE 730 73.0 729 726 704 662
multi-scale positional encoding, which encourages ViTaPEs 75.9 75.2 74.9 7TA.6 724 68.1
redundancy across visual and tactile channels.

Scalability and Efficiency of ViTaPEs ViTaPFEs scales predictably with encoder capacity while remaining
computationally efficient. Increasing the embedding dimension, depth, and attention heads from the Minimal
(6.7M parameters) to the Extended (90.7M parameters) variant results in an 18% gain in top-1 accuracy
on the TAG category task. The Balanced model (30.6M parameters), used in our main experiments, offers
the best trade-off between performance and model size (see Appendix F). Training costs remain reasonable
at 62.5 GPU-hours (h) on an NVIDIA A100 40 GB, comparable to other ViT baselines like VI'T (58.9 h)
and RoPE (66.9 h) (see Appendix E.2). At inference, ViTaPFEs runs in 10 ms per visual-tactile pair on an
NVIDIA RTX 4090, with complexity O(N 2 D) (see Appendix E.1). These results show that ViTaPEs is both
scalable and deployment-friendly.

Limitations Despite its state-of-the-art performance and formal guarantees, the ViTaPFEs framework
has several limitations. First, its reliance on camera-based tactile sensors that appear in the datasets, like
GelSight (Yuan et al., 2017a) and DIGIT (Lambeta et al., 2020), introduces biases, potentially limiting
generalizability to other platforms with different resolutions or properties. Second, our scaling study is confined
to encoders of up to 90 M parameters due to a 62 GPU-hour per-run budget, which precludes assessment of
typical larger ViT scales (e.g., Base, Large (Dosovitskiy et al., 2021)) or more efficient transformer variants
that could further enhance performance or latency. Lastly, the limited availability of diverse, synchronized
multimodal datasets restricts the exploration of larger and more generalizable models.

6 Conclusion

In this paper, we introduced ViTaPFEs, a transformer-based framework enriched with multi-scale visuotactile
positional encodings that are provably injective, translation equivariant, and information-preserving. Extensive
experiments demonstrate that ViTaPFEs sets new state-of-the-art accuracy on material-property recognition,
object identification, and robot-grasp success prediction while achieving the first strong zero-shot transfer
across disparate sensors and demonstrating robustness to sensor dropout. By effectively integrating visual
and tactile signals through both modality-specific and global PEs, ViTaPFEs consistently outperforms state-of-
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the-art baselines in accuracy, robustness, and cross-domain adaptability. These results highlight the potential
of multi-scale PEs in enhancing cross-modal alignment and representation learning. Looking ahead, we plan
to explore scaling ViTaPEs to larger transformer architectures to further boost performance and applicability
in more complex scenarios, including closed-loop robotic manipulation.
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A Empirical Validation of Theoretical Assumptions

The proofs in Appendix B rely on two key implementation assumptions. In this section, we restate them
formally and demonstrate empirically that they hold throughout training.

Assumption A1l (Uniqueness). FEach positional encoding matrix PEViswl pgtactie pgslobal i¢ injtial-
ized i.i.d. from a continuous distribution (e.g. A'(0, 1)), which ensures pairwise-distinct rows with probability 1.
This guarantees that (i) within each modality and (ii) across modalities, no two token positions ever receive
the same embedding.

Assumption A2 (Full-rank, monotone projection head). The nonlinear projection head g (Eq. 3) is
a two-layer MLP ending in a square weight matrix

g(X) - X W1 LeakyReLU () Wg,
——
Lineary Linears

where W, € RP*P and the element-wise activation is strictly monotonic. We require rank(W,) = D so that
¢ remains injective on its input space.

We now verify these assumptions empirically.
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encoding rows at epoch 50. The bright diagonal over 80 epochs. Singular values decrease smoothly
indicates self-similarity of 1, while off-diagonal values from ~ 1.0 to ~ 0.15, and the minimum remains
hover around 0.35-0.40, confirming no row collisions well above zero, validating full-rankness (Assumption
(Assumption Al). A2).

Verifying A1l. At epoch 50, we compute the cosine similarity between every pair of positional-encoding
rows (Figure 4). Aside from the diagonal (self-similarity = 1), all off-diagonal values lie between 0.35 and
0.40, demonstrating that no two rows have become identical under training.

Verifying A2. We record the full singular-value spectrum of W, after each epoch. As shown in Figure 5,
the smallest singular value never falls below approximately 0.2, confirming rank(W,) = D remains intact
throughout training.

These results confirm that both Al and A2 hold in practice, ensuring the validity of our theorems.

14
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B Formal Proof Sketches of Theoretical Guarantees

The following three results collectively establish that our architecture (i) is information-preserving at the
patch-level, (ii) remains injective under the pooling operator, and (iii) maintains equivariance to token-level
permutations. Taken together, they guarantee that no expressive power is lost as data flow from the patch
embedding to the final classification head. Below we provide formal proof sketches, together with intuitive
explanations for each statement.

B.1 Proof of Theorem 3.1

The encoding process never collapses two different inputs into one, because it consists of three stages that
each preserve distinctions:

1. Modality embeddings with positional encodings. We first project visual and tactile data
into token form (Eq. 1) and add their own positional encodings (Eq. 2). Since each projection is
one-to-one on its modality and the positional encodings are all unique, no two different inputs can
become identical here.

2. Projection head g. The resulting tokens go through our small MLP (the projection head), which
by design is full-rank and strictly monotonic. Such maps cannot make distinct inputs coincide.

3. Global positional encoding. Finally, we add a shared positional encoding across all tokens.
Because these offsets are fixed and distinct across positions, this last addition still never merges two
different token sequences.

Since each step on its own is injective, their composition remains injective on the entire input. We restate
Theorem 3.1 for clarity:

Under Assumption A1 (uni-modal and cross-modal row-uniqueness) and A2 (full-rank, strictly-monotone
projection head), the map
®: (V,T) — Xprojected(V, T) + PE&P

is injective on RNvisvarXD 5 RNiactile XD

Lemma 1 (Uni-modal injectivity). Let

Xvisual (V) _ Xvisual(v) + PEvisual’ Xtactile(T) _ Xtactile(T) + PEtactile

modal modal

be the two modal embeddings from Equation 3. Since the rows of PEVS"™! (resp. PE™U®) are pairwise
distinct, for any V; # V4 there is some patch index i with

Xvisual (Vl)[l] _ Xvisual(vl)m + PEvisual[Z-] 7& XVisuaI(Vg)[i] + PEVisual[i] — va121(11e;11(v2)[2]

modal
visual i 303 3 3 tactile
Hence X7*% is injective, and the same argument applies to X359

Lemma 2 (Concatenation preserves injectivity). Let

X\rﬁiléizll: RNvisua1 X D N RNvisuaIXD) Xfﬁﬁgﬁ‘ R Ntactite X D N RNtactile X D

be the two projection-head embeddings from Equation 3, assumed injective by Assumption Al. For any V, T,

define

Xmodal(v)

er_l?dal v Xmod_al T _ visual
[ vmual( ) || tactlle( )] Xtrgggiﬂ(T)

c R(Nvis\xal+Ntactile) xD )

If
[ modal(Vl) H Xmodal(T1>] _ [ modal(v2) ” XmOdal(Tg)],

visual tactile visual tactile
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then by block-equality we have

modal(Vl) modal(VQ), Xmodal(Tl) _ Xmodal(TQ)’

visual visual tactile tactile

and injectivity of each embedding forces Vi = V5 and Ty = Ts. Hence the concatenation is injective.

Lemma 2 (Concatenation preserves injectivity). Consider the map

(V,T) — [Xvisu‘('ml (V) H Xtacci.lc(T)] c R(N\,isual—&-Ntacme)xD.

modal modal

If
[Xvisual (Vl) || Xtactlle( ) ] _ [Xvisual (Vg) ” XtaCtﬂe(Tg) ] ,

modal modal modal modal

then by block-wise equality

Xvisual (Vl) — Xvisual (\/2)7 Xtactile( ) Xtactlle( 2).

modal modal modal modal

Lemma 1 then gives V1 = V5 and T; = T5. Hence the concatenation map is injective.

Lemma 3 (Injectivity of monotone MLP). Following Puthawala et al. (2021), a feed-forward network
composed of strictly monotone elementwise activations (LeakyReLU) and ending with a square weight matrix
W € RP*P of full rank is a diffeomorphism onto its image and thus is injective.

Proof of Theorem 3.1. Suppose
@(Vla Tl) = (I)(V27 T2)7

ie.
XprOJected (Vla Tl) + PEglObal XprOJected (V27 T2) + PEglObal

hence by entry-wise cancellation
Xprojected (Vl, Tl) = Xprojected (V27 T2)

« By Lemma 1. Each of the two modal embeddings XVis4al and Xtactile ig injective.

: : visual tactile fa T : Nyisual X D N, ile XD
o By Lemma 2. Their concatenation [Xmodal( ) || Xmodal(T)] is injective on R al XD s RVtactile XD

« By Lemma 3.The final MLP in X jected(V,T) = MLP([H]) is injective due to strict monotonicity
and full-rank weights.

Putting these together shows Xpiojected(V1, T1) = Xprojected (Va2, T2) implies (V1,T;) = (V2, T2). Hence ®
is injective on RNvisual XD 5 RNVtactite X

B.2 Proof of Theorem 3.2

Cross-modal translation Ta simply reindexes tokens by shifting their positions. Every stage of the encoder,
both the multi-scale PEs and the final projection g, treats all token slots uniformly. Thus, performing Ta
before encoding has exactly the same effect as performing it afterwards, so the encoder commutes with Ta.
We restate Theorem 3.2:

Let Ta be the lattice—translation operator on patch indices introduced in Section 5./, where A = (A, A.) € Z?
shifts each patch indexed by its row r and column ¢ to (r + Ay, c+ A.). Let

D (V, T) — Xprojected(vv T) + PEglobal
be the visuotactile embedding map defined in FEq. 3. Then for every integer offset A,

WTa(V,T)) = Ta(B(V,T)).
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PrOOf. Le(
visual Nyisual X D tactile Niactile X D
X S RV visual ; X c RV eactil

be the visual and tactile token matrices from Eq. 1, where Nyisua1 and Niactile are the total number of patches
for each modality and each patch is identified by its grid coordinates (r,¢). Also let PEYS"! ¢ RNvisuarxD
and PE'ctle ¢ RNucue XD he the modality-specific positional encodings from Eq. 2, and PE8P# ¢ RN*D
the global encoding in Eq. 4. We show each stage of ® commutes with Th:

1. Positional encoding. Since each row of PE'*" (resp. PE"™") is indexed by the same (r,¢) as
X visual (resp. )(tactile)7 we have

TA (Xvisual + PEvisual) _ TA (Xvisual) + PEvisuaI’
and similarly for the tactile branch.

2. Patch-wise projection. The non-linear projection g in Eq. 3 acts independently on each row
(patch), so

TA (g([Xvisual + PEvisual; Xtactile + PEtactile])) _ g(TA([ Xvisual + PEvisual; Xtactile + PEtaCtﬂeD).

3. Global positional encoding. Adding PE#&lPa! (indexed by the same (7, c¢)) commutes with the
shift:
Ta (Xprojected + PEglobal) =Ta (Xprojected) T PEglObal,

4. Transformer encoder. Each Transformer layer (self-attention, feed-forward, residuals) depends
only on pairwise dot products and pointwise MLPs. These operations commute with any fixed
permutation of the sequence, hence with T .

Since every component f of ® satisfies f oTa = Ta o f, their composition ® does as well.

B.3 Proof of Proposition 3.3

Because ® is one-to-one on its domain, no two different inputs (V,T) ever collide in the encoded space. In
information-theoretic terms, this means the encoding retains all variability of the inputs: nothing is “averaged
out” or lost, so the full input entropy is preserved. We restate Proposition 3.3: under the injectivity and
smoothness assumptions on ® (Assumptions Al and A2), the mapping

o (V, T) —> Xglobal

preserves all input entropy:
I((V,T);®(V,T)) = H(V,T).

Proof. Let X = (V,T). By Theorem 3.1, ® is injective, and by Assumptions Al and A2 its component
operations (additions of PEVisual pgtactile pgglobal T o5kvReLU activations, and the full-rank linear layer)
are each differentiable almost everywhere —i.e. except on the ReLU hinge hyperplanes, which form a
measure-zero set.!

Moreover, each such building block has unit absolute Jacobian determinant, so for almost every output vy,

|det VO~ (y)| = 1.

We now invoke the change-of-variables formula (Cover & Thomas, 2006) for differential entropy: if Y = f(X)
is an almost-everywhere differentiable, injective map, then

H(Y)=H(X) + Ex[log|det Vf(X)|] = H(X) + Ey[log|det Vf~'(Y)|].

1This “almost everywhere (a.e.) differentiability” condition is standard in entropy change-of-variables proofs for deep networks
(e.g. Cover & Thomas, 2006).
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This follows from the density transform py (y) = px(f~*(y)) | det Vf~!(y)| and the definition H = — [ plog p.
Since log |det VO] = 0 a.e., we get H(®(X)) = H(X).

Finally, injectivity implies H(X | ®(X)) =0, so
10X 8(X)) = H(X) — H(X | (X)) = H(X).

This completes the proof that ® preserves the full input entropy.

C Architecture and Training Details

All baselines process visual and tactile inputs as 224 x 224 RGB images. For ViT-based architectures, these
inputs are divided into 16 x 16 non-overlapping patches, resulting in 196 patches per modality. Each patch
is linearly projected into an embedding space of dimension D = 384, with modality-specific tokens further
enriched using positional encodings.

For multi-scale positional fusion, we employ a non-linear projection layer implemented as:
MLP = Linear(2 x D, H) — LeakyReLU — Linear(H, D),

where H = 768 is the hidden dimension. The transformer encoders use standard ViT components, including
multi-head self-attention and feed-forward networks. The multi-head self-attention mechanism comprises h
attention heads, where each head operates on a subspace of dimensionality dj, = D/h, facilitating complex
cross-modal interactions. The feed-forward networks are implemented as two-layer perceptrons with GeLLU
activations, enabling non-linear transformations of the attention outputs. Layer normalization and residual
connections are applied throughout to stabilize training.

The architecture scales with L transformer layers, configured as 6 layers for supervised tasks and 12 layers for
self-supervised pre-training. We use the same number of heads h as layers L in each setting. We train the
models in both supervised and self-supervised (SSL) paradigms using a learning rate of 1 x 1074, weight
decay of 0.1, and a cosine warmup scheduler. For supervised classification tasks (e.g., Category, Hardness,
Tezture), we employ a batch size of 64, and random augmentation (Cubuk et al., 2020) for data augmentation.
For SSL training with MAE, target an effective batch size of 1024 via gradient accumulation, and apply
random resized cropping as the augmentation strategy. A masking ratio of 75% is used to promote robust
representation learning.

D Data Augmentation Strategies

In addition to investigating positional encodings and modality usage, we also examine how different data
augmentation strategies impact performance. As shown in Table 6, Random Augmentation leads to stronger
results in supervised classification, reaching a top-1 accuracy of 80.1% on the Category task. Conversely,
when training with masked autoencoders in a self-supervised setting, Random Resized Crop is more effective,
achieving 75.9% compared to 61.3% under Random Augmentation. These findings highlight the need to
tailor augmentation strategies to the training paradigm, as the requirements of supervised learning can differ
considerably from those of self-supervised objectives.

Table 6: Ablation of augmentation strategies under self-supervised (SSL) pretraining and supervised linear
probing on the TAG Category task.

Augmentation Strategy SSL Category

. v 75.9

Random Resized Crop X 76.9
. v 61.3

Random Augmentation X 30.1
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E Training & Inference Details

E.1 Inference Throughput and Complexity

ViTaPEs processes a fused visual-tactile input in 10 ms on an RTX 4090—equivalent to 100 pairs/s throughput.
The transformer’s runtime complexity is O(N2d), where N sums visual Nyjsua1 and tactile Niaetilo tokens and
d is the embedding dimension.

E.2 Training Cost Comparison

Table 7 reports the GPU-hour budget required to pre-train each model under identical hardware and data
settings. ResNet-based baselines (SSVTP, MViTac, TAG) cluster around 40 GPU-h, while ViT-based methods
are costlier: VI'T needs 58.9 h, RoPE 66.9 h, and ViTaPFEs 62.5 h. Thus, ViTaPFEs sits between the two
transformer baselines, slightly slower than VT'T yet 7 % faster than RoPE, while delivering the strongest
performance (see Table 1 in the main text).

Table 7: GPU-hour budget for pre-training under identical settings.

Model Backbone GPU-hours
SSVTP ResNet 38.9
MViTac ResNet 40.3
TAG ResNet 39.2
VTT ViT 58.9
RoPE ViT 66.9
ViTaPEs ViT 62.5

F Model Scaling Analysis

We vary the ViT backbone along three axes—embedding dimension (d), depth (L), and number of heads
(H)—holding all other hyper-parameters and pretraining protocol fixed.

Table 8: Effect of encoder scale on TAG category accuracy.

Variant Batch d L H Parameters (M) Accuracy (%)

Minimal 64 384 3 3 6.7 60.9
Moderate 64 384 6 6 12.9 67.1
Balanced 64 384 12 12 30.6 75.9
Extended 64 768 12 12 90.7 79.0

Performance grows monotonically with parameter count, with diminishing returns beyond the Balanced model,
the configuration used in our main experiments. Crucially, no architecture-specific tuning is required: the
same multi-scale positional encoding delivers robust gains across all scales, underscoring ViTaPFEs’ versatility
for both resource-constrained and high-capacity deployments.

G Transfer Learning Evaluation Protocol

We evaluate the transfer learning capabilities of ViTaPEs and baseline models on the robotic grasping task
using three evaluation schemes: SSL, linear probing, and zero-shot. In the SSL setup, models are initialized
with the pre-trained encoders from Table 1, trained on the Touch and Go (TAG) dataset (Yang et al.,
2022), and then fine-tuned on the Grasp dataset (Calandra et al., 2018) using the standard SSL method
as described in Section C with a learning rate of 0.001. This process enables the models to adapt their
visuotactile representations to grasping-specific features while retaining knowledge from pretraining. For
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linear probing, we freeze the same pre-trained encoders and train a simple linear classifier on top using
labeled data from the Grasp dataset, evaluating how well the learned representations transfer with minimal
adaptation. In the zero-shot setting, we assess the frozen encoders without any additional training, using
cosine similarity between test and reference embeddings to predict grasp success. These evaluation strategies
provide a comprehensive assessment of ViTaPEs’ adaptability to new tasks and its effectiveness in real-world
transfer learning scenarios.

H Datasets

H.1 Touch-and-Go Dataset

The Touch-and-Go (TAG) dataset (Yang et al., 2022) features paired visual and tactile data captured in
naturalistic settings, with tactile sensors interacting with various objects while simultaneously recording
egocentric video. This dataset encompasses approximately 13,900 tactile interactions involving around 4,000
unique objects across 20 material categories, providing a diverse range of real-world scenarios and tactile
features essential for distinguishing material properties.

We evaluate the performance of ViTaPFEs on the TAG dataset to address the task of material property
identification. Specifically, we consider three downstream tasks: (1) categorization of materials into 20 distinct
classes, (2) binary classification of hard versus soft surfaces, and (3) binary classification of smooth versus
textured surfaces. For consistency, we adhere to the dataset splits prescribed by the authors of (Yang et al.,
2022), ensuring that our evaluations are directly comparable to prior work and their baselines.

H.2 Object Folder Dataset

The ObjectFolder Real (OF-Real) dataset (Gao et al., 2023) provides comprehensive multisensory data for
100 common household items. Each object is documented through high-quality 3D meshes, HD rotation
videos, and multiple tactile recordings from a GelSight sensor (Yuan et al., 2017a). The tactile recordings
detail gel deformations upon contact, complemented by in-hand and third-view camera angles, enabling a
comprehensive analysis of tactile and visual interplay.

For this work, we selected a balanced subset of 50 objects from the full dataset. The selection was performed
to ensure representative coverage across different material types (e.g., ceramic, wood, glass, metal) and object
categories (e.g., bowls, plates, utensils). This subset preserves the overall balance of material and object
diversity present in the full dataset.

The selected objects are as follows:

e Bowls, Plates, and Utensils: Soup Spoon, Bowl, Salad Plate, Dinner Plate, Blue Bowl, Decorative
Plate, Mixing Bowl, Serving Bowl, Soup Bowl.

o Kitchen Tools: Cutting Boards (Large, Middle, Small), Mixing Bowls (Large, Middle, Small), Fruit
Bowl, Fork (Small, Large), Spoon (Small, Large), Knife (Large, Middle, Small).

e Household Items: Wine Glass, Drinking Cup, Beer Mug, Soup Ladle, Serving Spoon, Salad Fork,
Mixing Spoon, Shovel Toy, Handle Spoon, Round Plate.

o Miscellaneous: Wrenches (Small, Middle, Large), Pestle, Mortar, Flowerpot (Large, Small),
Sculpture, Display Stand.

The dataset was split datapoint-wise into 80% training and 20% testing data. Both vision and tactile
modalities were utilized in this study to exploit the multisensory nature of the dataset.

H.3 YCB-Slide Dataset

The YCB-Slide dataset (Suresh et al., 2022) provides aligned RGB-tactile sliding interactions for 10 standard
YCB objects (e.g., sugar box, tomato soup can, mustard bottle, bleach cleanser, mug, power drill, scissors,
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adjustable wrench, hammer, baseball). Data were captured by moving each object over a fixed DIGIT sensor
mount, yielding over 180 000 frames pairing a 224x224 RGB crop with a 64x64 tactile depth image under
varied lighting and background conditions.

H.4 Grasp Dataset

The Grasp dataset Calandra et al. (2018) provides paired tactile data and RGB images captured during
grasping attempts. Tactile data is collected from two sensors attached to the left and right jaws of a
parallel-jaw gripper, and each trial includes three frames: before, during, and after the grasp. The task is to
predict whether the grasp will succeed or fail based on the during frame, as it provides the most relevant
information about the outcome.

The dataset includes 106 objects, and for this work, we created a randomized datapoint-wise split of 80% for
training and 20% for testing. To ensure data quality, we retained only demonstrations with sufficient grasping
attempts, balancing successful and failed grasps. For fine-tuning (SSL) the models in Section 4.4, the tactile
images from the two sensors were concatenated across the channel dimension, resulting in a 6-channel tactile
input. For the linear and zero-shot probing, we used only one of the two tactile images as input (3-channel) to
the encoder. The during frame (mid-grasp) is used for prediction, as it provides the most relevant information
regarding the success of the attempt.

H.5 Dataset Examples

Figure 6 showcases one RGB frame (left) and the corresponding tactile image (right) for each dataset used
in our study; TAG, Object Folder Real (OF-Real), Grasping, and YCB-Slide. Note the markedly different
gel textures, marker layouts, colour palettes, and contact footprints produced by the three generations of
GelSight sensors (TAG, OF-Real, Grasping) versus the DIGIT sensor (YCB-Slide). These domain shifts
motivate the cross-sensor experiments in Section 4.2.

Object Folder Real

s

Toch-and-Go

YCB-Slide

Figure 6: Paired visual (left) and tactile (right) samples across datasets, illustrating the heterogeneous visual
appearance and tactile signal characteristics that ViTaPFEs must handle.
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| Baselines

To benchmark the performance of ViTaPFEs, we compare it against several state-of-the-art baselines, spanning
convolutional neural networks (CNNs), Vision Transformers (ViTs), and specialized visuotactile models. These
baselines include ResNet-based architectures, self-supervised frameworks, and models designed specifically for
tactile or visuotactile tasks. Below, we provide an overview of each baseline:

Vanilla CNN We use a widely used CNN backbone with 18 layers and residual connections. It serves
as a baseline for tasks involving visual or tactile data, with separate branches used for each modality when
applied to visuotactile inputs. Vanilla CNN as a ResNet architecture (He et al., 2016) is often limited by
its local receptive field and lack of attention-based mechanisms, making it less effective in capturing global
spatial relationships across modalities. It consists the backbone architecture for all ResNet-based baselines in
this paper.

SSVTP (Kerr et al., 2023a) The Self-Supervised Visuotactile Pre-training (SSVTP) framework employs
contrastive learning with the InfoNCE loss to align visual and tactile representations. Visual data is treated
as the query and tactile data as the key, aiming to minimize the distance between embeddings of matching
pairs while maximizing the distance to non-matching pairs. This approach creates a shared visuo-tactile
latent space by leveraging the spatial alignment of the data. However, SSVTP focuses solely on optimizing
the visual-to-tactile direction.

TAG (Yang et al., 2022) Building on the SSVTP framework, Touch-and-Go (TAG) employs a symmetric
contrastive loss that aligns embeddings bidirectionally. In addition to optimizing visual-to-tactile alignment,
TAG also trains the model to match tactile queries to visual keys. This dual-directional alignment combines
both losses, ensuring the latent space captures strong bidirectional associations between the modalities. This
enhanced alignment improves generalization across diverse material properties and multimodal applications,
making TAG well-suited for tasks like tactile-driven image stylization and material recognition.

MViTac (Dave et al., 2024) MViTac enhances TAG by integrating visual and tactile inputs through
parallel ResNet-18-based encoders, using contrastive learning to align their representations in a shared latent
space. Its dual strategy includes intra-modal contrastive learning for modality-specific consistency and
inter-modal contrastive learning for cross-modal alignment, both optimized with InfoNCE loss. A combined
loss function balances these objectives, enabling robust multimodal representation and integration.

UniTouch (Yang et al., 2024) UniTouch aligns tactile representations with pre-trained frozen vision-
language models by leveraging a contrastive learning framework. It aligns tactile embeddings with pre-trained
visual embeddings, which are already associated with other modalities like language and audio. This
alignment is achieved using bidirectional contrastive objectives: tactile-to-vision and vision-to-tactile losses,
combined into a unified loss function. By maximizing cosine similarity for paired visuo-tactile embeddings
and minimizing it for unpaired ones, UniTouch creates a shared multimodal space for tactile, visual, and
other modalities.

VTT (Chen et al., 2022) The Visuotactile Transformer (VTT) introduces a transformer-based framework
for visuotactile integration. By processing visual and tactile inputs through a shared encoder with cross-modal
attention, VI'T captures interdependencies between modalities. This approach enables the model to focus on
critical task features by generating latent heatmap representations.

RoPE (Heo et al., 2025) Relative Positional Encoding (RoPE) augments the transformer architecture
with rotary positional encodings to capture relative spatial relationships within each modality. This method
offers flexibility in sequence length and allows the model to capture decaying inter-token dependencies as
their relative distances increase.
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