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Abstract. Unified multimodal models (UMMs) have shown great promise
in integrating understanding and generation across diverse modalities.
However, existing research rarely extends this paradigm to the tactile
domain, where both object-level semantics and sensor-level configura-
tions jointly determine the meaning of touch. To address this gap, we
propose UniTac, the first UMM designed for tactile understanding and
generation. UniTac models the tactile process as a transition from non-
contact to contact, capturing the physical interaction between sensors
and objects through a dual-level representation that encodes both sen-
sor and object attributes. For tactile understanding, UniTac introduces
two tasks, object property description and sensor identification, to en-
hance reasoning over physical and cross-sensor information. For tactile
generation, we design a two-stage training paradigm consisting of recon-
struction and alignment, together with a sensor-prior-based sampling
strategy that simulates realistic tactile contact. Trained on large-scale
multi-sensor datasets, UniTac achieves state-of-the-art performance in
tactile understanding and generates realistic tactile signals across sen-
sors.

Keywords: Tactile Understanding · Tactile Generation · Unified Mul-
timodal Model

1 Introduction

Unified multimodal models (UMMs) have recently gained significant attention
for integrating perception and generation within a single architecture [22, 31,
49]. By unifying diverse modalities, UMMs enhance the adaptability and scal-
ability of multimodal systems, laying the foundation for developing interactive
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UniTac

Tactile Undestadning Tactile Generation

 

Q: Which one is 

more smoother?

 



Prompt: The tactile sensor is
touching a specific point on a flat 

, smooth , metallic surface with
high hardness . The texture is 

sleek , reflective ...

 

A: The
second is 

smoother.

bath towel hairbrush handle

Q: Describe the
tactile videos?

 

A: The surface 

is rough, rigid,
irregular...

 

A: The material is 

soft fabric, slightly 

rough texture...

              

Sensor: Digit-1  Digit-2

(a) Average Performance on PHYSICLEAR-
Test Benchmark.

(b) Average Performance on Tactile
Generation Task.

synthetic fabric

Fig. 1: Quantitative evaluation of UniTac on tactile understanding and generation
tasks. (a) Average results on the PHYSICLEAR-Test benchmark across six tactile
understanding tasks, where UniTac-7B achieves the strongest overall performance. (b)
Average SSIM and PSNR on the tactile generation task, showing that UniTac provides
superior generation quality compared with existing baselines.

and physically grounded intelligent agents [5, 28]. Within this framework, tac-
tile understanding and generation are essential for embodied intelligence and
robotic perception, as touch provides a direct means of interaction with the
physical world. Accurate tactile understanding enables fine-grained manipula-
tion [8, 47], material and surface recognition [2, 17], and geometric inference
beyond vision [33]. High-fidelity tactile generation facilitates simulation-based
training [26], strengthens cross-modal learning [35, 44], and enables realistic
tactile feedback in virtual environments [10, 14, 32]. Together, these capabili-
ties strengthen multimodal perception and sensor-level grounding in embodied
robotic systems.

Recent advances in visuo-tactile sensing have opened new directions for touch-
centered multimodal research. Sensors such as GelSight [46], DIGIT [20], and
Duragel [48] capture tactile data in image-like formats encoding both sensor-level
configurations [35] (lighting, gel deformation, camera parameters) and object-
level semantics [18, 20, 46] (surface geometry, hardness, roughness). However,
two major challenges remain for tactile understanding. First, existing touch-
language models are often trained on small, self-curated datasets, such as PHYSI-
CLEAR [45] with only 482 touch videos. In contrast, the tactile research com-
munity has collectively released large-scale open datasets comprising over 400K
video clips and 1.6 million frames, yet these datasets are typically used in isola-
tion rather than being combined for joint training, which limits the representa-
tion of tactile semantics. Second, significant domain gaps among sensors hinder
cross-sensor generalization due to differences in sensor characteristics and illu-
mination conditions [35]. For tactile generation, prior work [30] has explored
translation between specific sensor pairs but has not addressed generalizable
cross-sensor synthesis across diverse sensor types. Moreover, most tactile stud-
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ies treat understanding and generation as separate problems without exploring
their intrinsic connection.

Unlike visual cameras that capture a natural image in a single exposure,
tactile data acquisition inherently involves two stages: a non-contact stage cap-
turing sensor configuration and a contact stage recording object-level physical
properties under that configuration [18,35,46]. Without object-level information,
non-contact tactile data lack semantic meaning; without sensor-level informa-
tion, generative models are unaware of the sensor configuration on which tactile
signals should be synthesized, while understanding models cannot interpret how
sensor design translates tactile patterns into object properties. For example, Gel-
Sight [46] encodes surface roughness through marker displacement patterns that
depend on its sensor configuration. Thus, a unified multimodal model should
jointly model both levels of tactile information to achieve cross-sensor tactile
understanding and generation.

UniTac

Tactile Understanding Tactile Generation
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Fig. 2: Overview of UniTac for unified tactile un-
derstanding and tactile generation.

In this work, we present
UniTac, the first UMM for
the touch domain, designed
to jointly perform tactile un-
derstanding and generation
tasks within a single frame-
work. As illustrated in Fig. 2,
UniTac unifies tactile under-
standing (e.g ., property com-
parison/description) and tac-
tile generation under a shared
multimodal backbone. Uni-
Tac is trained on a large com-
posite tactile corpus that in-
tegrates diverse open datasets
comprising over 400K video
clips and 1.6 million frames from multiple sensor domains. The proposed frame-
work comprises several essential modules for tactile data processing. The touch
encoder extracts meaningful representations from tactile inputs, while the mul-
timodal large language model (MLLM) serves as a shared backbone for both
understanding and generation. The sensor-aware DiT (Diffusion Transformer)
projector further maps the MLLM outputs into the conditional space required
by the touch decoder, which synthesizes accurate tactile data. For understanding,
UniTac introduces two supervised tasks that enhance comprehension of tactile
information: object property description [41, 45], which captures the physical
attributes of contacted objects, and sensor identification, which enables recogni-
tion of specific sensor configurations. These tasks jointly strengthen the model’s
understanding of both object-level and sensor-level information. For generation,
the training is divided into two stages: reconstruction and alignment. In re-
construction stage, the decoder is trained using hidden tokens from the touch
encoder as conditional inputs, enabling efficient parallel training without involv-
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ing the MLLM backbone. The alignment stage then trains a DiT Projector to
align the MLLM’s output with encoder representations. To compensate for the
absence of sensor-level cues in tactile descriptions, sensor-level tokens from the
encoder are incorporated in the projector to refine the generated results. More-
over, we propose a sensor-prior-based sampling strategy that simulates the tran-
sition from non-contact to contact stages. By incorporating two level conditions
into the sampling process, this method achieves flexible and accurate tactile sig-
nal generation aligned with real sensor behaviors. Extensive experiments on the
PHYSICLEAR-Test benchmark [45] and multiple tactile datasets demonstrate
strong performance of UniTac on both understanding and generation (Fig. 1),
compared with existing UMMs and leading tactile models. We further deploy
UniTac on real robotic platforms to verify its understanding ability and the
practical effectiveness of generated cross-sensor data.

Our main contributions are summarized as follows:

– We introduce UniTac, the first UMM for the tactile domain, jointly modeling
sensor-level configurations and object-level semantics for unified understand-
ing and generation.

– We enhance tactile understanding through large-scale multi-sensor training
and dual-level supervision tasks that improve object physical reasoning.

– We advance tactile generation via a two-stage training scheme and a sensor-
prior-based sampling strategy that models the non-contact–to–contact tran-
sition for realistic tactile synthesis.

– We validate UniTac via extensive experiments and real-world deployment,
achieving SOTA performance and demonstrating its practicality in robotic
perception.

2 Related Work

2.1 Unified Multimodal Models

Recent advances in unified multimodal models (UMMs) have integrated percep-
tion and generation within a single architecture [22, 28, 31, 49]. Works such as
Janus-Pro [28], Chameleon [34], and Emu3 [38] employ Transformer-based back-
bones to jointly handle visual understanding and synthesis. Hybrid frameworks
including Transfusion [49] and Show-o [40] further combine autoregressive and
diffusion paradigms to exploit their complementary strengths. BLIP3-o [3] ex-
tends this line by introducing a diffusion transformer for CLIP-space generation
with sequential training that balances understanding and generation. However,
existing UMMs remain limited to visual–textual modalities. In contrast, our
UniTac extends this paradigm to the tactile domain, enabling both tactile un-
derstanding and generation within a unified architecture trained on a large-scale
composite dataset.
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2.2 Tactile Understanding Models

Tactile understanding has increasingly relied on representation learning to cap-
ture contact dynamics and material properties. UniTouch [42] and TVL-Link [7]
align tactile inputs with visual and linguistic modalities to build consistent mul-
timodal embeddings within a single sensor setup. AnyTouch [12] proposes a
cross-sensor representation unifying tactile features but focuses mainly on repre-
sentation learning rather than downstream reasoning. Beyond representations,
Octopi [45] aligns tactile videos with vision–language models for object prop-
erty reasoning, while VTV-LLM [41] explores visuo-tactile video understanding
but relies on a small self-collected dataset, limiting generalization. More recent
efforts such as SToLa [6] and CLTP [27] introduce commonsense reasoning and
contrastive language–tactile pretraining for 3D contact understanding. Despite
these advances, most models still overlook sensor-level configurations and fail to
unify tactile understanding and generation within a single framework.

2.3 Tactile Generative Models

Tactile generation research mainly focuses on cross-modal synthesis between
visual and tactile modalities. Vision2Touch [23] establishes paired visuo-tactile
data for conditional generation, and GVST [43] adopts diffusion models for high-
quality bidirectional synthesis. UniTouch [42] incorporates tactile signals into
large multimodal frameworks for image-conditioned generation. Recent stud-
ies have emphasized finer control, such as TextToucher [35] for text-to-touch
synthesis, ControlTac [25] for force- and position-controlled augmentation, and
Touch2Touch [30] for translation between limited sensor pairs. Nonetheless, most
existing methods remain confined to single-sensor scenarios and lack unified
cross-sensor modeling. UniTac overcomes these limitations by enabling multi-
sensor tactile generation through the joint modeling of sensor-level configurations
and object-level semantics within a unified multimodal framework.

3 Method

UniTac unifies tactile understanding and generation across sensors by jointly
modeling sensor-level configurations and object-level semantics within a single
framework. This formulation enables the model to reason about how different
sensors perceive the same physical properties and to synthesize sensor-consistent
tactile signals. To this end, we introduce three key components bridging under-
standing and generation. In Sec. 3.1, Dual-Level Mixture Comprehension en-
hances tactile reasoning through object property description and sensor identi-
fication, improving cross-sensor comprehension. In Sec. 3.2, Two-Stage Aligned
Generation advances tactile synthesis through reconstruction and sensor-aware
alignment, ensuring semantic–physical coherence. In Sec. 3.3, Sensor-Prior Sam-
pling Strategy models the transition from non-contact to contact by embedding
sensor priors during sampling, yielding realistic cross-sensor tactile generation.
An overview of the full framework is shown in Fig. 3.
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Fig. 3: Overview of the UniTac architecture. UniTac unifies tactile understanding and
generation across sensors by jointly modeling sensor-level configurations and object-
level semantics. The Touch Encoder extracts static and dynamic contact features,
while the Multimodal Large Language Model (MLLM) integrates tactile and textual
modalities for joint reasoning over object- and sensor-level information (Sec. 3.1). The
Sensor-Aware DiT Projector and Touch Decoder perform two-stage tactile genera-
tion (Sec. 3.2), combining data reconstruction with sensor-aware alignment between
MLLM embeddings and tactile representations. In addition, a sensor-prior-based sam-
pling strategy (Sec. 3.3) models the transition from non-contact to contact, achieving
realistic cross-sensor tactile synthesis.

3.1 Dual-Level Mixture Comprehension

To strengthen UniTac’s reasoning in tactile understanding, we propose Dual-
Level Mixture Comprehension, which jointly supervises the model from object-
level and sensor-level perspectives using paired video–text data.

Given a visuo-tactile video Vi and an accompanying text Ti, the pretrained
touch encoder produces a sequence of tactile tokens Zi = Etouch(Vi) ∈ RLv×d.
We then splice these tokens into the MLLM text stream using two special markers
<T_VID> and </T_VID>, yielding the input Xi = [<T_VID>, Zi, </T_VID>, Πi, Ti],
where Πi denotes an instructional prompt that specifies one of two comprehen-
sion objectives: object property description or sensor identification. The sequence
Xi is fed into the MLLM and optimized via a standard next-token prediction
objective:

L = −
|Xi|−1∑

t=2+Lv+|Πi|

log pθ(xi,t+1 | xi,≤t), (1)
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where each token in Xi is trained to predict its next token xi,t+1.
Object-Level Supervision (Property Description). Following Octopi [45],
we describe the contacted object using three tactile dimensions: roughness, hard-
ness, and texture. For this task, Πprop

i instructs the MLLM to generate the prop-
erty description (e.g ., “The surface is soft, rough and big bumps.”). By learning
to predict these words conditioned on tactile embeddings, the model strength-
ens its grounding in object-level semantics, encouraging it to associate contact
patterns with physical material properties.
Sensor-Level Supervision (Sensor Identification). In contrast, Πsen

i guides
the model to verbalize the tactile sensor identity (e.g ., “Captured by a Digit sen-
sor.”). The same next-token prediction loss applies, driving the MLLM to learn
sensor-related variations such as lighting, gel elasticity, and imaging resolution.
This supervision enforces sensitivity to sensor-level configurations, making the
representation more robust across various tactile devices.

The overall comprehension loss integrates the two tasks:

LDLMC = Lprop + λsen Lsen, (2)

where Lprop and Lsen denote the respective next-token prediction losses under
their prompts, and λsen > 0 balance the two objectives. Through this dual-level
supervision, UniTac learns to disentangle what changes with the object from
what changes with the sensor, leading to more accurate tactile understanding.

3.2 Two-Stage Aligned Generation

To achieve controllable and sensor-consistent tactile generation, UniTac employs
a Two-Stage Aligned Generation strategy consisting of a reconstruction stage and
a sensor-aware alignment stage.
Stage I: Reconstruction. The reconstruction stage focuses on learning a gen-
erative prior within the tactile domain, independent of the MLLM. Here, the
latent representation Zi extracted from the touch encoder inherently contains
two types of information: Zi = [Zobj

i , Zsen
i ], where Zobj

i encodes object-level se-
mantics such as hardness and roughness, and Zsen

i represents sensor-level con-
figurations including illumination and gel properties. These latent tokens are fed
into the touch decoder Dtouch to reconstruct the tactile signal. As this stage
does not involve the MLLM backbone, it can be trained in parallel with the
Dual-Level Mixture Comprehension task to improve training efficiency.
Stage II: Sensor-Aware Alignment. After learning tactile priors, we align
the MLLM’s textual generation space with the tactile latent space. Given a
tactile description Ti and N touch queries, the MLLM produces output query
embeddings: Q̂i = EMLLM(Ti,Qi) ∈ RN×d, which primarily encode object-level
semantics consistent with the described physical attributes of the surface, but
lack explicit sensor cues. To recover sensor awareness, we concatenate these
embeddings with the specific sensor tokens S obtained from the pretrained touch
encoder, forming the conditional representation: Fi = [Q̂i;S].

The sensor-aware DiT projector learns a conditional vector field vθ(·|t,Fi)
that transforms a Gaussian prior toward the tactile latent representation Zi,
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under the guidance of Fi. Following the rectified flow formulation [11, 24], we
define a linear interpolation path between a Gaussian noise sample z∼N (0, I)
and the target tactile latent Zi as:

xt = (1− t) z+ tZi, t ∈ [0, 1] (3)

whose target velocity is a constant vector

ut =
dxt

dt
= Zi − z. (4)

The sensor-aware DiT projector is trained by minimizing the conditional rectified
flow matching loss:

LRF
align = Et∼U(0,1),z∼N (0,I),Zi

∥∥vθ(xt|t,Fi)− (Zi − z)
∥∥2
2
. (5)

This alignment bridges the MLLM semantic output and the touch encoder rep-
resentations, enabling the model to generate tactile signals that are both seman-
tically faithful and sensor-consistent.

3.3 Sensor-Prior Sampling Strategy

In real tactile sensing, data acquisition follows a sequential process from a non-
contact stage to a contact stage. The non-contact stage captures the intrinsic
sensor state, while the contact stage records the physical interaction between
the sensor and the object surface. Inspired by this process, we propose a Sensor-
Prior Sampling Strategy (SPSS) that incorporates sensor priors into the sampling
procedure, thereby simulating the gradual transition from non-contact to contact
during tactile generation.

The denoised velocity field is typically estimated using classifier-free guidance
(CFG) [15]:

v̂θ(xt, c) = vθ(xt|t,∅) + s
[
vθ(xt|t, c)− vθ(xt|t,∅)

]
, (6)

where c denotes the conditional input and s is the guidance scale. However, in
tactile generation, the unconditional prior vθ(xt|t,∅) does not accurately rep-
resent the non-contact initialization, as tactile signals are inherently dependent
on the sensor configuration.

To better align with the tactile data acquisition process, we replace the un-
conditional branch with a sensor-conditioned prior that explicitly encodes the
non-contact state. The sampling process is redefined as:

v̂θ(xt|t, Zobj
i ,Zsen

i ) = vθ(xt|t, Zsen
i ) (7)

+ s
[
vθ(xt|t, Zobj

i ,Zsen
i )− vθ(xt|t, Zsen

i )
]
.

Here, vθ(xt|t,Zsen
i ) serves as the sensor prior branch, corresponding to the non-

contact process, while vθ(xt|t,Zobj
i ,Zsen

i ) introduces the contact-specific guid-
ance that reflects object-level semantics under the same sensor state. This de-
sign enforces a physically consistent transition, where the first item respects the
sensor configuration and the second item incorporates contact semantics.
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User: Describe

UniTac: The surface is rough, rigid, irregular, coarse, and
fibrous, exhibiting high hardness. The texture is grooved and 

cracked. The tactile feedback is uneven, splintery, and solid.

<Object: Tree Bark>

User: Describe

 

UniTac: The contact point possesses a fuzzy texture with very 

low roughness and low hardness. The surface feels slightly
ticklish to the touch.

<Object: Plush Toy>

User: Describe

UniTac: The contact point is along the central hole, presenting 

a hard, flat, reflective, polished, and rigid texture.

<Object: CD>

User: Describe

 

UniTac: The material at the contact point is soft fabric, with a 

slightly rough texture, low hardness.

<Object: Fabric>

Fig. 4: Object property description of tactile videos across various tactile sensors.
UniTac generates object-aware tactile descriptions that align with physical properties
of the contacted materials.

4 Experiments

4.1 Implementation

We train UniTac on a large-scale visuo-tactile corpus integrated from five public
datasets organized by AnyTouch [12]: Touch and Go [43], Tacquad [12], TVL [13],
SSVTP [19], and PHYSICLEAR [45]. Except for SSVTP, all datasets include
paired tactile videos and textual descriptions. We preprocess and unify them
into a consistent format comprising approximately 400K video clips and 1.6M
frames with aligned text annotations. We filter the contact frames with tactile
deformations by calculating the difference between each tactile image and the
corresponding background frame in these datasets. For tactile feature extraction,
the pretrained touch encoder from AnyTouch is adopted to encode both tactile
images and videos. The MLLM backbone is based on Qwen-VL 2.5 [37], and
the touch decoder is implemented with SANA [39]. Additional implementation
details are provided in Appendix A.

For tactile understanding, we evaluate simple perceptual recognition through
hardness, roughness, and texture classification, and complex reasoning through
Property Comparison (PC), Property-Object Matching (POM), and Property
Superlative Selection (PSS) on the PHYSICLEAR-Test benchmark [45]. For tac-
tile generation, following GVST [43] and TextToucher [35], we evaluate synthesis
quality using SSIM and PSNR by randomly sampling 60K generated tactile im-
ages and comparing them with their corresponding ground-truth samples.

4.2 Tactile Understanding

To evaluate the tactile understanding capability of UniTac, we compare it with
advanced multimodal models like Qwen2.5-VL [1] and GPT-4o [16]. We further
include representative UMMs that unify understanding and generation. The
quantitative results are summarized in Tab. 1. UniTac-7B achieves the high-
est overall score of 66.51, surpassing all previous models. Notably, the overall
improvement mainly comes from UniTac’s stronger tactile reasoning capabil-
ity rather than uniform gains across all tasks. On the three reasoning-oriented
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        Question: Is the object in the tactile video <a.mp4> smoother than the one in <b.mp4> ?  Describe both objects
before answering.
        UniTac: First object: The surface feels relatively sturdy, exhibits a notable roughness and there are subtle bumps
and ridges. Overall, it presents a rough surface with small bumps. Second object: The surface feels solid and sturdy,
lacks noticeable roughness and there are no textural variations or fine ridges. Overall, it presents a smooth surface with
no bumps. Conclusion: No, the second object is smoother.

Property Comparison

a.mp4 (bath towel)

        Question: Given three tactile videos: A) <a.mp4>, B) <b.mp4>, C) <c.mp4>.  Describe the object in each video,
then match each video to one of the following objects in alphabetical order:  1) the side of a hairbrush's bristles,  2)
a bath towel,  3) a hairbrush's handle. 
        UniTac: A) …. B) … C) The surface feels soft, exhibits a notable roughness and there are tiny bumps and ridges
present. Overall, it presents a soft and rough surface with small bumps. Conclusion: a) is a microfiber cloth, b) is a
hairbrush's handle and c) is the side of a hairbrush's bristles.

Property Object Match

        Question: Given three tactile videos: A) <d.mp4>, B) <e.mp4>, C) <f.mp4>.  Describe each object and then select
the one covered with the smallest bumps.

        UniTac: A) The surface feels solid, lacks noticeable roughness and there are no textural variations. Overall, it
presents a hard and smooth surface with no bumps. B) The surface feels firm and somewhat flexible, is smooth and there
are big bumps and ridges. Overall, it presents a hard and smooth surface with big bumps. C) The surface feels hard and
robust, exhibits a prominent roughness and big bumps and irregularities are present. Overall, it presents a hard and rough
surface with big bumps. Conclusion: A) is the one covered with the smallest bumps.

Property Superlative Selection

c.mp4 (hairbrush bristles side)

b.mp4 (hairbrush handle)

d.mp4 (wood ruler)

e.mp4 (wires)

f.mp4 (rice spatula base)

Fig. 5: Tactile video understanding across various understanding tasks. We evalu-
ate UniTac on three representative understanding tasks: Property Comparison, Prop-
erty–Object Matching, and Property Superlative Selection. UniTac first provides fine-
grained descriptions of surface attributes (e.g ., roughness, bumps, hardness) and then
performs reasoning to derive the final answer. The results show that UniTac can dis-
tinguish tactile differences through multi-step tactile reasoning capability.

tasks, i.e., PC, POM, and PSS, UniTac-7B improves over the strongest UMM
baseline Octopi-7B by 11.80, 42.39, and 11.22 points, respectively. These results
demonstrate that UniTac can better ground tactile observations into high-level
physical and semantic concepts, leading to more reliable reasoning over material
properties and tactile interactions.

In Fig. 4, we present qualitative results of the object property description
(OPD) task, which is explicitly used during training to enhance tactile under-
standing. Across diverse tactile sensors, UniTac generates coherent and physi-
cally grounded descriptions that align with material properties and sensor con-
figurations. For instance, it correctly characterizes the rigid, polished surface of
a CD and distinguishes it from the soft, fuzzy texture of a plush toy, reflecting
accurate reasoning over hardness and roughness cues. Building upon this capa-
bility, Fig. 5 further evaluates UniTac on complex tactile reasoning tasks. Rather
than directly predicting answers, the model implicitly relies on fine-grained sur-
face attributes, such as roughness, bump distribution, and stiffness, to support
comparison, matching, and superlative selection.

4.3 Tactile Generation

Image Generation. We evaluate UniTac’s tactile image generation on four
representative sensors: Digit, GelSight, GelSight Mini, and Duragel. As shown
in Tab. 2, UniTac achieves the highest average performance of 0.836 SSIM and
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Table 1: Comparing the understanding capability of UniTac with other generative and
unified multimodal models. UniTac-7B achieves the best average performance across
all metrics, indicating stronger fine-grained tactile reasoning and understanding on
PHYSICLEAR-Test benchmark. PC refers to Property Comparison task; POM refers
to Property–Object Matching task; PSS refers to Property Superlative Selection task.

Type Model Method PC↑ POM↑ PSS↑ Hardness↑ Roughness↑ Texture↑ Average↑

Und. Only

GPT-4o [16] AR 30.87 22.62 38.05 31.37 30.48 36.51 31.65
Qwen2.5-VL-7B [1] AR 21.47 19.92 23.05 25.73 33.33 26.62 25.01
Gemini-2.5-Pro-Exp [9] AR 26.71 23.47 25.06 29.19 28.44 32.18 27.50
LLaVA-OneVision-7B [21] AR 35.42 29.11 28.44 33.33 32.18 36.51 32.49
Octopi-7B [45] AR 45.50 22.22 48.00 64.10 73.92 87.17 57.31

Und. and Gen.

TokenFlow-7B [29] AR 38.05 29.48 32.56 47.68 38.70 48.31 39.13
JanusPro-7B [5] AR + Diff 30.18 26.71 38.05 41.63 35.82 45.37 36.29
BLIP3o-3B [3] AR+ Diff 26.71 21.47 32.18 36.51 32.18 48.00 32.84
UniTac-3B(Ours) AR + Diff 54.97 42.13 58.90 51.28 76.92 79.48 60.61
UniTac-7B(Ours) AR + Diff 57.30 64.61 59.22 61.53 74.35 82.05 66.51

Table 2: Comparing the generation capability of UniTac with other generative and
unified multimodal models. Results are reported across four tactile sensors (Digit,
GelSight, GelSight Mini, and Duragel). UniTac achieves the highest average SSIM and
PSNR among unified multimodal models and remains competitive with generation-only
methods, demonstrating strong cross-sensor tactile synthesis capability.

Type Model Digit Gelsight Gelsight Mini Duragel Average
SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑

Gen. Only

GVST [44] 0.841 18.72 0.655 14.58 0.883 18.90 0.429 14.98 0.762 18.43
UniTouch [42] 0.859 18.17 0.636 14.18 0.851 18.63 0.440 14.31 0.769 17.71
PixArt-α [4] 0.877 18.10 0.641 14.09 0.869 18.77 0.446 14.36 0.785 17.74
TextToucher [35] 0.901 20.90 0.662 15.42 0.896 20.38 0.473 16.36 0.816 18.65

Und. and Gen.

TokenFlow-7B [29] 0.834 17.47 0.628 14.04 0.758 15.67 0.431 12.72 0.726 15.35
JanusPro-7B [5] 0.854 20.18 0.653 15.34 0.894 19.67 0.464 17.73 0.753 18.46
BLIP3o-7B [3] 0.821 16.30 0.618 13.46 0.746 14.74 0.405 10.92 0.713 13.66
UniTac 0.915 21.26 0.683 16.28 0.946 24.56 0.472 18.44 0.836 19.93

19.93 PSNR, surpassing all state-of-the-art generative and unified models. We
also observe that all models perform relatively lower on Duragel due to unstable
acquisition conditions and significant variation in sensor calibration and gel state.
The collected tactile images are often blurrier and less consistent in lighting
and contact geometry, increasing intra-domain variance and making it harder
for models to learn stable patterns between tactile appearance and physical
properties, leading to overall lower metrics across all methods.

In Fig. 6, UniTac consistently generates realistic and physically coherent tac-
tile images across different sensor types and configurations. It can also accurately
reflect distinct sensor configuration even the same sensor type, such as the re-
sults in Digit-1 and Digit-2. Unlike other UMMs that misrepresent sensor states
or lose spatial fidelity, UniTac preserves fine structural and illumination cues,
demonstrating robust cross-sensor consistency enabled by its joint modeling of
sensor- and object-level information.
Video Generation. Beyond static image synthesis, we extend UniTac to tac-
tile video generation by replacing the touch decoder with Wan v2.2 [36], while
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Prompt: The tactile sensor is touching the basketball surface. This touch involves textured,
granular material, characterized by high roughness and considerable hardness...

GVST UniTouch PixArt- TextToucherTokenFlow JanusPro BLIP3oUniTacReference
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Prompt: The tactile sensor is touching a specific point on a flat , smooth , metallic surface with
high hardness . The texture is sleek , reflective ...
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Prompt: The tactile sensor is touching a carpet. The material is carpet. The surface feels rough ,
soft and yielding, and there are small prominent bumps present ...

Prompt: The tactile contact location is a rough - textured , gray carpet, displaying high
roughness with a looped pile. The material feels densely woven and firm ...

Prompt: The tactile sensor is touching the corner of white lime plaster wall which feels slightly
rough and grainy to the touch. Its texture is uneven, with a matte finish that lacks smoothness ...

Fig. 6: Qualitative comparison of tactile image generation across various tactile sen-
sors. UniTac consistently generates realistic and physically coherent tactile images
across diverse sensors and configurations.

keeping the same sensor-aware conditioning mechanism. This design enables tem-
porally coherent synthesis without altering the unified multimodal backbone or
the sensor-specific conditioning strategy. As shown in Fig. 7, UniTac generates
continuous tactile sequences across different sensors, capturing both the onset of
contact and the gradual pressure propagation over time. The generated videos
preserve fine-grained texture cues (e.g ., the granular surface of an orange) as
well as sensor-specific deformation patterns and illumination dynamics. Besides,
UniTac maintains temporal consistency in dot-grid displacement and contact
region evolution. These results demonstrate that the proposed framework gen-
eralizes naturally from static tactile image synthesis to dynamic tactile video
modeling, enabling realistic simulation of contact processes under diverse sensor
configurations. More results are provided in Appendix C.

4.4 Ablation Studies

To examine the contribution of each component in UniTac, we conduct a series
of ablation experiments, as summarized in Tab. 3. More ablation studies are
provided in Appendix B. Removing the Sensor Identification objective causes
a clear drop on PHYSICLEAR (from 60.61 to 57.38), indicating that explicitly
modeling sensor-level configurations substantially enhances the UMM’s ability
to interpret tactile data across various tactile sensors. Without the Dual-Level
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Sensor: Duragel. Prompt: The sensor touches the plastic
handle of a metallic bowl with some hardness. The contact
point is smooth. The texture is sleek with low roughness ...

Sensor: Gelsight Mini. Prompt: The sensor is touching an
orange. The surface feels moderately firm and unyielding,
exhibits a subtle roughness and there are tiny bumps ...

Fig. 7: Cross-sensor tactile video generation results. Left (GelSight Mini, orange): Uni-
Tac reproduces the fine, bumpy texture and progressive deformation consistent with
the orange peel surface. Right (Duragel, bowl handle): UniTac generates smooth con-
tact patterns with localized indentation and realistic dynamic changes throughout the
contact process.

Table 3: Performance impact of different modules in UniTac through ablation study.

Component PHYSICLEAR SSIM PSNR

UniTac 60.61 0.836 19.93
w/o Sensor Identification 57.38 0.822 19.91
w/o Dual-Level Comprehension 26.52 0.758 18.14
w/o DiT Projector 60.61 0.794 19.25
w/o Sensor-Prior Sampling 60.61 0.817 19.49

Comprehension, the performance decreases sharply across all metrics, as the
MLLM degenerates into a standard Qwen-VL model lacking tactile understand-
ing. This confirms that tactile comprehension not only improves reasoning per-
formance but also provides critical semantic priors for generation. In contrast,
removing the DiT Projector or Sensor-Prior Sampling, which are trained inde-
pendently from the MLLM, has limited impact on understanding but reduces
generative fidelity. This reflects that sensor-level representation remains essential
for maintaining structural realism and physical consistency in generation.

4.5 Real-World Deployment and Validation

To evaluate the practicality of UniTac, we deploy UniTac in a real robotic plat-
form and validate both its understanding capability and the utility of generated
tactile data.
Understanding in Real Interaction. We apply UniTac in a real-world grasp-
ing scenario involving material selection for delicate skin contact, aiming to iden-
tify the fabric most suitable for wiping an infant’s skin. This task requires subtle
tactile discrimination beyond visual similarity. As shown in Fig. 8, given two vi-
sually similar fabrics with distinct tactile properties, UniTac analyzes the tactile
feedback and performs fine-grained comparison of surface attributes. The model
identifies the purple towel as exhibiting lower roughness and a smoother texture.
Based on this tactile comparison outcome, the robotic system selects and grasps
the smoother fabric as the preferred option for baby skin contact.
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Fig. 8: The robot compares two visually similar fabrics through the Property Compar-
ison task, identifies the smoother one as more suitable for baby skin contact. Tactile
differences between the two materials are magnified for clarity.

Table 4: Rollout results for language-guided tactile towel selection and grasping. VLA
is an RGB-only baseline that maps visual observations, robot state, and language in-
structions directly to actions. VTLA-real additionally uses real GelSight tactile ob-
servations during rollout. VTLA-pred predicts tactile representations from RGB/state
inputs at inference, testing whether tactile-aware control can be achieved without real-
time tactile sensing. Implementation details are provided in Appendix B.

Method Selection Success ↑ Grasping Success ↑ Overall Success ↑

VLA 11/20 (55%) 6/20 (30%) 4/20 (20%)
VTLA-real 20/20 (100%) 19/20 (95%) 19/20 (95%)
VTLA-pred 18/20 (90%) 16/20 (80%) 16/20 (80%)

We further quantify this setting as a language-guided tactile fabric selection
and grasping task. A rollout is considered fully successful only when the robot se-
lects the baby-suitable fabric, grasps a single-layer edge or corner, lifts it stably,
and avoids visible slipping. As shown in Tab. 4, the RGB-only VLA baseline can
often localize the fabric regions visually, but it struggles with tactile-semantic se-
lection and single-layer contact-state estimation. In contrast, VTLA-real achieves
the best performance by directly observing tactile cues such as softness, contact
area, and slip tendency. VTLA-predict, while not using real-time tactile input
during inference, still substantially outperforms VLA, suggesting that predicted
tactile representations preserve useful physical cues for contact-aware manipu-
lation. Additional deformation-aware grasping results are provided in Appendix
B.1.
Effectiveness of Generated Tactile Data. Tactile sensing hardware evolves
rapidly, making large-scale data recollection for each newly introduced device
both costly and time-consuming. This challenge is particularly pronounced in
cross-sensor scenarios, where models trained on one sensor often fail to general-
ize to another due to differences in illumination patterns, marker layouts, and
deformation characteristics. UniTac alleviates this issue by generating sensor-
specific tactile data conditioned on object and contact information, enabling
efficient cross-domain adaptation without additional real data collection. We
evaluate this capability in a cross-sensor grasp classification task. In Tab. 5,
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Table 5: Effectiveness of UniTac-generated GelSight data in improving cross-sensor
grasp classification performance. By augmenting with UniTac-generated GelSight data,
cross-sensor grasp accuracy improves while maintaining high Digit performance.

Data Digit Grasp(%) Gelsight Grasp(%)

Digit 98.89 50.00
Digit+UniTac-Gelsight 99.07 99.37

when trained only on Digit data, the classifier achieves strong in-domain per-
formance (98.89%) but suffers a severe drop when tested on GelSight (50.00%),
highlighting the substantial sensor gap. By augmenting the training set with
UniTac-generated GelSight samples, the GelSight accuracy improves to 99.37%,
while Digit performance remains stable (99.07%). This suggests that UniTac can
serve as a scalable data generation framework to support rapid adaptation for
emerging tactile devices.

5 Conclusion

This paper introduces UniTac, the first unified multimodal model (UMM) de-
signed for cross-sensor tactile understanding and generation. UniTac bridges
the gap between tactile reasoning and synthesis by jointly modeling sensor-level
configurations and object-level semantics through a dual-level mixture compre-
hension framework. A two-stage aligned generation paradigm with a sensor-prior
sampling strategy further ensures physically consistent tactile synthesis. Exten-
sive experiments demonstrate that UniTac outperforms existing UMMs and spe-
cialized tactile models in both understanding and generation, highlighting its
potential to advance unified multimodal modeling.
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