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Abstract. Visuo-Tactile policies leveraging optical tactile sensors have
shown great promise in contact-rich manipulation. These sensors achieve
high spatial resolution and multi-dimensional force sensing by utilizing
an internal camera to monitor the deformation of their elastic gel sur-
face, thereby indirectly inferring tactile cues. Despite their advantages,
extracting fine-grained contact states necessary for contact-rich manipu-
lation remains an open challenge. Existing methods typically use either
raw images or cumulative motion fields to represent tactile cues. However,
both are prone to perception ambiguity. Raw tactile images mainly cap-
ture appearance changes, while cumulative motion fields only reflect the
aggregate gel deformation. Consequently, distinct fine-grained contact
states can exhibit highly similar patterns, making it difficult to explicitly
distinguish subtle contact variations. To address this issue, we explore
the dynamic priors of tactile motion and discover that the correlation
between transient and cumulative motion can explicitly distinguish fine-
grained contact states. Based on this insight, we propose a motion-aware
tactile representation to facilitate contact-rich manipulation. Beyond tac-
tile representation, effective fusion of tactile and visual modalities is also
critical. Most existing fusion methods either directly concatenate features
from each modality or train modality-specific networks separately and
fuse their outputs. However, these strategies struggle to simultaneously
model cross-modal interactions and preserve modality-specific character-
istics. In this work, we take advantage of the Mixture-of-Transformers
architecture and propose a unified modality-aware visuo-tactile policy
that captures cross-modal complementarity while maintaining modality-
specific properties. Extensive experiments on four challenging contact-
rich manipulation tasks indicate the superior performance of our method.
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1 Introduction

Contact-rich manipulation is crucial for robots performing real-world fine-grained
tasks, such as precision insertion and object wiping, where success hinges on ac-
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Fig. 1: Comparison of three different tactile representations for distinguishing fine-
grained contact states. (a) Fine-grained contact states, such as making contact
( contact state B ) and releasing contact ( contact state A ), can be visually similar.
(b) Tactile raw appearance primarily captures visual changes but suffers from ambigu-
ity due to their deceptive similarity, making them difficult to distinguish. (c¢) Tactile
cumulative motion (optical flow between the no-contact frame and the current frame)
reflects overall deformation but still exhibits similar patterns, making it equally dif-
ficult to distinguish. (d) In contrast, our tactile motion correlation explicitly resolves
this ambiguity by analyzing the dynamic relationship between transient and cumu-
lative motion. The directional correlation (same v.s. opposite) effectively breaks the
similarity, providing highly discriminative cues crucial for contact-rich manipulation.

curately perceiving subtle physical interactions. Such tasks typically rely on the
complementary cooperation of global visual perception and local tactile feed-
back. Specifically, vision provides global contextual information to support the
planning of coarse motion trajectories, while touch captures local contact feed-
back to enable fine-grained interaction with objects.

To capture local contact feedback, a series of tactile sensing technologies has
been developed. Among these, optical tactile sensor [1-3,66]) are widely adopted
due to their high spatial resolution, texture perception and multi-dimensional
force sensing capabilities. These advantages arise from their imaging mechanism,
where an internal camera is utilized to monitor the deformation of an elastic gel
surface. The surface is typically patterned with markers to better present gel
motion during external contacts.

Although optical tactile sensors offer information-rich visual measurements
that indirectly reflect tactile cues, effectively extracting fine-grained contact
states from these cues remains an underexplored problem. Most existing meth-
ods [8,58,62] typically rely on either raw images or cumulative motion fields (i.e.,
optical flow between the current frame and the initial non-contact frame) to rep-
resent tactile information. However, both representations struggle to distinguish
fine-grained contact states, such as the distinction between making contact and
releasing contact (see Fig. 1(a)), which is crucial for contact-rich manipulation.
As shown in Fig. 1(b), raw images primarily capture appearance changes caused
by extern contact but suffer from perceptual ambiguity due to their deceptive
similarity, making them difficult to distinguish. Similarly, Figure 1(c) illustrates
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that cumulative tactile motion only reflects the direction and magnitude of over-
all gel deformation but still exhibits similar patterns, making it equally difficult
to distinguish subtle contact variations.

To address the above issue, we thoroughly explore the underlying motion pri-
ors in tactile sensing and discover that the correlation between transient motion
and cumulative motion can more explicitly distinguish fine-grained contact states.
Specifically, transient motion (i.e., optical flow between consecutive frames) cap-
tures instantaneous deformation, while cumulative motion captures the overall
deformation relative to the initial non-contact state. We observe that different
contact states exhibit distinct correlation patterns between these two types of
motion. For instance, Figure 1(d) illustrates that when releasing contact, the
motion vectors point in opposite directions, whereas when making contact, they
align in the same direction (See Fig. 3(a) for more examples). These observations
inspire us to propose Tactile Motion Correlation (TMC), a motion-aware
tactile representation that explicitly captures fine-grained contact states by mod-
eling the correlation between transient and cumulative motions through their dot
product. This tactile representation offers three main advantages. First, the sign
and magnitude of the dot product enable precise differentiation among fine-
grained contact states, while carrying a physically interpretable meaning of the
underlying contact. Second, the magnitude exhibits a strong positive correlation
with the applied force, thereby faithfully reflecting contact intensity. Third, it is
a sensor-agnostic representation compatible with various optical sensors, allow-
ing it to bridge heterogeneous sensors and holds promise for enabling a general
tactile representation in the future.

While an informative tactile representation is essential for contact-rich ma-
nipulation, the effective integration of local touch with global vision is equally
crucial. Existing fusion methods mainly fall into two categories: feature-level fu-
sion methods [39,59,71] and decision-level fusion methods [10] . The former typ-
ically concatenates visual and tactile features or applies simple attention mecha-
nisms directly to them. However, such strategies overlook the distinct properties
of each modality and may allow one modality to dominate the other. In con-
trast, the latter typically train an independent policy network for each modality
and fuses their outputs. Though it respects modality-specific differences, the ab-
sence of interaction between vision and touch prevents the policy from exploiting
cross-modal cues, making it difficult to achieve genuine complementarity.

In this work, we take advantage of the Mixture-of-Transformers (MoT) ar-
chitecture [44] and propose ViTacMotor, a unified yet modality-aware Visuo-
Tactile policy that incorporates the proposed Motion-aware correlation repre-
sentation. The MoT adopted in ViTacMotor decouples modality-specific param-
eters to preserve the unique properties of each modality, while enabling effective
cross-modal interaction via a shared global self-attention mechanism. This design
enables ViTacMotor to capture cross-modal complementarity while respecting
the individuality of visual and tactile inputs, thereby facilitating effective inte-
gration of local touch with global vision for contact-rich manipulation. Our main
contributions are summarized as follows:
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1. We reveal that the correlation between transient and cumulative tactile mo-
tion can more explicitly distinguish fine-grained contact states. Motivated
by this finding, we propose Tactile Motion Correlation, a motion-aware
representation that addresses the perceptual ambiguity in prior arts and thus
enable fine-grained contact-state perception for contact-rich manipulation.

2. We propose ViTacMotor, a unified yet modality-aware visuo-tactile policy
framework. Compared to existing methods, it can capture cross-modal in-
teractions while preserving the unique properties of each modality, enabling
an effective integration of global visual perception and local tactile sensing.

3. We compare our method with existing methods on a variety of challeng-
ing contact-rich manipulation tasks. Extensive experiments demonstrate the
superior performance and robustness of our method.

2 Related Work

Tactile Sensing in Robotics is crucial for acquiring rich microscopic contact
feedback during interactions with objects that complements macroscopic visual
perception [33,42,53]. Tactile sensors aim to transduce external physical con-
tact into measurable electrical signals. They can be categorized into various types
based on the transduction mechanisms, including piezoelectric [27,35,68], capac-
itive [48,49], magnetic [5,32], and optical sensors [26,45,46,54,55,57,63,66]. In
particular, optical sensors have been widely used due to their ability to produce
high-resolution tactile images and capture multi-dimensional force information.

Most existing visuo-tactile policies [7,14,20,31,43,47,58,61,65,67,69] based on
optical sensors typically utilize raw tactile images as observations. For instance,
Gu et al. [22] and Wu et al. [58] directly employ raw tactile images acquired
from GelSight-like sensors as inputs to visuomotor policies. However, raw im-
ages mainly capture appearance changes resulting from contact and often suffer
from perception ambiguity, making it challenging to reflect fine-grained contact
states. Recently, several works [8,62,74] have attempted to employ the cumu-
lative deformation of the gel surface as motion cues to construct tactile repre-
sentation. Bogert et al. [8] decompose tactile motion using Helmholtz-Hodge de-
composition [24], enabling policy transfer across different robotic embodiments.
Similarly, Xue et al. [62] extract tactile motion cues captured by the GelSight
Mini sensor and apply principal component analysis [4] for dimensionality reduc-
tion to obtain tactile cues. However, the cumulative motion only describe the
magnitude and direction of gel deformation induced by contact, making it insuf-
ficient to distinguish subtle contact variations. In this work, we reveal that the
correlation of transient and cumulative motion can explicitly distinguish fine-
grained contact states, and we propose tactile motion correlation as a robust
tactile representation to facilitate contact-rich manipulation.

A related line of learning-based tactile representation work [18, 19, 25] also
leverages both transient and cumulative changes, but encodes the cumulative dif-
ference and temporal tactile frames implicitly into a latent space to learn general
tactile representation. In contrast, our method explicitly computes the dot prod-
uct between cumulative and transient motion, yielding physically interpretable
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values for contact states. We appreciate their contribution and encourage readers
to consult these works for complementary insights.

Visual-Tactile Fusion in Robotics is essential for achieving contact-rich
tasks and successful interaction with the environment [11,23,27,28, 51,64, 72].
Vision typically provides global perception, whereas tactile sensing offers local
contact feedback during interactions; together they complement each other to
enable closed-loop control. The most common fusion methods involve simply
concatenating visual and tactile features [29,40,50,59] or applying straightfor-
ward attention-based fusion between the two modalities [13, 38,39, 73]. Feng et
al. [17] propose a stage-guided dynamic fusion that adaptively ingrates multi-
modal features. Li et al. [39] propose a self-attention fusion mechanism to in-
tegrate visual, auditory, and tactile modalities. However, such strategies treat
different modalities uniformly, neglecting their unique characteristics. To ad-
dress this, chen et al. [10] introduce a policy-level approach in which separate
policies are trained for each modality, and their outputs are combined via an
adaptive weighting mechanism. Though this method respects the individuality
of each modality, it overlooks the potential correlations between them. In this
work, we propose a unified yet modality-specific visuo-tactile policy based on a
Mixture-of-Transformers architecture, capturing cross-modal correlations while
preserving the unique properties of each modality.

Mixture-of-Transformers (MoT) [44] has recently shown strong potential in
multi-modal learning. It introduces a sparse multimodal transformer architecture
that leverages modality-specific parameter decoupling and global self-attention
to efficiently process heterogeneous modalities while preserving cross-modal in-
teractions. Owing to this capability, MoT has been used in various tasks, includ-
ing 3D understanding and reconstruction [12], multimodal generation and un-
derstanding [16,34,56], world model [6,41], and Vision-Language-Action (VLA)
model [9,21,30,52,60]. Closet to ours, Wu et al. [60] propose an MoT-based VLA
model that performs functional decoupling: a vision—language model acts as the
understanding expert, while a generative model serves as the action expert, to-
gether forming a general-purpose manipulation system. Distinctly, ViTacMotor
is the first policy leveraging the MoT-based architecture to achieve unified yet
modality-aware visuo-tactile fusion for contact-rich manipulation.

3 Visuo-Tactile Policy with Tactile Motion Correlation

3.1 Overview

In this work, we propose ViTacMotor, a unified yet modality-aware visuo-tactile
policy based on a Mixture-of-Transformers (MoT) architecture, augmented with
tactile motion correlation representation for contact-rich manipulation, as shown
in Fig. 2. On the one hand, we discover that the correlation between transient and
cumulative tactile motion can explicitly distinguish fine-grained contact states
and propose tactile motion correlation (TMC) as a robust tactile representa-
tion to better capture fine-grained contact states (Section 3.2). On the other
hand, we take advantage of the MoT architecture and introduce a unified yet
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Fig. 2: Overview of the Tactile Motion Correlation (TMC) representation and unified
modality-aware visual-tactile policy. (a) TMC models the correlation between transient
and cumulative tactile motion through their dot product, which can explicitly distin-
guish fine-grained contact states. (b) Unified yet modality-aware visuo-tactile policy
based on MoT-based architecture for capturing cross-modal complementarity while
preserving unique properties of each modality.

modality-aware visuo-tactile framework to effectively integrate global visual per-
ception and local tactile feedback, achieving cross-modal complementarity while
preserving the unique properties of each modality (Section 3.3).

3.2 Tactile Motion Correlation Representation

Existing visuo-tactile policies based on optical tactile sensors utilize either raw
tactile appearance or cumulative motion fields as tactile information. However,
both representations struggle to distinguish fine-grained contact states, which
are important for precise contact-rich manipulation. To address this issue, we
thoroughly explore the tactile motion priors of optical sensor underlying various
contact states and propose a tactile motion correlation representation that more
explicitly capture such fine-grained contact states.

Transient-Cumulative Motion Correlation. To explore tactile motion cor-
relation priors underlying various fine-grained contact states (e.g., no contact,
making contact, releasing contact, etc.), we conduct an analysis experiment us-
ing a optical sensor with dense markers [2], which features an elastomer surface
with markers that facilitate better capture of gel deformation. We use an effi-
cient optical flow estimation method [37] to compute two types of tactile motion:
cumulative motion and transient motion. Cumulative motion refers to the op-
tical flow between the current frame and the original non-contact frame, while
transient motion is the optical flow between the consecutive frames. Note that
we conduct analysis experiments on various optical sensors [1, 3] to validate the
universality of our findings. (See Appendix for details)

In Fig. 3(a), we visualize the raw tactile images, cumulative motion, and
transient motion under different contact states. Raw images mainly reflect the
appearance deformation caused by contact, making it difficult to distinguish fine-
grained states. Though cumulative motion captures the magnitude and direction
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(a) Visualization of tactile raw image, cumulative and transient motion (b) Dot prc;duct ;f(wo motions in various states (c) Relationship between magnitude and force
Fig. 3: Analysis of tactile motion correlation properties using dense-marker optical
tactile sensor. (a)Visualization of raw tactile images, cumulative motion, transient mo-
tion, and the correlation between the two types of motion under different fine-grained
contact states. (b) 3D distribution of the dot product between transient and cumu-
lative motion under different contact states, showing that the dot product exhibits
strong discriminability across contact states. (c) Relationship between the dot product
magnitude during making contact and the contact force magnitude, revealing that the
dot product magnitude is positively correlated with contact force.

of deformation, it provides limited discriminability, particularly between mak-
ing contact, stable contact and releasing contact. In contrast, transient motion
clearly captures subtle instantaneous deformations between consecutive frames.
It shows clear motion differences between making contact and releasing con-
tact, while nearly vanishing when maintaining stable contact. More importantly,
we find that the correlation between transient and cumulative motion provides
strong discriminative cues for contact states: (1) During no contact and out of
contact, both are motionless, indicating no gel deformation; (2) During making
contact, both motions exhibit the same direction, reflecting continuous accumu-
lation of gel deformation; (3) When entering stable contact, transient motion
almost disappears while cumulative motion remains, indicating the deformation
has stabilized; (4) During releasing contact, the two motions show opposite di-
rections, implying the gel is recovering. This insight reveals that transient motion
complements the temporal lag of cumulative motion, and their correlation can
more explicitly distinguish fine-grained contact states, inspiring us to propose
tactile motion correlation as a tactile representation via their dot product.
Representing Correlation via Dot Product. Given the initial frame Tj, the
current frame T}, and the previous frame T;_1, we estimate the transient motion
M;}"2 and the cumulative motion M{"™" using optical flow:

Mgran _ Ottflﬁt = FlOW(thlyTt%

1
Mgumu — Ot0_>t = FIOW(T07 Tt) ( )

Here, Flow(-,-) denotes the optical flow estimation function. O/~ *~" denotes
the instantaneous motion from the previous frame to the current frame, whereas
07t captures the aggregate motion relative to the initial state. To model the
correlation between these two motions, we compute their pixel-wise dot product:

Corry(z) = M{™(z) - M{™™(z), x € §2. (2)
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where z denotes a pixel location and 2 C Z? is the image domain. Corr:(z)
refers to the motion correlation at pixel z and time ¢, encoding the correlation
between instantaneous and aggregate gel deformation.
How does Dot Product Reflect Contact Feedback? We further discuss the
relationship between the dot product and the contact state. Fig. 3(b) illustrates
the 3D distribution of the dot product between two motions under different
contact states. It is observed that during making contact, the dot product is
positive as the two motions are in the same direction, whereas during releasing
contact it becomes negative as the two motions are opposite, and during no
contact and stable contact it is close to zero as the transient motion is nearly zero.
Moreover, we discover that during sliding contact, the dot product exhibits clear
positive-negative separation: one side is negative while the other side is positive.
The negative region corresponds to the area where the gel is recovering, while
the positive region corresponds to the area where the gel is deforming, and the
transition from negative to positive reflects the sliding direction. This reveals
that the dot product can explicitly characterize fine-grained contact states.
Furthermore, we analyze the relationship between the dot product magnitude
during making contact and the contact force in Fig. 3(c). We apply different
levels of force to the sensor and obtain the force magnitude using the sensor
SDK. It is obvious that the dot product magnitude is positively correlated with
the contact force, indicating that the dot product of two motions can not only
reflect fine-grained differences in contact states but also capture the magnitude
of contact force, providing richer tactile cues for contact-rich manipulation.

3.3 Unified yet Modality-aware Visuo-Tactile Fusion

Existing visuo-tactile fusion strategies typically follow two main paradigms:
feature-level integration, which relies on direct concatenation or basic atten-
tion mechanisms, and decision-level aggregation, which involves training inde-
pendent policies for each modality and subsequently averaging their outputs.
However, neither strategy can simultaneously capture cross-modal complemen-
tarity and modality-specific properties. To address this, we take advantage of the
Mixture-of-Transformers (MoT) architecture and propose a unified yet modality-
aware fusion framework to effectively capture cross-modal complementarity and
modality-specific properties. To our knowledge, we are the first to introduce the
MoT architecture for visuo-tactile fusion.

Multimodal Observation Space. At each time step ¢, the robot perceives raw
sensory inputs O; = (I, Ty, Ty, Ty 1, p¢)- Here, I; = {1}t [third} comprises the
RGB images from the wrist and third-view cameras; Tp, T;, and T;_; represent
the initial non-contact, current, and previous tactile frames, respectively; and
p¢ denotes the robot’s proprioceptive state (e.g., end-effector pose and gripper
width). I; and T} are processed through pre-trained encoders to extract visual
embeddings e! and tactile embeddings e!. Concurrently, we compute the tran-
sient and cumulative tactile motions using (7p, 73, 7:—1). The resulting tactile
motion correlation representation Corr, derived as detailed in Section 3.2, is
passed through a ResNet encoder to yield the motion correlation embedding
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e Finally, the proprioceptive state p; is projected into a latent space via an
MLP encoder to obtain the proprioceptive embedding ef.

Mixture-of-Transformers Multimodal Fusion. Given the modality-specific
embeddings {e!,e], e eV}, we adopt an MoT architecture to perform a uni-
fied yet modality-aware fusion. In this framework, tactile motion correlation is
treated as a distinct modality from tactile appearance to reflect their heteroge-
neous characteristics. For each modality m € {I,T, Corr,p}, modality-specific

projection matrices are applied to compute the query, key, and value vectors:
m=eWEY, K ='W, Vii=ewi™, (3)

where {Wé’n), I(g”), ‘(/m)} denote learnable parameters unique to each modal-
ity. Then, all modality embeddings are jointly processed through a shared self-
attention mechanism to facilitate cross-modal interactions:

A; = softmax ( QQEZ) V. (4)

The resulting representations are further refined through modality-specific out-
put projections, feed-forward networks (FFN), and layer normalization (LN):

by = e + LNUL, (AP WS™), (5)
yi' = b+ INGY (FENC (0)")). (6)

where Wém), FFN(™)  and LN are all modality-specific. This design allows
the model to capture rich cross-modal interaction while preserving modality-
specific properties. Finally, the fused embeddings are aggregated and fed into a
Transformer-based decoder to autoregressively predict the action chunk.

4 Experimental Results

4.1 Experimental Setup

Training Details. Our model is trained using a 8-VAE objective to model the
stochasticity in human demonstrations. The overall loss function is defined as:

L= Lyred + BLKL- (7)
The prediction loss employs an L1 loss for precise action prediction:
£pred = Hdt:tJrk - CL15:15+k||1 ) (8)

where a;.4+ denotes the predicted action chunk and a;.;yx denotes the ground-
truth action sequence. The KL loss regularizes the posterior distribution

4 (2 | at:t4k,08) (9)
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Fig. 4: Real-world experimental setup. (a) An Agilex robot equipped with visual cam-
eras (wrist and third-view) and optical tactile sensors. (b) Two kinds of representative
optical tactile sensors: one with random-distributed dense markers [1,2] and one with
regularly-arranged sparse markers [3]. (¢) Four contact-rich manipulation tasks: cylin-
der collection, whiteboard erasing, lightbulb insertion, and pencil sharpening.

toward a standard Gaussian prior:
Lxr = Dxr (4(# | @itk 00) || N(0,1)). (10)

The hyperparameter 8 modulates the strength of the information bottleneck.The
model is trained from scratch for each task using the Adam optimizer [36]. Train-
ing takes approximately 5 hours per task on a single RTX 3090 Ti GPU. The
batch size is set to 16, and the learning rate is initialized at 2 x 10~# with a cosine
decay schedule. More implementation details are provided in the appendix.
Hardware. Our robotic system consists of two 6-DoF Agilex robotic arms, each
with a 1-DoF gripper mounted on its end-effector. One third-view camera and
two wrist-view cameras provide RGB observations for global visual perception.
For local tactile sensing, we employ we employ two kinds of representative tactile
sensors: one with random-distributed dense markers [1,2] and one with regularly-
arranged sparse markers [3]. The overall system is shown in Fig. 4(a), and the
tactile sensors are presented in Fig. 4(b).

Tasks and Evaluation Criteria. We evaluate our ViTacMotor on four chal-
lenging real-world contact-rich manipulation tasks. Representative execution re-
sults for each task are shown in Fig. 5. Below are the detailed descriptions and
evaluation criteria for each task:

(1) Tasks Requiring Precise Contact State Information

Tube Collection (Using Dense-Marker Sensor): The robot needs to pick up a
transparent tube from a bucket and place it into a transparent rack. The task
must be executed carefully to prevent breakage, with precise alignment to the
correct slot and successful insertion through the two holes. Evaluation Criteria:
A trial is considered successful if the tube is placed in the rack without damage.
Lightbulb Insertion (Using Sparse-Marker Sensor): The robot needs to rotate
a USB-type lightbulb to the correct orientation, move it toward the socket, and
insert it until the light turns on. The task requires precise alignment and adjust-
ment during contact to ensure correct insertion. Evaluation Criteria: A trial is
successful if the lightbulb is correctly inserted into the socket and illuminates.
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Fig. 5: Qualitative results of policy execution. We evaluate our visuo-tactile policy us-
ing two kinds of sensors with various marker patterns on four contact-rich manipulation
tasks: tube collection, whiteboard erasing, lightbulb insertion, and pencil sharpening.

(2) Tasks Requiring fine-grained force Control

Whiteboard Erasing (Using Dense-Marker Sensor): The robot needs to pick
up a eraser and then remove the writing from a whiteboard. It must apply appro-
priate pressure to effectively erase the marker ink while avoiding excessive force
that could potentially damage the system. The task requires stable and well-
controlled contact force throughout. Evaluation Criteria: The task is considered
successful if all visible ink on the whiteboard is completely removed.

Pencil Sharpening (Using Sparse-Marker Sensor): The robot needs to insert
a pencil into a sharpener to sharpen it, and then place it into a holder. The task
requires precise alignment during contact, along with sufficient force to ensure
effective sharpening. Evaluation Criteria: A trial is considered successful if the
pencil is successfully sharpened and then placed into the pencil holder.
Baselines. We compare our method with the following open-source baselines:

o Action Chunking with Transformers (ACT) [70]: A transformer-based visual
policy that relies only on visual images and robot states.

e ACT + Tactile Image (ACT+T): The ACT policy augmented with tactile
images as input. The tactile images are processed by a ResNet-18 encoder and
then fused with visual features using a concatenation operation.

e Diffusion Policy (DP) [15]: A diffusion-based visual policy that relies only on
visual images and robot states.

e Policy Consensus [10]: A diffusion-based visuo-tactile policy that fuses vision
and touch at the decision level.
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Table 1: Quantitative Comparison of success rates (%) with Baselines. We evaluate our
policy over 15 episodes, and the best performance is highlighted in bold. The numbers
in parentheses denote the number of training demonstrations.

Tasks Requiring In-Hand State Information
Tube Collection (35 demos) Lightbulb Insertion (60 demos)

Methods
Grasp Insert Insert Whole Align with Insert & Whole
Tube 1st Hole 2nd Hole Task Socket Light on  Task
ACT™ 66.7 60.0 53.3 53.3 60.0 13.3 13.3
DPp* 73.3 53.3 40.0 40.0 53.3 6.7 6.7
ACT + T 86.7 60.0 60.0 60.0 60.0 26.7 26.7
Policy Consensus 80.0 53.3 53.3 53.3 53.3 26.7 26.7
TactileACT 93.3 73.3 60.0 60.0 60.0 40.0 40.0
ViTacMotor 93.3 80.0 73.3 73.3 60.0 40.0 40.0
Tasks Requiring Fine-Grained Force Control
Methods Whiteboard Erasing (50 demos) Pencil Sharpening (40 demos)
Grasp First Second Whole Insert & Put into Whole
Eraser Erase Erase Task Sharpening holder Task
ACT™ 100.0  60.0 46.7 46.7 40.0 33.3 33.3
Dp* 100.0  66.7 40.0 40.0 33.3 33.3 33.3
ACT + T 100.0  80.0 60.0 60.0 40.0 40.0 40.0
Policy Consensus 93.3 73.3 66.7 66.7 33.3 33.3 33.3
TactileACT 100.0 86.7 73.3 73.3 46.7 46.7 46.7
ViTacMotor 100.0 86.7 86.7 86.7 60.0 60.0 60.0

o TactileACT [20]: A transformer-based visuo-tactile policy that fuses vision
and touch at the feature level using a concatenate operation.
For each of the four tasks, we conduct 15 trials for each method and report
the average success rate in Table 1.

4.2 Comparison Results

Comparison on Tasks Requiring In-Hand State Information. In Table
1, we compare ViTacMotor with several baselines on tasks that require precise
contact state information. Visual-only policies perform poorly, as visual inputs
are often severely occluded. For example, in the tube collection task, when the
gripper holds the tube above the rack, the third-person view is blocked by the
robotic arm and gripper, making it difficult to infer the current contact state or
even determine whether the tube has been inserted into the hole. This ambiguity
confuses vision-based policies and degrades insertion accuracy. A similar issue
arises in the lightbulb insertion task. Although policies augmented with raw
tactile images show some improvement, they still lack robustness, as fine-grained
contact states are difficult to directly interpret from raw tactile appearance. In
contrast, our method explicitly perceives fine-grained contact states and achieves
superior performance on these tasks.
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Table 2: Ablation study of Table 3: Effectiveness of Table 4: Effectiveness of
the proposed ViTacMotor. TMC embedded into exist- MoT-based fusion strategy

MoT- ] White. Tube  ing visual policies. compared to others.
Base TMC Fusion|Erasing Collect
sion | brasing Louect. Method ACT DP Fusion | White. Tube Av
v 467 533 erhods [70] [15]  Strategy |Erasing Collect.|* &
v o/ 73.3  66.7 Raw Image 60.0 53.3 Concat. 73.3 66.7 |70.0
4 v 66.7 60.0 Cumu. Motion | 53.3  40.0 Cross Att.| 73.3 60.0 |66.7
v 7/ v 86.7 73.3 TMC (Ours) | 73.3 66.7 Ours 86.7 73.3 |80.0
Task progress of whiteboard wiping Task progress of tube collection
Variation 1: Non-uniform light disturbance Variation 1: Non-uniform light disturbance

Variation 3: Replace the tube with a cylinder

 ’*‘&@&

Grasp the Eraser FirstEfase” *~  Second Eraseand Finish Grasp the Cyli; " Insert the First &l Insert the Secon

Fig. 6: Robustness to environment and object variations. We evaluate the robustness
of our method under both environment and object variations using the whiteboard
erasing and tube collection tasks. For environment variations, we introduce temporal
varying spatially non-uniform and uniform lighting conditions. For object variations,
we change the eraser and ink appearance in the whiteboard erasing task, and replace
the tube with a cylinder in the tube collection task.

Comparison on Tasks Requiring Fine-Grained Force Control. We fur-
ther compare on tasks that demand precise force control in Table 1. Visual-only
policies struggle in such scenarios, as visual observations alone cannot provide
feedback on contact forces, thereby limiting precise force modulation. For in-
stance, in the whiteboard erasing task, the robot must apply appropriate pressure
to effectively remove ink. However, vision-based methods cannot perceive contact
forces and therefore fail to achieve complete erasure. In the pencil sharpening
task, when the pencil is misaligned with the hole during insertion, visual inputs
cannot detect the resulting shear forces, making fine corrective adjustments dif-
ficult. Although existing visuo-tactile policies achieve comparable performance,
their lack of explicit force modeling limits stable force control. In contrast, our
proposed TMC method not only captures fine-grained contact states but also
implicitly encodes contact force magnitudes, leading to superior performance.

4.3 Ablation and Discussion

How does TMC Facilitate Contact-rich Manipulation? We further val-
idate the importance of TMC in contact-rich manipulation tasks. As shown in
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Table 2, removing TMC leads to a performance drop in whiteboard erasing and
tube collection. For whiteboard erasing, the absence of TMC hinders the model’s
ability to implicitly infer force magnitudes, leading to inconsistent erasing pres-
sure. For tube collection, without TMC, the model struggles to perceive fine-
grained contact states leading to misalignment during insertion. These results
demonstrate the effectiveness of TMC in facilitating contact-rich manipulation.

How does MoT-based Strategy Improve Visuo-Tactile Manipulation?
Table 2 shows that replacing our MoT-based strategy with a simple concatena-
tion operation leads to a performance drop, which validates the effectiveness of
our MoT-based fusion framework in effectively integrating global visual percep-
tion and local tactile sensing for visuo-tactile manipulation tasks.

Universality of TMC across Different Optical Sensors. We further discuss
the cross-sensor universality of TMC. Our experiments use Our experiments
use two kinds of tactile sensors with different marker patterns [1-3]. Table 1
shows that our method achieves superior performance with various optical tactile
sensors, validating the universality of TMC. This advantage primarily stems
from our motion-aware tactile representation, which prioritizes underlying gel
deformation over raw visual appearance.

Can TMC be Flexibly Embedded into Existing Policies? To further val-
idate the flexibility and effectiveness of TMC, we embed existing representations
(raw appearance and cumulative motion) and TMC into existing visual policies:
ACT [70] and DP [15] on the whiteboard erasing task. Table 3 shows that ex-
isting methods obtain better performance after integrating the TMC, further
demonstrating the effectiveness of TMC.

Effectiveness of MoT-based Visuo-Tactile Fusion Strategy. We further
study the effectiveness of our MoT-based fusion strategy by replacing it with
several commonly used fusion strategies, including simple concatenation, cross
attention. As shown in Table 4, our MoT-based fusion strategy outperforms
these commonly used fusion strategies, which validates the effectiveness of our
MoT-based fusion framework in effectively integrating global visual perception
and local tactile sensing for visuo-tactile manipulation tasks.

Robustness to Environment and Object Variations. To evaluate the ro-
bustness of our method, we introduce various disturbances to the environment,
including different temporal-varying lighting disturbances (e.g., spatial uniform
and non-uniform) and object variations (e.g., different colored eraser and re-
place the tube with a cylinder). Figure 6 shows that our method still successfully
completes the tasks under these disturbances, demonstrating its robustness to
environmental and object variations.

Limitations. Though our method achieves fine-grained contact state perception
and effective visuo-tactile fusion for contact-rich manipulation, its generalization
remains limited under extreme visual disturbances or object position variations.
Failure cases under such conditions are provided in the Appendix. In future
work, we will focus on improving the generalization of contact-rich manipulation
policies in complex environments.
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5 Conclusion

We reveal that the correlation between transient and cumulative tactile motion
provides explicit discrimination of fine-grained contact states. This insight mo-
tivates us to propose a motion-aware tactile representation to facilitate contact-
rich manipulation. We introduce a unified modality-specific visuo-tactile policy
that captures cross-modal complementarity while preserving the unique charac-
teristics of each modality—thereby enabling the effective integration of global
visual perception and local tactile feedback. Extensive experiments on a diverse
range of tasks demonstrate the superior performance of our proposed method.
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