
Ye et al., Sci. Robot. 11, eady2869 (2026)     28 January 2026

S c i e n c e  R o b o t i c s  |  R e s e a r c h  Ar  t i c l e

1 of 15

M A N I P U L AT I O N

Visual-tactile pretraining and online multitask learning 
for humanlike manipulation dexterity
Qi Ye1*†, Qingtao Liu1†, Siyun Wang1, Jiaying Chen1, Yu Cui1, Ke Jin1, Huajin Chen1, Xuan Cai1, 
Gaofeng Li1, Jiming Chen1,2*

Achieving humanlike dexterity with anthropomorphic multifingered robotic hands requires precise finger coordi-
nation. However, dexterous manipulation remains highly challenging because of high-dimensional action-
observation spaces, complex hand-object contact dynamics, and frequent occlusions. To address this, we drew 
inspiration from the human learning paradigm of observation and practice and propose a two-stage learning 
framework by learning visual-tactile integration representations via self-supervised learning from human demon-
strations. We trained a unified multitask policy through reinforcement learning and online imitation learning. This 
decoupled learning enabled the robot to acquire generalizable manipulation skills using only monocular images 
and simple binary tactile signals. With the unified policy, we built a multifingered hand manipulation system that 
performs multiple complicated tasks with low-cost sensing. It achieved an 85% success rate across five complex 
tasks and 25 objects and further generalized to three unseen tasks that share similar hand-object coordination 
patterns with the training tasks.

INTRODUCTION
Human hands have remarkable dexterity, enabling a wide range of 
complex manipulation tasks—such as rotating a bottle cap, sliding a 
lever, or reorienting an object in the palm—with speed, precision, 
and fluid coordination. Despite substantial advances in robotic ma-
nipulation, dexterous hands still fall short in performing such tasks 
with comparable versatility and control.

A core challenge lies in the need to coordinate multiple fingers 
in a high-dimensional action space while managing dynamic, contact-
rich interactions with objects (1–6). Tasks that feel effortless to 
humans—such as object rotation—require robotic hands to precise-
ly control many actuated joints and to determine when and where to 
establish contact. Even minor misalignments between fingers can 
disrupt the manipulation process, causing the object to slip or devi-
ate from the intended trajectory. These subtle dynamics make dex-
terous manipulation particularly difficult to learn and generalize in 
robotic systems.

A variety of control strategies have been explored to address this 
challenge. Among them, model-based control frameworks (7–12) 
attempt to generate contact-rich behaviors by relying on accurate 
dynamics models. However, this reliance on analytical modeling 
limits their applicability to real-world scenarios with complex dy-
namics and contact uncertainty. To overcome these limitations, 
deep model-free reinforcement learning (RL) has been explored 
(13–18), enabling policy learning through trial-and-error interac-
tions. However, such learning demands large samples, and the 
high-dimensional action space of dexterous hands further exacer-
bates poor sample efficiency and training instability. To improve 
efficiency, many works have incorporated demonstrations via imita-
tion learning (19–22), leveraged goal-conditioned objectives or af-
fordance priors to guide exploration (23–26), or refined reference 

trajectories through residual learning (27–29). Although effective, 
these methods often rely on task-specific demonstrations, goals, or 
references, which require precise robotic data collection (especially 
the action of a robotic hand for each state). The difficulty of collect-
ing diverse demonstrations for various and precise dexterous ro-
botic hands challenges the learning of a general-purpose dexterous 
manipulation policy.

In addition to complex control, dexterous manipulation pres-
ents substantial perceptual challenges. The observation of the input 
state space for manipulation is high dimensional, involving diverse 
combinations of object shapes, textures, hand-object displacements, 
contact patterns, and lighting conditions. Although simulation en-
vironments provide privileged state information (e.g., object pose, 
velocity, contact points) to facilitate policy learning, such informa-
tion is often unavailable in the real world because of sensing limita-
tions and frequent occlusions from articulated fingers. To bridge 
this gap, prior works (1, 30, 31) have distilled a state-based policy 
trained in simulation into a vision-based or visual-tactile policy. Al-
though effective, this inevitably introduces information loss when 
mapping partial and noisy observations to full states, limiting the 
performance of the student policy. Another line of work (32–34) 
used multicamera systems to enhance observability, but such setups 
increase cost and complexity, and vision alone remains insufficient 
for recovering occluded contact states. Humans naturally integrate 
visual and tactile feedback for precise manipulation, inspiring the 
use of tactile sensing as a complementary modality in robotic sys-
tems (30, 31, 35–43).

Despite advances in learning algorithms and sensing techniques, 
building a real-world dexterous manipulation system with a unified 
policy on multifingered hands remains challenging. A common so-
lution is to use teleoperated demonstrations with full trajectories 
with observation-action pairs for imitation learning or RL (44–50). 
Although effective, such methods depend on sophisticated teleop-
eration platforms that are difficult to scale for contact-rich dexter-
ous tasks. To reduce the difficulties of data collection, recent work 
has explored learning from human video demonstrations (51–55), 
pretrained visual encoders to acquire task-agnostic priors. Although 
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scalable, these methods have mainly been validated on simple gripper-
based manipulation and struggle with multifingered hands because 
of frequent occlusions and complex contact dynamics that vision 
alone cannot resolve.

Tactile sensing complements vision by providing fine-grained 
contact information. In gripper-based manipulation, combining 
vision with high-resolution tactile sensors enables accurate force 
control, especially when dealing with soft or deformable objects 
(36, 39, 40). However, these sensors are typically bulky and hard to 
integrate into multifingered hands, which compromise dexterity. 
To simplify system design and alleviate the sim-to-real gap, recent 
studies (31, 56, 57) represent tactile input as sparse contact events 
(touch/no-touch) and show that even this coarse signal, when con-
catenated with vision, benefits RL of manipulation skills. Still, mas-
tering complex dexterous tasks like in-hand orientation with raw 
sensory input remains difficult; thus, prior work often adopts the 
framework of a state-based teacher and a visual-tactile student 
(30, 31) despite the issue of information loss. Although these pipe-
lines improve performance, they are usually limited to single-skill 
learning because of the training difficulty. Meanwhile, as afore-
mentioned, pretraining on human video demonstrations (51–55) 
can provide strong perceptual representations transferable to di-
verse downstream tasks. Yet, little attention has been paid to how 
human visuotactile demonstrations—where visual observations are 
naturally paired with tactile cues experienced by human hands—
can be exploited for learning multiple complex manipulation skills. 
Motivated by this, we explore whether pairing monocular RGB (red, 
green, and blue) inputs with sparse binary tactile cues from human 
video demonstrations can capture meaningful interaction patterns 
and whether these representations and interaction patterns can en-
able robots to acquire diverse dexterous skills using a lightweight 
sensing setup.

To achieve this goal, a key challenge lies in how to effectively 
integrate multisensory information and extract useful priors from 
human video demonstrations. Existing methods for visual-tactile 
manipulation typically process each modality independently and 
fuse them later during policy learning (30, 57, 58). Although this 
approach may suffice for simple manipulators, the high-dimensional 
action space of multifingered hands results in sparse rewards, mak-
ing the joint learning of multimodal perception and action policies 
inefficient and unstable. Neuroscience studies suggest that in the 
human brain, separate areas of the cortex are developed for sensing 
and control, and there are neurons in a certain region of the human 
brain that integrate visual and tactile cues for our hand (59, 60). In 
addition, “inferior parietal lobule (IPL) neurons provide representa-
tion of actions with multisensory information. These neurons fire 
during the observation of an act, before the beginning of the subse-
quent acts specifying the action” (61). Given the sparse supervision 
of learning via interactions and inspired by the findings of neuro-
science, we propose to decouple the learning of the multisensory 
integration and action control policy: The integration module is 
implemented as a visual-tactile encoder trained via self-supervised 
learning on large-scale human demonstration videos, whereas the 
action control policy is learned with environment interactions.

In computer vision, a masked autoencoder (MAE) (62, 63) is de-
signed to encode the inherent patterns in images by forcing a neural 
network to recover masked image patches of the input. Building on 
this, we propose to align modality-specific tokens from vision and 
touch through cross-modal attention and masked input recovery 

and to integrate them via a dedicated integration token by observing 
a large corpus of human demonstration videos collected with tactile 
gloves (64). The integration token is conceptually analogous to neu-
rons in the IPL of the human brain, which integrate multisensory 
information (Fig. 1A). Through cross-modal supervision, it encour-
ages the emergence of integration units that encode contact-relevant 
cues (when and where contact occurs) despite occlusion or percep-
tual noise. Consequently, the network captures a compact, low-
dimensional manifold of task-relevant features in the otherwise 
high-dimensional observation space (65–67), allowing for more ef-
ficient and generalizable policy learning. Although prior work (64) 
also adopted an MAE for the modality alignment, it did not learn to 
integrate the modalities because of the absence of a dedicated IPL 
token and encountered the issue of ineffective learning because of 
the challenge of modality integration via sparse rewards during RL.

Building on the learned perceptual representations that inte-
grate RGB and tactile events, the next challenge was to train a uni-
fied control policy capable of handling multiple manipulation tasks. 
Multitask learning has been extensively explored in robotics (68–
72), showing that parameter sharing across tasks can improve sam-
ple efficiency and generalization. In manipulation domains, recent 
work has scaled policy learning across tasks using imitation learning 
(47, 73, 74) and RL (68, 69), typically with vision-based inputs and 
parallel grippers. However, these approaches face limitations when 
applied to dexterous hands. Imitation learning directly imitates the 
robotic hand actions given observations but is highly sensitive to 
small observation or action errors; in multifingered settings, such 
deviations compound quickly, leading to unstable contacts and task 
failure. RL, in contrast, requires task-specific reward engineering, 
which becomes increasingly difficult across heterogeneous ob-
jectives such as orientation, force, or position. The resulting mis-
alignment in reward magnitudes and optimization landscapes often 
causes instability and low sample efficiency. To address these issues, we 
adopted an online imitation learning strategy inspired by Ross et al. 
(75). Instead of training on offline trajectories generated by expert 
policies, we iteratively collected states visited by the unified policy 
during learning and queried the corresponding expert policies for 
supervision. This online aggregation process aligns the obser-
vation distributions of the student and expert policies, reducing 
compounding errors and enabling stable multitask learning in a sin-
gle control policy.

Using the proposed method, we trained a unified policy capable of 
performing multiple dexterous manipulation tasks that require fine-
grained, coordinated finger movements, relying solely on monocular 
RGB images and binary tactile events. We deployed this policy on a 
Shadow Hand platform (76). In contrast with many existing systems 
that depend on expensive depth cameras and (or) high-precision op-
tical tactile sensors—often costing thousands of dollars—our setup 
requires only a standard webcam and low-cost piezoresistive tactile 
sensors, with a total cost of ~$250. Despite the hardware simplicity, 
the trained policy successfully executed five complex manipulation 
tasks on 25 different objects in the real world, achieving an average 
success rate of ~85%. Furthermore, the policy generalized effectively 
to three unseen tasks that shared similar hand-object coordination 
patterns with the training set and to different tactile sensor types and 
challenging lighting conditions. Beyond task success, our experimen-
tal results show that policies pretrained with human demonstrations 
and tactile events produce contact behaviors that are more human-
like than those trained with vision alone.
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RESULTS
Method overview and real-world system
This work addressed the challenge of acquiring multiple dexterous 
manipulation skills in a unified control policy using only simple 
sensing modalities—RGB vision and tactile feedback. An overview 
of the proposed framework is illustrated in  Fig.  1B. The method 
consisted of two key stages: visual-tactile representation pretrain-
ing from human demonstrations, followed by online multitask 
policy learning through interaction with the environment com-
bined with imitation learning. The unified policy was capable of 

switching between different tasks by conditioning on a task-specific 
input identifier.

As shown in Fig. 1B, the unified policy was completely trained in 
simulation, using visual, tactile, and proprioceptive cues, along with 
a task-specific one-hot encoded identifier to guide decision-making. 
For real-world deployment, we constructed a physical system com-
prising a five-fingered Shadow Hand (76), a monocular RGB web 
camera, and a custom tactile sensing system. The Shadow Hand was 
mounted on a robotic arm and equipped with 20 piezoresistive tac-
tile sensors distributed across different hand surfaces, each with a 

Fig. 1. Illustration of the real-world robot system and the full learning pipeline of the system. (A) Our multitask policy makes action decisions with two steps—
multisensory integration and action control—resembling our human brain, which initially integrates multisensory information in IPL neurons and then produces signals to 
execute the actions in the motor cortex. In the first step, the policy integrates egocentric RGB images and tactile events into a fused representation. The representation, 
with the proprioception information and task identifier (ID), is then passed to an MLP for action prediction. (B) Multisensory integration (stage 1) is learned by observing 
human demonstrations. Given the integrated representation, the multitask action policy (stage 2) is learned by RL for expert policies for different tasks and distillation 
of the experts into a unified policy by online imitation learning.
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resolution of 1 pixel by 1 pixel. The camera was positioned to repli-
cate the egocentric viewpoint used in the simulation. These hard-
ware components and action policies communicated using Robot 
Operating System (ROS). During deployment, the unified policy 
received multimodal real-time inputs and produced control actions 
at 15 Hz. The entire system ran in real time on a standard laptop 
equipped with an Intel i9-12900K processor and an NVIDIA Ge-
Force RTX 4070 GPU. We further built a visual-tactile manipulation 
platform based on an open-source four-fingered robotic hand to 
demonstrate the applicability of our method to low-cost robotic 
hands, which is described in the “LEAP Hand visual-tactile manipu-
lation system and experiments” section in the Supplementary 
Materials.

Manipulation tasks
We conducted experiments on five tasks in simulation and eight 
tasks in the real world. Among the real-world experiments, five tasks—
bottle cap turning, faucet screwing, lever sliding, tabletop reorienta-
tion, and in-hand reorientation—were included in the training set 
during simulation, whereas three tasks—pencil sharpening, screw 
unfastening, and snack sleeve sliding—were used to evaluate general-
ization. These unseen tasks shared similar hand-object coordination 
patterns with the seen ones but differed in key aspects. Detailed spec-
ifications of all tasks—including hand and object configurations, dif-
ferences across tasks, and success criteria—are provided in the “Task 
specifications” section in the Supplementary Materials.

Figure 2 shows the intermediate frames capturing all tasks per-
formed by the robot system with our unified policy. Movie S1 pro-
vides video recordings of these tasks and shows demonstrations using 
tactile sensors with different resolutions and principles as well as 
experiments under varying lighting conditions.

Experimental protocols and evaluation metrics
All policies were trained in simulation using 40 objects. For real-
world evaluation on each seen task, we used five physical objects: 
three three-dimensional (3D) printed replicas of training objects 
(in-distribution, Fig. 3A) and two household items with novel shapes, 
materials, or textures (out-of-distribution, Fig. 3B). The 3D printed 
objects shared the same geometry as those in simulation but differed 
in physical properties such as color, weight, and friction, which were 
not explicitly modeled during training. The household objects fur-
ther tested generalization to unfamiliar visual and material proper-
ties, including transparency and complex textures. Each object was 
tested in 10 trials with randomized initial positions and orienta-
tions. For unseen tasks, three household objects were selected to 
evaluate generalization beyond the distribution of training tasks, as 
shown in Fig. 3C.

For all experiments, we used success rate (%) as the primary 
evaluation metric. Following prior works (70,  77–79), we set the 
maximum episode length to 600 steps for simulation training. A 
manipulation trial was considered successful if the predefined goal 
was achieved in a single episode. In the real world, a trial was con-
sidered successful if the task was completed within 40 s, which ap-
proximately corresponded to one simulation episode (the control 
frequency was 15 Hz in the real world and 60 Hz in simulation). 
Trials exceeding this time limit were considered failures. To ensure 
robustness and reproducibility, all simulation experiments were 
conducted with four different random seeds. Moreover, we used the 
success completion time (s) as a supplementary metric of system 

efficiency, computed as the average duration of successful trials. If 
no successful trials were observed, then the metric was set to 40 s. 
Given the article page limit, we refer readers to the Supplementary 
Materials (“Extended experimental protocols and additional analy-
ses” section) for details on heterogeneous tactile sensor calibration, 
lighting variation setups, baseline implementations, and additional 
tactile pattern analyses.

Evaluation on real objects and new tasks
To demonstrate the versatility of our learned multitask control poli-
cy in the real world, experiments were conducted on both seen tasks 
(using 3D printed replicas and daily objects) and unseen tasks (us-
ing daily objects), as shown in Fig. 3 (A to C). The evaluation results 
are provided in Fig. 3 (D and E).
Deployment to real objects
Figure 3D(i) presents the success rate of our method in five manipu-
lation tasks using in-distribution objects—3D printed shapes that 
were part of the simulation training set. In all tasks, which required 
intricate finger coordination, the system achieved an average success 
rate of ~87%. To evaluate generalization, we also tested our policy on 
out-of-distribution objects from daily life, as shown in Fig. 3D(ii). 
These objects varied considerably in shape, material (e.g., plastic 
bottles, metallic faucet handles, and soft fruits), and surface texture 
(e.g., reflective finishes, transparent materials, and complex visual 
patterns such as printed labels or jelly-like translucency). Despite 
these variations, our policy maintained robust performance, achiev-
ing an average success rate of 85%. This demonstrated strong gener-
alization capabilities across both visual and tactile domains in 
real-world settings.
Deployment to unseen task settings
We further evaluated the policy in three task settings that were un-
seen during training. These tasks shared similar finger coordination 
with the five tasks used during training but differed in the coordina-
tion required for object stability control and subtle hand position 
adjustments. They also differed substantially in object composition 
and appearance.

The first two tasks, pencil sharpening and screw unfastening, 
shared key motion patterns with bottle cap turning, so the policy 
was conditioned on the bottle cap turning identifier during testing. 
As shown in Fig. 3D(iii), it achieved 9 of the 10 and 6 of the 10 suc-
cessful trials for pencil sharpening and screw fastening, respectively, 
demonstrating generalization to new tasks, although with perfor-
mance drops compared with bottle cap turning. This gap reflected 
differences in contact dynamics: Pencil sharpening required stable 
torque control to prevent slippage, given that the pencil provided 
only a narrow support point; screw unfastening required continu-
ous finger height adjustment to maintain contact as the screw was 
gradually unfastened, in contrast with the minimal vertical dis-
placement in bottle cap turning. For the third task, snack sleeve slid-
ing, the policy was conditioned on the lever sliding identifier. 
Despite differences in geometry, material, and appearance, the poli-
cy successfully transferred the sliding behavior and achieved 8 of the 
10 successful trials. These results highlighted the policy’s ability to 
generalize to unseen tasks with related coordination patterns and 
showed that the degree of generalization depended on contact dy-
namics and hand-object displacement.
Applicability to different tactile sensors
To evaluate the applicability of our method across different tactile 
sensing modalities, we further tested on the Shadow Hand with three 
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Fig. 2. Snapshots of different tasks performed by our manipulation system. (A) to (E) show tasks used during training, including (A) bottle cap turning, (B) faucet 
screwing, (C) lever sliding, (D) tabletop reorientation, and (E) in-hand reorientation, whereas (F) to (H) present unseen tasks for evaluating generalization, including (F) 
pencil sharpening, (G) screw unfastening, and (H) snack sleeve sliding.
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alternative sensors (Fig. 4A): two piezoresistive arrays with different 
spatial resolutions (4 pixels by 1 pixel and 6 pixels by 4 pixels) and the 
built-in pressure and temperature sensors that measured fingertip air 
pressure. We evaluated different tactile sensor setups in the bottle cap 
turning task, and they all succeeded in 10 trials. Figure 4B also visu-
alizes binary tactile signal sequences coupled with RGB images when 
the policy executed the actions with the RGB and tactile inputs. The 
success of our method in transferring across different tactile sensors 
was largely due to the use of binary tactile events, which simplified 
raw sensor signals into a shared contact/no-contact representation. 
Given that tactile sensors vary widely in sensing principles, resolu-
tion, and signal format, simulating them accurately is challenging. By 
focusing on binary events, which were easier to model and more 
consistent across sensors, we avoided these limitations. During train-
ing, we randomized the binarization threshold to further enhance 

robustness. This allowed our policy to generalize across diverse tac-
tile sensors without requiring retraining or architectural modifica-
tions (see the “Details for heterogeneous tactile sensors” section in 
the Supplementary Materials for more details).
Robustness to challenging lighting conditions
To systematically evaluate robustness, we conducted simulation ex-
periments where lighting direction and intensity were varied in a con-
trolled manner: Lighting direction was modified by rotating the light 
source relative to its default orientation (i.e., varying the deviation 
angle), and lighting intensity was adjusted by scaling illumination 
relative to the default values. We evaluated policies with (VT) and 
without (V) tactile sensing on unseen objects. Representative condi-
tions and the results in Fig. 4 (C and D) show that the VT policy main-
tained consistently high performance under all lighting variations, 
whereas the V policy degraded substantially, particularly under 

Fig. 3. Comparison of policies with different input modalities in real-world experiments. (A to C) Objects used for testing, including 3D-printed replicas of training 
objects, household objects with novel appearances, and three additional objects for unseen task settings. (D) Success rates of the unified policy with visual-tactile (VT), 
vision-only (V), and tactile-only (T) inputs on the three object sets in (A) to (C). Error bars denote mean ± SE across instances. (E) Completion time (s) of successful trials 
under the same settings.
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extreme intensities. This highlighted the crucial role of tactile input in 
ensuring robustness when visual observations were unreliable. We 
further demonstrated real-world experiments under diverse natural 
illumination conditions (snapshots are shown in  Fig.  4E and video 
examples in movie S1). More details are provided in the Supplemen-
tary Materials (the “Details for lighting variation experiments” section).

The effect of visual-tactile integration
To investigate the role of multisensory integration in multitask ma-
nipulation, we compared our proposed method with two ablation 
baselines that relied on a single sensory modality—either vision or 
tactile events. The two baselines were constructed by removing one 
modality from the input while keeping all other training procedures 

Fig. 4. Testing the unified policy under different tactile sensors and lighting conditions. (A) Four tactile sensors with varying resolutions and sensing principles. 
(B) Visualizations of fingertip-mounted signals for each finger (Th, thumb; MF, middle finger; RF, ring finger; LF, little finger) synchronized with egocentric camera images. 
The signals represent discrete contact events encoded as binary values (0 or 1). (C and D) Success rates on unseen objects across varying light directions and intensities. 
Red x-axis labels denote the default lighting configuration. (E) Representative snapshots of the bottle cap turning task under different illumination setups, including side 
lighting at high and low intensities.
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identical to our full method. One baseline received only RGB im-
ages, and the other used only binarized tactile events as exterocep-
tive input.

Figure 5A shows the training curves of the methods. After con-
vergence, our method achieved a success rate of greater than 80% 
across tasks on the training object set, whereas both single-modality 
baselines plateaued at less than 70%. Figure 5B further shows the 
results on identical unseen 3D-printed objects in both simulation 
and reality. For the unseen objects in simulation, the single modal-
ity baselines (V and T) achieved a success rate of about 60%, where-
as in the real world, the success rate dropped to less than 40%. In 
contrast, as shown in Figs. 3D and 5 (A and B), the visual-tactile 
policy maintained a consistently high success rate of about 80% 
across seen and unseen task settings and objects, in both simulation 
and the real world.

These results highlighted the importance of visual-tactile inte-
gration for learning generalizable and robust manipulation policies. 
Monocular RGB input alone was vulnerable to occlusions, lighting 
variations, and texture ambiguity, whereas tactile signals could suf-
fer from spatial sparsity and lack of global context. The pretraining 
stage, which leveraged human demonstrations, allowed the network 
to align and fuse complementary cues from both modalities. This 
integration enhanced the model’s perception of contact-rich inter-
actions and led to considerably better transfer across tasks, objects, 
and the real world compared with using a single modality (see the 
“Discussion on the sim-to-real degradation for single modalities” 
section in the Supplementary Materials for more discussion).

To evaluate system efficiency, Fig. 3E reports the average comple-
tion time of successful trials across real-world objects (Fig. 3, A to 
C). The results revealed three consistent observations. First, our VT 

Fig. 5. Quantitative evaluation of sensor modalities and learning baselines. (A) and (B) compare our method with single modality baselines. (A) Training curves of the 
multitask policy with visual-tactile (VT), vision-only (V), and tactile-only (T) modalities, evaluated on the training object set in simulation. Shaded regions denote 
mean ± SE over four seeds. (B) Sim-to-real performance gap on 3D-printed objects, comparing VT with V and T modalities. (C) to (G) compare our method with existing 
multitask learning methods. (C) Training curve for unified policy training strategies: our online imitation learning (online IL) versus IL + RL and pure RL. (D) Training loss 
curves for the multitask imitation learning baseline (IL). (E) Success rates of online IL, IL + RL, pure RL, and IL, tested on seen and unseen simulation objects. (F) Comparison 
of our VT expert policy with state-based expert policies on seen and unseen simulation objects. (G) Distillation analysis for the two pipelines in (F). We plot the per-task 
difference in success rates (∆ = unified − expert). Positive values indicate that the unified policy improves upon the experts’ success rates. The error bars in (E) and (F) 
represent the mean ± SE computed over different object instances for each task.
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policy achieved the shortest and most stable completion times 
across all conditions, indicating both robustness and efficiency. Sec-
ond, unimodal policies (vision-only or tactile-only) tended to be 
slower and less stable. In particular, the tactile-only policy failed 
completely on the faucet task, leading to the maximum capped time 
of 40 s, which highlighted the limitation of relying on a single mo-
dality. Third, in unseen tasks, the VT policy maintained both high 
success rates and low completion times, confirming that the learned 
visual-tactile representation enabled efficient generalization.

The effect of online multitask imitation learning
To validate the effectiveness of our online multitask imitation learn-
ing strategy, we compared it with three baseline methods adopted in 
state-of-the-art methods (19, 47, 68, 69, 72) for multitask learning: 
RL from scratch (pure RL), offline imitation learning from expert 
demonstrations (IL), and imitation learning followed by RL fine-
tuning (IL  +  RL). Detailed implementation descriptions are pro-
vided in the Supplementary Materials (“Implementation of other 
baselines”). All baselines were trained under identical conditions as 
our approach, including the same input modalities, task identifiers, 
and network architectures, to ensure a fair comparison. The training 
curves of these baselines are illustrated in Fig. 5 (C and D).

As  Fig.  5C shows, pure RL took millions of training steps to 
start improving. The success rates of the policy evaluated on seen 
and unseen objects for different tasks in simulation after ~16 mil-
lion steps are depicted in  Fig.  5C. The policy succeeded several 
times in tasks such as tabletop reorientation and in-hand reorien-
tation, whereas it completely failed in the bottle cap–turning task. 
These results indicate that the difficulty of learning different 
tasks varied.

IL is supervised learning. In Fig. 5D, the multitask policy con-
verged to an action loss close to zero, but the success rate of the 
policy was about 20% lower than our online IL. This effect arose 
from the accumulation of prediction errors over time in sequential 
decision-making, as discussed in the Introduction.

To mitigate divergence during execution, IL + RL added a RL 
stage after IL, as in (19, 21, 22). It achieved considerable improve-
ments over pure RL but could not reach the success rates of expert 
policies. Although imitation learning for initialization was applied, 
the RL stage still faced the challenges of multitask RL mentioned 
above. In addition, action supervision during the imitation learning 
stage and rewards in the RL stage were defined by different aspects. 
Although rewards provided physical feedback, they potentially led 
to larger observation drift from expert policies.

Compared with these methods, Fig. 5E shows that our unified 
policy gained substantial improvements. In contrast with imitation 
learning that collected demonstrations from experts offline, we in-
stead sampled the current multitask policy for observations during 
learning and queried the expert policies for actions for supervi-
sion. Given that the observation was acquired online from the cur-
rent unified policy, it encountered less drift between observations 
rolled out by expert policies and the unified student policy. In all 
tasks, although objects and contact dynamics differed substantial-
ly, objects were placed under the robotic hand, and the overall pat-
tern of finger movements was open-close-rotate. When training 
these tasks in one policy, the policy benefited from the greater 
variation of manipulation experiences introduced by similar but 
different tasks.

Comparison with the state-based expert pipeline
We further compared our proposed pipeline with the state-of-the-
art skill distillation pipeline using state-based experts (1, 30, 31). We 
conducted an experiment by following this learning pipeline (state 
expert → VT unified): Per-task experts were trained in simulation 
using full state information (robot proprioception + object 6D 
pose/velocity) as in (1, 30, 31) and subsequently distilled into a uni-
fied policy with raw images and tactile events. In contrast, our pipe-
line was VT expert → VT unified: Per-task VT experts were trained 
in simulation and distilled into a unified policy, where both the ex-
perts and the unified policy used the pretrained visual-tactile encoder.

As shown in Fig. 5 (F and G), the state expert → VT unified ap-
proach obtained a success rate of 70.8% for the expert policies and 
58.8% for the unified student policy on unseen objects; the unified 
policy suffered a marked drop of 12% relative to its experts. In con-
trast, our pipeline achieved an unexpected improvement of 6% over 
the experts. In the existing state-based distillation pipeline, the stu-
dent policy had to simultaneously learn to map the sensory input to 
the state and control hand actions. The information loss from state to 
sensory input during learning resulted in degraded performance. In 
our method, when an expert and a student shared the same repre-
sentation for the environment, distillation could be performed with-
out degradation, even boosting the student’s performance through 
shared experience.

Humanlike manipulation behaviors
To gain insight into the manipulation behaviors of learned policies, 
we performed a statistical analysis of tactile contact patterns across 
models pretrained with different modalities and compared them 
with human demonstrations. Specifically, we analyzed the average 
durations of contact segments from the three most frequently acti-
vated tactile sensors in each task, which reflected the temporal 
structure of finger-object interactions. The overall activation fre-
quency of each tactile sensor across all tasks is provided in fig. S3.

As shown in Fig. 6A, the model pretrained with both visual and 
tactile human demonstrations (VT) exhibited contact patterns that 
were more similar to those of humans compared with models trained 
with a single modality. We further quantified this similarity using 
kernel density estimates and measured the mean squared error 
(MSE) between the human and robot contact duration distributions. 
This analysis highlighted the benefit of visual-tactile pretraining: By 
incorporating both modalities, the learned policies more closely re-
produced the temporal structure of human hand-object interactions, 
contributing to contact patterns that were more similar to those ob-
served in human demonstrations.

Multisensory correlation learned from 
human demonstrations
To understand the underlying reasons behind the improved human 
likeness, robustness under lighting variations, and sim-to-real 
transfer of our visual-tactile pretrained policy, we visualized the at-
tention maps of the IPL token used in the pretraining network. Ad-
ditional implementation details of the attention visualization are 
provided in the “Details for attention map visualization” section in 
the Supplementary Materials.

As shown in Fig. 6B, the difference in the attention patterns for 
visual-tactile and vision-only models was distinctive: Visual-tactile 
attention maps focused on hands and objects, whereas vision 
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Fig. 6. Analysis of humanlike tactile patterns and attention for the integration token IPL. (A) Violin plots of contact-segment durations for three representative tactile 
channels per task, comparing our method with unimodal baselines (V and T) and human demonstrations. The KDE MSE quantifies similarity to human contact dynamics 
via kernel density estimation (lower is more humanlike). (B) Attention maps to IPL: The visual-tactile model consistently attends to hands and manipulated objects with 
action-dependent shifts, whereas the vision-only model shows less stable, task-relevant attention.
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attention maps did not show this focus. The attention maps revealed 
the reasons for the superior success rate, the small sim-to-real gap, 
and the lighting insensitivity of the visual-tactile policy compared 
with the vision-only policy. With the tactile modality, the pretrain-
ing network encoded more relevant information for learning. Al-
though the input images from human hand demonstrations, the 
robotic hand in simulation, and the robotic hand in the real world 
for the same task differed in appearance [an example is shown in 
Fig. 6B (i to iii)], the attention maps focused more on the areas re-
lated to interaction and reduced the interference from other areas in 
the vision modality. Integrating this highly related visual informa-
tion and tactile events helped to compensate for the differences be-
tween simulation and reality.

A more unexpected finding of the visualization was that the at-
tention on object areas varied with the dynamics of hands and ob-
jects, although no temporal information or status of hands and 
objects was provided during pretraining and pretraining was con-
ducted on individual images rather than video sequences. Figure 6B 
(iv) shows a box, which is an articulated object consisting of two 
major parts. When the hand was not in contact with objects, the 
areas of attention were on the hand and the weights were moderate; 
when the hand touched the box, the attention weights of the box and 
the hand immediately became very high, particularly near the box 
edges and fingertips, and after the box was wide open, the attention 
distributed more evenly to all inner areas of the box. Similar atten-
tion changes with object status were observed in the downstream 
lever sliding task in both simulation and real-world deployment 
[shown in Fig. 6B (v and vi)]: The shaft gained more attention after 
being slid out from the slot. In comparison, attention from pretrain-
ing with vision showed little variation or variation patterns that did 
not show a clear correlation with object motions.

These attention dynamics explained the generalization of the 
pretraining models to unseen downstream manipulation tasks. The 
visual-tactile pretraining models learned to attend to object areas 
relating to hand-object dynamics, indicating that the integration to-
ken learned the representations of hand dynamics combined with 
visual-tactile sensory information. Although the pretraining net-
work could not provide information on how to open the box with-
out explicit action commands during training, it established a 
correlation between the hand status and the object areas that might 
change with the hand status. This correlation demonstrated some 
degree of “intent understanding” by gathering information more re-
lated to action decision-making; when learning a new task, this cor-
relation helped action policy learning by providing more relevant 
visual information.

DISCUSSION
In our results, visual-tactile pretraining from human demonstrations 
consistently led to superior performance: enhanced learning efficiency; 
a reduced sim-to-real transfer gap; more humanlike manipulation be-
haviors; and improved generalization to novel objects, varying lighting 
conditions, and unseen tasks. We attribute these advantages to the 
critical role of tactile events in enriching sensory representations of ac-
tion. Specifically, tactile events provide precise temporal cues about 
when contact occurs—information that is often ambiguous from vi-
sion alone. When combined with visual input during representation 
pretraining, tactile signals guide the model to focus on task-relevant 
regions, implicitly answering both when and where to attend. As shown 

in Fig. 6B, attention maps from the pretrained model consistently high-
light hands and manipulated objects, particularly in regions associated 
with contact onset and dynamic interactions. This attention pattern 
suggests that the learned integration token captures abstract represen-
tations of sensorimotor interactions. Interestingly, this resembles the 
function of IPL neurons in the human brain, which are believed to en-
code actions through multisensory integration by “observing the acts 
done by others” (61). Our results suggest that visual-tactile pretraining 
serves a similar role, enabling the model to internalize task-relevant 
perception-action priors through observation. Why, then, can a mod-
el learn where to attend using only binary tactile events—i.e., 
whether contact occurred—without any explicit spatial annotations 
such as contact locations or segmentation masks?

This can be understood by analogy to standard image classifica-
tion. Consider training a neural network (e.g., a convolutional neural 
network or transformer) on an image dataset labeled only with cate-
gory tags (e.g., cat or dog), without any bounding boxes or pixelwise 
labels. Despite the lack of spatial supervision, such networks often 
learn to assign higher attention weights or feature activations to re-
gions containing the object of interest. This emerges because during 
training, the network adjusts its internal weights to minimize classifi-
cation errors. Tokens or features associated with background regions 
are inconsistent across samples and contribute little to the correct la-
bel, whereas those consistently aligned with the target concept (e.g., 
cat faces or bodies) converge to represent that concept. Similarly, in 
our case, although we did not provide explicit annotations of hand 
position, contact points, or object motion, the tactile events implicitly 
indicated the presence of contact involving specific parts of the hand. 
Across large-scale visual-tactile datasets, images associated with touch 
events tended to share consistent visual patterns—such as proximity 
between the hand and an object or particular grasping poses—whereas 
background regions varied randomly. Through pretraining, the mod-
el learned to associate these consistent patterns with the binary con-
cept of “contact occurring” and, in doing so, implicitly learned where 
in the image to focus for contact-related information. This mecha-
nism explains why the attention maps of the IPL token consistently 
highlight hand-object interaction regions: These are the visually infor-
mative areas that correlate most strongly with the tactile contact sig-
nal, even in the absence of explicit supervision.

MATERIALS AND METHODS
Our method was structured into three sequential stages: visual-
tactile pretraining, manipulation skill learning, and real-world poli-
cy deployment. First, we leveraged human demonstration data to 
pretrain a model that learned a fused representation of perceived 
visual and tactile events. Then, this pretrained representation was 
used to enable the agent to efficiently acquire a unified dexterous 
manipulation policy for multiple tasks through RL in a simulated 
environment and online imitation learning. Last, we used domain 
randomization to bridge the gap between simulation and reality, en-
abling the deployment of the learned policy on real-world robot-
ic systems.

Visual-tactile integration by pretraining with 
human demonstrations
The visual-tactile pretraining stage was designed to learn a fused 
representation of visual and tactile information from human 
demonstration data. This stage was crucial to enable the agent to 
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effectively perceive and interpret multimodal sensory input during 
dexterous manipulation tasks. The human demonstration dataset used 
in this work was collected with the proposed hardware system (64) 
(see the “Manipulation tasks in human demonstrations” section in 
the Supplementary Materials for more details).
Visual-tactile pretraining
To leverage the visual and tactile data from human manipulation 
tasks, we proposed a self-supervised pretraining framework in-
spired by an MAE (62), which consisted of a fusion encoder with a 
learnable integration token (IPL token) and a decoder to recover 
masked input.

Fusion encoder with IPL token. The fusion encoder Eθ took pairs 
of visual-tactile input (V,C) ∈ human and produced an integration 
representation for visual-tactile sensory information. It consisted 
of three steps: token extraction for the visual-tactile modality, ran-
dom masking of the tokens, and integration of the multimodal 
tokens. First, the image and tactile input were tokenized. Specifi-
cally, the RGB image V ∈ ℝ

H×W×3 was divided into Nv patches and 
flattened to v ∈ ℝ

Nv×dp , where H and W denote the height and 
width of the image, respectively; P represents the patch size; 
Nv = (H×W)∕(P×P) is the number of patches; and dp = P × P × 3 
is the dimension of each patch. Each patch was first linearly pro-
jected onto the dimension den via ϕθ( ⋅ ) and then added with 2D si-
nusoidal positional embeddings vpos that denote its position in the 
image, resulting in image patch embeddings v ∈ ℝ

Nv×den . The tac-
tile input C ∈ {0, 1}20 for 20 tactile sensors was similarly split into 
patches and processed by multilayer perceptrons (MLPs) φθ( ⋅ ) with 
1D positional embeddings cpos to produce tactile patch embeddings 
c ∈ ℝ

Nc×den , where Nc = 20 is the number of tactile patches. The pro-
cess could be described as v = ϕθ(v) + vpos, c = φθ(c) + cpos.

For the masking, a modality-specific masking function M(⋅, γ) was 
applied to randomly mask input patches at a specified ratio γ , generating 
visible patch embeddings vvis ∈ ℝ(1−γv)Nv×den and cvis ∈ ℝ(1−γc)Nc×den 
by vvis =M

(
v, γv

)
, cvis =M

(
c, γc

)
. In (64), (vvis ,cvis) was fed into the 

Transformer encoder TransE( ⋅ ) , which consisted of stacked self-
attention layers and feed-forward modules and enabled interaction 
and encoding between visual and tactile modalities. However, this 
attention mechanism only accomplished the goal of feature extraction 
and augmentation from the other modality. The updated features for (
vvis, cvis

)
 after attention were fed into the action policy directly. There was 

no process that resembled the multisensory integration in IPL neu-
rons in the human brain before action execution in the motor cortex.

To integrate the visual-tactile modalities, an additional learnable 
integration token IPL ∈ ℝ

1×den along with 
(
vvis, cvis

)
 was fed into the 

Transformer encoder TransE( ⋅ ) . The integration token aggregated 
information from all visible visual-tactile tokens, serving as a criti-
cal perceptual embedding for downstream policy learning. After be-
ing processed by the encoder, the input tokens were updated with 
fused information from other tokens of the same modality or other 
modalities, which resulted in

The updated tokens hIPL, hv, hc encoded the integration, visual, and 
tactile features, respectively, maintaining the same dimensionality as 
the input tokens.

Reconstruction decoder. A reconstruction decoder was introduced 
to reconstruct the masked patches using the fused representation 

hv, hc and mask tokens m ∈ ℝ(γvNv+γcNc)×den . First, the Transformer-
based decoder TransD( ⋅ ) inferred the restored vision and tactile 
embeddings v̂ ∈ ℝ

Nv×dde and (dde is the output dimension of the de-
coder) ̂c ∈ ℝ

Nc×dde . Then, MLPs were used to map these embeddings 
back to their original domains: the image domain V̂ ∈ ℝ

H×W×3 and 
the tactile domain Ĉ ∈ {0, 1}20.

Loss function. A weighted MSE loss evaluated the quality of 
the reconstruction of both modalities�  
L(�)=λv ⋅MSE(V, V̂)+λc ⋅MSE(C, Ĉ) , where λv and λc controlled 
the contributions of the vision and tactile modalities. This recon-
struction objective encouraged the model to infer the contact state 
and appearance of the masked regions on the basis of the observed 
visual patches and tactile signals. In this way, the model could learn 
the complementary relationship between visual and tactile informa-
tion in a self-supervised manner, producing an integration repre-
sentation that associates both modalities.

Manipulation skill learning
The learning of dexterous manipulation skills was achieved by inter-
action with a simulated environment. The whole framework con-
sisted of two main stages: task-specific expert policy learning and 
online multitask learning. We first trained task-specific policies 
for each dexterous manipulation task incorporating the pretrained 
visual-tactile representation. Given the learned task-specific poli-
cies, we further adopted an online learning strategy to obtain a uni-
fied policy that could generalize across all tasks given the learned 
task-specific expert policies.
Task-specific expert policy learning
We modeled dexterous manipulation tasks as a Markov decision 
process defined by the tuple ( ,,  ,, γ) , where  and  denote 
the state and action spaces, respectively. The policy πθ:  → 
maps states to actions, whereas  :  ×→  represents the tran-
sition dynamics. The reward function :  ×→ ℝ guides the 
policy, with γ ∈ (0, 1) as the discount factor. Our goal was to opti-
mize the expected discounted reward

We used proximal policy optimization (80) to train policies for dex-
terous manipulation skills.

State space. For all tasks, the state was defined as s =
[
hIPL;P

]
 . 

hIPL was the integration representation for RGB images Vsim and 
tactile signals Csim , as introduced in the previous section. Vsim was 
captured using an egocentric camera, whereas Csim was obtained 
from tactile sensors with a threshold of 0.01 N. Proprioceptive in-
formation P includes joint positions and velocities of the dexter-
ous hand.

Action space. In all tasks, we used the Shadow Hand, which has 
24 degrees of freedom, including four tendon-driven joints. To sim-
plify the learning process, we immobilized the arm, restricting ac-
tions to finger movements. Thus, the action a = πθ(s) ∈ ℝ

20.
Rewards. The criteria for a successful manipulation varied, and 

we shaped rewards for different tasks. The definition of the reward 
function can be found in the “Reward function for each task” sec-
tion in the Supplementary Materials.

hIPL, hv, hc = TransE
(
IPL, vvis, cvis

)

J(π) = �π

[
∞∑

t=0

γtr
(
st , at

)
]
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Online multitask learning
Given the expert policies learned for each task, in this section, our 
aim was to learn a unified policy for all tasks. The unified policy πθ 
was trained to approximate the behavior of the task-specific expert 
policies {π∗

1
, π∗

2
, … , π∗

N
} . Each expert policy π∗

i
 was independently 

trained for its corresponding task Ti using RL in the previous sec-
tion. Directly rolling out the manipulation demonstrations from the 
expert policies and learning the unified policy by imitation learning 
had the issue of observation drift with increasing steps. To mitigate 
the observation drift issue, we adopted an online learning similar to 
the learning strategies proposed (1, 37). In contrast with rolling 
out the expert demonstrations offline to learn the multitask policy, we 
sampled the observation states visited by the multitask policy online 
during learning and queried the expert policies for action supervi-
sion with the visited observation states. Specifically, online multi-
task learning aggregated the dataset to train the unified policy πθ 
and learn the policy iteratively.

Unified policy architecture. The unified policy πθ was parameter-
ized as a MLP designed to process multitask inputs. To distinguish 
between tasks, each task in the set of tasks  = {T1,T2, … ,T

N
} was 

assigned a unique hot-encoded task identifier zi ∈ ℝ
N , where N is 

the total number of tasks (five in this study). This ID of the task was 
concatenated with the state vector s ∈  to form an augmented state 
s̃i =

[
si ; zi

]
 , where [⋅; ⋅ ] represents the concatenation of the vector. 

The task ID allowed the policy to differentiate tasks. The input layer 
of the MLP policy network took the augmented state s̃i as input. The 
hidden layers consisted of three fully connected layers with dimen-
sions (1024, 1024, 512), activated by exponential linear unit (ELU) 
functions. The output layer mapped the hidden representation to 
the action variable a ∈ ℝ

20 , which represented the expected joint 
positions of the fingers and the wrist of the hand.

Iterative dataset aggregation and policy training. At a training it-
eration, it was assumed that a dataset  = ∪N

i=1
n was given, con-

sisting of state and action pairs 
(
s̃i, ai

)
 for task i . The dataset 

aggregation consisted of three steps. For the policy interaction step, 
the unified policy πθ in the iteration interacted with the environ-
ment to generate a set of state and action pairs τ =

{(
s̃i, ai

)}
 . For the 

expert query step, for each sampled state s̃i in τ , we queried the ex-
pert policies for action supervision ai∗ . For the dataset update step, 
the dataset for task Ti was updated by adding the collected state-
action pairs 

i
← 

i
∪
{(
s̃i , ai∗

)}
 . The dataset  to train the unified 

policy was aggregated by updating all the tasks dataset with these 
states visited by the unified policy and the action supervision que-
ried from the expert policies. Given the aggregated dataset, the pol-
icy was trained with imitation loss, which was defined as the MSE 
between the actions predicted by the unified policy πθ and the ex-
pert actions a∗

Transferring to reality
Directly applying the learned policy in the real world often resulted in 
substantial performance degradation due to the domain gap between 
simulation and physical environments. To mitigate this sim-to-real 
gap, we adopted domain randomization (24, 81, 82). We randomized 
multiple sensory modalities. Specifically, for proprioception, we 

added Gaussian noise to joint positions and velocities, whereas for 
vision, we randomized object colors, textures, and lighting condi-
tions. Last, for tactile sensing, we applied random perturbations to 
the binarization thresholds to account for sensor variability. These 
randomizations were sampled from predefined distributions and ap-
plied both at the start of each episode or during rollouts. A full list of 
randomization parameters and their noise configurations is provided 
in the Supplementary Materials (see the “Sim-to-real transfer via do-
main randomization” section).
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