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Figure 1: We present LocoTouch, a system for learning tactile-aware quadrupedal policies with zero-shot sim-to-
real transfer. Equipped with a custom distributed tactile sensor on the back, LocoTouch enables quadrupedal
robots to robustly transport a wide range of unsecured everyday objects with diverse physical properties.

Abstract: Quadrupedal robots have demonstrated remarkable agility and robust-
ness in traversing complex terrains. However, they struggle with dynamic object
interactions, where contact must be precisely sensed and controlled. To bridge
this gap, we present LocoTouch, a system that equips quadrupedal robots with
tactile sensing to address a particularly challenging task in this category: long-
distance transport of unsecured cylindrical objects, which typically requires custom
mounting or fastening mechanisms to maintain stability. For efficient large-area
tactile sensing, we design a high-density distributed tactile sensor that covers the
entire back of the robot. To effectively leverage tactile feedback for robot control,
we develop a simulation environment with high-fidelity tactile signals, and train
tactile-aware transport policies using a two-stage learning pipeline. Furthermore,
we design a novel reward function to promote robust, symmetric, and frequency-
adaptive locomotion gaits. After training in simulation, LocoTouch transfers
zero-shot to the real world, reliably transporting a wide range of unsecured cylindri-
cal objects with diverse sizes, weights, and surface properties. Moreover, it remains
robust over long distances, on uneven terrain, and under severe perturbations.
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1 Introduction

Quadrupedal robots have made remarkable progress in recent years, demonstrating agile and robust
locomotion in challenging terrains [1, 2, 3, 4, 5]. Building on these advances, researchers have begun
exploring object interaction skills for quadrupeds, including button pressing, soccer dribbling, and
object pulling [6, 7, 8, 9, 10, 11, 12]. Although these behaviors represent important milestones,
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they remain limited to relatively simple tasks or short-duration interactions. In contrast, dynamic
object interactions that involve sustained contact remain largely unexplored. In this work, we study a
particularly challenging task in this category: long-distance transport of unsecured cylindrical objects.

Previous approaches for quadrupedal transport often rely on boxes to contain the object during
transport [13, 14, 15]. However, such methods limit the variety of object shapes and sizes, cannot
adapt the robot action to object movement within the container, and increase the robot's footprint
during non-transport tasks, making the system unnecessarily bulky. For larger objects, secure fastening
is particularly challenging and typically requires custom, object-speci�c mounting mechanisms [16,
17, 18]. In contrast, transporting objects without containers or mounting mechanisms removes
constraints on object geometry and size and eliminates manual fastening procedures. Despite its
bene�ts, transporting unsecured objects that are dynamically moving entails signi�cant challenges in
object state perception, sim-to-real transfer, and ensuring policy robustness and precision.

To address these challenges, we introduce LocoTouch, a system that equips quadrupedal robots with
tactile sensing to enable dexterous transport of unsecured cylindrical objects. We design a high-
density distributed tactile sensor composed of 221 sensing units that cover the robot's back, enabling
ef�cient perception of dense contact signals. Inspired by recent successes in visual locomotion policy
learning [2, 19, 20], we adapt a two-stage learning pipeline to train a tactile policy in simulation.
During the RL training stage, we design a novel gait to learn stable, symmetric, and frequency-
adaptive locomotion gaits for robust object balance and accurate velocity tracking. To support
effective distillation, we introduce a simple yet effective tactile modeling approach that captures the
force-conditioned contact spread inherent to the distributed sensor, enabling ef�cient simulation of
high-�delity tactile signals. Enabled by these design choices, LocoTouch transfers zero-shot to the
real world (Figure 1), reliably balancing and transporting a wide range of unsecured, cylindrical
everyday objects with diverse weights (0.03–1.45kg), lengths (0.10–1.26m), and diameters (0.03-
0.18m). Moreover, it robustly balances objects with slippery surfaces over long distances (tested up
to 60m without failure) and under severe external perturbations.

In summary, our main contributions with LocoTouch are the following:

• A low-cost, high-density, and high-sensitivity distributed tactile sensor that covers the robot's
entire back, along with an ef�cient modeling method for high-�delity tactile simulation.

• An adaptive gait reward that enables the policy to learn stable, symmetric, and frequency-
adaptive locomotion gaits without prede�ned gait patterns and timing references.

• The �rst tactile quadrupedal policy for unsecured object transport that transfers zero-shot to
the real world, demonstrating strong generalization, robustness, and agility.

2 Related Works

Quadrupedal Locomotion and Loco-Manipulation. Recent advances in quadrupedal locomotion
have enabled robots to walk and run on challenging terrains [1, 2, 4, 5, 19, 20, 21, 22]. Beyond loco-
motion, loco-manipulation has emerged as a promising direction to extend their capabilities to interact
with the environment [6, 7, 8, 9, 11]. However, dynamic interactions involving sustained contact,
such as the transport of unsecured objects by quadrupedal robots, remain largely underexplored.

Quadrupedal Robots with Tactile Sensing.Integrating tactile sensing into quadrupedal robots has
attracted increasing interest in the robotics community. Foot-mounted tactile sensors have been shown
to improve locomotion stability and terrain perception [23, 24, 25, 26, 27, 28, 29]. To better mimic
animal-human interaction, recent work has equipped quadrupedal robots with multiple high-resolution
tactile sensors across the torso to collect data for reactive behavior classi�cation [30, 31]. However,
these efforts either focus solely on locomotion or limit tactile sensing to passive data collection. In
contrast, our system actively leverages high-density, wide-coverage tactile feedback from the entire
back to enable autonomous dexterous transport of unsecured objects.

Tactile Simulation and Policy Learning. Learning tactile policies from real-world human demon-
strations [32, 33, 34, 35, 36, 37] has shown promising results, but collecting high-quality tactile
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demonstrations is often dif�cult and expensive. A more ef�cient and scalable way is to learn train
in simulation. For point-based tactile sensors, characterized by discrete sensing elements without
signal interference, each sensor is typically simulated as an individual rigid body, and manipulation
policies are learned based on binary contact signals [38, 39, 40, 41]. For distributed tactile sensors,
advanced simulation methods have been developed to model material softness and force spread
accurately [42, 43, 44, 45, 46], but these approaches are often computationally expensive for the
learning of RL policies, which requires massively parallel simulation environments. To improve
ef�ciency, compliant contact models have been used to simulate coarse binary signals [47, 48], which
do not capture the contact spread of real signals. In contrast, our expanded collision modeling
ef�ciently simulates realistic contact spread. Furthermore, the tactile policies mentioned above focus
mainly on robotic arms or dexterous hands. In contrast, our task requires a quadrupedal robot, a
highly dynamic system, to perform simultaneous locomotion and object interaction using dense
tactile input (221 taxels), posing unique challenges for both policy learning and sim-to-real transfer.

3 Overview of LocoTouch

Our goal is to learn a tactile policy for quadrupedal robots to balance and transport unsecured objects
on the back in the real world. To enable this, we design a high-density distributed tactile sensor,
simulate its taxels ef�ciently and accurately, and process the tactile signals to enable zero-shot sim-
to-real transfer (Section 4). For learning an effective policy with tactile input, we adapt a two-stage
learning method (Figure 2) by �rstly training the teacher policy with object state and proprioception
sequences as inputs using Proximal Policy Optimization (PPO) [49], and utilizing DAgger [50] to
distill it to the student policy that observes the tactile signals for real world deployment (Section 5).

Figure 2: Training pipeline of LocoTouch. The teacher policy is trained via reinforcement learning using
privileged object state information. The student policy replaces object state with tactile observations encoded by
a Conv-GRU network and is distilled from the teacher using Behavior Cloning and DAgger. Both policies share
proprioception and command inputs, and output joint position targets for the robot.

4 Distributed Tactile Sensing and Simulation

Sensor Design As shown in Figure 3 (a), we design a high-density, large-area tactile sensor that
fully covers the back cover, which is mounted on the torso of a quadrupedal robot. The tactile sensor
consists of a piezoresistive �lm, sandwiched between orthogonally aligned conductive electrodes
made of conductive fabric. We equip the sensing array with additional layers of adhesive at the top
and bottom for fastening and protection. Each tactile unit, ortaxel, is located at the intersection of
conductive electrodes. When external contact forces deform the piezoresistive �lm, the resulting
change in resistance is detected via the intersecting electrodes. We can measure the resistance at
each individual taxel using an electrical-grounding-based signal isolation circuit [51]. The taxels are
arranged in a distributed grid with an overall coverage of250� 180mm, divided into 17 rows on the
top layer and 13 columns on the bottom layer. The intersections of each row and column create an
evenly distributed array of 221 taxels, where each intersection block covers an effective sensing area
of 14.3� 12.8mm. To acquire signals ef�ciently, we sequentially process the tactile signals one row
at a time, where we apply a constant current from the top layer, and measure the voltage drop at the
bottom layer. For reliable tactile sensing with wide signal coverage, we minimize the gap between
adjacent taxels, and design each tactile unit to be 11.3� 10.5mm in size.
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Figure 3: Distributed tactile sensing for LocoTouch. (a) Our custom, high-density tactile sensor covers the entire
back of the robot. (b) Force propagation through soft materials activates adjacent taxels. (c) The collision model
for each taxel is expanded in simulation to simulate the spatially coupled contacts in real sensors.

Simulation of Coupled Contacts While the matrix-based tactile sensor design improves scalability
and wiring ef�ciency, it inevitably introduces signal coupling between adjacent taxels. As illustrated
in Figure 3 (b), when a force is applied to a taxel, the mechanical deformation caused by the contact
force tends to propagate through the soft sensing material, resulting in contact signals in adjacent
taxels as well. Moreover, this contact spread is highly sensitive to the precise position of contact. For
example, compared to a force applied at the center, a force applied close to the edge of a taxel is much
more likely to trigger force response in nearby cells. Therefore, standard, taxel-based approaches like
convolutional �lters cannot accurately capture the nature of such contact coupling.

To ef�ciently reproduce this coupling of contact signals in simulation, we create the simulated taxels
with a calibrated enlarged collision area of18.3� 17.5mm for each unit, so that contact forces
applied closer to the taxel edge trigger sensor readings in multiple nearby taxels, as demonstrated
in Figure 3 (c). Without explicitly querying and processing the exact position of each contact point,
this approach enables fast and scalable simulation of realistic tactile signal patterns, capturing both
localized and distributed contact characteristics. Please refer to Appendix B for calibration details of
the expanded model.

Binary Contact Signals While ground-truth contact forces is directly available in simulation, real-
world tactile sensors estimate these forces from voltage readings, where the voltage-force relationship
is noisy and highly non-linear. Even with careful calibration, the exact values of the contact forces
may still differ signi�cantly from simulation, creating a signi�cant sim-to-real gap. To address this,
we convert the contact signals to binary 0-1 readings [38, 40], where the force threshold is set to be a
�xed number in the simulation (f sim = 0 :05N ), and a calibrated voltage change value in the real
sensor. To further narrow the sim-to-real gap, we randomly �ip0:5% of contact and non-contact
signals respectively in simulation.

5 Tactile-Aware Quadrupedal Policy Learning

5.1 Overview of Teacher-Student Approach

Similar to previous works [1, 2, 20], we adopt a teacher-student approach to train the tactile policy.
In the �rst step, we train the teacher policy using reinforcement learning (RL), where the teacher
policy observes object states (Section 5.2). We then distill the teacher policy into a student policy
using DAgger, where the student policy imitates the behavior of the teacher policy with simulated
tactile inputs (Section 5.4).

5.2 Teacher Policy Training

State and Action Space We model the environment of the teacher policy as a Markov Decision
Process (MDP), where the observation spaceot 2 R58 consists of the pose and velocity of the object
sobj

t 2 R13 (position, quaternion, linear velocity and angular velocity) in the robot frame, robot
proprioceptionsproprio

t 2 R30 (gravity vector, base angular velocity, joint positions and velocities),
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velocity commandvcmd
t 2 R3, and the last actionat � 1 2 R12. The teacher policy takes a6-step

history of observationso( t � H ) :::t 2 R340 as input and outputs the target joint positionsat 2 R12,
which is tracked by a following PD controller.

Environment for Object Transport In our environment, the robot transports a diverse set of
cylindrical objects with randomized physical properties. Speci�cally, we randomize each object's
radius[0:03 m; 0:07 m], length[0:1 m; 0:4 m], mass[0:5 kg; 2:5 kg], and contact friction coef�cient
[0:3; 1:0]. The initial object pose is also randomized, with translations alongx andy sampled from
[� 0:05 m; 0:05 m] and[� 0:04 m; 0:04 m], respectively, and yaw from[� 30� ; 30� ]. To ensure a
stable starting phase and prevent premature policy reactions, we set all velocity commands to zero
during the �rst 50 steps of each episode and mask the object state observations with Gaussian noise
until the object makes its �rst contact with the robot. For training ef�ciency, we terminate episodes
early if the object falls beneath the robot's torso or if the torso or hips contact the ground. To improve
learning robustness, we apply random external pushes to both the object and the robot during training.
We also adopt a velocity command curriculum that adapts based on velocity tracking performances.

Reward Design We design the reward to consist of 5 components:

r = r alive + r task+ r drag+ r gait + r reg

r alive is a constant that ensures the overall reward remains positive.r task encourages the robot to
track the velocity command and balance the object.r reg is a set of regulatory terms for stable and
smooth locomotion [3]. To mitigate the sim-to-real gap caused by foot deformation and enable stable
deployment in the real world, we de�ner drag as a sum of four binary penalty terms, one for each leg.
Each penalty activates when a foot is near the ground while exhibiting high lateral velocity (details in
Appendix C.4). Finally,r gait is an adaptive term that promotes symmetric and stable gait patterns. We
�nd this term to be essential for learning a robust and reliable transport policy, and we discuss it in
detail in Section 5.3.

5.3 Adaptive Gait Reward

While several locomotion gaits have been implemented in quadrupedal robots [3, 4], thetrotting gait
remains the preferred choice for stable object transportation. To promote trotting behavior, prior
work [3, 15] introduces contact references into the reward function, typically based on �xed stepping
frequencies. However, imposing �xed contact sequences and explicit timing constraints prevents the
policy from learning adaptive locomotion behaviors, which is particularly important in our case of
unsecured object transport. In this work, we introduce anadaptivegait reward that removes the need
for any externally provided timing reference, allowing the policy to learn �exible and dynamic gait
timing in aself-supervisedmanner.

Let ci = f 0; 1g denote the contact state of thei th leg, wherei = 1 ; : : : ; 4 corresponds the front-
right (FR), front-left (FL), rear-right (RR), and rear-left (RL) legs, respectively. The 4 legs form 6
pairs, which we group into diagonal pairsPdiag = f (FR; RL ); (FL; RR )g and lateral pairsP lat =
f (FR; FL ); (FL; RL ); (RL; RR ); (RR; FR )g [52]. Given the alternating contact of diagonal pairs
in the trotting gait, we de�ne the adaptive gait reward as:

r gait =
1
2

X

( i;j )2 P diag


 sym1f ci = cj g +
1
4

X

( i;j )2 P lat

1f ci 6= cj g (1)

where the �rst term encourages synchronized contact states between diagonal legs, and the second
term promotes alternating contact states between lateral legs. To further guide the learning of
symmetric air times and encourage a relatively low gait frequency, we de�ne an adaptive coef�cient

 sym for the diagonal term. We brie�y discuss the construction of
 sim here, and include the detailed
formulation in Appendix C.4. We de�ne
 sim as:


 sym =
�

1 ci = cj = 1
� taskf sym

�
tcurrjtprev; t0

prev

�
ci = cj = 0

(2)
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In short, 
 sym takes a constant value when the diagonal pair is in contact and an evaluated
symmetricity score when both legs are in swing. More speci�cally, for a diagonal pair in
swing (ci = cj = 0 ), we de�ne 
 sym as the product of a normalized task performance
score� task 2 [0; 1] and a symmetricity scoref sym

�
tcurrjtprev; t0

prev

�
2 [� 1; 1]. The task perfor-

mance score� task evaluates the robot's performance in velocity tracking and object balancing.

Figure 4: Symmetricity scoref sym for vary-
ing previous air timestprev. Whentprev <
t0

prev, f sym increases linearly up to an upper
bound, encouraging longer air times and a
more stable gait. Whentprev > t 0

prev, f sym

penalizes excessively long swing durations,
promoting more symmetric gaits.

The symmetricity score is computed based ontcurr; tprev,
t0
prev, which denote the air time of the current (t) or the

alternative diagonal pair (t0) of feet, in the current or the
previous gait cycle. We plotf sym for different values of
tprev andt0

prev in Figure 4. Intuitively, if the current pair
encountered shorter previous air time(tprev < t 0

prev) as
the blue line show,f sym encourages it to have longer air
time with the score symmetricity up to an upper bound
ub. If the current pair experienced longer previous air
time (tprev � t0

prev), f sym encourages current air time up to
� t 0

prev, and penalizes exceedingly long air times, where
� is 1:2 in our implementation. Furthermore, the penalty
is more serious if their previous air time difference is
larger, as demonstrated with the other three lines. Since
this symmetricity score is computed individually for both
diagonal pairs, it encourages the foot pairs to have long
swing times while respecting the previous swing time of
the alternative pair.

5.4 Student Policy Distillation

After training the teacher policy that relies on object state obtained from simulation, we aim to train a
student policy based on onboard tactile sensing for deployment. The only input difference between
the teacher and student policies is that the student policy observes tactile map while the teacher policy
observes object state sequence. As shown in Figure 2, following a similar monolithic architecture
as in [2], we use a convnet-GRU encoder to encode the tactile map and feed the tactile embedding,
along with other observations, into the MLP-based policy backbone. We adopt a two-stage distillation
process [53], �rst collecting a dataset of 400k state-action pairs from the teacher to pre-train the
student policy via Behavior Cloning (BC). We then re�ne the student policy using DAgger [50],
training it over 7 iterations, with each iteration collecting 200k additional state-action pairs. To better
match real-world conditions, we also measure the tactile signal latency (0:02–0:04s) and simulate
this delay during training.

6 Experiments

We design experiments to answer the following questions: 1) Is LocoTouch able to achieve robust
object transport in the real-world in face of changing commands and object sliding (Sec. 6.1)? 2)
How important is the inclusion of tactile sensing in these tasks (Sec. 6.2)? 3) How does the proposed
taxel modeling method affect the simulation �delity (Sec. 6.3)? 4)How does incorporating the
symmetricity function alter the gait behavior (Sec. 6.4)?

6.1 Dexterous Quadrupedal Transport with Tactile Sensing

LocoTouch enables general, robust object transport.We equip the Unitree Go1 robot's back
with our custom distributed tactile sensor, as shown in Figure 1. The tactile policy enables the
robot to dynamically balance a 1.45kg cylinder and successfully transport it through dense obstacles
under frequent sharp turns, demonstrating its ability to track velocity commands and maintain object
stability in complex real-world scenarios. Furthermore, the robot can reliably balance and transport a
diverse set of everyday objects with signi�cantly varying, out-of-distribution geometries – ranging in
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diameter from 0.03 to 0.18m, length from 0.10 to 1.26m, and mass from 0.03 to 1.45kg, including
items with extremely slippery surfaces, such as a drink can. It also maintains stable transport even
under external perturbations and disturbances, as demonstrated in the accompanying video.

LocoTouch exhibits agile and adaptive behaviors.To evaluate LocoTouch's agility and adapt-
ability during object transport, we apply time-varying forward velocity commands and record
both robot and object states using a motion-capture system and onboard foot-contact sensors.

Figure 5: Transport object under time-varying forward ve-
locity commands.Top: commanded velocity and measured
robot velocity.Middle: robot pitch and object forward dis-
placement in the robot frame.Bottom: binary foot-contact
patterns, where black segments indicate contact.

As shown in Figure 5, the robot rapidly
responds to track the sharp velocity com-
mand changes (e.g., from 0 to 0.4 m/s at
0.5 s and from 0.4 to 0.2 m/s at 3.5 s), while
maintaining object balance. Notably, we
observe an inverse coupling between the
robot's pitch angle and the object's forward
displacement in the robot frame, indicat-
ing active compensation for object motion.
Furthermore, the foot-contact pattern re-
veals adaptive stepping: the robot slows its
stepping frequency when the velocity com-
mand drops at 3.5 s, then speeds up again
at 6.0 s in response to the object sliding
backward, even though the commanded ve-
locity remains unchanged. These behaviors
highlight the policy's ability to adaptively
adjust the gait frequency based on both commanded velocity and object state.

6.2 Quantitative Evaluation of LocoTouch

We evaluate the performance of LocoTouch in simulation on two task families: pure balanc-
ing (B), which uses zero-velocity commands, and object transport (T), which uses non-zero ve-
locity commands. For each setting, we assess whether the policy can successfully complete
the task for 5s and 10s, and compute the success rate over 8,000 trajectories. All evalua-
tions are conducted in the same environment used during training, with identical terrain, robot,
and object con�gurations. Table 1 reports the resulting success rates for �ve policy variants:

Policy Variant Success Rate

B-5s B-10s T-5s T-10s

Teacher 99.4% 98.8% 99.8% 99.8%
Teacher w/o Object State 0.0% 0.0% 0.0% 0.0%
Student(ours) 96.2% 95.8% 96.7% 96.4%
Student w/o Tactile Sensing 0.0% 0.0% 0.0% 0.0%
Locomotion Only 0.77% 0.42% 0.20% 0.03%

Table 1: Success rates of different policies on balancing
(B) and transport (T) tasks, measured over 5-second and 10-
second durations.

(a) the teacher policy in our training
pipeline; (b) a teacher variant that omits
object-state inputs; (c) the resulting student
policy; (d) a student variant without tactile
inputs; and (e) a locomotion-only policy
trained without object interaction.

The teacher policy achieves near-perfect
success, and our tactile student policy simi-
larly maintains high performance across all
tasks. By contrast, the locomotion-only baseline and the teacher variant without object-state inputs
perform poorly, demonstrating that rich object-interaction feedback is indispensable. Removing
tactile input from the student also leads to complete failure, underscoring the critical role of tactile
sensing in enabling object balancing and transport. We also perform quantitative evaluations of
LocoTouch in real-world scenarios; details are provided in Appendix E.2.

6.3 High-Fidelity Tactile Simulation with Expanded Collision Model

To evaluate the �delity of our tactile simulation, we collect tactile signals from the real sensor
while tracking a cylindrical object's pose relative to the robot frame via motion capture. We then
replay these poses in simulation to generate tactile signals using three taxel simulation models:
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Figure 6: Comparison of tactile maps generated by dif-
ferent simulation methods with real sensor signals. Ob-
ject poses are (x = 0 :01 m; y = 0 ; yaw = 0 � ) and
(x = 0 ; y = 0 ; yaw = 30 � ).

(a) InterSect: an intersection-only model that
detects contact only at cable intersections; (b)
Filtered: a Gaussian-smoothed model that ap-
plies a Gaussian �lter (kernel size 3) to the out-
put of InterSect, and (c)Ours: the proposed ex-
panded collision model that enlarges each taxel's
effective contact area. Figure 6 compares the
simulated and real signals for two representative
object placements. As shown in the �gure, the
expanded contact model reproduces the sensor
contact patterns with the most faithfulness in
both shape and spatial distribution. In contrast,
InterSect underestimates the contact spread, while the Filtered model excessively blurs it.

6.4 Symmetricity Function Improves Gait Symmetry and Task Performance

Figure 7: Comparison of stepping air time for
diagonal foot pairs over training. Our method
promotes low-frequency symmetric gaits.

As described in Section 6.1, the robot rapidly adapts its
stepping frequency in response to command changes or ob-
ject sliding while maintaining gait symmetry. We further
compare two approaches for setting
 sym in the gait re-
wardr gait during teacher policy training: a constant value
(
 sym = 1 ) as the baseline, and our symmetricity function
(Equation 2). To evaluate gait symmetry, we track the
stepping air time of the two diagonal foot pairs. As shown
in Figure 7, the baseline policy exhibits a signi�cant dis-
crepancy in air time between the diagonal pairs, indicating
poor symmetry. In contrast, our symmetricity function
yields well-aligned air times across both pairs and encourages a lower overall stepping frequency.

Notably, although both teacher policies perform similarly in simulation, their real-world behaviors
differ signi�cantly. As shown in Figure 8, we deploy both policies on real robots with a forward
velocity command of0:3m=s. The baseline policy exhibits asymmetric gaits, which not only appears
unnatural but also degrades tracking performance due to uneven foot deformation across the diagonal
pairs. In contrast, our policy maintains symmetric gaits and accurately tracks the commanded velocity.

Figure 8: Baseline teacher policy exhibits lateral drifting due to asymmetric deformation of the foot pairs; while
policy trained with our symmetricity function tracks the forward velocity command accurately.

7 Conclusion

We presented LocoTouch, a quadrupedal system that enables dynamic and dexterous transport of
unsecured objects through distributed tactile sensing and learning-based control. Our approach
features three key components: a high-density tactile sensor, an ef�cient tactile simulation model that
generates high-�delity signals, and an adaptive gait reward that facilitates symmetric and adaptive
gaits. Together, they enable LocoTouch to transfer zero-shot to the real world, reliably balancing and
transporting diverse unsecured everyday objects with strong generalization, robustness, and agility.

In the future, we plan to extend LocoTouch with multi-modal sensing such as visual-tactile sensing to
support more versatile quadrupedal skills. In addition, expanding tactile coverage to the full body
opens up exciting opportunities for omnidirectional interaction and whole-body manipulation.
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