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Fig. 1: PTLD: sim-to-real Privileged Tactile Latent Distillation is an approach to learn tactile dexterous policies without simulating tactile sensors. First,
Privileged sensor policies are trained in simulation using Reinforcement learning which produces strong policies. These policies are deployed in instrumented
real-world setups to collect tactile demonstrations. Finally, a tactile state estimator is trained from tactile demonstrations to obtain robust real-world deployable
tactile policies. With PTLD, we demonstrate that in-hand rotation is robust to object property changes such as slip, mass, and wrist orientation changes, and
that performance for the challenging task of in-hand reorientation improves significantly by over 57% with tactile sensing, when compared to proprioception
only policy.

Abstract— Tactile dexterous manipulation is essential to
automating complex household tasks, yet learning effective control
policies remains a challenge. While recent work has relied
on imitation learning, obtaining high quality demonstrations
for multi-fingered hands via robot teleoperation or kinesthetic
teaching is prohibitive. Alternatively, with reinforcement we can
learn skills in simulation, but fast and realistic simulation of tactile
observations is challenging. To bridge this gap, we introduce PTLD:
sim-to-real Privileged Tactile Latent Distillation, a novel approach
to learning tactile manipulation skills without requiring tactile
simulation. Instead of simulating tactile sensors or relying purely
on proprioceptive policies to transfer zero-shot sim-to-real, our
key idea is to leverage privileged sensors in the real world to
collect real-world tactile policy data. This data is then used to
distill a robust state estimator that operates on tactile input.
We demonstrate from our experiments that PTLD, can be used to
improve proprioceptive manipulation policies trained in simulation
significantly by incorporating tactile sensing. On the benchmark
in-hand rotation task, PTLD achieves a 182% improvement over
a proprioception only policy. We also show that PTLD enables
learning the challenging task of tactile in-hand reorientation
where we see a 57% improvement in number of goals reached
over using proprioception alone.

I. INTRODUCTION

Contact-rich dexterous manipulation with multi-fingered
robot hands has remained a grand goal in robotics for several
decades. The potential to solve tasks with human-like dexterity
and use tools designed for humans paves a path toward
physical intelligence in areas such as healthcare and household
tasks. Recent work in learning from demonstrations [1]–[3]
has provided a scalable recipe for learning new policies by
collecting large demonstration datasets via robot teleoperation,
hand-held grippers, or kinesthetic teaching. However, such
approaches are impractical for multi-fingered dexterous hands
due to the difficulty of reliably teleoperating hardware for
intricate tasks like using a screwdriver, a wrench, or turning
a doorknob. Kinesthetic teaching is equally challenging when
more than two fingers are required for tasks such as in-
hand object reorientation [4]. While hand-held grippers are
promising [3], [5], they require exoskeleton structures that
must balance flexibility (degrees of freedom) and stability;
consequently, recent successes have largely been limited to
simple tasks.

Sim-to-real reinforcement learning (RL) offers an alterna-



tive for learning dexterous tasks and has seen tremendous
success in robot locomotion [6], [7]. However, most existing
approaches focus on blind, proprioception-only policies for
both locomotion [8]–[10] and manipulation [11], [12]. While a
few works have succeeded with perceptive policies [13]–[15],
training visual policies in simulation is relatively slow due to
the overhead of image rendering. Furthermore, these policies
are often challenged by a significant sim-to-real gap.

Our focus in this work is on tactile dexterous manipulation,
encompassing dynamic tasks such as in-hand rotation, reori-
entation, and pinch-to-power grasp transitions [11], [16]–[19].
The standard approach for these tasks is RL. However, akin to
challenges in training visual policies, there are several hurdles
to training tactile sensorimotor policies in simulation. First,
simulating tactile sensors accurately is difficult; therefore, most
existing works [18], [20] resort to simplified models, such as
single-point or binary contact. Second, existing tactile simu-
lation packages [21]–[23] are not standardized for all tactile
sensors, and primarily rely on rigid-body simulation. Third,
even when using approximate soft-body simulation, a large
sim-to-real gap often prevents straightforward deployment.

In this paper, we present a new approach to learning tactile
manipulation policies without paying the high cost of simulating
tactile sensors. Our method takes inspiration from privileged
latent distillation, where an "oracle" policy is first trained with
access to privileged state information (available in simulation)
and then imitated by a zero-shot deployable policy using
a perceptive state estimator that only has access to partial
observations such as vision or proprioception. This concept has
appeared in literature under various names, such as learning by
cheating [24], data-driven planning via imitation [25], or rapid
motor adaptation (RMA) [26], and has achieved significant
empirical success.

We extend privileged latent distillation in two distinct ways.
First, we extend policy distillation from simulation to the
real world. To achieve this, we require an executable oracle
policy in the real environment. To this end, second, we treat
properties such as object pose and shape as privileged sensors
and deploy these privileged sensor policies in the real world
by instrumenting a robot cell. Once the privileged policy is
executing in reality, we distill its latent representations into a
tactile policy through supervised learning using a paired dataset
of tactile observations and privileged latents.

Privileged latent distillation [24]–[26] is typically imple-
mented with a teacher-student setup requiring two stages: oracle
training and student distillation. Because our method relaxes
student distillation to leverage a few privileged quantities
requiring an additional round of real-world distillation, the
standard two-stage simulation training process can become la-
borious. Therefore, we also present architectural advancements
demonstrating that the initial two-stage simulation approach
can be replaced with an asymmetric actor-critic training step,
requiring only a single round of training.

Finally, we demonstrate successful results on the significantly
harder task of continuous tactile in-hand reorientation—a task
that cannot be accomplished in simulation using proprioceptive

history alone.
In summary, our contributions in this paper are threefold:
• We present a novel approach to learn sensorimotor tactile

dexterous manipulation policies without paying the cost
of simulating tactile sensors. We use privileged sensors
as the interface between simulation and reality to perform
privileged latent distillation using real world data.

• We present architectural advances for training manipula-
tion policies, simplifying the two-stage distillation step in
simulation into a single training step.

• Through our experiments we demonstrate that tactile
policies trained through our sim-to-real latent distillation
approach consistently outperform proprioception policies
as well as adaptation based tactile policies in both
robustness and performance.

II. RELATED WORK

A. Dexterous In-hand Manipulation

Dexterous in-hand manipulation has been an active area
of research for decades [15], [16], [27]–[30]. It features the
cooperative use of multiple fingers on a multi-fingered hand to
grasp and manipulate objects. While classical approaches need
a physical model of the object and robot geometry to plan
robot finger motions [31], [32], recent approaches have had
success with using RL directly to learn policies in a model free
manner [11], [15], [16], [20], [33]. However, RL approaches
face the sim-to-real gap i.e., it is challenging to reproduce real
world sensor observation and physics in simulation. Even for
modalities such as vision where it is feasible to simulate the
sensor, the simulation model is physically inaccurate and does
not describe the real world sensors, therefore extensive visual
domain randomization [13], [34] is crucial. Our method, on
the other hand trains in simulation with observations such as
object poses and object shape that do not suffer a large sim-
to-real gap, but requires one to forgo the zero-shot sim-to-real
deployment assumption.

B. Privileged distillation

Partial observability is a significant challenge in RL. For
dexterous in-hand manipulation of object, estimating precise
contact dynamics is quite important as it determines the object
motion and subsequently the requisite action. In the absence of
sensors to estimate these properties, most existing approaches in
the literature have prominently used privileged distillation [11],
[24]–[26], [35], [36] to learn dexterous manipulation policies.
As described in III, first one trains an oracle policy that has
access to privileged information only available in simulation,
then one distills it into a deployable policy that produces
probabilistic estimates of the privileged state using a small
history of sensor observations. Concretely, this is usually a
history of proprioceptive observations or visual observations.

C. Tactile sensing and Representation learning

The tactile modality has long been promised to be imperative
for such contact-rich dexterous manipulation. The last decade
has seen a plethora of tactile sensors introduced for manipu-
lation ranging from vision-based tactile sensors such as the



Fig. 2: (left) Privileged latent distillation is a two stage approach to training policies in simulation. An oracle policy with privileged information is trained in
stage 1, then it is distilled into a deployable policy in stage 2 (in simulation). (right) Asymmetric Actor Critic is a single stage approach where two networks
actor and critic respectively are trained simultaneously. The critic is provided with privileged information and learns the value function, while the actor is only
given deployable partial sensor information

GelSight [37] and DIGIT [38], magnetic-skin tactile sensors
such as ReSkin [39] and Xela [40], to resistive and capacitive
sensing sensors [41]. Consequently, there also exists a rich
body of work that leverages tactile sensors for perception tasks
and simple manipulation tasks such as peg-insertion [42], [43],
cable manipulation [44] and planar pushing [45]. However,
these tactile manipulation tasks in the literature are chosen
carefully to satisfy the following features: a) the task is often
quasi-static and b) the tasks are simple to demonstrate to
make them amenable to behavior cloning methods [1], [2].
Recently, self supervised tactile representations [17], [42],
[46], [47] address the lack of standardization in tactile sensors
in robotics, demonstrating their use in several manipulation
tasks, although the tasks chosen are largely quasi-static. Of
these, [17] notably proposed a tactile adaptation algorithm
to adapt RL trained dexterous manipulation policies in the
real world to use tactile sensing, along the lines of policy
finetuning [48] using real world data. However, these methods
are fundamentally limited(see Section VI-C) and only gain
from rejection sampling of successful real-world trajectories, as
the performance ceiling of the proprioceptive teacher policies
are limited. In contrast, PTLD produces quantitatively more
robust policy behaviours.

III. BACKGROUND

A. Notation

We model the dexterous manipulation tasks we discuss in
the paper as finite horizon (N ∈ N) Partially Observable
Markov Decision Processes (POMDPs) M ≜ (S,A,X ,P,R)
where (S,A,X ) ∈ {St,At,Xt}Nt=1 denote the state, action
and observation spaces over the finite horizon N respectively.
P = {Pt : St−1 × At−1 → St} denotes the transition
dynamics, and R = {Rt : St × At → [0, 1]} denotes the
reward function. Our goal is to learn policies π : Xt−k+1:t ×
At−k:t−1 → At via Reinforcement Learning (RL) to maximize
the expected return G(τ) =

∑N
t=0 γ

tRt over the horizon as
π∗ = argmaxτ∼Pπ E [G(τ)] .

Specifically, we choose to parameterize the policy with a
neural network that is a combination of an encoder E which
encodes the observations X into a latent space L, which is

then consumed by the policy π to produce actions A. Typically,
we employ two encoders during training. First, we have Ê the
privileged encoder which has access to privileged observations
in simulation, and E the adaptation encoder which only has
access to deployable observations. Then we have the policy as
follows:

At ∼ π(E(Xt−k+1:t),At−k:t−1) (1)

B. Privileged latent distillation

Privileged latent distillation is a two stage approach to
learning deployable policies in the real-world (see Fig. 2). This
requires that the simulation environment for the task supports
a) privileged state observations X priv which are typically low
dimensional quantities such as object, robot and contact states
and b) sensor observations X sensor which can be realized in the
real world such as proprioception and rendered camera. First, an
oracle policy is trained that is allowed to ‘cheat’ and observe the
full privileged state X priv that describes the environment wholly.
Then, a deployable student policy is trained to imitate the
oracle policy given only the sensor observations X sensor. Since
the sensor observations only observe the state partially, most
approaches employ frame stacking where a history of sensor
observations, and previous actions are used as the observation.

The oracle policy is trained in simulation using an RL
algorithm such as PPO [49], while distillation is usually
implemented as supervised learning. Implementations typically
use a) action imitation where the actions between the oracle
and student policies are matched or b) latent imitation where
an encoded latent between the oracle and student policies is
supervised. Specifically, we have

Laction =
∥∥∥π̂(Ê(X priv),A)− π(E(X sensor),A)

∥∥∥ (2)

Llatent =
∥∥∥Ê(X priv)−E(X sensor)

∥∥∥ . (3)

It must be noted that experience or observations collected for
distillation is collected by the deployable (student) policy, while
the supervision signal comes from the oracle encoder. This is
importantly distinct from traditional offline imitation learning
as student distillation implements an on policy variant of
DAgger [50]. Specifically, since the student policy is supervised



Fig. 3: A simplified illustration of PTLD. Once we have a privileged sensor policy trained in simulation using AAC, first we collect demonstrations in the real
world by deploying the policy, and additionally collect deployment sensor observations. Then, we train a deployment encoder (tactile encoder in this case) to
recover the latents from the privileged sensor policy using an offline dataset.

by the teacher on experience collected by the student, the
student observes a wider observation space during training,
resulting in a robust policy.

C. Asymmetric Actor Critic

Asymmetric Actor Critic (AAC) [51] is another approach
which aims to learn robust deployable policies by taking
advantage of full-state observability in simulation. Specifically,
it employs an actor-critic framework, where the critic is
provided with the privileged state X priv, while the actor is
provided with X sensor sensor observations (see Fig. 2). In our
approach, we employ learning policies with AAC, as opposed
to RMA [26] as it simplifies policy learning in simulation into
a single training step.

IV. PTLD: PRIVILEGED TACTILE LATENT DISTILLATION

We now describe our method to train tactile manipulation
policies using sim-to-real tactile distillation along with archi-
tectural improvements that simplify training in simulation.

A. Online distillation with Asymmetric Actor Critic

We employ an asymmetric actor-critic framework for training
manipulation policies in our work as opposed to privileged
latent distillation. As alluded to before, this simplifies training
into a single stage in simulation. Crucially, we find that
parameterizing the actor as separated observation encoder
E and policy π is beneficial, as a separate encoder allows
one to learn general state representations. Therefore inspired
by self-distillation in representation learning [17], [42], [52],
[53] approaches, we employ a self-distillation representation
loss between the latent representations learnt by the critic
(privileged) encoder and the actor (student) encoder:

Llatent ≜
∥∥∥E(X sensor)− sg(Ê(X priv))

∥∥∥ (4)

where sg denotes stop gradient. This loss encourages the
actor encoder to recover privleged object information available
to the critic while operating on partial observations. In our
experiments (see Section VI-B), we find that this online
latent distillation loss improves training reward achieved by

the policy. Furthermore, in simulation evaluation, this simple
distillation loss results in similar performance to privileged
latent distillation, motivating the simplification from two-stage
training to single-stage training in simulation.

As shown in Fig. 2, these networks are trained simul-
taneously, and we use the clip variant of proximal policy
optimization (PPO) [49] augmented with the online latent
distillation loss:

LPPO ≜ LCLIP
π (E, π) + cV LV (Ê, V ) + Lentropy(E, π) (5)

L ≜ LPPO + clatentLlatent (6)

where clatent is a weighting factor. We optimize the total loss
L via backpropagation.

B. Privileged sensors for Sim-to-Real Tactile Distillation

The essence of our method relies on the observation that
allowing the actor access to privileged sensors that provide
higher observability into the state, such as object pose and
object shape, significantly improves policy performance in
simulation compared to policies that take as input only partial
observations X sensor. Despite this gap, most prior work still uses
the suboptimal policy with simplified sensor inputs that are
available at deployment time to achieve zero-shot sim-to-real
transfer, sacrificing policy performance for simple input sensor
modalities. In contrast, the privileged sensor policy cannot be
directly deployed in the real world as these observations are
naturally inaccessible at deployment time. To overcome this
limitation while still benefiting from the privileged policy, we
instrument a real-world cell with multiple cameras and object
markers to provide (noisy) object poses TW

t ∈ SE(3) as the
real world privileged sensor, and additionally also sensorize
the multi-fingered robot hand with tactile sensors. Then we
deploy the privileged sensor policy in the real-world cell and
collect an offline dataset of on policy demonstrations, recording
both the latent representations produced by the policy and the
associated tactile sensor observations (Fig. 3). Using this data,
we train an observation encoder that takes as input both tactile
sensor data and proprioception data to match the latents from



Fig. 4: Visualization of tactile observations and the latents changing over the
first 1 second of privileged sensor policy deployment. Here we visualize only
the tactile data at the robot fingertip for simplicity, however the tactile encoder
takes as input all observations from the hand.

the privileged sensor policy. Formally, as illustrated in Fig. 3
we distill the privileged sensor policy into a tactile policy and
use the MSE loss for supervision.

Since the tactile encoder does not have access to a simulator
for interactive training, naïve offline distillation can suffer from
distribution shift. To address this, we employ DAgger [50],
where we iteratively train the tactile encoder with an aggregated
dataset where experience is collected by the policy using
intermediate trained tactile encoders.

V. THE PRIVILEGED TACTILE MANIPULATION SYSTEM

A. Real world privileged sensor cell

a) Robot Setup: For all experiments, we use the Allegro
hand sensorized with Xela uSkin [40], attached to a Franka
Panda robot arm. There are a total of 18 Xela uSkin sensing
pads on the Allegro hand amounting to a total of 368 individual
sensors. We use the continuous 3-axis raw tactile sensor
measurements from the Xela sensor instead of the processed
force measurements as we find that those measurements contain
significant hysteresis and lag. A baseline signal with no contact
is additionally collected (over 2 minutes) and subtracted from
the raw tactile measurements before data collection each time.

b) Privileged Sensors Setup: To deploy the privileged
sensor policies for latent dataset collection, we instrument the
real world robot cell with 4 Realsense D435i/D435 RGBD
cameras which view the in-hand manipulation area. These
cameras are calibrated jointly and track an Aruco marker
attached to the object being manipulated to produce reliable
multi-view pose estimate that is refined via Pose Graph
Optimization (PGO) [54]. We assume known shapes of the
objects that are being deployed.

B. Manipulation task I: In-hand rotation

We choose the task of in-hand rotation [11], [18], [55] about
the z-axis for our experiments. In this task the robot hand is
required to rotate an object along a specified axis, ensuring
that the object does not drop and remains held by the robot
fingers. We demonstrate that task performance on this task can
be vastly improved by incorporating rich tactile information
as part of the policy observation. For state observation and
reward details for this task, we refer the reader to [11].

a) Tactile encoder: For the tactile encoder (Fig. 5 (a)),
we concatenate the tactile observations X tactile ∈ R368×3,
and the tactile sensor positions computed from the Allegro
joint states using forward kinematics X sensor_pos ∈ R368×3 as

Fig. 5: Tactile encoders for manipulation tasks: a) For in-hand rotation, we
concatenate a history of tactile signals and sensor positions, and encode them
using a 1D temporal convolution network to predict the tactile latents. b)
For in-hand reorientation, we concatenate, tactile signals, proprioception, goal
orientations and past latents and embed them with a causal transformer to
produce future tactile latents.

the input X = cat(X tactile,X sensor_pos) ∈ R368×6. The tactile
observations are produced at 100Hz, and we use a history of
0.5s of tactile data as input to the encoder. Specifically, our
tactile encoder uses a combination of MLP and 1D temporal
convolution as follows: (X → MLP → Temporal conv →
MLP → z), where z is the predicted latent.

C. Manipulation task II: In-hand reorientation

We also develop an in-hand general purpose re-orientation
task designed as a goal orientation reaching problem. We wish
to demonstrate that PTLD can not only be used to improve
existing policies that can be deployed in the real world with
proprioception, but that we can also learn more difficult policies
which require additional information to be encoded. In this
task, we randomly sample goal orientations Rgoal

t ∈ SO(3) of
an object, and the robot is tasked to manipulate the object held
by the fingers, such that it’s pose Robject

t reaches within a set
threshold angular distance (δ ≜ 0.25 rad ≃ 14.5◦) of the goal
orientation (see Fig. 1). However, due to limitations in our
hardware in the real robot cell (i.e., the four cameras are placed
above the manipulation area), we sample goal orientations in
the upper hemisphere within θ = 40◦ about the z-axis. We
use the asymmetric actor critic framework trained with PPO
to solve this task as well.

a) State: The state observation input to the adaptation
module E in simulation includes the Allegro joint states qt ∈
R16, previous joint targets q̃t ∈ R16, noisy object position
pt ∈ R3, noisy object orientation Rt ∈ SO(3), and goal
orientation Rgoal

t ∈ SO(3). All orientations use the the 6-D
rotation representation [56]. We also concatenate the relative
difference between the goal and current object pose to the goal
pose, to facilitate learning. Here, we note that, without current
object orientation input to the actor, we are unable to learn a
successful policy, even in simulation. Further, since a single
observation maybe insufficient, we employ frame stacking
and provide the actor with a 30-step history (∼ 1.5s for a
control rate of 20Hz) of these observations. On the other hand,
the privileged encoder Ê is also provided with object linear
and angular velocity, fingertip states (position, orientation and



velocities.) in addition to the inputs of E.

b) Reward: We train the policy with a mixture of rewards
to ensure that the robot not only succeeds in reaching goal poses,
but also employs natural realizable finger gaits. The reward
(Table V) contains three main terms (rgoal, rsuccess, rstreak),
which includes the rotational distance reward, success bonus
and a streak bonus to encourage the agent to reach multiple
goals one after another. We also encourage the policy to
maintain contact with the fingertips and keep the object in
the center using (rcontact, rposition). In addition to the positive
rewards, we also use motion penalties and energy penalties
to obtain smooth motions. Crucially, we find that penalizing
rfinger_pose the robot finger motion from the initial finger pose
is useful in generating a finger gait. Without this penalty, the
policy learns to curl the fingers along with the object, resulting
in unrecoverable hand configurations. We detail other motion
and energy penalties for reward shaping in the Appendix.

c) Reset: We start the episode with a stable grasp sampled
from a grasp set as commonly implemented, and reset the goal
orientations multiple times within an episode when the object
orientation reaches the goal orientation (≤ δ). Additionally, we
use a z-height threshold to reset the episode when the robot
hand drops the object from its fingers or the object slips to
unrecoverable states. Finally, we also use the standard episode
reset after a fixed number of simulation steps.

Reward Scale

rgoal ≜
1

d(R
object
t ,R

goal
t )+ϵ

2.0

rsuccess ≜ (1 if d(Robject
t ,R

goal
t ) ≤ δ else 0) 5.0

rstreak ≜ Nsuccess
Nmax_success

2.0

rcontact ≜
∑

i(Ci > δcontact) 0.1

rposition ≜ ∥pt − p0∥ 0.05

rfinger_pose ≜ ∥qt − q0∥ −1.0

rfingertip_object ≜
∑

i ∥pfingertipi − pt∥ −0.2

TABLE I: Reward function for any target in-hand reorientation

d) Tactile encoder: Since the in-hand reorientation task
is significantly more complex, and requires the policy to
change gait according to the relative difference between current
object pose Robject

t and the goal pose Rgoal
t , for this task we

use a recursive state estimator as the tactile encoder. This
estimator reasons about the full sequence of tactile observations,
proprioception, and goal orientations of the object. To this
end, we use a Transformer network (see Fig. 5 (b)) to auto-
regressively predict the current latent given the history of
observations and latents. Specifically, we embed each input,
tactile observations X tactile

t ∈ R368×3, proprioception input
X proprio

t ∈ R32, the goal orientations Rgoal
t ∈ SO(3) and

the previous latent zt ∈ R8, individually using 2-layer MLP
networks. We subsequently concatenate all the embeddings,
linearly project it and add positional encodings to produce the
input embedding to the transformer. Finally, the embeddings
are processed by a decoder (causal) transformer, from which
we select the next predicted latent zt+1 during inference.

Fig. 6: Policy performance for stage 2 distillation step in simulation
improves significantly when object pose information is provided in addition
to proprioception input

120

Fig. 7: Asymmetric actor critic (blue) trained in a single stage in simulation
outperforms the RMA distillation approach which requires two stage training
in simulation

VI. EXPERIMENTS

A. Implementation details

We train the policies using PPO [49], and use IsaacGym [57]
as our simulator. Once an offline dataset is collected in the real-
world cell, we train the tactile encoder via supervised learning.
For optimizing the tactile encoder, we use AdamW optimizer,
with a learning rate of 1e−4. We use ROS2 for communication
between the different robot processes, and achieve a real-time
policy deployment rate of ∼ 20Hz for both in-hand rotation
and in-hand reorientation.

B. Privileged sensors improve performance in simulation

We first verify that access to privileged sensors substan-
tially improves policy learning in simulation. In Fig. 6, we
demonstrate that policies trained with object pose in addition
to proprioception achieve significantly higher rewards during
the distillation stage than baseline trained with proprioception
alone. We further evaluate simulation performance under
randomized object properties in Table II, using the quality
metrics established in [11]: (1) Rotation reward defined as
ω · k where k denotes the z-axis, (2) Time to Fall – defined
as the fraction of the episode completed before a drop – and
(3) Undesired rotation penalty, which penalizes any off-axis
rotation. As expected, providing object pose information to the
Stage 2 policy yields improvements across all metrics.

We also compare our single-stage AAC approach with the
two-stage RMA distillation approach. In Fig. 7, we observe
that while the RMA stage 2 distillation step learns much
faster initially, the AAC approach, and more specifically the
AAC variant which uses the online latent distillation (see
Section IV-A) eventually outperforms RMA and leads to



z-axis

Method Input modalities RotR ↑ TTF ↑ RotP ↓

Oracle 159.4 0.89 31.86

Latent distillation (RMA [11]) Proprioception 139.0 0.79 28.53

Latent distillation (RMA [11]) + Pose 153.1 0.86 31.09

AAC Proprioception 141.91 0.80 27.83

AAC + Pose 168.58 0.88 26.51

AAC (no distillation) + Pose 161.48 0.85 29.74

TABLE II: We compare the performance improvement over various baselines
on z-axis in hand rotation, under the same training setting in simulation.
Specifically, compared to [11], we first demonstrate that Asymmetric Actor
critic with latent supervision (AAC) improves performance in simulation
significantly. Further, we demonstrate that additional input modalities such as
object shape and pose produce significant improvements in simulation, which
is a pre-requisite for tactile distillation to outperform the baselines.

policies with better real-world behaviors. Finally, in Table II we
also see that the AAC policy with pose as the privileged sensor
input performs similarly to the RMA policy. This motivates
our choice to simplify training in simulation to a single AAC
training stage.

C. PTLD improves policy robustness in the real world

We evaluate PTLD on hardware against several proprioceptive
and tactile baselines, including RMA [11], the two-stage
distillation approach in simulation, and AAC, our single-
stage asymmetric actor-critic variant. To isolate the specific
contribution of tactile feedback, we also implement a real-
world proprioceptive distillation baseline, which verifies that
tactile signals actively recover privileged information rather
than simply providing additional data for encoder finetuning.
Furthermore, we compare against a Tactile Adaptation baseline
[17] adapted for Xela sensors using Sparsh-Skin [42] repre-
sentations, which involves distillation from a proprioception-
only policy. We conducted 10 trials per method across two
cylindrical objects (see Appendix), quantifying performance
through Total Rotation (angular displacement), Time to Fall
(TTF) (manipulation duration), and Vertical Drift (indicator of
instability).

As illustrated in Figure 8, PTLD outperforms all baselines
by a significant margin, in terms of total rotation and TTF.
We attribute this improvement to the fact that PTLD overcomes
a core limitation of traditional tactile adaptation by sourcing
teacher data from a high-fidelity privileged sensor policy in the
real world, allowing the student policy to reach a much higher
performance ceiling. Additionally, compared to proprioception-
only distillation, the inclusion of tactile feedback enables
the model to capture contact dynamics that are otherwise
unobservable; without these sensors, real-world distillation
often regresses into modest policy finetuning. Qualitatively, the
tactile policy demonstrates sophisticated recovery behaviors,
such as adaptive finger-gaiting adjustments in response to
object slippage, inherited directly from the privileged teacher
(see Fig. 8 (bottom)). In the counter-clockwise rotation policy
metrics, although RMA proprioception outperforms PTLD in
terms of vertical drift, qualitatively we observe that the policy

Avg. Rotation error over 100 steps

Pose parameterization Distillation modality Rad (↓)

Absolute object pose Proprioception 0.43±0.11

Absolute object pose Proprioception + Tactile 0.21±0.03

Relative object pose Proprioception 0.95±0.09

Relative object pose Proprioception + Tactile 0.26±0.05

TABLE III: Average cumulative rotation error over 4.5 seconds (30 inference
steps) for a decoder trained to recover object orientation from latents learned
after real-world distillation. We freeze the proprioception / tactile encoder and
only train the decoder.

tilts the object resulting in high undesired rotation off the
z-axis.

D. Tactile information enhances object state estimation

While previous sections established that PTLD improves
policy robustness, here we analyze the information overlap
between the privileged sensor policy and the tactile policy i.e.,
how much object orientation information is encoded in the
tactile latent.

We trained a 6D rotation decoder (supervised via MSE
loss) on tactile latents produced by student tactile encoder
using tactile policy rollouts. Table III compares the cumulative
orientation error over 30 prediction steps for encoders using
proprioception alone versus combined proprioception and
tactile feedback. We evaluated two pose parameterizations:

1) Absolute Pose (RW
t ): The object’s orientation relative to

the hand coordinate frame.
2) Relative Pose (Rt−H

t ): The orientation relative to the start
of a temporal window H .

In both cases, incorporating tactile information significantly
reduced rotation prediction errors. Notably, proprioception-
only encoders performed poorly with relative pose inputs.
We attribute this to the multi-modal nature of the task i.e.,
similar proprioceptive finger-gait patterns can correspond to
vastly different object motions due to unobserved slippage or
sliding. Tactile sensors disambiguate these cases by providing
direct contact signals. Conversely, with absolute pose, the
decoder likely learns a fixed transform since the hand remains
stationary during deployment in this dataset. Qualitative results
for absolute pose estimation are visualized in Figure 9.

E. Tactile object In-hand reorientation

As detailed in Section V-C, we trained an in-hand reorienta-
tion policy with privileged access to object and goal poses. This
task serves as a benchmark for PTLD, demonstrating its ability
to learn complex policies that demand high-precision object
state estimation. We observed that a temporal-convolutional
encoder was insufficient for this task, often collapsing into
a single finger-gaiting mode, rotating the object in only one
direction. To address this, we implemented an Autoregressive
Transformer-based encoder, which captures the long-range
dependencies required for multi-directional reorientation. We
evaluate performance using two metrics: the number of goals
reached (Ngoals) and the Time to Fall (TTF). As shown in
Table IV, removing tactile information from the Transformer



Fig. 8: (top) Real world comparison of in-hand rotation policy performance over 10 trials with three cylinder like objects. PTLD consistently outperforms all
baselines by a large margin (bottom) We observe that with PTLD, the tactile policies show recovery behavior where finger gaiting patterns change to keep the
object pose in a ’good’ state.

Fig. 9: Visualization of object pose reconstruction from tactile latent decoder: The red transparent cylinder denotes the predicted object pose prediction, while
the gray translucent cylinder denotes the true object pose recorded from the instrumented cell during deployment. Specifically, we compose the predictions over
each second to visualize the cumulative tactile object pose reconstruction over time.

In-hand reorientation

Method Ngoals reached (↑) TTF (s) (↑)

Autoregressive Transformer (proprio) 2.1±2.14 10.99±10.15

Autoregressive Transformer (tactile+proprio) 3.3±1.55 13.42±10.18

TABLE IV: In-hand reorientation performance significantly drops in the
absence of tactile information. Metrics are computed over 10 trials, and each
episode is run until the object is dropped out of the robot hand.

encoder leads to a significant drop in success rate. Qualitatively,
tactile feedback proves essential for robustness, allowing the
policy to detect and compensate for object slippage in real-time.

VII. CONCLUSION

In this paper, we presented PTLD, a framework for learning
dexterous manipulation policies that leverage tactile sensing
without the need for accurate tactile simulation. Our core
insight is to move beyond the traditional zero-shot sim-to-
real constraint. Instead, we execute policies in real-world
instrumented setups using privileged sensors, then distill these
rollouts into tactile policies by aligning the implicit state
latents of the privileged sensor policy with those of the tactile
policy. We demonstrated the efficacy of PTLD on complex
tasks, including in-hand rotation and reorientation, achieving
significant performance gains in both. While this work focuses
on tactile sensing, our methodology is general-purpose and
provides a blueprint for learning perceptive policies across

other modalities, such as vision.
Limitations: While PTLD offers a novel streamlined approach

to training policies with sensing modalities that are difficult to
simulate, we identify the following limitations:

• Information Overlap & Asymmetry: PTLD relies on dis-
tillation from a privileged sensor policy. Success depends
heavily on the information overlap between the privileged
and deployment sensors. For example, a privileged sensor
providing noisy object poses primarily recovers kinematic
data. In contrast, a tactile sensor can capture rich dynamic
information, such as contact forces and vectors. Selecting
a privileged sensor that minimizes this informational gap
is critical for high-fidelity distillation.

• Privileged Sensor Noise Floors: All real-world sensors
possess inherent noise. Because our distillation source is
a policy trained in simulation, it must be robust to the
specific noise profiles of the real-world privileged sensors.
High noise in object pose estimation, for instance, sets a
performance ceiling on the deployed policy. While high-
precision systems like motion capture can mitigate this, the
dependence on such instrumentation remains a constraint.

• Instrumented Setup Requirements: The requirement for
an instrumented setup (e.g., external cameras or trackers)
to provide privileged state information during distillation
may limit rapid application of this method to completely
unstructured or "in-the-wild" environments.
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APPENDIX A
GRASP GENERATION

For both the policies we consider in this paper, we generate
a grasp cache tuned for the Xela hand, which provides initial
stable grasps as starting points for the episode. Inspired
from [11], to generate the stable grasp poses, first, we initialize
the robot hand (Xela hand) to a canonical pose and randomize
the joint configuration within set limits, while the object is
initialized slightly above the robot hand. Once the simulation
proceeds, we retain the grasps if the object is held stably after
50 simulation steps.

APPENDIX B
IN-HAND ROTATION

A. Object diversity

Figure 10 shows the set of objects used for data collection
and policy evaluation. We use four cylindrical objects with
radii of 30 mm, 31.75 mm (×2), and 33.4 mm; heights of 70
mm, 178 mm (×2), and 200 mm; and varying surface frictions.
In addition, we use two square bottles with side lengths of 54
mm and 60 mm, and heights of 187 mm and 194 mm.

The object masses range from 22 g to 90 g (22 g, 24 g, 30
g, 46 g, 87 g, and 90 g). To further vary the mass during data
collection and evaluation, we insert additional weights of 18 g
and 36 g into the bottles. Each weight piece (black nut) has a
mass of 9 g.

B. Results of in-hand rotation policy with comparison against
baseline policies

Figure 11 shows screen shots comparing policy performance
on hardware. The top row shows screenshots from executing
our tactile policy, where frequent finger gait adjustments are
observed. Between 15–17 s, the object is pushed upward and
tilts to the right. The tactile sensing detects this orientation
change and the controller slightly loosens the grip, allowing
the object to settle back to a stable height for the next 100 s.
Later, at 124 s, the object drops below the stable region again.
The fingers exhibit recovery behavior and push the object back
upward. The full trajectory lasts for 220 seconds.

The bottom row shows screenshots from the real-world
proprioceptive distillation baseline, where the object extrinsic
encoder relies only on proprioception at deployment time. As
the object is pushed upward, the fingers exhibit no recovery
behavior. The object continues to slip up and falls out of the
grasp after 13 s.

APPENDIX C
IN-HAND REORIENTATION

A. Additional reward details

In addition to the rewards described in Section V-C, we
also use several additional reward shaping terms to ensure that
the policy results in natural gaits. We detail the rewards below:

Fig. 10: objects used in data collection and policy evaluation

Fig. 11: Screenshots comparing ours (top) and proprioception baseline
(bottom).

Reward Scale

rangular_velocity ≜ ∥ (Rt·R⊤
t−1)

∆t
∥ −0.05

racceleration ≜ ∥q̇t − ˙qt−1∥ −0.005

raction ≜ ∥at∥ −0.005

raction_rate ≜ ∥at − at−1∥ −0.2

rjoint_limit ≜ max(qlower − qt, 0)+

max(qt − qupper, 0) −0.1

robject_velocity ≜ ∥ pt−pt−1

∆t
∥ −1.0

rtorque ≜ ∥τ∥ −0.5

rwork ≜ ∥τ ·∆q∥ −4.0

rtimeout ≜ t ≥ T −1.0

ralive ≜ t− t0 −0.01

TABLE V: Reward function for any target in-hand reorientation

B. Additional results of in-hand reorientation policy

In Fig. 12 we visualize a roll out of the AAC trained policy
in simulation showing continuous goal reaching behaviors. In
simulation the policy is provided access to current object orien-
tation as well as goal orientation in addition to proprioception.
Furthermore in simulation the policies are trained for a wider
distribution of goal poses (∼ 40◦ about the z-axis), and the



Fig. 12: Visualization of simulation in-hand reorientation

Fig. 13: Visualization of real world tactile in-hand reorientation

success threshold is tighter (= 20◦). Similarly in Fig. 13 we
visualize a real world roll out of the tactile in-hand-reorientation.
We find that the tactile policy is able to manipulate objects
reaching multiple goal poses within a single deployment. A
demo is also additionally provided in the video submission. It
must be noted that the marker is only used to evaluate whether
a goal pose has been reached, and the policy does not take
current object pose as input. In the real world we relax the
success threshold to ∼ 30◦.
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