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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 the number of goals reached
over using proprioception alone.

Website: https://akashsharma(2.github.io/ptld-website/

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


https://akashsharma02.github.io/ptld-website/

approaches are impractical for multi- ngered dexterous hantlaining and student distillation. Because our method relaxes

due to the dif culty of reliably teleoperating hardware forstudent distillation to leverage a few privileged quantities

intricate tasks like using a screwdriver, a wrench, or turnimgquiring an additional round of real-world distillation, the

a doorknob. Kinesthetic teaching is equally challenging whestandard two-stage simulation training process can become la-

more than two ngers are required for tasks such as iberious. Therefore, we also present architectural advancements

hand object reorientation |[4]. While hand-held grippers ademonstrating that the initial two-stage simulation approach

promising [3], [5], they require exoskeleton structures thatn be replaced with an asymmetric actor-critic training step,

must balance exibility (degrees of freedom) and stabilityrequiring only a single round of training.

consequently, recent successes have largely been limited tBinally, we demonstrate successful results on the signi cantly

simple tasks. harder task of continuous tactile in-hand reorientation—a task
Sim-to-real reinforcement learning (RL) offers an altern#hat cannot be accomplished in simulation using proprioceptive

tive for learning dexterous tasks and has seen tremenddisgtory alone.

success in robot locomotion|[6],|[7]. However, most existing In summary, our contributions in this paper are threefold:

approaches focus on blind, propriocgption—only policigs for  we present a novel approach to learn sensorimotor tactile
both locomotion|[8]H{10] and manipulation [11], [12]. While @~ dexterous manipulation policies without paying the cost
few works have succeeded with perceptive policies [13}-{15], of simulating tactile sensors. We use privileged sensors as
training visual policies in simulation is relatively slow due t0  the interface between simulation and reality to perform
the overhead of image rendering. Furthermore, these policies privileged latent distillation using real world data.
are often challenged by a signi cant sim-to-real gap. We present architectural advances for training manipula-
Our focus. in this WOI.’k is on tactile de>.<terous manlpulatlon, _ tion policies, simplifying the two-stage distillation step in
encompassing dynamic tasks such as in-hand rotation, reori- gjmulation into a single training step.

entation, and pinch-to-power grasp transitions [11]} [16]-{19].  Through our experiments we demonstrate that tactile
The standard approach for these tasks is RL. However, akin 10 pojicies trained through our sim-to-real latent distillation
challenges in training visual policies, there are several hurdles gpnroach consistently outperform proprioception policies
to training tactile sensorimotor policies in simulation. First, a5 well as adaptation based tactile policies in both
simulating tactile sensors accurately is dif cult; therefore, most  rgpystness and performance.
existing works [18],[[20] resort to simpli ed models, such as Il. RELATED WORK
single-point or binary contact. Second, existing tactile simu-
lation packages [21][23] are not standardized for all tactife: Dexterous In-hand Manipulation
sensors, and prlmanly rely on rigid-body simulation. Third, Dexterous in-hand manipulation has been an active area
even when using approximate soft-body simulation, a largé research for decades [15], [16], [27]-[30]. It features the
sim-to-real gap often prevents straightforward deployment. cooperative use of multiple ngers on a multi- ngered hand to
In this paper, we present a new approach to learning tactjeasp and manipulate objects. While classical approaches need
manipulation policies without paying the high cost of simulating physical model of the object and robot geometry to plan
tactile sensors. Our method takes inspiration from privilegedbot nger motions [31], [32], recent approaches have had
latent distillation, where an "oracle" policy is rst trained with success with using RL directly to learn policies in a model free
access to privileged state information (available in simulatiomanner [11], [15], [16], [20], [33]. However, RL approaches
and then imitated by a zero-shot deployable policy usirigce the sim-to-real gap i.e., it is challenging to reproduce real
a perceptive state estimator that only has access to pantialld sensor observation and physics in simulation. Even for
observations such as vision or proprioception. This concept hasdalities such as vision where it is feasible to simulate the
appeared in literature under various names, such as learningsegsor, the simulation model is physically inaccurate and does
cheating [[24], data-driven planning via imitatidn [25], or rapidhot describe the real world sensors, therefore extensive visual
motor adaptation (RMA)[[26], and has achieved signi camlomain randomization [13], [34] is crucial. Our method, on
empirical success. the other hand trains in simulation with observations such as
We extend privileged latent distillation in two distinct waysobject poses and object shape that do not suffer a large sim-
First, we extend policy distillation from simulation to theto-real gap, but requires one to forgo the zero-shot sim-to-real
real world. To achieve this, we require an executable oracleployment assumption.
policy in the real environment. To this end, second, we treat o
properties such as object pose and shape as privileged senBor§Tivileged distillation
and deploy these privileged sensor policies in the real world Partial observability is a signi cant challenge in RL. For
by instrumenting a robot cell. Once the privileged policy idexterous in-hand manipulation of object, estimating precise
executing in reality, we distill its latent representations into eontact dynamics is quite important as it determines the object
tactile policy through supervised learning using a paired datasedtion and subsequently the requisite action. In the absence of
of tactile observations and privileged latents. sensors to estimate these properties, most existing approaches in
Privileged latent distillation|[24]-[26] is typically imple-the literature have prominently used privileged distillation [11],
mented with a teacher-student setup requiring two stages: orde]-[26], [35], [36] to learn dexterous manipulation policies.



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

As described in I, rst one trains an oracle policy that hashere (S; A; X) 2 fS ;A¢; X gl,; denote the state, action
access to privileged information only available in simulatiomnd observation spaces over the nite horizdnrespectively.
then one distills it into a deployable policy that produceB = fP ; : S;1 A {1 ! S (g denotes the transition
probabilistic estimates of the privileged state using a smalynamics, andR = fR { : S A { ! [0;1]g denotes the
history of sensor observations. Concretely, this is usuallyreward function. Our goal is to learn policies X y+1:t
history of proprioceptive observations or visual observation®yt1 ! A ¢ via Reinforc%ment Learning (RL) to maximize
. . . . the expected returs( ) = “io 'R, over the horizon as
C. Tactile sensing and Representation learning —argmax » E[G()]: t

The tactile modality has long been promised to be imperativespeci cally, we choose to parameterize the policy with a
for such contact-rich dexterous manipulation. The last decagg;ral network that is a combination of an encoBewhich
has seen a plethora of tactile sensors introduced for maniggzodes the observatiodxs into a latent spacé, which is
lation ranging from vision-based tactile sensors such as #p&n consumed by the policyto produce actions.. Typically,
GelSight [37] and DIGIT [38], magnetic-skin tactile sensorge employ two encoders during training. First, we h#ghe
such as ReSkin [39] and Xela [40], to resistive and capacitiygivileged encoder which has access to privileged observations
sensing sensors [41]. Consequently, there also exists a fi¢Rsimulation, ancE the adaptation encoder which only has

body of work that leverages tactile sensors for perception taskS-ess to deployable observations. Then we have the policy as
and simple manipulation tasks such as peg-insertion [42], [4g}jiows:

cable manipulation [44] and planar pushing [45]. However, At (EX  tkert Akt ) (1)
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 demonstrateBro
make them amenable to behavior cloning methods [1], [2].Privileged latent distillation is a two stage approach to
Recently, self supervised tactile representations [17], [4Barning deployable policies in the real-world (see Fig. 2). This
[46], [47] address the lack of standardization in tactile sensasquires that the simulation environment for the task supports
in robotics, demonstrating their use in several manipulati@) privileged state observatiob&®™ which are typically low
tasks, although the tasks chosen are largely quasi-static.dDfiensional quantities such as object, robot and contact states
these, [17] notably proposed a tactile adaptation algorithand b) sensor observatioXs**"*°"'which can be realized in the
to adapt RL trained dexterous manipulation policies in theal world such as proprioception and rendered camera. First, an
real world to use tactile sensing, along the lines of poliayracle policy is trained that is allowed to “cheat' and observe the
netuning [48] using real world data. However, these methodsill privileged statex PV that describes the environment wholly.
are fundamentally limited(see Sectidfh-C) and only gain Then, a deployable student policy is trained to imitate the
from rejection sampling of successful real-world trajectories, asacle policy given only the sensor observatioh¥"s°! Since
the performance ceiling of the proprioceptive teacher policiestise sensor observations only observe the state partially, most
limited. In contrastPTLDproduces quantitatively more robustapproaches employ frame stacking where a history of sensor
policy behaviors. 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
A. Notation implemented as supervised learning. Implementations typically
We model the dexterous manipulation tasks we discussuge a) action imitation where the actions between the oracle
the paper as nite horizonN 2 N) Partially Observable and student policies are matched or b) latent imitation where
Markov Decision Processes (POMDR), (S;A; X;P;R) an encoded latent between the oracle and student policies is

Privileged latent distillation

IIl. BACKGROUND



Fig. 3: A simpli ed illustration of PTLDOnce we have a privileged sensor policy trained in simulation using AAC, rst 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 of ine dataset.

supervised. Speci cally, we have by self-distillation in representation learning [17], [42], [52],
oriv senso [53] approaches, we employ a self-distillation representation
Lacion= X E(X P™); A)  (E(X ) A) (2) loss between the latent representations learnt by the critic

L jer = é(x pm,) E(X sy 3) (privileged) encoder and the actor (student) encoder:

sSenso priv
It must be noted that experience or observations collected for Liatent,  E(X ) sg( E(XP™)) )

distillation i§ .collepted by the deployable (student) policy, Wh."ﬁ_/here sg denotes stop gradient. This loss encourages the
the supervision signal comes from the oracle encoder. Thisgisior encoder to recover privieged object information available
importantly distinct from traditional of ine imitation learning g the critic while operating on partial observations. In our
as student distillation implements an on policy variant Qiyperiments (see Sectiovl-B), we nd that this online
DAgger [50]. Speci cally, since the student policy is supervisethtent distillation loss improves training reward achieved by
by the teacher on experience collected by the student, {@ policy. Furthermore, in simulation evaluation, this simple
student observes a wider observation space during trainigggiliation loss results in similar performance to privileged
resulting in a robust policy. latent distillation, motivating the simpli cation from two-stage
C. Asymmetric Actor Critic training to single—s_tage training in simulation. _ _

) N i As shown in Fig. 2, these networks are trained simul-
Asymmetric Actor Critic (AAC) [51] is another approachy,naq sty and we use the clip variant of proximal policy

which aims to learn robust deployable policies by takingyimization (PPO) [49] augmented with the online latent
advantage of full-state observability in simulation. Speci Ca”ydistillation loss:

it employs an actor-critic framework, where the critic is

provided with the privileged stati P, while the actor is  Lppo, L ““P(E; )+¢ vLv(E;V)+L enropfE; ) (5)
provided Withxsensorsensor'obser\./qtions. (see Fig. 2). In our L,L ppo+ Craend iaent (6)
approach, we employ learning policies with AAC, as opposed

to RMA [26] as it simpli es policy learning in simulation into WhereCaent is @ weighting factor. We optimize the total loss
a single training step. L via backpropagation.

V. PTLD: PRIVILEGED TACTILE LATENT DIsTILLATION  B. Privileged sensors for Sim-to-Real Tactile Distillation

We now describe our method to train tactile manipulation The essence of our method relies on the observation that
policies using sim-to-real tactile distillation along with archiallowing the actor access to privileged sensors that provide
tectural improvements that simplify training in simulation. higher observability into the state, such as object pose and

] o ) ) B object shape, signi cantly improves policy performance in
A. Online distillation with Asymmetric Actor Critic simulation compared to policies that take as input only partial

We employ an asymmetric actor-critic framework for trainingbservations< 3¢"s°T Despite this gap, most prior work still uses
manipulation policies in our work as opposed to privilegethe suboptimal policy with simpli ed sensor inputs that are
latent distillation. As alluded to before, this simpli es trainingavailable at deployment time to achieve zero-shot sim-to-real
into a single stage in simulation. Crucially, we nd thatransfer, sacri cing policy performance for simple input sensor
parameterizing the actor as separated observation encadedalities. In contrast, the privileged sensor policy cannot be
E and policy is bene cial, as a separate encoder allowdirectly deployed in the real world as these observations are
one to learn general state representations. Therefore inspineturally inaccessible at deployment time. To overcome this
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