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Abstract— Tactile information holds promise for enhancing
the manipulation capabilities of multi-fingered robots. In tasks
such as in-hand manipulation, where robots frequently switch
between contact and non-contact states, it is important to
address the partial observability of tactile sensors and to
properly consider the history of observations and actions.
Previous studies have shown that Recurrent Neural Network
(RNN) can be used to learn latent representations for handling
observation and action histories. However, this approach is
usually combined with on-policy reinforcement learning (RL)
and suffers from low sample efficiency. Integrating RNN with
off-policy RL could enhance sample efficiency, but this often
compromises stability and robustness, especially as the dimen-
sions of observation and action increase. This paper presents
a time-contrastive learning approach tailored for off-policy
RL. Our method incorporates a temporal contrastive model
and introduces a surrogate loss to extract task-related latent
representations, enhancing the pursuit of the optimal policy.
Simulations and real robot experiments demonstrate that our
proposed method outperforms RNN-based approaches.

I. INTRODUCTION

Complex and dexterous manipulations akin to human
capabilities have long posed a challenge for multi-fingered
robots. Among the myriad of challenges in robotic manipula-
tion, one of the most intricate tasks is ensuring a transition of
an object to a desired state while adeptly alternating between
contact and non-contact states. In recent years, RL has been
applied to robot manipulation tasks involving multi-fingered
robots and complex contact states [1]. These tasks either
require a simulation environment with precise object pose
access or a well-structured real-world setting equipped with
multiple cameras for accurate target object tracking [2], [3].
One important element that has the potential to revolutionize
the manipulation capabilities of multi-fingered robots is
the use of tactile information. In recent years, significant
advances have been made in this area. Because tactile sensors
provide contact feedback even under visual occlusion, they
are expected to enable robots to perceive and adapt to object
states, albeit partially. However, using tactile sensors to solve
tasks requires addressing their inherent partial observability
of tactile sensors and developing strategies that adequately
account for this limitation.

In situations with partial observability and uncertainties,
details often remain ambiguous, aligning with the framework
of partially observable Markov decision processe (POMDP).
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Fig. 1. We leverage tactile and proprioceptive data for touch-based
manipulation with a multi-fingered robot. The latent representations of
the history of observations and actions are learned to maximize mutual
information through temporal contrastive learning.

Traditional methods, which rely on managing belief states,
falter in high-dimensional spaces. Recent advances in RL
have shown the potential of RNN to address this, but there
are still gaps in off-policy RL, especially when it comes
to tactile sensing in multi-fingered robot manipulation. The
effectiveness of RNN diminishes with increasing dimensions,
and they often require large sample sizes and extensive task-
specific hyperparameter tuning [4]. Moreover, due to neural
networks being nonlinear function approximations, there
are convergence issues, leading to challenges in Q-value
estimation. This underscores the limitations of RNN in off-
policy RL settings, where sampling efficiency is paramount.

In this study, we present a framework that leverages
temporal contrastive learning in off-policy RL, as depicted
in Fig. 1. This approach drastically improves the sample
efficiency on POMDP tasks. By incorporating a temporal
contrastive model and introducing a surrogate loss, our
method aids in extracting task-related representations, en-
hancing the pursuit of optimal policies. It addresses the
challenges associated with relying on tactile feedback in
multi-fingered robots.

Through rigorous evaluation, including extensive simula-
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tions and experiments on real robot platforms, this work aims
to demonstrate that the proposed method outperforms exist-
ing RNN-based approaches and contributes to the improve-
ment of robot manipulation capabilities. The contributions of
this paper are as follows:

1) We present a temporal contrastive learning approach
that can be seamlessly integrated with existing off-
policy RL algorithms to address the partial observ-
ability problem, suitable for both online and offline
learning settings.

2) We empirically show in simulations and real-world ex-
periments that on-policy and off-policy algorithms with
general recurrent variants can handle low-dimensional
tasks with partial observability, but fail in high-
dimensional observation and action spaces.

3) Two demonstrations with a real-world robot that relies
solely on tactile information and not vision show that
the tactile-based manipulation approach can generalize
robustly across different objects.

The remainder of this paper is organized as follows: Sec-
tion II discusses related work with respect to representation
learning and RNN-based RL algorithms. Section III explains
our problem definition. Section IV introduces our approach,
and Section V presents experiments and results. Finally,
Section VI provides a conclusion and future work.

II. RELATED WORK

Addressing the intricacies of POMDP has been challeng-
ing due to the inherent partial observability [5], [6], where
agents make decisions without full knowledge of the state of
the environment. The integration of RNN has been a favored
approach to address this challenge [4], [7]-[12]. However,
directly incorporating RNN into an off-policy RL algorithm
that relies on value-estimation bootstrapping for enhanced
learning often leads to instability. A significant challenge
arises when the learning process becomes more complex
as the dimensions of observations and actions grow. This
complexity arises from the simultaneous extraction of task-
related representations and value function estimates.

Advances in representation learning, which extracts mean-
ingful representations from high-dimensional unlabeled data,
have been significant in fields such as language process-
ing [13], [14] and computer vision [15]-[17]. These advances
have been integrated into decision-making algorithms [18]—
[20]. In addition, similar to our approach, several meth-
ods prioritize reducing the prediction error of future latent
representations to capture task-specific representations [14],
[21]-[24]. However, they often use identical or momentum-
averaged encoders for both query and key observation encod-
ing, potentially limiting their data comprehension capacity.

In the recent literature, numerous theoretical studies have
explored the integration of representation learning with
RL [25], [26]. These investigations have revealed certain de-
sign choices in representation learning that may not optimally
benefit RL strategies. In our work, we have been careful to
avoid making such inappropriate choices.

III. PROBLEM DEFINITION

A. POMDP

A POMDP [27] is defined as a tuple (S, A4, O, P, Z,R,~),
where S is the set of states, A is the set of actions, O
is the set of observations, P = Pr(s;y1 | st,a¢) is the
stochastic transition function, Z = Pr(os41 | S¢t1,a¢) is
the stochastic observation function, R(s;, a;) is the reward
function, v € [0,1] is the discount factor, where ¢ and
t + 1 represent successive time steps. The state, action, and
observation at time step ¢ are s; € S, a; € A, o, € O. At
each step, the agent receives a reward ry11 = R(s¢,a;). The
goal is to compute the optimal policy 7 that maximizes the
expected discounted total reward E[>",° 7' R(s¢, ar)].

B. TD3

The twin-delayed deep deterministic policy gradient (TD3)
algorithm is a model-free, online, off-policy RL method [28].
We consider the problem of optimizing a policy m¢ param-
eterized by a vector £. In TD3, the Q-function is estimated
with two function approximators (0, and (),, with parame-
ters ¢ and ¢5. The parameters ¢; are learned by minimizing
the Bellman error:

Lasitic(9:) = Eanp [(Qg, (01, a¢) — (re1 +v))?] . (1)

where d = (0, at, 0¢41,7++1) i a tuple with observation o,
and next observation 0,41, action a; and reward 7441, D is
the replay buffer and + is the discount factor, and y is the
target defined as

Y= gl%nQ Qg (0141, Ter (041) + ), 2

where ¢ ~ clip(N(0, ), —c, c). Here, the added noise
is clipped to keep the target close to the original action,
and the parameters of ()4, and me are the exponential
moving average (EMA) of the parameters of )y, and ¢,
respectively. The use of EMA has been empirically shown
to improve training stability in off-policy RL algorithms.

While the critic is given by @Q,, the actor gets actions
from the policy ¢ and is trained by maximizing the expected
return of actions given by

Eactor(€> = FEiup [Qﬂ— (Ot> e (Ot))} . 3)

We utilize TD3 as a base RL algorithm combined with
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temporal contrastive learning.

Algorithm 1 Off-policy RL with temporal contrastive learn-
ing (TCL)
Given:

o Total number of environment steps 1T’

for each timestep ¢t = 1..7" do
Encode the observation z, = fy (o)
Generate a query q; = hy (204, G0:0—1)
Sample action a; ~ ¢ (| 2¢, g¢)
Execute the action s;1 ~ P(+|s¢, at)
Observe the transition op41 ~ Z(+|S¢41, at)
Store the observed data D < DU (o, at, R(S¢, at), 0141)
Update the encoders using the Algorithm 2
Update the critic by minimizing Le
Update the actor by maximizing Lcor

end for

Algorithm 2 Encoder update by TCL

Given:
o Mini-batch size NV
o Length of Backpropagation Through Time L,
o Length of future prediction Lo

N

(OtiltiJrLlJrLz y Qtiti+Li+Las Ttiiti+L1+L2)i:1 ~D
for each i = 1..N do

Rtiti+L1+La = f¢(0ti:ti+L1+L2)

ktiiti+L1+L2 =gy (Oti:ti+L1 +La» lrti:ti"!‘LlJl‘L’z)

for each timestep j = 1..L; + Lo do

Gtitj = My (20440 Aty i-1)

end for
end for
Update the encoders by minimizing Lrcp

IV. METHOD

In this section, we first provide an overview of the
proposed framework and then describe its individual com-
ponents.

A. Architecture Overview

We leverage Temporal Contrastive Learning (TCL) to ex-
tract task-related representations from time-series sequences
of observations and actions. For tasks such as object manip-
ulation, TCL facilitates the extraction of information related
to object pose, particularly from past tactile sensor output
and proprioceptive data. Our proposed method is detailed in
Algorithm 1. Since we used TD3 as the base RL algorithm,
we refer to the proposed method as TD3+TCL.

Unlike conventional approaches, which typically use iden-
tical or momentum-averaged encoders for query and key
observation encoding, our strategy employs encoders with
different parameterizations. This approach not only stream-
lines the integration of rewards into keys but also effectively
filters out unnecessary constant elements from keys, such as
target object poses. As shown in Fig. 2, we use a MultiLayer
Perceptron (MLP) as an encoder to handle state inputs, while
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Fig. 2. Overview of the proposed framework.

image inputs are processed using a Convolutional Neural
Network (CNN) for both query and key. The representations
learned by TCL are given as inputs to both the actor and
critic of the TD3 algorithm. The encoder and the policy are
trained concurrently in our framework. In the offline setting,
we employ TD3+BC [29] as our base RL algorithm and
denote this configuration as TD3+BC+TCL.

B. Temporal Contrastive Learning

Contrastive learning aims to generate latent representations
such that similar data points have similar features, while
dissimilar data points are represented distinctly [15]. Con-
ceptually, this can be seen as an optimization strategy to
maximize the mutual information between data and their
corresponding representations. In this study, we optimize
the mutual information between a given query ¢, which
aggregates past and current data sequences, and a key k,
which has future data,

p(qlk)
plg)

First we use different encoders. For the key, it’s defined
as ky = gy(o¢, 7). For the query, it is a two-step process.
Initially, the observation o, is processed as z; = fw(ot). This
output is then fed into a temporal encoder 5., that aggregates
all zo.; and actions ag.;—1, resulting in the contextual query
¢t = hy (204, ap:1—1). By incorporating rewards into the key,
we aim to embed the query, informed by observation and
action histories, with essential task-related information. We
used two layers of MLP as encoders for fy, and gy, and a
single layer of LSTM and MLP for h,, when the observation
type is the state.

I(g;k) =Y plg,k)log )
q,k
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To maximize the mutual information between query and
key, we apply the InfoNCE loss [14] during batch training.
Given a set K = {ky...kny} of N random samples with
one positive sample k;; and N — 1 negative samples, we
compute the similarities between query and key with a log-
bilinear model ¢'Wk. Thus, our InfoNCE loss is given by

exp(q{ Whki1)

T .
ijeK exp(g; Wkj)
To address the instability of the representations produced
by the encoders, which are continuously updated via TCL
during training, we introduced a regularization loss. This loss
facilitates the consistency of the extracted representations
by minimizing the mean squared error between the encoder
outputs and those of a slowly changing target network. The

number of dimensions for query and key are represented by
dq and dy.

£R(w) :di ||hw(f1/i(00:t)7a0:tfl) - hi/;'(f{/ﬂ(oo:t)vaO:tfl)H;
q

Lc(y) = —Ek |log 5)

1 2
A |96 (08, m2) = gy (0, 70) |
(6)
Here fy/, gy and hys are the target networks and the

parameters 1)’ represent the exponential moving average
(EMA) of parameters . As a result, we train the encoders
by minimizing the following objective function:

LrcL(¥) = Le(¥) + aLlr(y). (7N

Constant « balances the two terms in (7). In this work we
fixed as o = 1 for simplicity.

C. Training for Actor Critic

TD3 is designed for MDP environments, where the next
state is determined solely by the current state and action,
and the current state is directly observable. In POMDP
settings, however, TD3 struggles to accurately estimate the
Q-value from incomplete observations, leading to degraded
performance and potential value estimation collapse.

To address this challenge, we incorporate representations
generated by the temporal encoder for both actor and critic
inputs. While the latent representations are trained to max-
imize mutual information with upcoming observations and
rewards, they are implicitly bound to the current actual state.
The policy receives two inputs: the observation encoded by
the encoder f and the output of the temporal encoder h.
The temporal encoder h takes the output of f and previous
actions as inputs. Based on this, the policy generates actions
as a ~ w(alf(ot), h(f(00:t),a0:t—1)). Similarly, the critic
receives the outputs of f and A in addition to the action and
estimates the action value as Q(f (o), h(f(00.t), ao:t—1), at).
By using the query from the temporal encoder, the policy
and critic can incorporate the temporal information while
performing the off-policy update.

As shown in Fig. 2, in our implementation, we decided to
allow gradients from the critic loss to backpropagate through
the query and temporal encoders to improve the extraction
of representations directly relevant to expected returns.

V. EXPERIMENTS

In this section, we present the results of benchmarks
conducted on both simulators and a real robot. We used
Proximal Policy Optimization (PPO) [30], Soft Actor-Critic
(SAC) [31], and TD3 as our baseline methods. We adopted
independent LSTM layers for both actor and critic com-
ponents followed by two MLP layers [8]. This setup was
relatively high-performing in our hyperparameter tuning,
which included adjustments for various parameters such
as LSTM unification and MLP layer count. We refer to
the implementation of PPO, TD3, and SAC with their
respective fully connected and LSTM versions, denoted as
PPO(fc), PPO+LSTM, TD3(fc), TD3+LSTM, SAC(fc), and
SAC+LSTM. For offline learning, we used TD3+BC and
SAC+BC, which are modifications of TD3 and SAC de-
signed for online learning. Their fully connected and LSTM
versions are denoted as TD3(fc)+BC, TD3+BC+LSTM,
SAC(fc)+BC, and SAC+BC+LSTM, respectively. Since the
algorithms PPO(fc), TD3(fc), TD3(fc)+BC, SAC(fc), and
SAC(fc)+BC operate within the framework of Markov Deci-
sion Process (MDP) environments, we used a stack of three
observation frames as their inputs.

A. Test on Simulations

We chose diverse tasks (Fig. 3) including Pendulum (v1),
Lunar Lander (v2) from OpenAl Gym [32], Pen (v0) from
Adroit [33], and Quadruped Walk from DMC Vision [34]
to cover various observation and action dimensions. The
Pen task incorporated 21-dimensional tactile information
highlighted in the green box in Fig. 3, and Quadruped Walk
used image observations. We introduced partial observability
by modifying the observations in each task: omitting velocity
data in Pendulum and Lunar Lander, excluding object pose
in Pen, and obscuring the observation image with 50%
probability in Quadruped Walk [5]. In the Pen task, which
aims at object reorientation, only joint angles and tactile
data are used, reflecting our experimental setup with the
real robot. Fig. 4 shows that MDP-based algorithms such as
PPO(fc), TD3(fc), and SAC(fc) are effective in the Pendulum
task, which has smaller dimensions. In the Lunar Lander task
with slightly larger dimensions, our method, TD3+LSTM,
and SAC-LSTM perform well. However, in high-dimensional
tasks such as Pen and Quadruped Walk, only our method
achieves successful learning. We used 1M steps of data
for offline learning collected using TD3+TCL with online
learning. As shown in Fig. 5, our method maintains relatively
consistent performance, especially in larger dimensional en-
vironments. In Fig. 4 and Fig. 5, the shaded region represents
the range of values within one standard deviation of the
mean, calculated over 5 seeds.

B. Comparative Analysis of Latent Representations

In the Pen(touch) task, where only tactile and proprio-
ceptive information are used as observations, we evaluated
the latent representations of the TCL module in comparison
to TD3+LSTM. Their alignment with the object pose is
crucial for task performance. We collected 1M transition
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Fig. 3. Dimensional overview of tasks. Pendulum (Observation: 1, Action:
24), and Quadruped Walk (Observation: Image 64x64x3, Action: 12).
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Fig. 5. Offline learning results on simulator.

data steps from both TD3+LSTM and TD3+TCL policies,
each treated separately. For each policy, we trained a four-
layer MLP regression model to estimate the object pose
by minimizing the MSE between the predictions and the
ground truth from the oracle (simulator), using the LSTM
output representations as input. The encoder, LSTM unit size,
and subsequent MLP were kept identical for each model.
After training, we used these models to predict the object
pose from the representations during rollouts of over 100k
transition data steps that were not part of the training set.

The result of our study is shown in Fig. 6. It indicates
a relatively strong correlation between the object pose in-
formation and the representations derived from TD3+TCL,
emphasizing the effectiveness of our approach in capturing
essential spatial details.

C. Test on Multi-fingered Robot

We used a wire-driven, multi-fingered robot developed
by Honda R&D Co. Ltd. [35] in two different tasks. As
shown in Fig. 7, this robot hand consists of four fingers.
Each finger is equipped with a portion of the total 224 taxel
tactile sensors [36], and a 6-axis force-torque sensor on the
fingertip. This robot can apply up to SON of fingertip force. A
unique feature of this hand is its fingernail, which is designed

= TD3+LSTM
TD3+TCL

M

to assist in tasks such as opening pull-tabs. For efficient
benchmarking, we adopted the offline learning setting to
compare various algorithms and seeds under data constraints.
In these tasks, neither object pose nor vision information was
provided. Instead, we relied on touch and proprioceptive data
from the robot, which introduced complexity due to partial
observability.

In the “Hook pull-tab” task, the goal is to hook onto the
pull-tab of a can, as shown in Fig. 7. The position of the
can varies randomly and uniformly within 1 cm along the
X, ¥, and z axes. Task observations include force vectors
and contact points for each finger, computed from 6-axis
force-torque sensor values and fingertip shape, robot joint
angles, and the action from the last step. The action space

Error(m)

- I l—

100k . 500k
Environment Steps

Fig. 6. Ablation study.
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Fig. 8. Real robot experiment results.

is defined by the relative movement of the index finger in
the task space. A sparse positive reward of 300 is given only
if the finger successfully hooks onto the pull-tab. Success is
determined by an upward force on the finger greater than
3.0N and whether or not the expected contact point is on the
fingernail tip or not. Additionally, if the force norm exceeds
8.0 N, a negative penalty of -1.0 is imposed. Furthermore, we
apply a penalty that is proportional to the action norm, with
the action scaled within the range of -1.0 to 1.0. Thus, the
episode return becomes positive only when the robot finger
successfully hooks the pull-tab. Training data was collected
from 5 hours of experiments with online TD3+TCL.

In the “Pick Screwdriver” task, the goal is to pick up
a screwdriver from the state shown in Fig. 7. The policy
receives observations that include force vectors and contact
points for each finger (calculated using 6-axis force-torque
sensor values and fingertip shape), tactile sensor values, the
robot’s joint angles, and the action from the last step. The
action space is defined by desired joint angles. Rewards are
calculated from the distance between the current and target
pose of the screwdriver measured by motion capture system
using markers attached to the screwdriver Fig. 7(right). The
target pose of the screwdriver is specified as being in contact
with the palmar surface of the hand when it is fully wrapped
around the object being held. If the screwdriver is near the
initial pose, the episode return is around 200, whereas if
the screwdriver is successfully picked up at palm level, the
episode return is close to 300. Training data was collected
from 10 hours of experiments with online TD3+TCL.

As shown in Fig. 8, in scenarios where only proprioceptive
and tactile data are available, our proposed method demon-
strated superior performance in real robot experiments. In
Fig. 8, the shaded region represents the range of values
within one standard deviation of the mean, calculated over
5 seeds.

Test objects

Rollout with a hammer as the target object

Fig. 9. Generalization across various objects.
TABLE I
SUCCESS RATE AGAINST UNSEEN OBJECTS
[ Objects [ Success rate(%) |

Driver(used for data collection) 40
Smaller driver 30

Core of wrap 40

Rack post 40

Hammer 50

D. Generalization Across Various Objects

In our task setting on the real robot, the observation
space consists only of tactile and proprioceptive information.
This strategy allows our model to effectively adapt to new
objects that are similar to the training object. We validated
this by applying the trained policy to cylindrical objects, as
shown in Fig. 9, without any additional retraining. As shown
in Table I, although the reward function was not ideally
shaped, resulting in across-the-board lower performance, the
success rates were nearly identical to that of the training
object, demonstrating consistent performance across different
unseen objects.

VI. CONCLUSION

In this paper, we introduced off-policy RL with TCL
to enhance the manipulation capabilities of multi-fingered
robots using touch information. Our method addresses the
challenges of partial observability in tasks where the robot
relies solely on tactile sensors. By integrating temporal
contrastive learning with the off-policy RL algorithm, we
were able to extract salient representations from sequences
of observations and actions, enabling the robot to make
informed decisions based on touch information alone.

Several key takeaways from our research include:

1) The potential of temporal contrastive learning to ad-
dress the challenges of partial observability in robotic
manipulation tasks.

2) The versatility of our method, which can be seamlessly
integrated with existing off-policy RL algorithms.

3) The generalizability of our method, which allows it to
perform effectively on objects of similar shape without
retraining.

In future work, we aim to explore the integration of other
sensory modalities with our method and to further improve
its generalization capabilities across a broader range of
objects and tasks. We believe that our research provides a
solid foundation for the development of more advanced and
versatile robotic manipulation systems.
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