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Abstract—Active perception is a fundamental skill that enables
us humans to deal with uncertainty in our inherently partially
observable environment. For senses such as touch, where the
information is sparse and local, active perception becomes crucial.
Hence, in recent years, it has emerged as an important research
domain in robotics. However, current methods are often bound
to specific tasks or make strong assumptions, which limit their
generality. To address this gap, this work introduces APPLE
(Active Perception Policy Learning) — a novel framework that
leverages reinforcement learning (RL) to address a range of
different active perception problems. APPLE jointly trains a
transformer-based perception module and decision-making policy
with a unified optimization objective, learning how to actively
gather information. By design, APPLE is not limited to a specific
task and can, in principle, be applied to a wide range of
active perception problems. We evaluate two variants of APPLE
across different tasks, including tactile exploration problems.
Experiments demonstrate the efficacy of APPLE, achieving high
accuracies on both regression and classification tasks. These
findings underscore the potential of APPLE as a versatile and
general framework for advancing active perception in robotics.
Project page: |https://timschneiderd2.github.io/apple|

I. INTRODUCTION

Imagine searching for a set of tools inside a cluttered
toolbox. Rather than waiting passively for the information
to reveal itself, humans place their hands inside the box and
begin exploring, probing and adjusting their motions based on
the feedback received. This process illustrates the concept of
active perception: the deliberate selection of actions to acquire
information in the face of uncertainty [1]. Active perception
does not aim to exhaustively explore every aspect of the world;
it focuses on reducing uncertainty about specific properties
of the environment. Equipping robots with this capability is
essential for autonomy in unstructured, noisy environments.

Tactile sensing is a natural fit for studying active perception
because it is inherently local; purposeful interaction is often
the only way to gather meaningful data [2]. At the same
time, existing active tactile sensing methods often rely on
task-specific heuristics, such as maximizing force closure or
reconstructing shape, and frequently assume objects remain
stationary [3} 4} I5]. Reinforcement learning (RL), on the other
hand, provides a more general framework by learning sequential
strategies directly from interaction. While some RL approaches
for active tactile perception exist [0, [7], they are often sample-
inefficient or bound to specific tasks.
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Figure 1: Our method Active Perception Policy Learning (APPLE)
jointly optimizes a policy for information gathering and a prediction
model for inference using a shared transformer-based backbone.
Shown at the top are benchmark tasks used to evaluate APPLE.
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In this work, we ask whether a principled RL algorithm can
discover active perception policies using only ground-truth la-
bels and a differentiable loss. We frame active perception within
partially observable Markov decision processes (POMDPs) and
introduce APPLE (Active Perception Policy Learning). APPLE
jointly trains a decision policy and a perception module on a
shared transformer backbone, allowing it to function on diverse
tasks without specialized heuristics.

Our main contributions are:

o A unified formulation for active perception as an interac-

tive supervised learning problem.

o APPLE, a framework that jointly optimizes RL policies
and perception modules on a shared transformer backbone,
requiring minimal task-specific assumptions.

« Empirical evaluation of two variants of APPLE across mul-
tiple tasks, demonstrating that APPLE discovers effective
exploration policies across varied objectives.

II. ACTIVE PERCEPTION POLICY LEARNING

Our objective in this work is to develop an active perception
method that, unlike prior approaches, is not tied to a particular
task or environment. Just as RL requires only a reward function,
we want to specify a perception objective and let the agent
learn an appropriate perception policy on its own, without
imposing strong task-specific assumptions. On a high level, we
frame active perception as a supervised learning problem. The
agent’s goal is to minimize a loss £(y, @t) between its current
prediction y; and the ground-truth label g*/t. However, unlike in
classical supervised learning, we assume that the agent is not
simply presented with a static data point as input, but rather
with an interactive environment that it can actively gather data
from. E.g., the agent could be presented with an object and has



to decide actively how to examine it to extract the information it
needs. This perspective defines active perception fundamentally
as a sequential decision-making problem embedded within a

supervised learning problem.
Hence, formally, we aim to solve the following optimization
problem:
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where 7y is the agent’s policy parameterized by 6, h; is the

environment hidden state at time ¢, o; is the observation, the
agent makes, and a; is the action the agent takes. Computing
the gradient of J(mp) yields
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Hence, the gradient of the objective function J(my) decomposes
into a policy gradient and a supervised prediction loss gradient.
Fortunately, there are many existing approaches to estimate
policy gradients in the RL literature. With Eq. we have a
recipe for transforming these RL methods into active perception
methods by following these steps:

1) The active perception setting is partially observed. Hence,
instead of a state s, the policy and (if applicable) the critic
networks receive a trajectory of past observations oq:.

2) If applicable, during the training of the critic, the presence
of the prediction loss £, requires us to dynamically recompute
the total reward when evaluating the Bellman residual.

3) During the policy update, the policy gradient is augmented
by the prediction loss gradient.

We call this method Active Perception Policy Learning
(APPLE) and propose two variants, based on SAC [§]]
and CrossQ [9], which we call APPLE-SAC and
APPLE-CrossQ. For input processing, we assume that the
sequence of past observations og.; consists of both images and
scalar data and use an architecture similar to the Video-Vision-
Transformer (ViViT) [10]], learning a shared embedding for
actor, critic, and label predictor on-the-fly. An overview of our
method can be found in Fig.

III. EVALUATION

With APPLE, our goal is to answer the following question:
Can we design a general and principled RL-based algorithm
that successfully discovers active-perception policies for various
input modalities using only a task label and a differentiable
loss during training without the need to design task-specific
exploration heuristics? To answer this question, we show
results of three simulated experimentsﬂ (1) MHBS, a taxel-grid
based classification task introduced in [6], (2) CircleSquare,
a vision-based classification task in which the agent has to
move a glimpse and perform binary classification, and (3)

"More experiments can be found in the main paper linked in the project
page: https://timschneider42.github.1o/apple.
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Figure 2: Final prediction accuracies for our methods APPLE-SAC
and APPLE-CrossQ, HAM [6]], and APPLE—-RND across various
tasks. MHSB refers to the tactile classification task used in [6].
All methods were trained with 5 seeds. Shaded areas represent
one standard deviation. Metrics on TactileMNIST are computed on
evaluation tasks with unseen objects.

TactileMNIST, a task from the Tactile MNIST Benchmark
Suite [L1], in which the agent has to classify 3D MNIST digits
using a simulated GelSight Mini sensor. Visualizations of these
tasks can be seen in Fig. [I]

In each experiment, we compare both APPLE approaches
against a random baseline APPLE—RND, which shares the same
configuration as APPLE—-SAC, but does not optimize an action
policy and instead, chooses actions randomly. Importantly, the
perception module is still trained, enabling the model to learn
how to interpret observations even without control over the
movement of its (haptic) glances. Additionally, we compare
our approach against HAM [6l], which employs a recurrent
neural network (LSTM) to integrate tactile observations over
time and jointly learns to classify objects while optimizing its
exploratory actions through REINFORCE.

The results in Section show that APPLE successfully
learns exploration strategies across all tested tasks. At the
same time, the poor performance of the APPLE—RND baseline
across our tasks confirms the necessity of structured exploration
and confirms that our methods learned policies that go
beyond random exploration. HAM [6], performs worse than
APPLE-RND in all experiments, which we attribute to the fact
that it is using on-policy RL, which discards samples after
a single update, limiting sample efficiency. In contrast, our
off-policy methods reuse samples — a critical factor in active
perception, where supervised learning benefits from multiple
passes over the same data. The performance of APPLE on these
tasks demonstrates its potential as a robust, general framework
for active perception.

IV. CONCLUSION AND FUTURE WORK

We present APPLE, a framework that integrates reinforce-
ment learning with transformer-based architectures to enable
active tactile perception. Empirical results demonstrate that
APPLE develops efficient exploration strategies across various
active perception tasks, consistently outperforming baselines.
While these experiments span diverse scenarios, the current
benchmarks remain relatively fundamental; thus, deploying
APPLE in complex, unstructured environments remains an
open challenge. To facilitate this transition to the real world,
future research will focus on enhancing the framework’s sample
efficiency.
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