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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. In recent years, active perception 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 from the Tactile MNIST benchmark. 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.

1 INTRODUCTION

Imagine searching for a set of tools inside a clut-
tered toolbox. You do not know where a tool
is located or how it is positioned. Rather than
waiting passively for the information to reveal it-
self, most people would place their hands inside
the box and begin exploring. They would probe,
grasp, and adjust their motions based on the
feedback they receive. This process illustrates
the concept of active perception: the deliberate
selection of actions to acquire information in
the face of uncertainty |Bajcsy| (1988). Crucially,
active perception does not aim to exhaustively
explore every possible aspect of the world. In-
stead, it focuses on finding efficient strategies
that reduce uncertainty about specific properties
of the environment. Equipping robots with this
same capability is a key step toward enabling
them to act autonomously in unstructured envi-
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Figure 1: Our method Active Perception Policy
Learning (APPLE) aims to infer properties, such as ob-
ject classes, of its environment based on limited per-step
information. To do so, it jointly optimizes an action
policy to gather information and a prediction model for
inference. Both the action policy and the prediction
model use a shared transformer-based backbone to pro-
cess sequences of inputs. Illustrated on the top are four
benchmark tasks we use to evaluate APPLE.
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ronments, where information is often sparse, noisy, and incomplete.

Particularly relevant to active perception is the sense of touch. While vision has been widely
explored in this context, especially for tasks such as object search and next-best-view planning |[Yang
et al.| (2019); | Xiong et al.| (2025a)); [Tan et al.| (2020), tactile sensing poses distinct challenges
and opportunities. Unlike vision, which can provide wider information coverage from a single
observation, touch is inherently local, with each contact providing only a small glimpse of the
environment [Prescott et al| (2011). This locality makes tactile sensing a natural fit for active
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perception, since purposeful interaction is often the only practical way to gather suf cient information
without resorting to prohibitively exhaustive exploration. Indeed, several works have investigated
tactile active perception, focusing on tasks such as shape estinafidmiain et al./(2013); Smith

et al| (2021), texture recognition Boehm et al. (2024), and grasping De Farids et al. (2021). However,
these approaches typically optimize a task-speci ¢ objective, such as maximizing force closure in
grasping or minimizing uncertainty in shape completion, often greedily optimizing an information-
gain heuristic. Moreover, methods such adBman et al.[(2013); Dragiev et al. (2013); De Farias

et al. (2021) also simplify the problem by assuming a static environment in which objects remain
stationary during exploration, an assumption that overlooks the inherently dynamic and contact-rich
nature of tactile exploration. While effective in narrow settings, such methods remain fundamentally
tied to prede ned objectives, rather than learning a transferable strategy for information gathering.
In contrast, alternative options, such as reinforcement learning (RL), can provide a more general
framework for acquiring more dynamic active perception policies. Although a reward signal must
still be speci ed, RL enables agentslearn sequential decision-making strategibeectly from
interaction, guided by broader task-level goals rather than narrowly hand-crafted optimization criteria.

In the context of active perception, some works have explored RL for learning exploration strategies.
For tactile sensing, various RL algorithms have been employed, including REINFORCE Fleer et al.
(2020), PPO Xu et al. (2022); Shahidzadeh et al. (2024), and DQN Smith et al. (2021). Most
notably, Fleer et al. (2020) introduced the Haptic Attention Mo##N, which adapts the recurrent
model of visual attention proposed by Mnih et al. (2014) to the tactile dorhBiiMdemonstrated

that even simple policy gradient methods such as REINFORCE can learn exploration strategies by
jointly optimizing perception and action, enabling object classi cation through haptic exploration.
However, on-policy approaches such as REINFORCE and PPO can be sample-inef cient, limiting
their scalability. Moreover, the generality of active perception methods has not been widely studied:
most existing approaches are tied to speci c tasks and objectives, lacking a uni ed formulation.
Ideally, active perception policies should be trained to discover exploration strategies that are agnostic
to the underlying task, enabling transfer across modalities and problem settings.

Thus, in this work, we ask the following: can we design a principled RL-based algorithm for
discovering active perception policies by relying only on a ground-truth label and a differentiable
loss during training? And more broadly, can such an approach be general enough to extend across a
diverse set of active perception problems, ranging from classi cation to regression, without requiring
task-speci c exploration heuristics? To investigate these questions, we frame active perception
within the setting of partially observable Markov decision processes (POMDPs), where an agent
must act under uncertainty to actively reduce ambiguity about a target property. Note that in this
work, we purely aim to evaluate the agent's ability to actively perceive. Accordingly, we focus

on tasks where the agent's primary objective is to learn a property of the environment (e.g., the
class or pose of an object) and leave the evaluation of problems that involve active perception for
another downstream task to future work. Building on this formulation, we introd&¢&_E (Active
PerceptionPolicy Learning), a framework that combines reinforcement learning with supervised
learning, requiring only a differentiable loss function and a POMDP environmdtRLEjointly

trains a decision-making policy and a perception module on top of a shared transformer backbone,
allowing it to accommodate diverse sensor inputs without task-speci ¢ modi cations. We present
two variants ofAPPLE extendingSACHaarnoja et al. (2018) ardrossQ Bhatt et al. (2019), and
evaluate them across ve benchmarks that include classi cation, volume estimation, and localization
tasks (see Fig. 1). Our experiments show that our RL framework can be effective for active perception
across several tasks and thus serves as a step towards a more general framework. In summary, our
main contributions are:

« A uni ed formulation for active perception that motivates using a combination of policy gradient
methods and supervised learning to solve interactive supervised learning problems.

« A framework for active perception that jointly trains a reinforcement learning policy and a
perception module on a shared transformer backbone. This formulation enables adaptability
across different tasks by making minimal assumptions about the nature of the underlying POMDP.

« Comprehensive empirical evaluation of two method variants, based on SAC and CrossQ, on
classi cation, volume estimation, and localization tasks, demonstrating that RL-based strategies
can discover active exploration policies without task-speci ¢ heuristics, and establiSRIRQE
as a viable formulation for active perception.
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2 RELATED WORK

Active perception has been studied for both vision and touch Bajcsy (1988); Bajcsy et al. (2018); Bohg
et al. (2017); Taylor et al. (2021) and in the context of Applications range from object localization
and tracking Yang et al. (2019); Gounis et al. (2024); Tallamraju et al. (2019); Mateus et al. (2022),
to scene description Tan et al. (2020), object property identi cation Boehm et al. (2024), shape
estimation Yi et al. (2016); Birkman et al. (2013), UAV navigation Bartolomei et al. (2021), and
robotic manipulation De Farias et al. (2021); Xiong et al. (2025a); Dragiev et al. (2013). Many of
these works have been formulated using reinforcement learning or non-parametric methods such as
Bayesian optimization, with a few imitation-learning-based approaches emerging more recently Yang
et al. (2024b); Chuang et al. (2025); Liu et al. (2025); Dai et al. (2022); Xiong et al. (2025b). However,
these methods are usually tailored to speci c tasks, environments, and objectives, and often assume
the agent does not in uence the environment through its actions. To our knowledge, there exists
no active perception method that has been shown to work on a wide range of tasks, objectives, and
environments.

Active Perception for Tactile Sensing:Tactile sensing allows robots to infer object geometry, texture,

and materials through physical contact, complementing or substituting visual sensing, especially
in occluded scenarios. Early tactile sensing systems primarily used simple binary contacts Yousef
et al. (2011), whereas recent approaches employ vision-based tactile sensors Yuan et al. (2017);
Lambeta et al. (2020); Lloyd & Lepora (2024). These sensors provide high-resolution data useful in
complex tasks, including shape reconstruction, texture recognition, and advanced manipulation, such
as autonomous page turning Zheng et al. (2022), object reorientation Yin et al. (2023); Qi et al. (2023),
and handling deformable objects Bauer et al. (2025). Active tactile perception involves deliberately
selecting contact locations and trajectories to optimize information gain during interaction. Previous
approaches leverage Gaussian Processes Yi et al. (208knigjn et al. (2013) and Bayesian
optimization Dragiev et al. (2013); De Farias et al. (2021); Boehm et al. (2024) to ef ciently
reconstruct shapes, discriminate textures, or identify grasp points. However, these approaches
typically rely only on sparse contact points, assume the object is stationary, and often require
additional sensing modalities such as visiofBman et al. (2013). Moreover, most works are
tailored to speci ¢ tasks. Gaussian process-based methods, such as Yi et al. (20dl6)1e8j et al.

(2013); Dragiev et al. (2013), focus on shape reconstruction, while Boehm et al. (2024) performs
texture recognition using vision-based tactile. For comprehensive surveys on tactile manipulation, we
refer readers to Li et al. (2020); Yousef et al. (2011).

Reinforcement Learning in Active Perception: In active perception, previous works have explored
RL-based approaches. In the visual domain, Yang et al. (2019) performs active object search and Tan
et al. (2020) generates semantic scene annotations, boREISE-ORCHo train camera-control
policies that improve perception. Related camera-control methods include Cheng et al. (2018), who
apply RL to a manipulation task using RCNN-processed visual input, and Dass et al. (2024), who
recover a known context variable from visual observations using PPO without memory. Hu et al.
(2025) focuses on real-world, vision-based active perception and proposes an RL training recipe
that uses privileged sensing and demonstrations to learn deployable viewpoint-selection policies.
Active perception for 3D scene understanding has also been studied. Jayaraman & Grauman (2018)
learn LSTM-based policies for actively completing panoramic scenes, while Lv et al. (2023) uses a
differentiable simulator to select informative viewpoints with attention to sim-to-real transfer. Other
works jointly model motor and sensor policies under partial observability, as in Shang & Ryoo (2023),
or integrate point-cloud conditioning and distillation for mobile manipulation Uppal et al. (2024).

In the tactile domain, RL-based methods have addressed object shape reconstruction. Particularly,
PPO Xu et al. (2022) and DDQN Smith et al. (2021) have been applied to build object shape estimates
by selecting informative contact points, with the former assuming a binary tactile sensor in a 2D
environment and the latter requiring both vision and touch. By assuming that the object is static,
these approaches avoid uncertainty in object pose and maintain explicit shape reconstructions that
serve as the policy state. Complementing these, Rajeswar et al. (2022) propose curiosity-driven
haptic exploration based on mismatches between visual predictions and tactile observations. Related
to our work is theRecurrent Models of Visual AttentiqgRAM Mnih et al. (2014), which uses
REINFORCREo select sequential image glimpses for MNIST classi cation via an LSTM policy.
Although developed for classi cation, the idea naturally extends to regression. BuildiRg\ibh

Fleer et al. (2020) introduce thgaptic Attention Mode(HAN], which learns a control policy
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