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Abstract

A robot’s instantaneous sensory observations do not always reveal task-relevant
state information. Under such partial observability, optimal behavior typically
involves explicitly acting to gain the missing information. Today’s standard robot
learning techniques struggle to produce such active perception behaviors. We
propose a simple real-world robot learning recipe to efficiently train active percep-
tion policies. Our approach, asymmetric advantage weighted regression (AAWR),
exploits access to “privileged” extra sensors at training time. The privileged sen-
sors enable training high-quality privileged value functions that aid in estimating
the advantage of the target policy. Bootstrapping from a small number of poten-
tially suboptimal demonstrations and an easy-to-obtain coarse policy initialization,
AAWR quickly acquires active perception behaviors and boosts task performance.
In evaluations on 8 manipulation tasks on 3 robots spanning varying degrees of
partial observability, AAWR synthesizes reliable active perception behaviors that
outperform all prior approaches. When initialized with a “generalist” robot policy
that struggles with active perception tasks, AAWR efficiently generates information-
gathering behaviors that allow it to operate under severe partial observability for
manipulation tasks. Website: https://penn-pal-lab.github.io/aawr/

1 Introduction

Any organism needs to extract information from the world via its sensory apparatus to make decisions,
solve tasks, and survive. One strategy is to have high bandwidth and sophisticated sensors like the
human eye, to sense as much information as possible and embrace the “blooming, buzzing confusion
of the senses” [1] this entails, subject to natural limits, such as a local field of view. Another strategy
is to use the ability to move around in the world to gather new information and overcome our sensory
limitations - we scan our eyes across a crowded party to find a friend, and polish our glasses to
get a clearer view. Such information gathering behaviors are called active [2] or interactive [3]
perception based on whether they only move a sensor around the world or if they also alter the
world. In the following, we will use “active perception” as shorthand to refer to all such behaviors,
except when the distinction is particularly pertinent. In this work, we are interested in learning
active perception behaviors to compensate for the limitations of various sensory setups in robots,
ranging from entirely blind robots operating purely from proprioception, to robots operating with
sophisticated multi-camera setups.

It has been hard to learn useful active perception behaviors for robotics, and not for lack of trying
[2–12]. Of the techniques commonly in vogue for robotics, imitation learning is ill-suited because
acquiring optimal active perception demonstrations can be cumbersome and unnatural (e.g. forcing a
teleoperator to look through wrist cameras). In theory, RL should be able to learn active perception
behaviors from interaction, but in practice it is too sample-inefficient even in fully observed settings,
leave alone the partially observed settings where active perception is relevant. Moreover, sim-to-real
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Figure 1: Left: A robot with a single wrist image struggles to find objects in a heavily occluded scene.
Right: An active perception policy searches through potential hiding spots to find the target object.

transfer is hard for such tasks because it is tied closely to sensory capabilities, and many sensory
observations of interest, including depth, LIDAR, RGB cameras, audio, touch, contact, force sensors,
etc., are all hard to simulate well enough to reliably learn transferable behaviors. This difficulty is
also reflected in the inability of today’s state-of-the-art generalist policies trained on massive amounts
of robot tele-operation data to perform even simple search tasks, as we will show in experiments.

We demonstrate that bootstrapping from suboptimal demonstrations and incorporating rewards in an
offline-to-online RL algorithm is a viable approach for synthesizing active perception behaviors. Crit-
ically, the RL algorithm must be designed appropriately, and we theoretically derive that asymmetric
access to extra sensors for critics and value functions is important to correctly estimate supervision
signals for the policy in partially observed settings. Specifically, we take a weighted behavior cloning
approach, by extending advantage weighted regression (AWR) [13–16] to incorporate privileged,
training-time only observations. We call this approach Asymmetric AWR (AAWR). As an example,
in one experiment, we give critics privileged access to object detectors to train open-loop policies
that only receive proprioception and initial object positions. In another experiment, we give critics
privileged access to privileged segmentation masks to train search policies in visually cluttered scenes.

Our key contributions are as follows: (1) We efficiently train real-world active perception policies
by introducing AAWR, which uses privileged value functions to better supervise the policy. (2)
We provide theoretical justification for using privileged advantage estimates for AWR in POMDPs,
by showing that maximizing the expected policy improvement in a POMDP results in the AAWR
objective. (3) We demonstrate that AAWR effectively learns a variety of active and interactive
perception behaviors in 8 different settings - over varying types of partial observability, multiple
types of simulated and real robots, and varied tasks.

2 Related Work

Active perception policies are frequently trained to optimize information-theoretic objectives such as
uncertainty reduction and next best viewpoint selection[17–21]. Such approaches are used for task-
agnostic applications like object tracking [8, 22], scene reconstruction [11, 23, 24], pose estimation
[12], or free-space navigation [20]. However, such approaches are not applicable to our setting in a
variety of ways. First, many assume the ability to freely query views of a scene, without regard to task
constraints [17, 19]. In our manipulation settings with clutter, there are many informative viewpoints
that are difficult to reach due to physical constraints. Next, such information-theoretic metrics are
not task-relevant - to locate a toy, a human may naturally look in drawers, shelves, cabinets, or other
storage areas. But these information-theoretic metrics do not incorporate such task information, and
may find the unseen back of a shelf just as interesting. In short, for training active perception policies
for robots, we desire a more task-centric active perception approach that considers the constraints
of the task and does perception-improving behavior to maximize the task success rate, instead of a
task-agnostic metric.
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Imitation and reinforcement learning are natural ways to synthesize task-relevant active perception
policies, by using demonstrations and reward functions. Some prior works[5, 6, 25] use imitation
learning to train active perception policies on real robots, but performance is bounded by the
demonstrator. However, acquiring optimal active perception demonstrations can be quite cumbersome
(e.g. forcing human tele-operators to look through wrist cameras). On the other hand, RL approaches
do not impose this burden, but real-world RL approaches for active perception [26, 27] require heavy
instrumentation (e.g. for constructing task-speci�c volumetric maps), limiting generality. Without
such assumptions, RL methods are often limited to simulation due to sample inef�ciencies [18, 28, 29].
Sim2real transfer, however, is not easily applicable to active perception tasks. This is because active
perception tasks are closely related to sensory capabilities, and accurately simulating sensors (e.g.
RGB, depth, touch, etc.) is dif�cult. Relative to prior work, we propose an RL method that
ef�ciently learns active perception behavior on real robots while requiring minimal instrumentation
(e.g. uncalibrated RGB cameras) at inference time.

To do this, we operate in an asymmetric training setting, exploiting privileged information [30]
during training time to improve policy training [31, 32]. Privileged information approaches have
been widely successful in solving partially observed tasks [33, 34] and have been deployed on real
world robots with sim2real transfer [35–38]. As mentioned above however, it is dif�cult to perform
sim-to-real transfer for active perception problems. Further, asymmetric RL approaches for sim2real
[36, 37] are designed to exploit billions of privileged simulator state transitions [39], infeasible for
privileged training in the real world, where we only have small amounts of potentially noisy privileged
observations. We develop a new “asymmetric advantage weighted regression” RL algorithm that is
more capable of learning ef�ciently in the real world, exploiting privileged additional sensors.

3 Asymmetric Reinforcement Learning in Active Perception POMDPs

Consider a robot tasked with �nding a toy in a cluttered room using just its wrist camera, as seen
in Figure 1. The toy's location is hidden to the robot, and it must scan the scene with its wrist
camera in an ef�cient search path to �nd the toy quickly. These types of tasks where the robot has
limited sensing but the reward and dynamics is dependent on some hidden environment state (e.g. toy
location), are naturally modelled by partially observed Markov decision processes (POMDPs) [40].

A POMDP is represented by the tuple(S; A ; O; T; R; E; P; 
 ) whereS is the state space,A the
action space, andO the observation space. The dynamics are described by the transition density
T(st +1 j st ; at ), the reward densityR(r t j st ; at ), the observation densityE(ot j st ), and the initial
state densityP(s0). For the search task of Figure 1, the state would include the robot position and
toy location, while the observation would be the wrist camera view. The goal of policy synthesis in a
POMDP is to �nd an optimal policy� � that maximizes the expected returnJ (� ) = E� [

P 1
t =0 
 t r t ],

where the discount factor
 weights the importance of future rewards. In a POMDP, such a� �

generally requires access to the complete historyht = ( o0; a0; : : : ; ot ) 2 H of past observations and
actions. This contrasts with an MDP, a special case of POMDP withst = ot , in which the optimal
policy depends only on the current state.

Back to POMDPs, it is usually impractical to learn a policy conditioned on the full history, since
its input space would grow exponentially with time. Instead, it is common to consider an “agent
state”f : H ! Z that is recurrent in the sense thatzt = f (ht ) = u(f (ht � 1); at � 1; ot ), such as a
sliding window. Then, the policy� 2 � = Z ! �( A ) must map from the agent state. Interestingly,
when using an agent state and such policies, the POMDP can be transformed into an equivalent MDP
whose state(st ; zt ) includes both the environment state and the agent state, with policies� 2 �
conditioned on the latter state only [41–44].

3.1 Background: Advantage Weighted Regression (AWR) for Markov Decision Processes

Advantage weighted regression (AWR) [13, 14] is a policy iteration algorithm for fully observed
MDPs whose policy update objective is written as a behavior cloning loss, weighted by the estimated
advantage of the transition. AWR is presented as a versatile algorithm that is able to leverage
of�ine / off-policy data as well as on-policy data. More formally, at each iteration, AWR seeks
to �nd a policy � : S ! �( A ) that maximizes the expected surrogate improvement,�̂ (� ) =
Es� d� (s) Ea� � (ajs) A � (s; a) � J (� ) � J (� ) with respect to a behavior policy� , under KL constraint
Es� d� (s) [KL(� (� j s) k � (� j s)] � " . The behavior policy� typically corresponds to the mixture
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of all past policy iterates that generated the dataset of online interactionsDon. When relaxing the
KL constraint with multiplier� > 0, optimizing this soft-constrained objective is equivalent to
maximizing the �nal AWR objective:

L AWR(� ) = E
s� d� (s)

E
a� � (ajs)

�
exp

�
A � (s; a)=�

�
log � (a j s)

�
: (1)

The original AWR algorithm [14] used either a return-based estimate or aTD(� ) estimate of the
advantage, by learning a value function with Monte Carlo estimation. Followup works [15, 16] used
a critic-based estimate of the advantage by learning a Q-function with TD learning, which improves
sample ef�ciency by better leveraging off-policy samples. We build on these latter works. For more
detailed background on AWR and related approaches, see Appendix B.

3.2 The Need for Asymmetric Training in POMDPs

We now derive the AWR objective for POMDPs, showing why it requires asymmetry during training.
We also show that the unprivileged value functions associated with a naive application of symmetric
AWR cannot be learned by TD learning.

Asymmetric and Symmetric AWR for POMDPs. We aim to train a policy� : Z ! �( A ),
conditioned on the agent statezt (equivalent to historyht = ( o1 : : : ot )) to maximize the return in
POMDPs with an AWR-like objective. We consider the asymmetric learning paradigm in which the
environment states available during training (of�ine or online) but not during policy deployment.
We introduce the asymmetric AWR (AAWR) objective:

L AAWR(� ) = E
(s;z ) � d� (s;z )

E
a� � (ajz)

�
exp

�
A � (s; z; a)=�

�
log � (a j z)

�
(2)

whereA � (s; z; a) = Q� (s; z; a) � V � (s; z) is the privileged advantage function, withQ� (s; z; a)
andV � (s; z) the privileged critic and value functions, formally de�ned in Appendix C. See Figure 2
for a visual overview of the loss.

Figure 2: Top row: The policy receives the partial observation. Bottom row: Privileged observations
or state, available only during training, are given to the critic networks to estimate the advantage. The
advantage estimates are used as weights in the loss, providing privileged supervision to the policy.

If the environment states is unavailable during training, one natural strategy is to solely use agent
statez to estimate the advantage. We call this unprivileged variant the symmetric AWR (SAWR)
objective, which is just Equation (2) with environment states removed from all terms.

Why is L AAWR the right objective to implement AWR for POMDPs? To show this, we start by
observing that the original AWR objective was derived as constrained policy improvement in an MDP
setting. To apply AWR to the POMDP setting with a policy� 2 � = Z ! �( A ), we can consider
the equivalent MDP with state(s; z), as discussed in Section 3. We then closely follow the original
derivation in this MDP by additionally constraining the policy to be in� = Z ! �( A ).
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Theorem 1 (Asymmetric Advantage Weighted Regression). For any POMDP and agent state
f : H ! Z , the Lagrangian relaxation with Lagrangian multiplier� > 0 of the following con-
strained optimization problem,

max
� 2 �

E
(s;z ) � d� (s;z )

E
a� � (ajz)

[A � (s; z; a)] (3)

s.t. E
(s;z ) � d� (s;z )

[KL(� (� j z) k � (� j z)] � " (4)

is equivalent to the following optimization problem:max� 2 � L AAWR(� ).

The proof is given in Appendix C and concludes the validity of the AAWR objective. In addition, we
also show in Appendix D that optimizing the SAWR objective does not recover the correct solution,
because an advantage estimator depending on agent statez only is insuf�cient for estimating the
advantage of the equivalent MDP, whose state is(s; z). In the example in Figure 1, it is clear that a
privileged advantage estimator with access to toy locations will better estimate success.

Implementation Details. To instantiate asymmetric advantage weighted regression, we trainV �
�

and criticQ�
� networks to compute the advantage, mirroring extensions [15, 16] of AWR that train

critics to better leverage off-policy data instead of relying on MC returns. To train the networks,
we choose IQL [45], a well known Q-learning algorithm known for its effectiveness in of�ine RL,
of�ine-to-online RL �netuning [46] and real robot RL [47] tasks. The networks are trained using
IQL's expectile regression objective, see Appendix A for details.

In our POMDPs, in the symmetric setting, the unprivileged advantage estimator would be
Â �

QV (zt ; at ) = Q�
� (zt ; at ) � V �

� (zt ). In the asymmetric setting, the privileged advantage esti-

mator would instead bêA �
QV (st ; zt ; at ) = Q�

� (st ; zt ; at ) � V �
� (st ; zt ). In Appendix E, we show

that the privileged value functions are the �xed point of the Bellman equations described by IQL's
objective. In contrast, we show that the unprivileged value functions are not the �xed point of their
corresponding Bellman equations, which further motivates the use of AAWR instead of SAWR.

We consider an asymmetric learning setting in which the statest or privileged observationsop
t from

additional sensors are available during of�ine / online training time, but not during policy deployment.
The privileged critics take in either observation and state(ot ; st ), or the augmented observation
(o+

t = ( ot ; op
t )) while the policy only receivesot .

Algorithm 1 AAWR Of�ine-to-Online Training

Require: privilegedo+ , partialo, � (� j o), Q; V
1: for i = 1 to Noff do
2: UpdateQ; V usingDoff and IQL loss
3: Update� usingDoff and Eq. 2
4: for i = 1 to Non do
5: Collectf (ot ; o+

t ; at ; r t ; ot +1 ; o+
t +1 )gT

t =1 with �
6: Don  D on [ f (ot ; o+

t ; at ; r t ; ot +1 ; o+
t +1 )gT

t =1
7: UpdateQ; V usingDon; Doff and IQL loss
8: Update� usingDon; Doff and Eq. 2

Algorithm 2 Deployment

Require: partialo, �
1: for t = 1 to T do
2: o  env.step(� (� j o))

Figure 3: Left: The policy is trained using privileged sensors on of�ine / online data. Right: After
training, privileged sensors are no longer available and only the policy is deployed.

I Privileged Training We follow the of�ine-to-online RL paradigm [15, 45, 47–50] where the
policy and value functions are �rst pre-trained on of�ine data using of�ine RL, and then are further
�ne-tuned with online interaction in the environment. Following lines 1-3 of Algorithm 1: Given
the of�ine dataDoff , we updateQ; V using the IQL objective and� with the Equation (2) forNoff
gradient steps. Next, in lines 4-8 of Algorithm 1: We execute the policy in the environment and store
online transitions into bufferDon. We sample an equal number of transitions from both buffers to
form a batch, following best practice from prior work [47, 51]. Using the batch, we updateQ; V
using the IQL objective and� with the Equation (2).

I Unprivileged Deployment: During deployment, only partial observationso remain available,
which the policy uses to output actions, as seen in Algorithm 2.
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