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Abstract

Sequential decision-making under partial observability is difficult because agents
must explore to infer hidden, task-relevant information before acting effectively.
Learning such information-gathering behaviors tabula rasa via online reinforce-
ment learning is sample-inefficient, whereas offline imitation fails to learn ex-
ploratory behaviors due to insufficient coverage of deployment-time histories. To
address this, we develop an online imitation-based method that learns to explore
and adapt during deployment. We focus specifically on the setting of asymmetric
student-teacher learning in POMDPs using oracle information from clairvoyant
experts. Direct imitation learning fails because clairvoyant experts need not demon-
strate the information-gathering actions required by students. In this work, we
propose ASTEROID , a simple yet surprisingly effective framework for learning
exploration from privileged experts. Our method, ASTEROID , is based on the key
idea that history-conditioned student policies can learn to explore through online
asymmetric distillation: the student first collects on-policy context under partial
observability, and the privileged expert then provides action labels conditioned
on that context. Iteratively, as the context grows, the student learns to use past
observations to infer hidden task information and act according to the inferred
latent state, yielding exploration similar to efficient Bayesian posterior sampling.
Across a diverse range of ten different simulated environments, including discrete
exploration benchmarks, robotic manipulation, navigation, and Procgen environ-
ments, ASTEROID achieves ~2x higher returns under fixed exploration budgets
and uses up to ~100x fewer interactions than baselines. Finally, ASTEROID
transfers policies trained entirely in simulation to vision-denied real-world robot
manipulation, exhibiting efficient exploration and improving success by 40% rela-
tive to baselines. Overall, ASTEROID provides a simple yet surprisingly effective
framework to learn efficient test-time exploration from privileged supervision.

1 Introduction

Sequential decision-making under partial observability remains a central challenge in reinforcement
learning (RL) [29,45]. In many real-world settings, from robotics to embodied Al, agents receive
only partial, noisy observations of the environment. Effective behavior, therefore, requires exploration
to infer hidden, task-relevant information before acting successfully [26, 169 36} 165/ 139, 162]. For e.g.,
a household robot searching for an object must use onboard sensing to infer likely object locations,
track locations it has already searched, and adapt future exploration based on prior attempts [9} 18, [25].
Such problems are formalized as partially observable Markov decision processes (POMDPs) [29].
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Figure 1: ASTEROID provides a simple, reliable, and performant method for achieving efficient
exploration in partially observed domains via on-policy asymmetric student-teacher distillation.

Prior work [23,!43]] has shown that history and recurrent models are important for POMDPs. Learning
such models tabula rasa via online RL or meta-RL is sample-inefficient [3, |69, [17], as the agent
must learn to both gather information and exploit it to solve the task. A natural way to improve
sample efficiency is to assume training-time access to a “clairvoyant” oracle that observes the hidden
privileged state and acts accordingly. This oracle can teach the learner how to act once the hidden
state is known, but it does not teach the learner how to acquire that information [37]]. The reason
is simple: the privileged expert has no incentive to explore, whereas the deployed student must
explore to infer the hidden state. Consequently, naively distilling expert behavior does not teach the
student the information-gathering behavior needed for adaptation [61]]. Existing approaches to this
asymmetric student-teacher setting address the mismatch using expensive online RL [65]], unrealistic
expert formulations [64]], or strong offline coverage assumptions [36].

In this work, we propose ASTEROID (Asymmetric Student Teacher Rollout In-context Distillation),
an iterative method for learning efficient exploration from privileged expert labels using supervised
policy updates. The key idea is to decouple the source of the history from the source of the
supervision. ASTEROID rolls out the current student under partial observability, producing a history
of observations, actions, and rewards. It then queries a privileged expert for actions to take from the
state reached after that history. The expert does not need to demonstrate exploration itself; instead,
it labels histories generated by the unprivileged student. As a result, failed searches, uninformative
probes, and partial observations become useful training context: they specify what evidence the
student has accumulated, while the expert label specifies the correct next action given the hidden
state. This trains the student to infer hidden information in context and adapt its future behavior.

These on-policy contexts with privileged actions induce a supervision signal for exploration, as
a partial history represents uncertainty over the hidden state. Returning to the household search
example, suppose the object could be in location A, B, or C. If the student searches A and does not
find the object, that history rules out the hidden state where the object is at A, but remains consistent
with the object being at B or C. A privileged expert observing the true object location would label
this kind of partial history with “search B” when the object is at B, and “search C”” when the object is
at C. The student therefore learns to randomize over the remaining plausible action. After failing at
A, it may sample either B or C; after also failing at B, the history eliminates both A and B, making
C the remaining plausible continuation. This is different from sampling locations independently at
random, as the policy conditions on its history and avoids repeatedly trying hypotheses that its own
experience has ruled out. Generally, across many training tasks, histories that alias multiple hidden
states receive a distribution of expert labels over plausible expert trajectories. Sampling from this
distribution chooses a valid hypothesis, and the resulting observation or reward updates the history,
eliminating additional hypotheses in the process. Repeating this process trains an in-context policy to
search when the hidden state is uncertain and exploit once the relevant information is revealed.



The on-policy nature of this data collection is critical: the student is trained on the belief states
(histories) induced by its own behavior, rather than relying on random or offline data to cover all
possible exploration contexts [36]. As the student improves, ASTEROID continually relabels the
histories that the current student actually visits with privileged expert continuations. We show
empirically (Section [3)) and theoretically (Appendix [H) that ASTEROID converges to Bayesian
posterior sampling, a provably efficient exploration strategy [58. 45]], while retaining the simplicity
and sample efficiency of imitation learning. In summary, we make the following contributions:

1. Present ASTEROID , a simple algorithm for learning to explore and improve on deployment
in partially observed decision-making tasks. ASTEROID pairs on-policy student contexts with
privileged expert labels to learn in-context exploration through supervised learning.

2. Evaluate ASTEROID across 11 environments over 4 benchmarks, including discrete exploration,
procedurally generated navigation, simulated and real-world robotic manipulation, and embodied
object search. Across these domains, ASTEROID learns fast in-context adaptation under partial
observability, consistently outperforming RL and supervised baselines under fixed exploration
budgets while using up to two orders of magnitude fewer training interactions.

3. Show that the learned policies exhibit memory, goal-directed search, and efficient real-world ex-
ploration behavior, and provide a theoretical insight showing that, under appropriate assumptions,
on-policy asymmetric distillation recovers posterior-sampling behavior with compounding error
that scales linearly rather than quadratically in the horizon.

2 Problem Statement

We study decision-making under partial observability, modeled as a partially observable Markov
decision process (POMDP) [29]. A POMDP is represented by the tuple (S,.A, O, T, R, E, po,7),
where S is the state space, A is the action space, O is the observation space and 7', R, pg, v are the
transition kernel, reward function, initial state distribution and discount respectively. In a POMDP, the
policy does not observe the state s; but receives partial observations o; ~ E(- | s;). For simplicity,
we also define the Bayes-Adaptive Markov decision process (BAMDP), a special case of POMDPs
in which the only hidden variable is a latent parameter, denoted by z, i.e., s; = (o, z). For each
interaction, z € Z is sampled from a prior p(z) and remains fixed for K episodes (unlike a POMDP,
where hidden states may vary at each step). Given a z, BAMDPs are fully observed and can be
represented as a collection of MDPs M, (or tasks).

As a running example, consider the three-door environment in the given =~ Three-Door problem as a BAMDP
figure. This is a BAMDP with latent parameter z denoting the target door.

At the start of each interaction, z is sampled uniformly from the three

doors and remains fixed across multiple episodes, where the objective

is to navigate to the correct door. The agent observes only its current

position and must use its interaction history to infer the hidden goal and o

then exploit that information. A POMDP can be constructed by varying 9

the hidden ground-truth position at each time step.

Since o; contains partial information, the optimal policy is non-Markovian and depends on the
history h: = (09, ag,70,-..,0t), where it must use history to infer hidden information and to
exploit it. Let d (h) denote the distribution over histories for a policy 7 in the POMDP. Learning
information-gathering behavior directly from sparse rewards is highly sample-inefficient, often
requiring impractical amounts of experience [3l]. To mitigate this sample inefficiency, we study an
asymmetric training—testing setting in which a privileged teacher 7*(a; | s;) can access s; during
training, while the deployed student g (a; | h:) acts under partial observability using h;. We assume
that the algorithm can interact with the POMDP during training to collect experience as transition
tuples (o¢, at, ¢, o), and can query the teacher for aj ~ 7*(- | s¢). In practice, such teachers can be
trained in the fully observed MDP using RL, imitation learning, or hybrid approaches [66} 52| 22 44].
Our objective is to use these interactions and privileged teacher supervision to learn a history-
conditioned student policy (- | h;) that maximizes the expected return J(mg) = Er,[>,2 7 7).
E] This asymmetric distillation setting arises naturally in household navigation [18} 28], sim2real
robotic manipulation [66,[31]], human-in-the-loop learning [32]], and knowledge distillation [21].

2Since 7* conditions on strictly more information, its performance upper bounds that of any partially observed student.
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Figure 2: In each iteration, ASTEROID (1) collects on-policy context from the student 7y, and then
(2) expert trajectories from 7*, under the same hidden parameters z. With this dataset, we can (3)
train policies that perform in-context exploration.

3 Background: Student-Teacher Distillation

Our work builds on student—teacher distillation 56,61} 5], meta-learning [[17,169} 53], and in-context
reinforcement learning [36, 33| I1]. We defer a full related-work discussion to Appendix [A] In
the following sections, we focus on the key paradigms for teacher—student distillation under partial
observability, discuss why they break down in asymmetric settings, and motivate ASTEROID as an
iterative on-policy distillation method for learning in-context exploration.

Naive asymmetric student—teacher distillation cannot learn adaptive exploration. A natural ap-
proach to train partially observed student policies is via behavior-cloning trajectories generated solely
by a privileged policy [[18] 46]. But there is a conflict: the privileged teacher policy 7*(+|s;) solves
the task without exploration, whereas the unprivileged student policy 7y must gather information
through exploration before exploiting for task success[23].

Following the three-door example from Section [2] ! I I I | I

privileged experts observe z, while the student only

receives partial observations o;. Att = 0, o is iden- \ . ] . \ ‘ /
tical for all values of z. Here, a student policy acting T ; (s h

on partial observation oy cannot distinguish between I I | m Uy
actions provided for the three goals and learns the Naive distillation
marginal expert behavior induced by the training data ﬂ_{ learns i.i.d exploration.

dr, 1.e., choosing a door uniformly at random. Thus,

Naive asymmetric distillation from expert trajectories learns i.i.d exploration, but fails to exploit
environment rewards and feedback.

In-context learning via Decision Pretrained Transformer (DPT) [36] can learn exploration.
Recent work [36] has shown that asymmetric student-teacher distillation can learn exploration when
the training dataset is constructed with specific design choices. Lee et al. [36] introduce DPT, an
in-context learning framework that constructs a dataset of contexts, observations and target actions:
DPPT = {(hy, 04,a})*}¥ | for supervised learning, where dp denotes the empirical distribution of
histories and query observations in the dataset D. DPT proposes that the offline dataset of histories
is generated under an independent behavior policy. Further, it labels randomly sampled query
observations o; € O, with the privileged expert aj ~ 7 * (-|ot, z). The history h; provides context
about the underlying hidden parameter, which the policy learns to use at the query observation o; to
predict actions. DPT trains a recurrent policy maximizing action likelihood over this dataset :

H
L£(0) = E > —logmy,(a; | or )| - (1)

(he,01,07)~Dr | 1)



Under coverage assumptions, w57 shows that it converges to posterior sampling [43]], a provably

efficient exploration algorithm: 1t uses h; to form an implicit posterior over the latent state and acts
according to the expert policy averaged under this posterior, i.e., w(a:|h:) = [ 7*(als) p(s|h) ds.

Let H; = (O x A x R)" x O denote the space of length-¢ history and observation tuples (ht,0¢).

The primary limitation of DPT is the reliance on an infinite-coverage assumption: the dataset
must cover the combinatorial space of arbitrary contexts and query observations. i.e., we require,

supp(dp) = U Hi,

which scales exponentially with the horizon H.

The above assumption holds in the infinite-data DPT
limit, when randomly sampling histories and

query observations provides complete coverage
(see Figure [3). Under finite data, this quickly
becomes impractical in high-dimensional ob-

ASTEROID

servation and action spaces, where the num-
ber of possible histories grows exponentially,
and informative feedback is sparse [4]]. Conse-

quently, purely offline context datasets do not %@
scale to learning exploration in realistic, large-

scale decision-making problems. This has fun-
damentally limited the applicability of methods

like DPT in robotics and other high-dimensional
problems.

Figure 3: DPT intractably needs infinite-context
coverage for training, while ASTEROID generates
on-policy rollouts to learn scalable exploration.

4 Asymmetric Student Teacher Rollout In-context Distillation

In Section [3] we identified a central bottleneck in supervised learning for in-context exploration:
generating data that covers the histories a partially observed agent will experience at deployment.

Our key insight is that the training dataset D actually need not cover the entire combinatorial
history space H;; the distribution of trajectories generated by the student itself — the "on-policy"
rollouts h; ~ d, — provides sufficient coverage in the dataset across contexts to learn an adaptive
exploration strategy, i.e.

supp(dx,) C supp(dp)

Consequently, this relaxes the excessive assumption of infinite coverage over histories that renders
DPT intractable. Our method ASTEROID is an iterative asymmetric distillation procedure that
alternates between collecting on-policy histories from the student and training a history-conditioned
student policy from privileged expert labels. Collecting supervision on histories induced by the
student minimizes the distribution shift between the histories seen during training and those during
deployment (similar to Ross et al. [S1]). We show both empirically and theoretically that on-policy
student rollouts provide sufficient coverage to learn an efficient exploration policy. In Appendix
we show that our introduced method is distinct from standard interactive imitation learning methods
like DAgger. ASTEROID uses environment feedback and context-level supervision for adaptation.

4.1 How does ASTEROID learn in-context exploration?

In this section, we present an outline of our proposed approach. The details are presented in
algorithm 2] and Figure[2] Let g, denote the ASTEROID student policy and D}, denote the dataset
of on-policy histories and labels at iteration k. To simplify the explanation, we first instantiate our
method in a BAMDP and then present a general solution for POMDPs. In a BAMDP, the latent
z is sampled at the start of each interaction and kept consistent, while a policy interacts with the
environment for k episodes. ASTEROID works iteratively in two distinct phases:

1. Data Generation: For each iteration, we run the following loop:



(i) Sample a task M, with latent parameter z ~ p(z),

(i1) Roll out the student policy mp, under partial observability to generate on-policy history
(9,71, - 7F=1) over k episodes, where 77 = (09, ag, 70, - 0H_1,a8_1,7H_1) is the

episode j during interaction and H is the episode horizon.
(iii) Query the clairvoyant expert aj ~ 7*(-|os,z) to generate the expert label 7% =
* * * * * *
(08,0 7G5 -+ - OFr 1, Ahr 15 TH—1)-

To simplify, we denote on-policy history h; = (7°,---7%~1), query observations o; =
(084 T5.4—1) giving us a dataset: {(h¢,0s, af)}1,". We run this for M samples of z, and
aggregate the dataset across previous iterations, Dy, < Dy_1 U {{(h¢, 04, a})}2 3 VM, . Ef-
fectively, we generate context h; from on-policy student rollouts and query observations with
privileged action targets (o, a;) from expert rollouts.

2. Supervised Learning: Given the dataset, we update g, by training the model to auto-regressively
predict the privileged action labels, conditioned on the context history, using the same conditional
imitation loss as DPT (Eq. [I). In practice, we encode all transitions across the context and the
expert trajectory as inputs to a decision transformer [[11]], and compute the loss only over expert
actions. At iteration k, we get mp, performing in-context exploration over k test-time episodes.

Revisiting the three-door problem from Section |Z[, IEpiiodel IEpi;deZ IEpii)deS
Iteration 0. 7y, learns an i.i.d. policy with no in-  "e®ir? T ’ | 1
. T, 0, o,
context learning. It randomly chooses a door every r=0 r=+1 r=0
episode, ignoring feedback from previous episodes. sid policy
Eplsode 1 Eplsode 2

Iteration 1. 7y, generates an on-policy trajectory,
which visits a random door. The reward reveals "' iy context i)
whether that door is correct: +1 if correct, 0 other- r=¢ r=+l

After failure try a different door

wise. The expert label then returns to the same door -~ - :
pisode 1 Episode 2 Episode 3

on success or points to a different door after failure. 11 11 W |
Iteration 2 T — T — T
0 T 1 ’

Thus, mp, learns to use the first episode as context
for choosing the second. However, 7y, has context

T,

r= r=0 =+

window = 1, so it cannot reason over more than one After two failures, choose the remaining door
attempt, motivating more iterations to expand the
window and learn longer-horizon adaptation. Figure 4: We iteratively learn to adapt explo-

. . ration using f k over longer con .
Iteration 2. 7y, now generates two context trajecto- ation using feedback over longer contexts

ries: it repeats a successful door, or tests a new door after failure. If both tested doors fail, the expert
label points to the remaining door. Thus, 7, learns an in-context exploration strategy that identifies
the true goal in this partially observed task.

Algorithm 1 ASTEROID

Require: iterations K, tasks per iteration IV, horizon H, privileged teacher 7*
1: Initialize Dy < (), student g,
2. fork=0,..., K —1do
3: Dk+1 «— Dy

4. // Collect on-policy contexts and privileged labels

5:. fori=1,...,N do

6: Sample z ~ p(z) and instantiate M,

7: Roll out g, in M, for k episodes: h\) = (7°,...,7%=1)

8: Roll out 7* in M, for one episode' 70 = ( OLO,TO7 e O, A1)
9: Add labels D1 < Diyr U{(h?, 05y 181, al) G

10:  end for

11: // Update student by conditional imitation
12 Train 7y, , on Dy using Eq. |I|

13: end for

14: return my,

To further illustrate ASTEROID , Appendix [E| provides another dry run showing that the student
behavior approaches posterior sampling. We discuss certain practical details of the method below.



4.2 Practical Implementation

Initialization. We initialize Dy with privileged expert trajectories. The initial policy g, is therefore
trained without contextual information and resembles naive student—teacher distillation; see Section[3}

Deployment. At deployment, the policy starts from a null context, hg = (). At each step, it observes
o¢, samples a; ~ wy(- | he, o), receives reward ry, and updates hy1 = (hy, o, ag, ). Thus, the
policy uses context to infer hidden information and exploit it to solve the task. For evaluations longer
than the training context length, we use a sliding window over past context.

Context-length curriculum. At each iteration k, the policy is rolled out for & episodes, inducing a
curriculum on rollout horizons. As the horizon expands, the student can eliminate task instances that
are inconsistent with its history over a longer horizon, making exploration efficient. This also makes
our method more sample efficient, and we present further discussion in Appendix

4.3 How does ASTEROID work on arbitrary POMDPs?

We described ASTEROID in a BAMDP, where a fixed latent variable z remains fixed across multiple
episodes. In a general POMDP, the hidden state evolves within a single episode: each action and
observation changes which states remain plausible. For example, in a locally observed maze, the
agent does not observe its global position, and this hidden position changes after every move. The
policy interacts with the environment at test time for a single episode over a fixed horizon H. As the
underlying state changes at each step, the agent faces a branching inference problem: each action and
observation changes which hidden states remain plausible. Thus, instead of coverage over repeated
episodes for a fixed z, we need coverage over on-policy histories h; across timesteps ¢ € [H].

In practice (see Algorithm [3), ASTEROID samples a timestep ¢, rolls out the student to produce
an on-policy history h;, and queries the privileged expert from the reached state for the next action
label af. The resulting tuples (h¢, 0¢, a}) train the policy to map its accumulated history to actions
that are optimal for the hidden state implied by that history, i.e., it approximates (a|ot, ht) =
f 7 (a¢|st)p(s¢|og, he)ds. For example, in the maze, after each move, the local observations and
reward feedback prune some possible positions while keeping others plausible, guiding exploration.
Further, we induce a curriculum in the context horizon by iteratively biasing the sampled timestep ¢
toward longer horizons. Thus, we adapt the method to a POMDP: collect the histories the student
actually visits, then use privileged labels to teach how those histories should guide future behavior.

5 Experiments

In our experiments, we aim to answer the following questions: (1) Does ASTEROID learn to solve
partially observed problems efficiently on deployment? (2) Is ASTEROID sample efficient and simple
to train? (3) What kind of exploratory behavior do policies trained with ASTEROID display at test
time? (4) Is learning from on-policy contexts necessary? (5) Does ASTEROID learn exploration
policies that can be deployed on real-robot hardware?

5.1 Training and Evaluation Details:

We test our hypothesis by comparing all methods across 10 environments over 4 benchmarks, and
three seeds [ﬂ We include the hyperparameters, training, and environment details in Appendix @
Further, we also include ablations over ASTEROID in Appendix [B] and qualitative videos on the
website. We evaluate the policy’s performance and exploration efficiency across multiple test-time
episodes. We compare policy performance across training iterations, with a fixed test-time budget.

Tasks. We evaluate our approach on a diverse suite of partially observable decision-making problems
across robotic manipulation, discrete exploration, and continuous navigation (Fig. [3)), requiring strong
elements of exploration, memory, and adaptation under limited sensing.

* Partially observed gridworlds [12] are a classic benchmark consisting of discrete search problems,
where an agent acts over multiple episodes in a gridworld to reach a goal(s). The agent is in an

3We run Habitat on a single seed due to high computational cost and wall-clock time.



Figure 5: Tasks: (left to right) meta-learning gridworld benchmark, partially observed navigation,
Procgen maze navigation, embodied object search, simulated robot and real robot manipulation.
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Figure 6: Performance on discrete exploration tasks requiring memory and task inference. We observe
that ASTEROID significantly outperforms all the methods in terms of test-time efficiency, and in
harder exploration problems, is the only method to learn an effective exploration and converge to the
true performance, after inferring the hidden task variables.

n X n grid and must perform targeted exploration to solve the task, such as finding the hidden goal
or sequentially finding the hidden key and the door across multiple episodes.

* Meta-Learning navigation [49] is a meta-learning task where an agent must navigate in an
environment to a hidden goal. We instantiate (i) Ant Navigation, where the agent is a 8-DOF robot,
and (ii) 2D Navigation, which reduces the dynamics to a simple point mass.

* Procgen Maze Navigation [14] involves finding the goal in procedurally generated mazes, where
the agent receives only a local 3 x 3 observation and has to infer the maze layout and goal location
using the interaction history.

¢ Embodied Object Search [48] involves searching for a household object in a fixed environment
in Habitat-Sim. This presents a visually complex domain for a realistic partially observed problem.

* Simulated Robotic Manipulation are high-dimensional, continuous-control manipulation
tasks under partial observability: Wrist-Camera Peg Insertion and Tactile-Pick. Here, the robot has
to use limited sensing to manipulate objects on a tabletop and complete the given task.

* Real Robot Manipulation We reconstruct one of the simulated tasks in the real-world, where the
robot has to pick up a cube using proprioception from the arm and gripper only. We train policies
in simulation with domain-randomization [59, [66]] and then transfer them to the real-world.

Baselines. We compare against strong baselines from several frameworks under partial observability:

¢ Asymmetric student—teacher: DPT [36] trains a transformer on an in-context dataset of randomly
collected interactions to predict oracle actions; SPOC [[18] imitates shortest-path trajectories with
data augmentation, yielding exploration-like behavior. AAWR [23] extends Advantage Weighted
Regression to POMDPs, using privileged state during training to learn a stronger critic.

+ Meta-RL: RL? trains a recurrent policy to adapt to the hidden parameters purely through
interaction, treating the policy’s hidden state as an implicit learning algorithm that updates from
histories across episodes. Distilled Planner [48]. For embodied navigation in Habitat, we train a
policy that performs posterior-sampling RL (PSRL) [43]] (i.e., upper bound performance).

¢ Imitation-informed RL: BC+PPO [52, [17] accelerates PPO [52] by adding a behavior-cloning
loss over privileged actions; for meta-learning tasks, we use an adapted variant (BC+RL?) that
leverages privileged supervision to bootstrap learning. ADVISOR [65] dynamically combines IL
and online RL objectives during training, resolving the imitation gap adaptively.



ASTEROID Behavior Cloning
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Figure 8: Robot positions during explo-  Figure 9: We observe extreme sample efficiency
ration for peg-insertion from wrist-images.  ~. 100x speed up when using ASTEROID to train

ASTEROID adapts via contexts, while BC  policies for robot manipulation under limited sensing.
fails to adapt.

5.2 Does ASTEROID learn to solve partially observed problems efficiently on deployment?

In Figure[6] we compare the test-time performance of in-context policies learned via ASTEROID
against baselines on hard exploration tasks. Given the same test-time exploration budget, ASTEROID
achieves substantially higher final performance. Unlike the baselines, it efficiently covers relevant
test-time histories and uses the context to infer task-relevant information, leading to higher returns.
Figures[9] [T0] and[I3]show the same trend in partially

observed navigation and manipulation. In Procgen :: _— 1 £ 00

Nav (Figure[7), ASTEROID solves procedurally gen- 50.5 D §

erated mazes by using a history of local observations g B0
to maintain an implicit belief over the maze state  §°*] . _.__.___| 3

and goal, guiding exploration toward unexplored re-  *? b |
gions [30]. This avoids redundant search and enables 0.0 s : 5 05z : ;
ASTEROID to achieve higher success rates while Iteration Iteration
taking nearly half as many timesteps as baselines. 77 Bxpert T DPT =e= ASTEROD e BC

In contrast, BC achieves non-trivial success through
random exploration but does not use context to avoid
redundant search, making it highly inefficient. DPT
also underperforms because offline datasets provide
incomplete coverage over test-time histories.

Figure 7: ASTEROID improves success
while reducing episode length on Procgen
Maze; BC succeeds non-trivially via random
exploration but is much less efficient.

5.3 Is ASTEROID sample efficient and simple to train?

In this section, we compare the training-time sample efficiency of ASTEROID against baselines
that combine RL with privileged supervision to learn policies under partial observability. Using
GPU-parallelized simulation [41]], we evaluate manipulation tasks in which the policy has access to
limited sensory modalities. In Figure[9] ASTEROID is ~ 100x more efficient in environment steps
than RL baselines, converging to a policy that explores and successfully picks the cube or inserts
the peg. In Figure the student observes only the history of past actions and tactile sensing
(no proprioception), and ASTEROID efficiently learns policies with ~ 92% success rate under this
extreme partial observability. The supervised updates in ASTEROID (as compared to expensive RL)
make it highly efficient during training, even for high-dimensional tasks. While RL baselines can
learn in low-dimensional settings (Appendix [B.4), they are significantly sample-inefficient or fail in
complex domains such as ant navigation and robot manipulation (Figures [9and [I0).

5.4 What kind of in-context exploratory behavior do policies learned via ASTEROID display?

In Figure [8] we visualize the qualitative exploration learned by ASTEROID . In wrist-camera
tasks, the policy actively scans the tabletop to localize both the object and target. In con-
trast, naive distillation goes out of distribution and degenerates. In Tactile-Pick (Figure [17)),
the policy probes multiple grasp points, uses tactile feedback from failed attempts to inform
its next actions, unlike BC, which treats trials independently and relies on i.i.d. exploration.



We observe similar goal-directed, memory-

) N based exploration in Habitat and naviga-
;B AT i / ) tion tasks: the policy explores the environ-
g e ment, remembers failed locations through
& S N history, and avoids redundant search. See
D / ............................................ A Appendix [C|and the website for videos. In
R T T T e — Figure we empirically observe in the
Test-Time Episodes Test-Time Episodes AntNav task that the learned exploration

—= Expert =e= Ours -m- DPT -#- RL resembles strategies found in prior meta-

learning methods [49] [69]]. Although RL

Figure 10: Ant Navigation. ASTEROID performs pos- can learn similar behavior, its sample inef-

terior sampling over goals while controlling the 8-dof  ficiency compared to ASTEROID makes

robot; RL? and DPT fail to learn control and exploration it impractical. DPT exhibits inefficient ex-

in higher dimensions. ploration behavior; in continuous-control

tasks, it is nearly impossible to construct offline datasets via random exploration that reasonably
cover test-time histories, causing a large train-test mismatch.

5.5 Islearning from on-policy contexts necessary?

Across multiple domains, DPT performs poorly because offline random contexts fail to capture the
deployment histories. In Figure[TTa] we compare ASTEROID against AAWR [23] trained with
offline datasets of varying diversity in the peg-insertion task, to highlight the importance of on-policy
context collection. AAWR [23]], which learns from an offline dataset, is highly sensitive to the
dataset quality and diversity. ASTEROID avoids this offline dependence by generating on-policy
contexts from the student. This focuses supervision on deployment-relevant contexts, and is robust to
imperfect expert labels (see [B.2).
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Figure 11: (a.) ASTEROID is online, while AAWR is sensitive to the quality and coverage of offline
datasets. (b.) Real robot setup, where the agent must rely solely on proprioception (arm joint positions,
gripper distance) to infer the object’s location and pick it up successfully. (c.) Comparing performance
of sim-to-real distillation via naive BC and our method on the real-robot task. ASTEROID learns an
effective exploration policy that achieves higher success rate across 10 random initial positions.

5.6 Does ASTEROID learn exploration policies that can be deployed on real robot hardware?

In Figure[ITb] we evaluate ASTEROID on a real robot manipulation task that requires exploration un-
der partial observability. We first train clairvoyant experts in IsaacLab using large-scale reinforcement
learning with domain randomization [68]]. These experts use privileged state information to
pick up a cube. At deployment, however, the real robot observes only proprioceptive signals, such as
joint angles and gripper positions. It cannot directly observe the cube location, so we cannot deploy
these experts directly. We need to train student policies for real-world transfer that must infer this
hidden information by trying different grasp locations and using contact feedback from the gripper.

The standard transfer baseline is to distill the simulation expert into the student policy via behavior
cloning. This student policy imitates expert trajectories, but does not learn how to recover from failed
attempts. In contrast, ASTEROID trains the policy on on-policy contexts, so the robot learns to adapt
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on failure, goes out of distribution so
| BC-baseline that imitates experts attempts a single grasp ‘ cannot recover or explore other locations
X L

BC

ASTEROID

| ASTEROID learns efficient exploration and explores multiple-grasp locations ‘ successfully infers the cube position and
picks it up!

Figure 12: We evaluate sim-to-real transfer of policies learned via ASTEROID and naive behavior
cloning on a real-robot task, where the robot cannot use the camera to localize the object and pick it
up. Instead, it has to use the proprioception of the arm and the gripper and explore different locations
by attempting grasps at different positions. The baseline (first row) is trained to imitate expert data
only and goes out of distribution. Meanwhile, ASTEROID (second row) learns a policy that uses its
in-context abilities to explore multiple grasp locations and pick up the object successfully.

its next grasp attempt based on the history of previous attempts and gripper feedback. As shown in
Figure|l Ic, ASTEROID achieves a higher success rate than behavior cloning. The qualitative rollouts
in Figure|[12|show the same behavior: after a failed attempt, the baseline goes out of distribution,
while ASTEROID continues searching over potential cube locations using its in-context abilities,
completes the grasp, and successfully picks up the cube under partial observability. We further show
that as the policy is not reliant on vision, it can successfully solve the task in situations where the
partial observability is natural - e.g., rummaging inside a box, in the dark under visual distractors.
Finally, we include videos of the real world rollouts on our website.

6 Discussion

In this work, we propose ASTEROID , an iterative asymmetric student—teacher distillation framework
for learning in-context exploration. The key idea is to train a history-conditioned student policy using
supervised targets from a privileged expert, while collecting the in-context histories on-policy from
the student. This combination directly addresses two bottlenecks for exploration in POMDPs: (i)
privileged teachers typically do not demonstrate information-gathering behavior, and (ii) offline or
randomly collected contexts may not cover the informative histories the student will encounter at
deployment. As a result, our method learns policies with adaptive behavior typically obtained using
expensive RL methods, but with the sample complexity of supervised learning.

A limitation of the approach is that it relies on the availability of a strong privileged expert, although
it is agnostic to how this expert is generated. An interesting future direction is to remove this reliance
and train clairvoyant experts from offline demonstrations. While posterior sampling has bounded
regret, it can be inefficient, motivating future extensions that combine our approach with optimistic
exploration. Additionally, the student policy is trained to imitate expert actions conditioned on
histories, but may produce potentially unsafe exploration. Therefore, an important direction is to
enforce safety during on-policy rollouts, e.g., via explicit behavior constraints and safety filters.
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A Related Work

Student-Teacher Distillation Learning from privileged experts arises in settings from self-driving
[LOL [16L 2] to robotic exploration [[13} 28l |5]. In partially observed domains, interactive imitation
learning addresses covariate shift and the resulting, compounding errors that drive the learner into
unseen states [[10L135] with classic iterative schemes including [[15 51,150, 155]]. Recent results suggest
that on-policy imitation is necessary under partial observability [56], and that off-policy cloning
[38] can fail in non-realizable settings where information-gathering behavior is required [54, |65]].
Our work targets this non-realizable regime: the learner must take information-gathering actions
that are not directly recoverable from a fully observed expert [34]. Prior approaches handle this via
additional assumptions (e.g., access to confounders at test time [57] or differentiable experts [64]) or
by incorporating reinforcement learning to induce exploration [42, 165, 161} 25 65]]. In contrast, we
learn information-gathering behavior using iterative distillation conditioned on on-policy histories,
which is substantially more stable and sample-efficient than RL-based alternatives.

Meta Learning A common approach to learning in POMDPs is to use recurrent policies that
compress the interaction history into a latent belief representation [23, [26]. Meta-RL provides a
general framework for learning adaptive exploration across task distributions [17} 169, 49], but often
requires extensive online training interaction [63} 3], making it difficult to scale to high-dimensional,
sparse-reward domains with long-horizon credit assignment. Our approach replaces this expensive
RL-based adaptation with iterative supervised learning, still enabling long-horizon, history-dependent
exploration through on-policy context collection. Additionally, unlike prior work [36, 169\ (17,34, our
method is not limited to Bayes-Adaptive MDPs [34], where the agent interacts with an environment
with a fixed underlying parameter across multiple episodes. We demonstrate that our method scales
to POMDPs, in which the policy explores actions within a single episode to estimate the underlying
state distribution and achieve task success.

Posterior Sampling Posterior sampling methods [58| 145]] drive exploration by implicitly or explicitly
maintaining a belief over the environment’s underlying hidden parameters, acting optimally under
samples from this distribution, and updating the belief based on feedback. Despite strong empirical
and theoretical results [7, 145]], such approaches typically require maintaining and sampling from an
explicit posterior, and solving for policies under the sampled parameters (e.g., PSRL, BOSS) [45, (1],
limiting practicality in rich-observation settings. While recent approaches [33, |67] for learning
Bayes-optimal policies for POMDPs are applied in discrete settings, posterior sampling yields a
simple, scalable solution with provable regret guarantees. ASTEROID does not explicitly optimize
a posterior-sampling objective, but in Section [5| we show that posterior-sampling-like behavior
emerges naturally from our method through iterative on-policy distillation, even in high-dimensional
continuous environments. Further, in Appendix [H} we show that theoretically, ASTEROID converges
to posterior sampling with linear regret akin to standard online learning methods [S1]].

In-Context Decision-Making Recent works [27,16160] extensively use transformers as decision-
making policies. When trained on a large corpus of sequential data using autoregressive supervised
prediction, transformers can exhibit in-context learning |19} 40, [20], i.e., adapting their behavior to
new inputs based on interaction histories or input-output examples provided in context. In online
decision-making, prior works have used these emergent capabilities to steer policies conditioned
on rewards or prior context. For example, Decision Transformer (DT) [11] learns a transformer to
autoregressively predict actions conditioned on past interactions and the desired return. Similarly,
Algorithm Distillation [33]] uses experience traces from a learning method (such as PPO [52]) to
adapt and improve policy behavior based on past contexts. More recently, Decision Pretrained
Transformer [36] shows that we can learn an in-context policy that performs posterior sampling
in certain POMDPs. DPT generates the context using random interactions in the environment and
action supervision from oracle experts with privileged information. Such methods assume that these
offline datasets provide coverage over all possible histories of interaction, which is intractable and
unrealistic in high-dimensional domains. ASTEROID , instead, uses a dataset of on-policy contexts,
removing the coverage assumption and scaling to much harder and higher-dimensional problems (see
Section [).
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B Ablation Experiments

B.1 Performance of ASTEROID on additional environments.

In Figure[I3] we show the performance of our proposed methods across additional partially observed
environments. ASTEROID leverages on-policy context accumulation and expert supervision to solve
these tasks efficiently. In the Tactile Pick w/o Proprioception task, the objective is to pick a randomly
placed cube on the table. The arm is randomly initialized, and the only observation available to
the student is tactile forces and the last action. We observe that ASTEROID effectively solves the
high-dimensional POMDP task with (~ 92% success rate) by implicitly maintaining a belief over the
underlying state. We plot the performance over iterations and the resulting behavior in Figure[T3b]
Note that in the tactile-pick (and some other) tasks, BC is also history-conditioned and achieves
non-trivial performance (here, ~ 48%) because certain evaluation reset conditions do not require
significant or directed exploration to locate the object.
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Figure 13: ASTEROID learns to solve POMDPs such as maze navigation, robot manipulation, and
Habitat object search, where agents must act under limited fields of view, random resets, and partial
sensing.
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Figure 14: We run ablations on different parts of ASTEROID in the Tactile-Pick task. Left: we
run ASTEROID with a noisy expert and observe no performance drop. Middle: we sweep over
different curricula with increasing exploration horizons and find minimal sensitivity. Right: we show
that adding curriculum improves the efficiency of the ASTEROID by ensuring that as the horizon
increases over iterations, the learned policy does not suffer from OOD histories and generate random
actions.

B.2 Robustness of ASTEROID to noise in privileged expert supervision

We evaluate the robustness of ASTEROID through an ablation study in which a noisy expert supervises
the student. We inject Gaussian noise into the expert actions during training (o = 0.2) and find that
ASTEROID remains performant under noisy supervision. The slight performance improvement may
stem from the regularising effect of learning from noisy targets.
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B.3 How does the curriculum of exploration affect ASTEROID during training?

At each iteration k < K, the policy interacts with the environment for k episodes, thereby inducing
an increasing curriculum on on-policy rollout horizons. As the context window gradually expands, it
allows the student to use longer histories to rule out hidden states or task instances inconsistent with
its observations and feedback (Appendix [B.3)). The curriculum also avoids a subtle distribution-shift
issue. Suppose the maximum context length is K, and we roll out an intermediate policy 7y, for
more than k episodes. Since 7y, was only trained on contexts of length at most &, maintaining an
in-distribution context would require a sliding window over the most recent k episodes. However, this
window can discard early exploration outcomes. If a failed goal is no longer in context, the policy
may re-explore it, producing redundant exploration histories that a fully converged policy would not
generate. Informally, this reduces the effective number of length-H exploration contexts from | Z|#

arbitrary failure sequences to at most % ordered non-redundant histories. This further reduces

!
H)
the effective context space, thereby making ASTEROID sample-efficient.

In Figure [T4] (right), we compare the performance of ASTEROID across two different schedules:
(i) No-Curriculum: the exploration horizon is sampled from a fixed range across all iterations, and
(ii) Curriculum: the exploration horizon is sampled from a range that increases every iteration. We
observe that curriculum-based exploration is more efficient than non-curriculum baselines, as it keeps
student policy rollouts in distribution and makes on-policy data generation more sample-efficient.
Furthermore, in Figure[T4] (middle), we compare the robustness of the method across different values
of increasing curriculum and observe that it is relatively insensitive to this parameter.

B.4 ASTEROID is significantly more scalable than RL in complex domains.

Darkroom-Mini

In Figures [6] and [9] we observe that RL-based baselines (RL?,
BC+RL?, and ADVISOR) severely underperform in some long-
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Figure 15: RL is effective over
short horizons, but ASTEROID uses
supervised updates to be effective
across long-horizon tasks as well.

horizon sparse reward tasks. To further ablate this, we run the RL
baselines and our method in a smaller version of the Darkroom en-
vironment, where the grid size is 5x5. We observe that RL baselines
learn competitive search policies in these small-scale environments.
ASTEROID uses supervised learning to model expert actions while
building exploration context via student rollouts, rather than relying
on expert supervision and dynamic programming over random con-
texts to learn how to explore and exploit information. As a result,
ASTEROID is more performant in high-dimensional long-horizon
settings over RL baselines.

B.5 Does iterative context accumulation actually help ASTEROID ?
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Figure 16: The test-time efficiency of ASTEROID increases significantly with more iterations of
asymmetric on-policy distillation, demonstrating that as the context dataset grows, the policy can
adapt over longer horizons, making exploration more efficient.

Figure shows exploration performance as a function of the number of in-context exploration
iterations on a high-dimensional navigation task. In Habitat Navigation, performance improves
steadily as additional exploration steps allow the policy to gather informative observations and refine
its behavior, despite the complexity of the observations, converging to the posterior-sampling upper
bound. Further, in Figure [I6] we observe that the test-time efficiency of ASTEROID improves
significantly with more iterations. These results indicate that ASTEROID effectively uses in-context
interaction to accumulate task-relevant information, translating additional exploration into improved
downstream task performance in realistic, partially observable environments, such as higher success
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rates in embodied object search in Habitat and in robot manipulation tasks. In Appendix [B.3] we
further include ablations showing the benefits and robustness of ASTEROID to the curriculum over
exploration horizon across multiple iterations.

C Qualitative Results

C.1 ASTEROID learns efficient exploration in robot manipulation under limited sensing, and
Procgen.

In Figure[T7} we further compare the qualitative exploration behavior across the tactile and the procgen
task. We observe that ASTEROID enables active exploration-like behavior during manipulation,
in which the robot arm moves efficiently across the table to locate the cube. Similarly, in the 2D
navigation maze task, ASTEROID learns a policy that adaptively searches for the goal in unexplored
regions and converges to high reward in subsequent episodes once it can identify the goal region from
past trials. We include full videos of the policies on our website: https://sites.google.com/view/icl-
exploration, which also includes goal-directed exploration across different rooms in Habitat.

ASTEROID DPT [Lee et al 23]

Episode Ret:

10 20 30
Test-Time Episodes

Figure 17: We observe that across the tactile-pick task and the 2D navigation environment, ASTER-
OID can adapt its exploration based on context, while offline imitation learning learns inefficient,
near-random exploration.

C.2 ASTEROID presents emergent in-context properties such as memory as a result of
on-policy in-context learning.

€+ == =

(a) The agent finds the key in earlier episodes, can reference it back in its context, and
always picks up the key before searching for the door.

(b) The agent finds the door in the first step but gets no reward. So, in the next episodes, it
looks for the key and memorizes the door location. As a result, in episode 3, it finds the
key and goes directly to the door (without having to search for it, since it has memory).

Figure 18: In the Key2Door task, the agent explores to find both the key and the door to get +1 reward
for each task. ASTEROID learns an effective strategy: if it reaches the key or door first, it uses its
context to remember the location, and upon finding the other goal, it can immediately complete the
task without additional exploration.

To investigate whether the policy learned with ASTEROID actually attends to context, we construct
a variant of the Key-Door environment in which the agent observes two boolean flags in its state
whenever it lands on the key or the door during exploration. Policies trained with ASTEROID exhibit
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emergent in-context memory. If the agent discovered the key or door in earlier attempts, it can later
retrieve that information from context and use it efficiently.

D Per-step interactive imitation learning fails in history-conditioned
asymmetric distillation.

An extension to improve naive teacher-student
distillation is to apply standard interactive learn- |
ing methods, such as DAgger [51]], on a history- N ;

conditioned student policy my(-|os, ht). How- R \

ever, these interactive methods are not feedback- A A A

driven, i.e., they aggregate privileged action 7o 7o 79
labels across observation and action histories, - ov¢e" rlout DAgger supervision induces a

while the information needed for exploration °~~ F®et®e  uniform action policy.

often arrives only through rewards. Further, in POMDPs, DAgger surprisingly converges to an
exploration strategy that is generally worse than naive distillation. Consider that a policy has to
take H steps towards a potential goal to receive a reward and disambiguate between them. Here,
mo(-|ot, ht) cloned on expert behavior would randomly pick a door and generate an H step trajectory.
Applying DAgger, an expert provides supervision at each step of the trajectory. In the figure above,
we see that under different latent settings, the same student trajectory receives multi-modal action
targets at each step. Supervised learning on this aggregated dataset would instead learn a policy that
chooses a random goal at each step, which does not correspond to meaningful, effective exploration.
Over repeated interactions, the updated policy uniformly explores the environment to find the goal,
leading to extremely high exploration budgets. Overall, DAgger underperforms as a baseline in
partially observed domains, even more so than naive behavior cloning. Instead, ASTEROID employs
trajectory/context-level supervision, i.e., given the history h;, we supervise either the full interaction
trajectory (in BAMDPs) / partial trajectory from the takeover state (in POMDPs). This enforces
the policy to execute goal-directed actions over a longer horizon (rather than uniform dithering),
resulting in much more efficient exploration, even in high-dimensional continuous action spaces (see

Figure [10).

E Didactic Example: ASTEROID learns efficient posterior sampling.

Episode 1 Episode 2 Episode3 —
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—

Figure 19: Toy Example demonstrating that ASTEROID learns adaptive in-context behavior, where it
effectively explores based on history.
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Consider a POMDP with one hidden variable. For each episode, a fixed goal g € {A, B,C} is
sampled uniformly. The agent takes actions to move to one of the locations in { A, B, C'} and receives
areward of 1 if it matches g and 0 otherwise. A privileged teacher observes g and always chooses
the correct door, producing expert trajectories: (A, 1), (B, 1), or (C, 1) depending on the goal. If the
student is trained only on these expert rollouts with no context (i.e., 7¢ = (), then at deployment it
cannot infer g and must choose uniformly, yielding expected reward 1/3.

Dry run. At iteration k = 0, we train on expert-only trajectories with 7¢ = (), so the student has
no information about g at decision time. The resulting policy chooses A, B, C' uniformly, giving an
expected reward of 1/3.

Now deploy this student and collect on-policy contexts. If the true goal is ¢ = C, then across episodes
the observed contexts are of the form (A4, 0), (B,0), or (C, 1), depending on which door was tried.
At iteration k = 1, ASTEROID pairs each such context with a privileged teacher trajectory generated
under the same goal. For example, conditioning on 7¢ = (A, 0) rules out g = A, so the teacher data
for this context consists only of successful choices at the remaining doors, i.e., (B, 1) or (C, 1). After
distillation, the updated student still chooses uniformly when 7¢ = (). Still, it adapts after one failed
attempt: given 7¢ = (A, 0) it chooses between { B, C'} uniformly, yielding expected reward 1/2 on
the next episode.

At iteration k = 2, the student generates longer contexts such as (4, 0; B,0), (4,0;C, 1), etc. A
context like (A, 0; B, 0) uniquely identifies g = C, so the teacher data for this context concentrates
on choosing C'. After distillation, the student learns the corresponding rule: once it has observed two
failures, it deterministically selects the remaining door and receives a reward of 1. Figure[I9]depicts
this progression: as 7¢ grows with on-policy interaction, the student eliminates inconsistent goals
based on context and its behavior approaches posterior sampling over { A, B, C'}.
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Figure 20: On-policy contexts ensure efficient coverage over relevant histories, while random
exploration [36] can generate uninformative contextual information that harms training.

On-policy context enables more efficient learning than random exploration rollouts. In this
example, a context 7. is useful only if it induces a non-trivial posterior over the goal, i.e., it eliminates
some candidates in {A, B,C'} based on observed rewards. Suppose instead that reaching each
location requires multiple actions before any reward is revealed. Then a large fraction of randomly
generated rollouts will fail to reach any door within the context horizon (row 1 in Figure 20),
producing trajectories whose rewards are uninformative and whose posterior over g remains essentially
unchanged. By contrast, on-policy contexts produced by the student concentrate on trajectories that
actually reach candidate doors, since the student is trained on teacher trajectories that are goal-directed
and therefore yield plausible search behavior (row 2 in Figure 20). As a result, the contexts in Dy,
more often contain the key feedback events that reduce uncertainty about g, providing a higher-signal
training distribution for learning a context-conditioned policy.
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F Training and Implementation Details

F.1 Training Details

Asymmetric Sampling of datasets. For the robot manipulation tasks, to avoid overfitting, we
skew the sampling ratio of the data collected across iterations to upweight the new data more. This
significantly reduced overfitting to past data and enabled better policy learning.

Filtering successful trajectories. As ASTEROID imitates privileged actions conditioned on con-
text, we keep only the successful trajectories while collecting the datasets during each iteration.
This ensures that the learned in-context policy samples from a distribution of expert actions that are
optimal under the true parameters that could generate the given context.

F.2 Tasks

Wrist-Camera Peg Insertion. [66] A 7-DoF robot must locate a peg on a tabletop and insert
it into the corresponding hole using only a wrist-mounted RGB camera and proprioception. This
is a single-episode POMDP: the peg and arm are randomly reset at the start of each episode, and
the robot must search under a limited camera field of view. We denote the privileged state as
st = (qu, Dpegs Dhole ), Where ¢; is the robot proprioceptive state and Dpeg» Phole are the peg and hole
positions. The student observes o; = (I}'™', g, a;_1), where I} is the wrist-camera RGB image
and a;_1 is the previous action. The reward indicates successful insertion, and expert trajectories are
generated using large-scale RL as described in Yin et al. [66]. An effective exploration strategy must
scan the workspace, localize the peg and hole from partial views, and then execute the contact-rich
insertion behavior.

Tactile Pick. [66]24] The robot must locate and pick up a cube using proprioceptive and tactile
feedback, without visual observations. This is a single-episode POMDP: the cube pose is randomly
reset and hidden, so the agent can only infer it through contact during the episode. We denote the
privileged state as s; = (g, Peube ), Where ¢, is the robot proprioceptive state and peype i the cube
position. The student observes o; = (g, 7¢, a;—1), where 7; is the 2 x 3-dimensional force feedback
from the two fingers of the parallel-jaw gripper. The reward indicates successful pickup, and expert
trajectories are generated using large-scale RL as described in Yin et al. [66]. An effective exploration
strategy must probe the workspace, use contact events to infer the cube location, and then transition
from search to grasping. We also evaluate a harder variant with observations o; = (7%, a;—1), where
the robot observes the world only through contact forces and past actions. In this setting, the robot
starts from a random configuration and must use its interaction history to maintain a belief over both
its own joint configuration and the cube position.

Dark Room. [12[36] The agent must find a hidden goal in a partially observable gridworld. We
use three versions with different grid sizes: Mini (5 x 5), Easy (10 x 10), and Hard (25 x 25). This
is a BAMDP: the agent interacts with the environment over multiple test-time episodes, the goal
remains fixed across episodes, and the agent is reset to (0, 0) at the start of each episode. We denote
the privileged state as s, = (P, Dy, gz, gy ), Where (pz, py) is the agent position and (g, g, ) is the
hidden goal. The student observes o, = (py, py, t), where 7, = 1{(ps, py) = (s, 9y) }- The expert
is obtained by planning the shortest path to the hidden goal using privileged goal information. An
effective exploration strategy must use the interaction history to avoid revisiting locations that already
produced zero reward, search new candidate goals, and exploit the goal once it is found. This is
exactly the structure induced by ASTEROID : given a student history, if a rewarding position has
been observed, the expert labels return to it; otherwise, the expert labels target positions not yet ruled
out by the history. We train and evaluate on an 80-20 random split of goal locations.

Key2Door. [12,36] The agent must first locate a hidden key and then navigate to a door; the key is
picked up and the door is opened by moving to their respective positions. This is a BAMDP with
non-Markovian observations: the agent interacts across multiple test-time episodes, and optimal
behavior depends on remembering which locations have been searched and whether the key has
already been acquired. We denote the privileged state as s; = (py, Py, Kz, ky, dy, dy, 1{has key}),
where (ps, py) is the agent position, (k, k) is the key position, (d, d,) is the door position, and
the final bit indicates whether the agent has the key. The student observes o; = (p, Py, 7). In

23



the Markovian version, the agent receives a reward of +1 at every timestep after acquiring the key,
effectively revealing the task stage. This dense reward also leads the RL baselines to get stuck in
a local minimum and perform poorly. In the non-Markovian version, the agent receives a reward
of +1 only at the timestep when it picks up the key, so it must use its history to decide whether to
continue searching for the key or switch to searching for the door. In both versions, the agent receives
an additional reward of +1 upon reaching the door with the key, and the episode ends. An effective
exploration strategy must search for the key, remember how to acquire it, and then search for or
navigate to the door.

Ant and 2D Navigation. [49, [69] The agent must discover and reach a hidden goal, either in
a continuous 2D navigation domain or with a high-dimensional quadruped. These are BAMDPs:
the goal remains fixed across multiple episodes within a trajectory, while the agent resets between
episodes and must use in-context exploration to identify unvisited candidate goals. We denote the
privileged state as s; = (x, g), where x; is the agent state and g is the hidden goal. The student
observes o; = (x¢,74), but not g. The reward is sparse, with r; = 1{||z; — g||2 < €} for a success
threshold e. The expert uses privileged access to g to produce goal-directed behavior. We train and
evaluate on an 8020 split of goal locations. An effective exploration strategy must use history to
avoid revisiting unlikely goals, sample unexplored regions, and exploit the goal once discovered.

Habitat Object Navigation. [48] The agent must find a target object in a realistic indoor environ-
ment, where the object is placed at one of k£ possible locations. This is a BAMDP: the agent starts
from the same reset state and interacts for a single episode, while the hidden object location remains
fixed throughout the episode and must be inferred from experience. We denote the privileged state
as sy = (M, z¢, g), where M is the map of the house, z; is the robot pose, and g € {1,...,k} is
the hidden object location. The student observes o; = (x¢, It, b;), where I, is the onboard camera
observation and b; € {0,1} is the output of an object detector applied to the current image. The
reward is sparse and indicates whether the target object has been found. The expert is an oracle
planner that uses the map and object location to navigate to the target. The student policy must use
history to eliminate previously checked locations, search among the remaining candidates, and stop
once the detector identifies the object.

Procgen Maze Navigation. The agent must navigate a procedurally generated maze to find a
hidden goal. This is a single-episode POMDP: the maze layout, initial position, and goal location
are unknown, and the agent observes only a local 3 x 3 window centered at its current position. We
denote the privileged state as s; = (M, p;, g), where M is the maze layout, p; is the agent position,
and ¢ is the goal location. The student observes o; = M3x3(p;), the local egocentric crop centered
on the agent, but not the global map or the goal. The reward is sparse and indicates whether the agent
reaches the goal. The expert plans the shortest path using Q-learning and privileged access to the full
maze layout and goal location. An effective exploration strategy must use temporal context to build
an implicit belief over the maze, avoid repeatedly visiting uninformative regions, and search until the
goal is found. In Fixed Maze Navigation, we evaluate a simplified variant with a fixed maze layout
but random initial and goal positions, isolating the challenge of goal-directed exploration under local
3x3 observations from the additional generalization required by procedurally generated layouts.

G Baseline Implementation Details

DPT [36]. We use the official implementation of DPT with the default hyperparameters from Lee
et al. [36]. For a fair comparison, we set the dataset size to match the total data collected in the final
iteration of ASTEROID .

SPOC [18]. SPOC augments naive distillation with sampled positional embeddings. We implement
SPOC within our codebase and train it on the same total amount of data used across all iterations of
ASTEROID .

RL baselines. For continuous-control RL baselines, we use high-quality implementations from
RSL-RL [41] and Omni-Reset [66], which support large-scale GPU-parallel training. We implement
ADVISOR in RSL-RL and tune its a and S parameters over the ranges reported in the original
paper. For the meta-RL baselines, we use an adapted RL?/PPO baseline [17] that incorporates
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privileged expert supervision, thereby reducing the computational burden of learning exploration
and task execution from sparse rewards alone. For gridworld tasks, we use Stable-Baselines3 PPO
implementations with task-specific modifications. On the wrist-camera task, we run the vision-based
RL baseline for one seed due to computational cost: 10% environment steps take roughly four days on
an RTX-enabled GPU. Despite this scale, the learned exploration policy achieves only 10% success.

AAWR [25]. We use an extended version of the original AAWR implementation. To construct the
initial offline dataset, we add Gaussian noise to generate broad coverage over possible histories. As
shown in Figure[@, AAWR is sensitive to this initial dataset coverage, whereas ASTEROID avoids
this dependence by collecting context on-policy. AAWR and SPOC were not originally designed for
BAMDPs, but we include them in both settings for completeness.

Distilled Planner. For Habitat object search, we construct an upper-bound baseline by distilling
a posterior-sampling planner. The dataset consists of expert trajectories that visit the possible
object locations in a fixed order and terminate upon finding the target. This produces goal-directed
exploration behavior, which we distill into a transformer policy. Unlike ASTEROID , however, this
baseline assumes access to the full set of possible object locations and the underlying task structure
during training, which is unrealistic.

G.1 Pseudocode

Algorithm 2 ASTEROID

Require: iterations K, tasks per iteration IV, horizon H, privileged teacher 7*
1: Initialize Dy <+ 0, student 7y,
2: fork=0,...,K —1do

30 Diy1 < Dy

4. // Collect on-policy contexts and privileged labels

5: fori=1,...,Ndo

6: Sample z ~ p(z) and instantiate M,

7: Roll out o in M, for k episodes: h\") = (0 k=1

8: Roll out 7* in M, for one eplsode ) = (00, ao, TGy s O 1, O 1, T 1)
9: Add labels Dy 1 < Drrq U{(h{” 08y 8 1, ai) G

10:  end for

11: // Update student by conditional imitation
12:  Train 7, , on Dy using Eq.[]

13: end for

14: return 7o,

Algorithm 3 ASTEROID for general POMDPs

Require: iterations K, samples per iteration N, horizon H, privileged teacher 7*
1: Initialize Dy < 0, student 7y,
2. fork=0,..., K —1do
3: Dk+1 «— Dy,

4. // Collect on-policy contexts and privileged labels

5:. fori=1,...,N do

6: Sample T uniformly in [1, H — 1]

7: Roll out 7y, in POMDP for T steps: h,(j) = (00, 0,70 "+ Ot—1,At—1,Tt—1)

8: Roll out 7* in the same episode from op: 751 = (O ak, i, 01,1, —1)
9: Add labels Dy 1 < Diyr U LR, 05yt 1, af) S

10:  end for

11:  // Update student by conditional imitation
12:  Train 7y, , on Dy using Eq.[I] I

13: end for

14: return 7y,
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Table 1: Hyperparameters for Context Accumulation on Gridworld tasks.

Hyperparameter Value
Training
Dataset size (per iteration) 1000
ASTEROID iterations 10
Batch size 64
Learning rate 1x10~*
Weight decay 1x1074
Number of training epochs (per iteration) 100
Warmup ratio 0.03
Gradient clipping 1.0
Optimizer AdamW
LR scheduler Warmup + Cosine Decay
Model Architecture (Decision Transformer [11)])
Number of layers 4
Number of attention heads 4
Embedding dimension 256
Dropout 0.1
Max Context length Hx K
Evaluation
Test-time episodes 40
Episode length 100

Table 2: Hyperparameters for In-Context Exploration on IsaacLab tasks. Sampling ratios are ordered from the oldest to the
newest dataset. The exploration horizon denotes the [min, max] fraction of the episode during which the exploration policy
acts before handing off to the expert.

Hyperparameter Value
Training
Demonstrations per iteration 8k for Tactile-Pick / 5k for Wrist-Camera Peg
Training steps per iteration 50,000 gradient steps
Intial Learning rate 1x1074
Fine-tuning learning rate 1x107°
Optimizer AdamW
Curriculum Schedule (Ratio of episode length)
Exploration horizon (iteration 1) [0.2,0.5]
Exploration horizon (iteration 2) [0.3,0.8]
Exploration horizon (iteration 3) [0.4,0.9]
Evaluation
Evaluation episodes 64
Episode length 240

G.2 Hyperparameters
H Additional Theory

We present a theoretical analysis of some properties of learning in-context exploration from privileged
teachers using Methods. Reusing notation from Section |3} h; denotes the student’s history, d,
denotes the history distribution induced by a policy 7, dp denotes the empirical history distribution in
a dataset, 7*(a; | s;) denotes the privileged teacher, and 7y (a; | h:) denotes the history-conditioned
student.
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We present the following claims and proof sketches: (i) privileged labels on compliant histories
provide posterior-sampling supervision (which follows from Lee et al. [36]), (ii) because ASTEROID
collects on-policy histories, it recovers posterior sampling on the covered history support, and (iii)
on-policy context aggregation changes the cumulative latent z-prediction error from a quadratic
offline compounding term to a linear approximation term.

H.1 Preliminaries

We define the posterior-sampling policy

75 (a | hy) = /w*(a | s,2)p(z | hi)dz.
Thus posterior sampling acts according to the posterior over latent variables induced by the history.

For a context length k, let d ; denote the marginal of d over histories induced by running 7 for the
first £ — 1 interaction episodes. We measure the student’s latent-predictive action error at context
length k by

er(m) = Enna,, [TV (x(- | h),7"5(- | b))]. by
This quantity measures whether the student matches the posterior-predictive behavior induced by the
latent belief after its own interaction history.

Assumption 1 (Compliance). The policy used to generate context is unprivileged: at time t, its action
depends only on the observed history hy, not directly on the latent variable z. Similar to Assumption
1 in DPT [36l].

Assumption 2 (On-policy support coverage). At ASTEROID iteration k, the aggregated dataset
covers the support of the histories actually visited by the current rollout policy up to k episodes of
context.

H.2 Privileged Labels Provide Posterior-Sampling Supervision

The key observation is that privileged labels are posterior-sampling labels when conditioned on
compliant histories. A history is compliant if it is generated by a policy that does not directly observe
the latent variable z. This is similar to the assumptions in prior work on learning a posterior from
in-context supervision [36]. Intuitively, compliance ensures that the history reveals information
about z only through observations, actions, and rewards available to the student, not through hidden
privileged information.

Lemma 1 (Privileged labels equal posterior-sampling labels). Let hy, be a compliant history. If the
privileged teacher label is sampled as

a* ~ 7 (| o,2),
then
P(a* =a| hg) = ﬂps(a | hi).

This lemma says that we do not need to explicitly infer z. If we train on privileged labels conditioned
on compliant histories, maximum likelihood directly trains the posterior-predictive policy. This
follows from the proof in Lee et al. [36].

Theorem 1 (ASTEROID converges to posterior sampling on covered histories). Assume realizability,
population optimization, and on-policy support coverage. Then, at iteration i, for every history h in
the support of the aggregated on-policy dataset,

mi(- | h) =775 | ).

Consequently, as the context horizon reaches the full online interaction horizon, ASTEROID matches
posterior sampling on the covered trajectory support.

Proof. The proof is by induction over iterations.
Base case. At iteration 0, ASTEROID trains on null-context. For any history h in the support
of that dataset, Lemma [1|implies that the conditional label distribution is exactly 7F5(- | k). On

minimizing cross-entropy over the Dy, we get this conditional distribution, o (- | h) = 7F5(- | h)
over the support of the dataset.
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Inductive step. Assume that at iteration k, 74 (- | h) = 7¥5(- | h) for every rollout history h of
depth at most k episodes in support. ASTEROID now rolls out 7, to collect on-policy contexts up
to k episodes. Since the distributions agree up to that depth, the collected histories are exactly the
same histories that posterior sampling would generate up to that horizon. At each such history h,
ASTEROID queries the privileged teacher. By Lemma([I} we have the conditional label distribution
given his 7°°(a | h) = mg, ., (- | h) = wF5(- | h). Because the context schedule expands from k to
k + 1 episodes, the agreement extends to the larger support. This proves the inductive claim.

As k increases, the resulting student policy converges to posterior sampling on the support of the
dataset Dy,. The theorem is intentionally an on-support statement. ASTEROID does not need offline
coverage of all possible histories. It constructs the relevant support by rolling out the student and
querying the teacher on the histories the student actually visits.

H.3 Offline Latent Error is quadratic in horizon.

We now compare on-policy context aggregation to an offline context learner. Suppose an offline
learner is trained on histories from a fixed behavior distribution dsz, and has small latent-predictive
error on that distribution:

Epymagt [TV (- | 1), 775 (- | b)) < e.
At deployment, however, the learner is evaluated on its own history distribution dj;. Therefore,
er(m) < e+ TV(dF,det).

Lemma 2 (Offline history mismatch compounds). If the offline history distribution is not updated
on-policy, then a per-episode latent-predictive error € can induce

TV(d},dT) = O(ke).

Consequently,

ex(m) = O(ke).

Proof sketch. Couple a rollout from the offline history distribution with a rollout from the learner. At
each earlier online episode, the learner can make a latent-predictive error with probability at most
O(e). Once such an error occurs, the subsequent history may differ from the offline history, since
future observations, rewards, and actions are conditioned on the previous trajectory. By a union bound
over the first k£ — 1 online episodes, the probability that the two histories have diverged by episode
k is O(ke). This upper bounds the total variation distance between the two history distributions.
Substituting into the previous inequality gives ey (7) = O(ke). O

Summing over K online episodes gives the cumulative offline latent error:

Zek(ﬂ) < O(eZk) = O(eK?).
k=1 k=1

Thus, even if the offline learner has small error on its dataset, its error can compound quadratically
because the histories it sees at deployment drift away from the histories used for training.

H.4 On-Policy Latent Error is linear in horizon.

ASTEROID avoids this mismatch by training on the student’s own histories. Let 7y, ..., 7x be the
policies produced during iterative training, and define the on-policy latent-predictive loss

0i() i= Bppgmi [TV (m(- | 1), 775( | B))] -

Let ex := min e % Zfil ¢;() be the lowest latent-predictive error, and suppose the supervised
learner has online regret vy :
K

Z‘gi(ﬂi) <ex +K.

i=1

1
K
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Lemma 3 (On-policy latent error). There exists an iterate « € {m1, ..., 7§ } such that
Epmar [TV (7(- | h), 7FS(- | h)] < ex + k.

Proof. The average on-policy loss of the iterates is at most e + yx . Therefore at least one iterate
has loss no larger than this average. O

For this iterate, the cumulative latent-predictive error over K online episodes is

K
> e(®) < K(ex + 7).
k=1
The key difference from the offline case is that there is no additional history-mismatch term
TV (df,d9T): the training distribution is the student’s own induced history distribution.

Theorem 2 (On-policy history error is linear in horizon). Let 7t be the iterate from Lemma|[3} and
write € := €+ . Since ASTEROID trains on histories induced by the student itself, the per-episode
latent-predictive error satisfies

ex() =0(e)  forallk < K.

Consequently,
K
> ex(#) = O(eK).
k=1

Proof sketch. Unlike the offline learner, ASTEROID does not train on histories from a fixed behavior
distribution. At each iteration, the histories in the dataset are generated by the current student policy
itself. Therefore, when the learned policy is evaluated on its own histories, there is no additional
mismatch term of the form TV (df, d%ﬂ). The only remaining error is the supervised latent-predictive
error on the student’s own induced history distribution. By Lemma [3] there exists an iterate 7= whose
on-policy latent-predictive error is at most ex + Vg = €.

Thus, at each context depth k, the expected deviation from posterior sampling on histories induced by
#ris O(e):
ex () = Epy gz [TV (F(- | bi), 775(- [ hi))] = OCe).

Summing over the K online episodes gives
K
S et <3 o K).
k=1 k=1

Thus, on-policy context aggregation removes the extra history-mismatch term that causes the offline
error to grow like O(ke). The cumulative error is therefore linear in the number of online episodes

rather than quadratic. Thus, the total regret is the PSRL O(H Sv/AK) regret, with an extra O(K)
approximation error. O
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We introduce our method that learns in-context exploration in partially ob-
served domains, and provide evidence to the claims in our experiments.

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We include a discussion on our limitations, and potential future work at the
end of our main paper.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: We include some theoretical analysis of our method in the Appendix.
Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide details of our method, experimental and training setup, and
hyperparameters to enable reproducibility. We will release the code with the camera-ready
version of the paper.

Guidelines:

The answer [IN/A] means that the paper does not include experiments.
If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: We will release the code with the camera ready version of the paper.
Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: We include all details in the Appendix.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We run all our experiments across multiple seeds and report standard error.
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Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We include training details in the Appendix.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We do not work with human participants or sensitive data in this paper.
Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.

* If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: We introduce algorithms for improving in-context exploration, and test this
in simulated domains. We leave the real-world deployment and impact of this method for
future work.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper presents an algorithmic framework.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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13.

14.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [N/A]
Justification: We do not use any restricted assets.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We explain all parts of our method and will release code with the camera-ready.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: We dont work with human subjects in this paper.
Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.
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15.

16.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: We don’t require an IRB approval as it does not involve human subject research.
Guidelines:

» The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: We used LLMs for editing and formatting certain sections of the manuscript.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.

36



	Introduction
	Problem Statement
	Background: Student-Teacher Distillation
	Asymmetric Student Teacher Rollout In-context Distillation
	How does ASTEROID learn in-context exploration?
	Practical Implementation
	How does ASTEROID work on arbitrary POMDPs?

	Experiments
	Training and Evaluation Details:
	Does ASTEROID learn to solve partially observed problems efficiently on deployment?
	Is ASTEROID sample efficient and simple to train?
	What kind of in-context exploratory behavior do policies learned via ASTEROID display?
	Is learning from on-policy contexts necessary?
	Does ASTEROID learn exploration policies that can be deployed on real robot hardware?

	Discussion
	Related Work
	Ablation Experiments
	Performance of ASTEROID on additional environments.
	Robustness of ASTEROID to noise in privileged expert supervision
	How does the curriculum of exploration affect ASTEROID during training?
	ASTEROID is significantly more scalable than RL in complex domains.
	Does iterative context accumulation actually help ASTEROID ?

	Qualitative Results
	ASTEROID learns efficient exploration in robot manipulation under limited sensing, and Procgen.
	ASTEROID presents emergent in-context properties such as memory as a result of on-policy in-context learning.

	Per-step interactive imitation learning fails in history-conditioned asymmetric distillation.
	Didactic Example: ASTEROID learns efficient posterior sampling.
	Training and Implementation Details
	Training Details
	Tasks

	Baseline Implementation Details
	Pseudocode
	Hyperparameters

	Additional Theory
	Preliminaries
	Privileged Labels Provide Posterior-Sampling Supervision
	Offline Latent Error is quadratic in horizon.
	On-Policy Latent Error is linear in horizon.


