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Abstract

Learning a compact representation of history is critical for planning and general-
ization in partially observable environments. While meta-reinforcement learning
(RL) agents can attain near Bayes-optimal policies, they often fail to learn the com-
pact, interpretable Bayes-optimal belief states. This representational inefficiency
potentially limits the agent’s adaptability and generalization capacity. Inspired by
predictive coding in neuroscience—which suggests that the brain predicts sensory
inputs as a neural implementation of Bayesian inference—and by auxiliary pre-
dictive objectives in deep RL, we investigate whether integrating self-supervised
predictive coding modules into meta-RL can facilitate learning of Bayes-optimal
representations. Through state machine simulation, we show that meta-RL with
predictive modules consistently generates more interpretable representations that
better approximate Bayes-optimal belief states compared to conventional meta-RL
across a wide variety of tasks, even when both achieve optimal policies. In chal-
lenging tasks requiring active information seeking, only meta-RL with predictive
modules successfully learns optimal representations and policies, whereas con-
ventional meta-RL struggles with inadequate representation learning. Finally, we
demonstrate that better representation learning leads to improved generalization.
Our results strongly suggest the role of predictive learning as a guiding principle
for effective representation learning in agents navigating partial observability.

1 Introduction

In real-world environments, agents, biological or artificial, rarely have complete information about the
environmental states crucial for decision-making and planning, as observations are often noisy and
non-stationary. This issue is known in reinforcement learning (RL) as partial observability [1, 2, 3],
and is a major challenge in the deployment of real-world RL systems [4]. In partially observable
environments, learning optimal policies depends on the entire history of past interactions. An open
question in RL under partial observability is how to learn an efficient representation that serves as a
compact summary of the history while retaining the information crucial for policy learning.

Partially observable tasks can be formalized as partially observable Markov Decision Processes
(POMDPs, Fig. 1A) [2, 3], allowing a Bayesian treatment by maintaining and updating a belief
state using Bayesian inference [5]. To this end, meta-RL, in particular memory-based meta-RL, has
been shown to provide powerful deep RL methods for developing agents that efficiently adapt under
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uncertainty [6, 7, 8, 9, 10, 11]. Meta-RL has been shown to behave near Bayes-optimally under partial
observability, both theoretically and empirically [12, 13]. However, its learned representations are not
equivalent to the minimally sufficient, Bayes-optimal belief states [13], hindering its interpretability,
robustness, generalization capability, and learning of complex exploration [10, 11, 13].

Predictive learning has been suggested as a central coding principle that guides efficient neural
processing in neuroscience. Humans and animals are shown to achieve near Bayes-optimal behavior
under uncertainty, leading to theories and experiments investigating efficient Bayes-optimal repre-
sentation and computation in the brain [14, 15, 16]. Predictive coding, postulating that the brain
continuously predicts upcoming observations and updates its internal world models [17, 18], provides
a neurally plausible implementation of Bayesian inference [19, 20] and has been instrumental in
explaining diverse neural circuits including feature learning in sensory cortices [21, 22], motor control
in the cerebellum [23], value learning in the striatum [24], and cognitive maps in the hippocampus
[25]. In deep learning, predictive learning has been explored as a powerful self-supervised technique
to support representation learning and improve task performance [26, 27]. In deep RL, predictive
objectives are shown to regularize learning and prevent overfit or representational collapse [28, 29],
improve sample efficiency [30], and link to Bayesian filtering [31]. Most recent breakthrough employs
predictive learning to derive general agents that can solve a wide range of challenging tasks [32].

The main contribution of this paper is a systematic investigation of whether integrating self-supervised
predictive coding into meta-RL yields interpretable, Bayes-optimal belief representations in partially
observable environments. Although recent meta-RL models have explored predictive objectives to
improve generalization and representation quality [9, 10], the exact mechanisms by which predictive
learning enhances latent representations—and how this relates to improved performance—remain
unclear. To fill this gap, we move beyond performance measures that lack interpretability to directly
compare meta-RL agents against Bayes-optimal solutions, evaluating both behavior and representation
across diverse partially observable tasks varying in belief-update complexity. Specifically, we:

• Employ a meta-RL framework incorporating self-supervised future predictive modules,
which enables direct interpretation and comparison with Bayes-optimal belief states.

• Show systematically that meta-RL with predictive modules yields interpretable, task-relevant
representations that capture underlying environmental structures and dynamics across diverse
POMDPs, and significantly improves planning, exploration, and generalization.

• Demonstrate via rigorous state machine simulation analysis that meta-RL with predictive
modules consistently generates representations that more closely approximate Bayes-optimal
beliefs than conventional black-box meta-RL, providing a guiding principle for learning
both optimal representations and policies in partially observable environments.

2 Background and related work

Partially observable Markov decision process (POMDP) A POMDP is defined by the tuple�
S;A; T;R;
; O; 


�
, where S is the (finite) hidden state space, A the action space, T (s0 j s; a) the

transition probabilities,R(s; a) the reward function, 
 the observation space,O(o j s0; a) the emission
function, and 
 2 [0; 1) the discount factor. Since the agent does not have access to the true state s,
the decision process is non-Markovian with respect to s and an optimal POMDP policy generally
depends on the entire history �:t = (o1; : : : ; at�1; ot). By maintaining a belief state bt � p(sjht), a
posterior over S summarizing the history, the POMDP can be cast as a fully-observable belief MDP
with transitions in belief state b given by the Bayesian update: b0(s0) = � O

�
o j s0; a

�P
s2S T

�
s0 j

s; a
�
b(s), where � is a normalization factor. In this formulation, belief states b are the minimally

sufficient statistic of the history summarizing all the past information compactly, and the policy �(b)
over belief states restores the Markov property. Unfortunately, planning in a POMDP, i.e., computing
a Bayes-optimal policy over belief states, is generally intractable for all but the simplest tasks [2, 3, 5].

Memory-based meta-RL Exemplified by RL2 [6, 7], memory-based meta-RL emerges as a
powerful method for learning adaptive policies across related tasks. Often parameterized as recurrent
neural networks (RNNs), RL2 implicitly maintains a memory of the past history in the recurrent states
and learns a history-dependent policy by maximizing return over the task distribution using policy
gradient algorithms (Fig. 1B). This design enables the agent to adapt dynamically as it interacts with
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Figure 1: Representation learning under partial observability using meta-RL with predictive
modules. A) In POMDPs, a belief stateb, over the environment hidden state is maintained for policy
learning. B) Memory-based meta-RL (e.g. RL2) simultaneously learns representation and policy
using only the reward signal. C) The proposed meta-RL with self-supervised predictive modules
separates representation learning with predictive coding and policy learning with reward signal.

the environment, effectively learning an internal RL algorithm via its recurrent computation [11].
Through end-to-end meta-learning over a task distribution, RL2 provides effective black-box agents
that achieve rapid adaptation to new task instances and generalize across related tasks.

The training objective of meta-RL can be recast and understood as approximating the Bayes-optimal
policy for a task distribution [12]. Since history is suf�cient for computing the belief state, black-box
meta-RL can in principle learn Bayes-optimal policies by encoding the belief state in its hidden
state. Several studies have demonstrated that belief states can be decoded from RNN hidden states
[10, 33, 34]. Moreover, Ortega et al.[12] provided a theoretical framework for interpreting meta-RL
as Bayes-optimal solutions, and Mikulik et al.[13] empirically showed that meta-RL agents learn near
Bayes-optimal policy in bandit problems. However, a comparison of meta-learned representations
in RL2 using state machine simulation suggests that their representations are not equivalent to the
minimally-suf�cient Bayes-optimal states, likely due to failures in injectivity, which may hinder
the agent's interpretability, robustness, and ability to generalize [13]. In fact, in practice, black-box
meta-RL may struggle to ef�ciently learn Bayes-optimal policies in tasks requiring exploration that
is temporally-extended and qualitatively different from exploitation behavior [9, 11, 35].

Predictive coding neural circuits In neuroscience, theoretical and experimental studies have
explored predictive processing as a fundamental computational objective across brain regions and as
a neural implementation of Bayesian computation. Sensory areas are often modeled as hierarchical
neural networks predicting future sensory inputs [17, 21, 22], potentially supporting ef�cient neural
representation for perceptual inference [15]. Motor systems are thought to predict the sensory
consequences of the motor outputs [36], which can underlie ef�cient integration in sensorimotor
learning [16]. The hippocampus, with neural activity believed to forecast an animal's upcoming
experiences, is critical for relational learning and computing a predictive map or transition model
to support ef�cient navigation [37, 38]. Building on the relationship between predictive learning
and ef�cient neural representation, recent work has begun to explore adding predictive objectives to
encourage arti�cial agents to develop activities similar to those observed in the brain [39].

Predictive learning in meta-RL Recent work has explored alternative architectures or auxiliary
training objectives to learn latent representations that are predictive of future observations or rewards
for augmenting meta-RL agents. For instance, Igl et al.[8] showed deep policy can be improved by
adding predictive auxiliary loss, and proposed particle �lter method for approximating belief inference.
Several studies further decoupled learning recurrent generative models of the environment and used
the learned latent representations as inputs for model-free RL algorithms, demonstrating improved
performance especially for robotics tasks that are dif�cult for black-box models [40, 41, 42, 43]. For
a special type of POMDP where hidden states are stationary, several works considered approximating
task inference by taking advantage of privileged information [44], posterior sampling [45], or
variational inference [9], providing effective meta-RL models for rapid adaptation to new task
instances. Recent works have explored how to further improve representation learning through state-
space modeling [10], normalizing �ow technique [46], or decoupled belief modeling with separate
random policies [47]. On the other hand, learning latent dynamical world models has also been
proposed for model-based deep RL approaches, including SOLAR [48], PlaNet [30] and Dreamer

3



[32]. These studies demonstrated that learning latent world models through multi-step predictive
objectives can strongly improve planning and performance in challenging control benchmarks.

Complementary to the above empirical progress of integrating predictive learning to improve perfor-
mance, our work provides the interpretability foundation for why predictive objectives work in deep
RL by focusing on understanding its meta-learned representation and computation.

3 Meta-RL with self-supervised predictive modules

Black-box meta-RL like RL2 (Fig. 1B) requires simultaneously learning history representation and
policy using only reward signals, potentially suffering from inadequate representation and policy
learning [11, 13]. To overcome this challenge, we employ an end-to-end meta-RL framework with
self-supervised predictive modules to learn explicit belief representations. Our motivations are
two-fold: algorithmically, a good representation should summarize the relevant history predictive of
the future and re�ect uncertainty; neurobiologically, modular neural circuits are believed to perform
future predictions, attaining ef�cient representations under predictive coding [17].

The proposed model, meta-RL with predictive modules, consists of a variational autoencoder (VAE)
for predictive representation learning and a policy network operating on the learned representation
(Fig. 1C). The predictive modules begin with an RNN encoderq� , which takes as input current
observationot , rewardr t , and previous actionat�1 . The RNN outputs a low-dimensional bottle-
neckbt which is the posterior distribution over the latent statesmt conditioned on the history� :t .
The posterior is trained via reward and observation prediction akin to predictive coding using the
reward decoderR� and the observation decoderT� , respectively, to predict upcoming rewards and
observations given the action taken by the policy network. The predictive modules optimize the
evidence lower bound (ELBO) using the reparameterization technique [49], with KL regularization
loss similar to Bayesian �ltering (see A.1 for details). This approach learns an explicit probabilistic
belief representationbt over the latent state, facilitating a direct interpretation as belief states in
POMDPs. The policy network�  is a feedforward neural network receiving the belief statebt as an
input and can be ef�ciently trained using model-free policy gradient algorithms [50]. Note the policy
gradient from RL loss is only used to train the policy network but not the RNN encoder. The entire
model is trained in a self-supervised, end-to-end manner using the standard meta-learning paradigm.

Our parameterization is similar in principle to previous work [9, 10, 41], with designs tailored for
POMDPs without strict assumptions over stationarity [9] and structures [10] of the hidden states,
facilitating a direct interpretation ofbt as the belief states in POMDPs. Furthermore, the end-to-end
approach neither relies on privileged information [44], nor requires a separate random policy to
generate samples for training predictive models [47] as exploited in previous work.

4 Experiment

We designed the following experiments to answer the central question: Does meta-RL with self-
supervised predictive modules enhance learning representations that more closely match the Bayes-
optimal belief states than black-box meta-RL? Speci�cally, we adopt the state machine simulation
analysis used in Mikulik et al.[13] to examine the equivalence of representation and computation
between meta-RL agents and Bayes-optimal solutions. In essence, two state machines can be
considered computationally equivalent if they can simulate each other—that is, if for any given state
in one machine, we can �nd a mapping onto the other machine such that both their state transitions
and outputs are the same [51]. This analysis examines whether there exists a consistent way of
interpreting every state in one machine as a state in the other. Although decoding is commonly used to
evaluate representation similarity [10, 33, 34], it only measures correlations between representations.
In contrast, state machine simulation thoroughly assesses representational equivalence based on
structural and computational relevance, providing a rigorous analysis for model interpretability.

State machine simulation In tasks where Bayes-optimal states are computationally tractable,
we can compare meta-RL representations with Bayes-optimal belief states using state machine
simulation [13]. The goal is to measure the state and output dissimilarities after mapping the states
from one machine to the other. If both state and output dissimilarities are low in both mapping
directions, then the two representations can be considered computationally equivalent. Brie�y, the

4



Figure 2: Meta-RL with predictive modules better approximates Bayes-optimal states in bandit
task. A) Model performance against the Bayes-optimal policy. Light and dark colors denote
untrained and fully trained models, respectively. B) Visualization of Bayes-optimal belief states,
learned representation in the bottleneck layer of RL2, and that of meta-RL with predictive modules.
States are colored by the probability of choosinga2. Black curves show one example trajectory.
C) State machine simulation. Recurrent and bottleneck denote the layers used for analysis. The
bottleneck layer of meta-RL with predictive modules achieves the lowest state dissimilarityD s and
output dissimilarityDo in both mapping directions, indicating highest equivalence to Bayes-optimal
states. (For all �gures error bars denote the s.e.m. across at least 5 training runs, and asterisks denote
statistical signi�cance (p < 0:05, t-test) among the trained models.)

procedures are as follows (and see A.4 for details): (i) two mapping functions (parameterized as
multi-layered perceptrons) are trained to map from meta-learned states to Bayes-optimal states and
from Bayes-optimal states to meta-learned states; (ii) The state dissimilarityD s is measured as the
mean square error (MSE) of the mapped states against the target states; (iii) The output dissimilarity
Do is measured as the difference in return as generated by the output of the original states and the
output of the mapped states. Here we compareD s andDo of meta-RL with predictive modules
against those of black-box meta-RL (RL2) to evaluate the quality of their learned representations.

Tasks To enable rigorous comparison between meta-RL agents and Bayes-optimal solutions,
we select the following exemplar tasks for which Bayes-optimal solutions are computationally
tractable. While previous work has only evaluated stationary bandits [13], our task suite covers
diverse POMDP challenges: explore-exploit tradeoff, sequential decision-making, dynamic belief
tracking, information gathering, and continuous control. To our knowledge, this is the �rst systematic
evaluation of meta-RL representations using ground-truth comparison across diverse POMDPs.
Following are the six classes of tasks evaluated (details of each task are described in A.2):

• Classic two-armed Bernoulli bandit: The �rst task is the classic multi-armed bandit also
considered in Mikulik et al.[13], where the meta-learned representations in RL2 models
were found to deviate from the minimally suf�cient Bayes-optimal states even though their
policy converge to the Bayes-optimal one. We will examine if the proposed meta-RL with
predictive modules can effectively learn Bayes-optimal belief states in two-armed bandits.

• Dynamic two-armed bandit: To evaluate dynamic belief tracking, we next consider a
dynamic extension of the two-armed bandit. Each arm is in one ofn possible discrete states
(for simplicity we choosen = 2 ) with various reward probabilities. The state of each arm
evolves according to an independent Markovian transition process. The task is designed
such that the belief state update is analytically tractable, and that the Bayes-optimal policy
can be derived using the value iteration algorithm over the belief space [1]. To examine
different structural and dynamical con�gurations, we consider three parameter settings: (i)
two arms of symmetric reward probability states and transition dynamics, (ii) two arms of
asymmetric reward probability states, and (iii) two arms of asymmetric transition dynamics.
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• Stationary Tiger: To exemplify sequential decision-making under uncertainty, we consider
the classic POMDP Tiger task [3], where an agent chooses between two doors—one hiding
a tiger (penalty=�100 ) and the other hiding a treasure (reward=10). The agent may addi-
tionally choose to pay a small penalty=�1 to “listen” to acquire noisy observations about
the tiger's location. This simple yet powerful paradigm tests an agent's ability to balance
information gathering with reward seeking. We consider two dif�culty levels by varying the
observation accuracy for the “listen” action.

• Dynamic Tiger: We extend the Tiger task to a dynamic version by allowing the tiger's
location to change over time, following Markov transition dynamics. As information
reliability and relevance are further corrupted by the dynamic nature of the hidden state, the
agent has to balance listening more to increase con�dence against making decisions earlier
in case the information gathered becomes obsolete. This task design permits tractable belief
updates and the Bayes-optimal policy can be derived using value iteration [1]. Similarly, we
consider two dif�culty levels by changing the observation accuracy.

• Oracle bandit: Black-box meta-RL often struggles when exploration and information
seeking are required [11]. We hypothesize this is due to ineffective representation learning.
To exemplify this point, we consider an illustrative oracle bandit: in an 11-arm bandit
environment, one of the �rst ten armsa1�10 is the target arm that gives a payout of 5,
whereas the remaining nine are non-target arms with a payout of 1. The last arma11 is the
“oracle” arm whose payout is� 1 but informs the target arm in the form of110 of the target
arm index (e.g. a reward of 0.3 froma11 indicatesa3 is the target arm). This is similar to
tasks discussed in Wang et al.[7] but differs in that here no structured feedback is given,
which makes representation learning more challenging and critical. A successful policy
requires paying an immediate exploration cost to acquire information for long-term gain.

• Latent goal cart: Deriving Bayes-optimal solutions in continuous POMDPs are usually
intractable, hindering rigorous representational equivalence analysis. To enable evaluation
in continuous observation and action spaces, we design an exemplar continuous control task
which still permits tractable Bayes-optimal belief inference and policy. In this task, an agent
controls a continuous action, the velocity of a cart, to move along a 1-dimensional track to a
hidden goal (+1 or �1 ) which needs to be inferred from the continuous observation (current
position) and reward (noisi�ed distance from the hidden goal) it receives.

Agents For each POMDP environment, two types of agents—the proposed meta-RL with predictive
modules and the black-box meta-RL (i.e. RL2)—were trained on the target task distribution. To
facilitate comparison, the baseline RL2 model is designed to be architecturally identical to meta-RL
with predictive modules except for the decoder networks. Speci�cally, the RL2 baseline consists of
an RNN followed by a fully connected bottleneck layer which is the counterpart to the latent belief
layerbt in Fig.1C, and �nally with a readout layer that generates action logits and value estimates
(details see A.3). Identical layer sizes are used across both models throughout each experiment.

While the latent belief layer (i.e. the bottleneck layer) for meta-RL with predictive modules is the
natural target to be interpreted as belief states, Mikulik et al.[13] evaluates the representations learned
in the recurrent layers in RL2 models. In what follows, we systematically analyze the representations
learned in both the recurrent and bottleneck layers in each model using state machine simulation.

5 Results

Two-armed Bernoulli bandit The Bayes-optimal solution can be derived using the Gittins index
method [52]. After training, both RL2 and meta-RL with predictive modules approach Bayes-optimal
return (Fig. 2A). Visualization of the bottleneck layers shows meta-RL with predictive modules
learns a low-dimensional representation structurally more similar to the Bayes-optimal states than
RL2 (Fig. 2B). This observation is corroborated by the state machine simulation analysis results (Fig.
2C). Before training, both models have highD s andDo, indicating the untrained representations are
far from Bayes-optimal. One notable exception isD s of the recurrent layers for the meta-RL! Bayes
mapping direction, which further veri�es that using decoding alone is not enough for evaluating
the equivalence of two representations, as the untrained recurrent layers may maintain a verbose
representation of the history and can be mapped arbitrarily close to the belief states if powerful
enough mapping functions are used (see A.4 for detailed discussions).
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Figure 3: Dynamic bandits. Performance (left) and state machine simulation analysis (right) for A)
the symmetric task, B) the asymmetric reward task, and C) the asymmetric transition task. Shaded
areas in the left column denote the standard deviation of episodic return under Bayes-optimal policy.
The bottleneck layer of meta-RL with predictive modules attains the lowest state dissimilarityD s
and output dissimilarity Do in both mapping directions across tasks.

After training, for the recurrent layers in both models, the state dissimilarityD s remains high for
the Bayes! meta-RL direction, highlighting the representations in the recurrent layer deviate from
the minimally-suf�cient Bayes-optimal belief states, similar to the �ndings in Mikulik et al.[13].
In contrast, considering all four measures, the bottleneck layer in meta-RL with predictive modules
achieves the lowestD s andDo in both mapping directions, indicating that its learned representations
best approximate the Bayes-optimal belief states (Fig. 2C). Remarkably, the representation learning
capacity does not merely arise from having a low-dimensional bottleneck, asD s for the bottleneck
layer in RL2 remains signi�cantly higher than that in meta-RL with predictive modules, suggesting
that predictive coding encourages more compact, ef�cient representations in meta-RL agents.

Dynamic bandits Across the three dynamic bandit tasks—symmetric reward and transition, asym-
metric reward, and asymmetric transition (Fig. 3A, B, and, C, respectively), both models approach
the optimal return. Meta-RL with predictive modules learns representations structurally more similar
to the Bayes-optimal states (see A.5.1). State machine simulation reveals that the recurrent layers in
both models present with largeD s for the Bayes! meta-RL direction even after training. While the
bottleneck layers in both models achieve comparably low output dissimilarities, meta-RL with predic-
tive modules consistently achieve signi�cantly lower state dissimilarityD s in the Bayes! meta-RL
mapping direction, indicating a higher equivalence to the Bayes-optimal belief states.

Stationary Tiger and Dynamic Tiger Dif�culty of the Tiger tasks increases when the observation
accuracy decreases (information becomes less reliable) and when the tiger's location is dynamic
(information may become obsolete if waiting for too long). After training, both models approach
the Bayes-optimal return in easier tasks, while for the most challenging dynamic Tiger with low
observation accuracy, only meta-RL with predictive modules approach Bayes-optimal return (Fig.
4D). Meta-RL with predictive modules learns representations better capturing the task structure (see
A.5.1). State machine simulation shows that the recurrent layers in both models fail to approximate
Bayes-optimal belief states (largeD s after training in Fig. 4). Comparing the bottleneck layers,
meta-RL with predictive modules consistently achieves higher equivalence to Bayes-optimal belief
states, as indicated by the signi�cantly lower Ds for the Bayes!meta-RL direction across all tasks.

Oracle bandit After training, only meta-RL with predictive modules learns the Bayes-optimal
policy (Fig. 5A), paying an immediate cost to sample the oracle arm and utilize the information for
long-term gain. In contrast, RL2 converges to a suboptimal policy where it learns to sample the oracle
arm upfront, but fails to use the attained information consistently. Visually, the bottleneck layer in
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