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ABSTRACT
Transformers have recently shown that reinforcement learning
can be reframed as an in-context prediction problem, allowing
agents to adapt to new tasks without updating their parameters.
However, existing in-context RL approaches rely solely on past
trajectories as prompts, leaving the model to implicitly infer un-
certainty about the reward structure from raw experience alone.
We introduce the Heuristic Transformer (HT), an in-context RL
method that explicitly augments the prompt with a learned belief
over rewards. A low-dimensional stochastic latent variable cap-
tures the posterior distribution over rewards and is provided to the
transformer alongside trajectories and query states. This enables
the model to reason directly over uncertainty rather than inferring
it indirectly from data. Across Darkroom, Miniworld, and MuJoCo
benchmarks, HT consistently outperforms existing in-context RL
baselines in both performance and generalization, particularly in
stochastic settings. Our results show that combining belief-based
representations with transformer policies is a powerful mechanism
for improving in-context decision-making, and suggest a new direc-
tion for integrating probabilistic reasoning into transformer-based
RL.
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1 INTRODUCTION
Transformers have recently enabled reinforcement learning to be
framed as an in-context prediction problem, where an agent adapts
to new tasks purely from past trajectories without updating its pa-
rameters. Existing in-context RL approaches, however, rely entirely
on raw experience in the prompt and must implicitly infer uncer-
tainty about the reward structure from these trajectories. This limits
their ability to reason efficiently under task uncertainty, especially
in stochastic or partially observable settings. In contrast, meta-RL
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methods based on Bayes-adaptive Markov decision processes ex-
plicitly maintain a belief over possible tasks, allowing agents to
approximate Bayes-optimal behavior through belief augmentation.
While effective, these approaches typically require specialized archi-
tectures and online interaction during training, and do not benefit
from the scalability and flexibility of transformer-based in-context
learning. We observe that these two paradigms are complementary:
transformer policies excel at in-context adaptation from trajecto-
ries, while belief-based methods provide an explicit representation
of task uncertainty. This motivates combining both ideas. We pro-
pose the Heuristic Transformer (HT), an in-context RL method
that augments the transformer prompt with a learned belief over
rewards. A variational auto-encoder infers a low-dimensional sto-
chastic latent variable from past transitions that represents the
posterior distribution over rewards. This belief is provided to the
transformer alongside the trajectory context and query state, en-
abling the model to reason directly over task uncertainty rather
than inferring it implicitly from data. HT is trained in two phases:
first, learning the belief representation from offline data, and second,
training the transformer policy to act conditioned on this belief and
the in-context dataset. During evaluation, the agent adapts fully in
context without parameter updates, using only recent experience
to update its belief and prompt.

2 BACKGROUND
We consider reinforcement learning across a distribution of finite-
horizon Markov decision processes where the reward function
varies between tasks. When the underlying reward is unknown,
principled decision-making requires maintaining a belief over pos-
sible rewards and updating this belief from experience. In Bayes-
adaptive formulations, such belief representations enable agents
to approximate Bayes-optimal behavior by explicitly reasoning
about task uncertainty. In this work, we adopt a simplified Bayesian
perspective and model only a posterior belief over rewards rather
than over full environment dynamics. This belief is inferred from
past transitions and used heuristically to guide decision-making
under uncertainty. While this does not yield a fully Bayes-optimal
policy, it provides a compact and informative representation of task
uncertainty that can be leveraged by a policy model.

3 HEURISTIC TRANSFORMER
We propose Heuristic Transformer (HT), which is trained in the
following two phases.

Extended Abstracts  AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

3122

https://doi.org/10.65109/IWMS8291
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/IWMS8291


Phase 1. Learning a belief over rewards. From offline transition
data collected across tasks, a variational auto-encoder learns a low-
dimensional latent variable that represents the posterior distribu-
tion over rewards for a task. This latent belief is inferred from past
transitions and provides a compact representation of task-specific
reward structure. Rather than modeling full environment dynamics,
we focus on learning a belief over rewards, which is sufficient to
guide decision-making while remaining tractable.

Phase 2. Conditioning a transformer policy on belief and context.
A transformer policy is then trained via supervised learning to
predict optimal actions conditioned on (i) an in-context dataset
of past transitions, (ii) the learned belief over rewards, and (iii) a
query state. During training, tasks are sampled from a distribution,
and the model learns to generalize action prediction across tasks
given different beliefs and contexts. At evaluation time, the agent
adapts entirely in context: recent experience updates the belief over
rewards, which is fed into the transformer together with trajectories
to produce actions, without any parameter updates.

4 RELATEDWORK
Prior work has shown that transformers canmodel decision-making
from offline trajectories by treating reinforcement learning as se-
quence prediction, but these approaches typically rely solely on tra-
jectory context. In parallel, Bayesian and meta-RL methods approx-
imate Bayes-optimal behavior by maintaining beliefs over tasks,
but require specialized architectures and online interaction dur-
ing training. Recent in-context RL methods combine transformers
with meta-learning ideas, yet they either depend on implicit task
cues in the prompt or require additional meta-knowledge to con-
struct informative context. HT bridges these directions by explicitly
learning a belief over rewards and using it as structured input to a
transformer policy. This combines the scalability of transformer-
based in-context learning with the principled uncertainty handling
of belief-based methods, without requiring online interaction or
task-specific prompt engineering.

Our work builds on recent efforts to treat reinforcement learning
as sequence modeling with transformers, such as Decision Trans-
former [1] and subsequent in-context RL approaches including Al-
gorithm Distillation [3], Decision-Pretrained Transformer [4], and
Goal-Focused Transformer [2]. In parallel, Bayesian and meta-RL
methods such as VariBAD [5] demonstrate the importance of belief
representations for task generalization. HT connects these lines of
work by explicitly integrating belief modeling into a transformer-
based in-context RL framework, combining probabilistic reasoning
with scalable sequence models.

5 EXPERIMENTS
We evaluate HT across three increasingly challenging settings to
assess its in-context adaptation and generalization capabilities: (i)
Darkroom, a sparse-reward gridworld, including a larger Darkroom
Hard variant and stochastic versions with controlled action misdi-
rection, (ii) Miniworld, a 3D visual navigation taskwith image-based
observations, and (iii) four MuJoCo continuous-control benchmark
tasks (Hopper, Walker2d, HalfCheetah, Swimmer).

We compare HT to closely related in-context RL baselines, pri-
marily Decision-Pretrained Transformer (DPT) and, where applica-
ble, Goal-Focused Transformer (GFT).We also report results relative
to 𝑅𝐿2 as a soft upper bound, as it benefits from online interaction
during training.

Darkroom and Darkroom Hard. HT demonstrates significantly
faster online adaptation and higher returns during early episodes
compared to DPT and GFT. The performance gap becomes particu-
larly pronounced in Darkroom Hard, where the context size and
environment complexity increase substantially. While baselines
often fail to consistently locate the goal, HT steadily improves with
increased pre-training, showing strong generalization to unseen
tasks.

Transition Uncertainty. Under stochastic transition dynamics,
HT shows only minor degradation in performance and continues to
outperform DPT. This highlights HT’s ability to reason effectively
under uncertainty when the environment dynamics become noisy.

Miniworld. In the image-based Miniworld environment, HT con-
sistently achieves higher returns and faster adaptation than DPT
across all pre-training stages, demonstrating that belief-augmented
prompting remains effective even with high-dimensional visual
observations.

MuJoCo. Although MuJoCo tasks correspond to fixed MDPs
with limited task variation, HT remains competitive and benefits
from diverse offline training data. Training HT on a mixture of
PPO and SAC rollouts (HT-SP) yields the strongest performance
and consistently outperforms DPT across all tasks (e.g., Walker2d:
3565 ± 433 vs. 3099 ± 433; HalfCheetah: 1968 ± 61 vs. 1879 ± 61).

Overall, HT consistently achieves faster online adaptation and
higher returns across environments, particularly in settings with
task uncertainty or increased environmental complexity.

6 CONCLUSION
We presented the Heuristic Transformer (HT), an in-context re-
inforcement learning method that augments transformer policies
with a learned belief over rewards. By conditioning action predic-
tion on this belief together with trajectory context, HT enables
agents to reason explicitly about task uncertainty while retain-
ing the scalability and flexibility of transformer-based in-context
learning.

Across gridworld, visual navigation, and continuous-control
benchmarks, HT demonstrates faster online adaptation, stronger
generalization, and improved robustness to stochastic dynamics
compared to the in-context RL baselines. These results show that
belief-augmented prompting is an effective mechanism for improv-
ing decision-making in transformer policies.

While HT currently relies on high-quality pre-training data and
access to optimal actions during training, future work may relax
these assumptions and explore broader cross-environment gener-
alization. Overall, our findings suggest that integrating structured
uncertainty representations into transformer-based RL is a promis-
ing direction for learning adaptive and generalizable policies.
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