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2 Formulation

Many decisions must be made from noisy, indirect In geosteering, the agent operates with uncertain and partially observed geological information,

observations of a hidden state. Decision Transformers (DTs)
learn offline policies from trajectories, but keep their hidden
state implicit — hard to inspect, calibrate, or adapt online.
Classical filters give interpretable beliefs, but estimate them
separately from the decision, creating a mismatch between
what is estimated and what is useful.

Key challenges:

receiving noisy sensor signals while its decisions influence future measurements and well
placement. This interaction naturally fits a Partially Observable Markov Decision Process (POMDP),
which captures both hidden subsurface states and their evolution under action. This structure is
consistent with embodied world models, where an agent must infer latent dynamics and act based
on how its decisions shape future observations.
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« Hidden state implicit inside the sequence model

5 Discussion

Belief coupling is the main driver of decision quality. The Parallel model,
where belief is only auxiliary, performs similarly to the baseline, while the
Coupled model achieves the best RCR and fewest violations by using
belief directly in the action pathway. The Strict model improves belief

6 Conclusion

A belief-aware Decision

grounded.

accuracy but loses offline decision quality because the compact belief Key takeaways:

cannot fully replace the richer hidden representation.

Key Insights
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Bottleneck

The Strict model predicts belief
more accurately, but relying only
on the compact belief removes
useful information from the richer
hidden state, reducing offline
performance.
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Transformer makes hidden, decision-relevant state

explicit within an offline sequence model, keeping it interpretable and physically

« Structured beliefs should inform but not entirely constrain offline policies

« Coupled two-head = best balance of interpretability + decision quality

* Physically meaningful

belief = a natural interface for offline-to-online

adaptation without retraining
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