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Modern agents adapt through interaction
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History-dependent RL from scratch is hard

● Modern agents often use a simple recipe: Transformer + PPO.
○ But most capability comes from pretraining.

● Without pretraining, history-dependent RL is a classical challenge: 
○ Under partial observability, the current observation is insufficient to 

determine the underlying state, so the agent must condition on its 
interaction history.

○ The history grows over time, making learning and planning difficult.
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This thesis studies foundations of history-dependent RL, 
without assuming a pretrained model.



History-dependent RL has three core 
questions

4

3.  Adaptability
How to improve from online 

history experience?
meta-/in-context/Bayesian/continual RL

2.  Representation
What information should be 

retained from history?
belief, latent dynamics, task-relevance

1. Memory
How long history is needed & 
how should we process it?

memory length;
recurrence, self-attention



Thesis roadmap
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3.  Adaptability
Oǣine Bayesian RL without 
conservatism. ICML 2026

2.  Representation
Understanding self-predictive 

RL. ICLR 2024

1. Memory
When do Transformers shine in 

RL? NeurIPS 2023



1. Memory and Transformers in 
Long-horizon RL
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NeurIPS 2023 Oral



Transformers have been successful in RL
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Transformer (from NLP)

Any RL 
algorithm 
(PPO, DQN, 
Dreamer)

Success? 
Why successful? 



Why Transformers? Popular answer:
Capture temporal dependencies. 
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Memory vs Credit Assignment

Memory
The ability to recall distant past 
events

Temporal credit assignment
The ability to determine which past 
actions earned the credit (Sutton, 
1984)
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Although we have intuition, we have not 
formalized these concepts in math.



Formalizing memory lengths
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Optimal Policy memory length <= Optimal Value memory length 
<= max (reward memory length, transition memory length)

Intuition: How long is the minimal history required to predict 
current reward, observation, action, value? 



Formalizing credit assignment lengths
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Intuition: The optimal action a* is better than any other action a’ in 
terms of Q-value: Q(s, a*) > Q(s, a’), 
● where Q-value is the sum of n-step rewards with n=infinity.
● But we aim to find the smallest n to hold this.  



Characterizing existing RL benchmarks
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Many tasks entangle 
memory and credit 
assignment.

Most memory tasks 
evaluate memory length <= 
1000



G1
O/S J

G2

Corridor Length T 

G1

O S J

G2

Corridor Length T 

Passive T-Maze Active T-Maze

Proposing configurable toy tasks: 
Passive and Active T-Mazes

Mem len: T
CA len: 1

Mem len: T
CA len: T 
(the first action of S → O is 
only rewarded at the final 
step)
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● Agent starts at state S
● Goal state is randomized 

between G1 and G2
● State O tells the agent where 

the goal state is.
● At state J, it must make a 

choice

immediate reward → J immediate reward → J 



Transformer-based RL excels at 
long-memory tasks.

RL algorithm: DDQN w/ eps greedy
Sequence model: LSTM or Decoder-only 
Transformer (GPT-2)
Context length: full episode length

Perfectly solved by 
GPT-2
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G1
O/S J

G2

immediate reward → J 

varying the corridor length



Transformers do not help long-term 
credit assignment in RL.
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In Active T-Maze, Transformers 
can reach the Junction. 
Transformers help, but 
degrade severely when the CA 
length >= 250. 

G1

O S J

G2

immediate reward → J 

varying the corridor length



Transformers are less sample-efficient
than LSTMs in short-term dependency tasks.
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Using model-free TD3 in occluded continuous control tasks with dense rewards.



Contributions

● Memory and credit assignment lengths are mathematically separable.
● Transformers’ success in RL mainly stems from memory, not credit 

assignment.
● Transformer-based RL cannot solve core RL challenges (credit 

assignment) alone and remains data-hungry.
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2. What to Abstract from 
History in RL? 

18

ICLR 2024



Is reward enough for RL?

RL is terrible as it “sucks supervision 
through a straw”. 
By Andrej Karpathy
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What auxiliary 
information should a 
learning agent abstract 
from histories? 



Three representation paradigms
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h

z

ɸ

Qz(z, a)

ɸ: history 
encoder

Model-free (Q*) 
representation

h

z

ɸ

Rz(z, a) Pz(o’ | z, a)

Reward 
model

Grounded 
transition model

Model-based (observation-predictive 
/ belief) representation

h

ɸ

Latent 
transition model

Qz(z, a)

z

Rz(z, a) Pz(z’ | z, a)Qz(z, a)

Information-state (self-predictive 
/ bisimulation) representation



Self-prediction (ZP): predict next latent 
states without reconstruction

2121

history

z

ɸ

(history, action, next obs)
= next history

next z

ɸ

action

Pz(z’ | z, a) predicted next z

Match?



Many representation learning methods 
share one principle

22

Reward prediction

Observation 
reconstruction

Latent state prediction

Reward prediction + observation 
reconstruction + latent state prediction

In this work, we show that they are centered 
around the self-prediction (ZP) condition.



Key finding: Q* + ZP → implicit reward 
modeling (RP)

23

z

ɸ

Qz(z, a) Rz(z, a) Pz(z’ | z, a)

h

z

ɸ

Qz(z, a) Pz(z’ | z, a)

h

Optimal 
representations

The minimalist algorithm 
proposed in this work



A spectrum of abstractions
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Representation learning Abstraction Compute Good at what tasks
(See next slides)

Vanilla RL (Q*)
(e.g., PPO/SAC)

Coarse Cheap Dense rewards

RL + self-prediction (ZP) (e.g., 
SPR, TD-MPC)

Medium Medium High-dim/noisy 
observation

RL + observation-prediction 
(OP) (e.g., Dreamer)

Fine Costly Sparse rewards & Clean 
observation



Self-prediction makes RL robust to 
distractions

25

l2 loss

Forward or 
Reverse KL

mujoco state Gaussian noise from 1 to 2^8

Our minimalist algorithm



Self-prediction and observation 
prediction are critical for sparse rewards 
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MiniGrid: sparse-reward, 
partially-observable 
(ego-centric obs)

R2D2 + Observation prediction

R2D2 + Self-prediction

RP + OP/ZP: Q loss does not 
shape representation

LSTM+DQN Backbone



Contributions

● We position the self-prediction condition (ZP) as the foundation uniting 
modern representation learning methods in RL.
○ Derive a minimalist algorithm for self-predictive learning.

● Optimal representation learning in RL is task-dependent:
○ Dense rewards: “reward is enough”
○ Noisy observations: self-prediction (ZP) is robust
○ Clean observations + Sparse rewards: observation-prediction (OP) is 

most sample-efficient
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3. In-context Adaptability 
Trained with Offline RL
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ICML 2026



From passive prompting to active 
in-context adaptation
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The deployment itself will involve a 
learning trial-and-error period. 
By Ilya Sutskever

GPT-3 popularized few-shot 
in-context learning at test time, 
notably without parameter update.
But the context is given by prompt.

Context must be discovered by 
agent interaction with test-time 
environment. 



Offline RL is not ready for in-context 
adaptation

Why study offline RL? 
● Closest RL analogue to 

supervised pretraining
● Leverage diverse, static data 

without costly online training
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However, the dominant principle, conservatism, 
suppressed this active in-context learnability. 
● Penalize out-of-dataset / uncertain actions
● Designed for risk-averse static deployment, not 

for test-time exploration
Examples: behavioral cloning (TD3+BC), conservative Q-learning 
(CQL, IQL), uncertainty penalty (MOPO)

 



Conservatism vs Bayesian principle

MDP 
posterior

History 
dependence 

Conservatism optimizes the (near) 
worst-case of possible MDPs
● Many MDPs can explain the offline data 

and disagree on unseen state-actions

Bayesianism optimizes the average case 
of possible MDPs (known as epistemic 
POMDP in prior work)
● Bayes-adaptive policy uses online 

history to infer the current MDP
● Requires a Bayesian world model
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Bandit example for why Bayesian

● Horizon T = 100
● Dataset D: full of trajectories with arm 0

○ Traj: (arm 0, rew 0, arm 0, rew 0, …)
○ Arm 1 is unobserved, uncertain

At deployment, should the agent avoid Arm 1 
forever or try it?
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R(arm=0)
~Bern(p0*)

R(arm=1)
~Bern(p1*)



Uncertainty penalty blocks adaptation
● Uncertainty penalty: ensemble disagreement
● Sufficient conservatism: heavily penalize arm 1 → 

always choose arm 0, never try
● Bayesian RL: infer the underlying arm 1 at test time → 

adapt to the better arm
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exploration cost adaptation to unseen, better action



Dilemma: Removing conservatism causes 
value overestimation
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Fig src: The Edge-of-Reach Problem in 
Offline Model-Based Reinforcement 
Learning. Sims et al. NeurIPS 2024. 

remove 
penalty



Mechanism: Long-horizon rollouts reduce 
overestimation
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● Short rollouts rely heavily on value bootstrapping (overestimation)
● Long rollouts rely more on lower-biased model-generated rewards



Controlling long-horizon prediction 
errors

(1) Simple LayerNorm can largely mitigate compounding errors
(2) An uncertainty threshold (based on training data) for rollout truncation

Ensuring reliably long rollouts
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NEUBAY algorithm
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Eliminating two important hyperparameters in prior work: (short) 
rollout length H and uncertainty penalty (lambda), which hinder 
test-time in-context adaptability.  



D4RL locomotion benchmark
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● Matching leading conservative methods (new SoTA on 7 D4RL tasks)
● Better at lower-quality and moderate-coverage offline datasets
● Also evaluate on D4RL manipulation, navigation, and NeoRL benchmarks



Contributions

● Identify the root cause of why offline (model-based) RL cannot perform 
test-time in-context adaptation: 
○ Short horizon rollouts
○ Conservatism on out-of-dataset actions 

● Propose a simple and effective algorithm to have reliably long rollouts 
without explicit conservatism.
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Future Directions
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Toward lifelong agents

Challenges shift: learning from a transient history 
   to a lifetime of experience.

● Lifelong memory: relevant experience spans the agent’s entire lifetime.
○ Challenges: context explosion, memory pollution, length 

extrapolation
● Representations across timescales: low-level and high-level outcomes

○ Challenges: compounding errors with myopic representation 
● Continual adaptation: 

○ Challenges: plasticity loss, general-capability forgetting
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Possible directions toward lifelong agents
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Continual Adaptability
In-context and in-weight learning, 

meta-learn what to update

Multi-timescale 
Representation

Temporal abstraction, skill discovery 

Lifelong Memory
Context compression, external memory, 

selective forgetting
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