73 ICLR

Reliability-adjusted
Prioritized Experience Replay

International Conference on Learning Representations 2026

Leonard S. Pleiss Tobias Sutter Maximilian Schiffer

Technical University of Munich University St.Gallen Technical University of Munich

tobias.sutter@unisg.ch ' ‘ schiffer@tum.de

leonard.pleiss@tum.de



o Introduction

Many offline reinforcement learning agents rely on experience replay — delayed learning on
previously gathered environmental interactions — to improve their policy

Experience Replay

Interaction Experience replay
* Traditionally: Uniform sampling from the Replay Buffer (each
act > sample is replayed approximately equally often)
Prioritized Experience Replay (PER)
* Proposed that different samples vary in importance
store . .
v * Temporal Difference (TD) error as proxy for importance
* Remains sole prioritization scheme used across state-of-the-art
FOCUS OF THIS PAPER Buffer algorithms to this day[3' 4,561

Reliability-adjusted prioritized experience replay (ReaPER)

* TD errors vary in reliability, which affects sample importance
* Given equal TD errors, samples with more reliable errors are
more important
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Figure 1. The experience replay mechanism.



o Introduction

Metaphorically speaking, TD errors indicate surprise, that is, they quantify the difference between
what the agent believed would happen versus what actually happened

TD-Errors

Target Q-Value Q-Value
O = Rppq + (1 —diyq) ¥y * m;lx Q(St41,2) — Q(Si, At)

TD error Immediate Expected return after performing Expected return when per-
reward action A; and observing the new state forming action A;in state S,

Key takeaway

In temporal difference learning, the agent relies on its understanding of the subsequent state to improve their assessment of the
current state. As such, the reliability of a temporal difference error relies on the agents’ understanding of the subsequent state.




© Method

The reliability of any transition’s TD error depends on the TD errors of subsequent transitions

within the same episode

Intuition

Board state at timestep t Board state at timestep t+1 Board state at timestep t+2
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Consecutive timesteps within the same episode
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Figure 2 displays subsequent states from a Tic Tac Toe game.

* All states are lost for the circles player under optimal play

* Recognizing that t+1 is a losing state is generally easier than recognizing t as such

* Once t+1 is identified as losing, identifying t as such becomes more straightforward

Understanding of a state necessitates an understanding of subsequent states.

Unreliable TD errors can degrade learning

Low reliability TD errors may induce updates which lead
to divergence, i.e., shifting the estimate away from its
unknown true value.

Terminal transitions yield reliable target errors

Target errors for terminal transitions are given by the
environment and do not rely on model estimates. They
are therefore perfectly reliable.

Reliability propagates backwards

An update which improves the estimation accuracy of any
given transition improves the target value reliability of its
predecessor.



e Method

We propose a novel reliability score for TD errors, which serves as the backbone for the ReaPER

algorithm

ReaPER

Reliability score

Sum of TD errors of subsequent
transitions in the same
trajectory
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Sum of TD errors of all
transitions in the same
trajectory

Importance criterion

Reliability-
adjustment
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Prioritized Experience
Replay

Full ReaPER algorithm

We need to resolve 4 more challenges
to obtain the final ReaPER algorithm:

How do we efficiently update
sample priorities?

How do we balance prioritization
and coverage?

How do we address the i.i.d.
violation?

How do we obtain reliabilities for
unfinished episodes?




e Results

We formally show that the reliability-based sampling accelerates convergence, and empirically
validate our theoretical results

Empirical & formal fndings

Formal results Empirical results
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Figure 3. Peak performance on the Atari-10""! benchmark.

We further show that reliability-aware
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Figure 4. Timesteps to reach maximum performance in continuous control®.



o Discussion

We briefly summarize our key contributions and limitations below. If you have further questions,
feel free to get in touch!

Discussion & further information

Summary Further information

1  We introduced the concept of TD-error reliability and established that it relies on the errors of subsequent states

. Paper
2  Based on this insight, we proposed a novel reliability score for TD errors
3  We derived the ReaPER algorithm by extending the canonical PER framework with a reliability adjustment
4  We provided a formal analysis of the reliability metric, proving its soundness as a sample selection criterion
Implementation
5 We empirically validated our findings, showing that ReaPER improves convergence speed and peak performance
Limitations
A  ReaPER relies on terminal states and is therefore not applicable in infinite horizon settings Contact

B  ReaPER tracks cumulative sums over TD-errors to compute reliability, incurring some computational overhead
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