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Research Question.

• Why most of reinforcement learning (RL) employ modest batch sizes?

• Many RL studies adopt small batch sizes compared to standard supervised 

learning (SL).

• Several studies report that increasing the batch size often leads to 

diminishing returns or even performance degradation in RL[1, 2].
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Research Question.

• Why most of reinforcement learnings (RL) employ modest batch size?

• This phenomenon extends even to scaled RL models, such as IMPALA[1], 

SHARSA[2]; they utilize small batch sizes of 32 and 256 respectively.

• Furthermore, in RL stages for Large Language Model (LLM) training, they 

also utilize notably smaller batch sizes compared to the massive scales 

employed during SL phases[3, 4].
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Our Hypothesis.

• We suppose that this stems from the inherent non-stationary of RL.

• An evolving policy and the resulting data distribution shifts during 

training create this non-stationary.

• This non-stationary is particularly acute during early learning stages, 

where rapid policy shifts exacerbate distributional instability.

• To mitigate these effects, employing modest batch sizes is often preferred, 

as it allows the agent to adapt more fluidly to the non-stationary data 

stream[1].
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Our Insight.

• We suppose that this stems from the inherent non-stationary of RL.

• We also assume that the policy and environment will stabilize in 

late learning phase which we call ‘near-stationary’ phase.

Can we leverage the benefits of large batch sizes by 

increasing them during this near-stationary phase?



Behavioral Divergence.

• We quantify non-stationarity by comparing consecutive policy updates.

• 𝛿𝜋: Behavioral Divergence (BD).

• ℬ𝑟𝑒𝑓: Replay buffer to calculate BD.

• 𝑀: Size of ℬ𝑟𝑒𝑓.

• 𝜋𝜃′ , 𝜋𝜃: updated and previous policies respectively.



Behavioral Divergence.

• Figure 1 shows that Behavioral Divergence shrinks as training progress.

• This indicates that the non-stationarity decreases over training steps.

Figure 1



Adaptive Batch Scaling (ABS)

• Utilize small batches during the non-stationary early training phase

→ To maximize gradient update frequency and preserve plasticity

• Transition to larger batches in the near-stationary later phase

→ To ensure stable convergence



Adaptive Batch Scaling (ABS)

• ABS dynamically scales batch sizes ℬ by adjusting the rollout 

length 𝐿𝑎𝑑𝑎𝑝𝑡:

• 𝐿𝑎𝑑𝑎𝑝𝑡 in response to the measured Behavioral Divergence 𝛿𝜋

•

• represents the sensitivity range of the policy change rate



Adaptive Batch Scaling (ABS)

• Figure 2 shows that the batch size of ABS increases inversely with

Behavioral Divergence.

Figure 2



Experimental Results.

• Figure 3 demonstrates that our ABS increases PQN[1] performance 

across most of the Atari-57 benchmark.

Figure 3
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Experimental Results.

• Figure 4 shows that the mean improvement over each baseline (PQN, 

PQN-L[1], PQN-XL[1]) across various maximum batch sizes on Atari-10[2]

Figure 4
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Experimental Results.

• As model capacity and maximum batch size increase, the 

improvements yielded by ABS become more pronounced.

• For PQN-XL (the largest model), ABS achieves the most substantial gains

when scaling the batch size from 2,048 to 16,384 samples. 

Figure 4



Conclusion.

• Core Insight: RL's inherent non-stationarity stabilizes in the later 

phase, allowing the effective use of larger batch sizes.

• Proposed ABS: Automatically scales up the batch size as behavioral 

divergence shrinks, avoiding early-stage performance drops.

• Scalable RL Contribution: Maximizes training efficiency for large-

scale RL models, enabling more effective and scalable training.



Appendix.

• Figure 5 shows the detailed improvement of PQN+ABS in Figure 4 

(Left) on the Atari-10 environments

Figure 5



Appendix.

• Figure 6 shows the detailed improvement of PQN-L+ABS in Figure 4 

(Center) on the Atari-10 environments

Figure 6



Appendix.

• Figure 7 shows the detailed improvement of PQN-XL+ABS in Figure 4 

(Right) on the Atari-10 environments

Figure 7



Appendix.
PQN w/ ABS PQN-L/XL w/ ABS
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