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Introduction

• Action Chunking → predicting and executing a sequence of actions rather
than a single action

• Virtually all state-of-the-art robot policies use some form of action chunking

• In this work, we

1. Investigate common hypothesis
2. Find a new mechanism “implicit ensembles”
3. Propose a new method based on it
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Existing Hypothesis
• H1: Non-Markovian expressivity

“Action-chunked policies better
capture non-Markov human
behaviors” (Zhao et al. 2023)

• We compared the validation loss of
a Markov policy ah|sh with those of
delayed ah|sh−n and chunked
policies ah:h+n|sh

•
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• H2: Horizon reduction
“Action chunks mitigate
compounding error by reducing the
effective horizon” (Zhang et al.
2025)

•

• Markov: Ω(2H · ϵ)
Chunked/delayed: O((n + 1)H/n · ϵ)
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• H2: Horizon reduction
“Action chunks mitigate
compounding error by reducing the
effective horizon” (Zhang et al.
2025)

•

• Markov: Ω(2H · ϵ)
Chunked/delayed: O((n + 1)H/n · ϵ)

Delayed policies perform as well as
action chunking policies in Libero

→ past states
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• H2: Horizon reduction
“Action chunks mitigate
compounding error by reducing the
effective horizon” (Zhang et al.
2025)

•

• Markov: Ω(2H · ϵ)
Chunked/delayed: O((n + 1)H/n · ϵ)

However, action chunking
is still better in Robomimic
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A New Mechanism
• Implicit Ensembles:

“Action chunking implicitly learns and executes an ensemble of predictors
ah | oh, ah | oh−1, . . ., ah | oh−k instead of a single one ah | (oh,oh−1, . . . ,o1)”

•
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A New Mechanism
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“Action chunking implicitly learns and executes an ensemble of predictors
ah | oh, ah | oh−1, . . ., ah | oh−k instead of a single one ah | (oh,oh−1, . . . ,o1)”

•

Explicit ensembles of chun-
ked/delayed policies are even better
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Thank you for your attention!
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