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Abstract: Action chunking—predicting and executing multiple actions instead
of a single action—has proven to be a critical component for learning effective
robotic control policies. However, our precise understanding of why action
chunking improves performance has remained limited. In this work we seek
to close this gap. Through rigorous experimental evaluations in both simulated
and real-world settings, we show that existing hypotheses for the success of
action chunking—temporal consistency, horizon reduction, and representation
learning—fail to explain the success of action chunking. Instead, we find that
action chunking benefits from greater non-Markovian expressivity and reduced
compounding error compared to Markovian policies, but, in many settings of
interest, these effects can be fully captured by delayed policies, which at each
step predict a single action based on the observation k steps in the past. We
then show that there exists an additional benefit of action chunking that we
refer to as implicit ensembling. In particular, by learning a diversity of temporal
relationships (that is, a¢|os, a¢|oi—1, . . .), action-chunked policies exhibit behavior
matching that of a model ensemble, increasing their robustness and generalization
ability over policies that only learn a single temporal relationship. Building on
these insights, we show that in simulated and real-world robotic control settings,
we can match the performance of action chunking without action chunking—by
deploying an action chunking policy as an ensemble of policies with randomized
delays. Furthermore, we propose a policy class that amplifies the benefits of
action chunking by explicitly instantiating an ensemble, and which we show
significantly improves over the performance of action chunking in many domains.

Website: https://action-chunking.github.io.

1 Introduction

Action chunking—predicting and executing a sequence of actions rather than a single action—is
an essential ingredient in modern approaches to behavioral cloning for robotic control [1, 2]. Vir-
tually all state-of-the-art policies for robotic control—from generalist policies capable of solving a
wide range of tasks [3, 4], to single-task policies able to perform dexterous, high-precision maneu-
vers [S]—use some form of action chunking to achieve high performance.

In behavioral cloning, action chunking simply requires training a policy to predict k& demonstrator
actions from a single observation, modeling (a;, a¢41,...,at+x—1) | 0;. Here the prediction target
aptir = (@t 41, .- ., arpk—1) 18 referred to as the action chunk. At inference time, action chunk-
ing policies execute all or part of this action chunk in an open-loop fashion, effectively relying on an
action prediction from a “stale” observation o; for multiple timesteps, rather than computing a fresh
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Figure 1: In this work we investigate why action chunking improves the performance of behavioral
cloning in robotic control. We show that common hypothesis—temporal consistency, horizon re-
duction, and representation learning—are not able to explain the performance of action chunking.
Instead, we demonstrate that a combination of three factors—expressing non-Markovian delays in
human behavior, reducing compounding error by predicting actions based on past observations, and
ensemble-like effects induced by learning a variety of temporal relationships—almost fully explains
the success of action chunking. Motivated by our insights, we show that in both simulated and real-
world robotic control, we can match the performance of action chunking without explicitly utilizing
action chunking.

action at each timestep. Across a range of settings, executing action chunks in this manner achieves
higher performance than recomputing and executing a single action at each timestep.

While empirically the necessity of action chunking is largely undisputed, our understanding of why
action chunking is necessary remains rudimentary. Common hypothesis in the literature include:

1. Temporal consistency: Action-chunked policies can better represent the temporally correlated
behaviors exhibited by human demonstrators [1, 2, 6].

2. Horizon reduction: Action chunks reduce the effective horizon of the environment, mitigating
compounding error [1].

3. Representation learning: Action chunking serves as an auxiliary loss in policy training, im-
proving representation learning and generalization [2, 7].

In this work we seek to develop a more complete understanding of the mechanisms enabling the
success of action chunking in robotic control. Our first key observation is that, in many settings, the
performance of action chunking can in fact be replicated by deploying a delayed policy m(a; | 0¢—x).
Through theoretical analysis and controlled experiments on both simulated and real-world robotic
manipulation settings, we show that, while humans do exhibit non-Markovian behaviors and ac-
tion chunking does meaningfully reduce compounding error, predicting actions based on delayed
observations is often sufficient to capture the necessary non-Markovian behaviors and achieve suf-
ficient reductions in compounding error—the temporal consistency and horizon reduction provided
by action chunking is not necessary for effective performance.

While non-Markovian expressivity and the reduction in compounding error provided by predicting
actions based on past observations can partially explain the success of action chunking, we find set-
tings where these effects are not fully explanatory. We identify an additional mechanism driving ac-
tion chunking’s improved performance, which we refer to as implicit ensembling: an action-chunked
policy m(ay.+1x|ot) can be interpreted as an ensemble of k delayed policies {m(a¢|o;—;)}o<i<k and,
by learning a diversity of temporal relationships, inherits many of the benefits of ensemble-based
methods [8—10]. Across all simulated and real-world settings we consider, we show that we can
match the performance of action chunking without action chunking by deploying the action-chunked
policy as an ensemble of policies with random delay.

While the focus of this work is primarily analysis of existing approaches, our results also provide
insight into how we can improve on the performance of action chunking. In particular, motivated by
the implicit ensembling effect of action chunking, we show that by training an explicit ensemble of



delayed policies, we can exceed the performance of action chunking in many settings. Altogether,
our results provide a much more complete picture for why action chunking enables improved per-
formance in behavioral cloning for robotic control and show that, in many settings, the typical
instantiation of action chunking is not necessary for effective policy performance.

Organization. The rest of this paper is organized as follows. In Section 2 we discuss related work,
and in Section 3 outline our problem setting. Next, in Section 4 we investigate existing hypothesis
for why action chunking improves performance—temporal consistency (Section 4.1), horizon re-
duction (Section 4.2), and representation learning (Section 4.3)—ultimately arguing that these are
inadequate to explain the success of action chunking. In Section 5, we show that action chunking
policies act as implicit ensembles, and that this effect is critical to their success. Section 6 then ex-
tends our simulated results to the real-world, demonstrating that our conclusions hold there as well.
Motivated by our findings, in Section 7 we show that amplifying the implicit ensembling effects
of action chunking with explicit ensembles can lead to even further performance improvements.
Finally, in Section 8, we close by highlighting several interesting directions for future work.

2 Related Work

Behavioral cloning in robotics. Imitation learning via behavioral cloning (BC, [11])—where a
policy is trained via supervised learning to mimic the demonstrator’s actions—is widely used in
robotics [12-17]. Recent work scales BC by collecting large-scale human demonstration datasets
[18-20] and training expressive generative models on these datasets [1, 2, 5, 21-26], resulting in
generalist vision-language-action (VLA) policies capable of performing a wide variety of tasks [27—
34]. To the best of our knowledge, nearly every large-scale robot policy training effort since ACT
[1] predicts and executes chunked actions (3, 4, 29, 35-39]. In contrast to these works, rather than
simply demonstrating another example of applying BC to robotic control, the focus of this paper is in
understanding why action chunking helps, and showing how we can move beyond action chunking.
We remark as well that the ensembling approach we propose in Section 7 is somewhat related to the
work of [40], although the RL finetuning objective considered there is tangential to our objective.

Action chunking. To the best of our knowledge, the first works to explicitly propose the use of
action chunking in robotics in its current form are the concurrent works on ACT [1] and Diffusion
Policy [2]. While many previous works also explored the idea of a policy producing multiple actions,
typically these works learned receding-horizon policies [41], where only the first action is executed.
Several works have sought to understand or improve on action chunking. In particular, several
approaches have been proposed to adjust the policy’s sampling process in order to maintain temporal
consistency across action chunks [42—-46]. Other works have sought to obtain the benefits of action
chunking while ensuring policy reactivity by mixing action chunks of different length [47], training
a policy via reinforcement learning to adaptively select the chunk length [48], or using a world
model to adaptively switch between action chunks at test-time [49].

Perhaps most related to our work is the work of Simchowitz et al. [S0] and Zhang et al. [51], which
seek to obtain a theoretical understanding for why action chunking helps, largely from a control-
theoretic perspective. This line of work primarily aims to understand the minimal conditions under
which action chunking enables improved performance, showing that action chunking has benefits
even if the demonstrator is deterministic and Markovian and the environment is fully observed. In
particular, Zhang et al. [51] shows that, under certain control-theoretic notions of stability, action
chunking can mitigate compounding error in continuous control domains. While this is related to
our investigation of the compounding error hypothesis (see Section 4.2), we find that in practice a
variety of other effects also contribute to the success of action chunking.

3 Preliminaries

In this work we study action chunking in the context of behavioral cloning. We consider interaction
with a potentially non-Markovian, partially observed environment M = (S, A,O, P, Py, Po,T),



where S, A := R%, and O are the state, action, and observation spaces, P : H x A — Agis
the transition kernel for histories H, Py € Ag is the initial state distribution, Pp : S — A is the
observation distribution, and r : O — [0, 1] the reward. An episode consists of a sequence of states,
observations, and actions (s1, 01, a1, S2,09, a2, 83,...) wWhere 1 ~ Py, si41 ~ P(- | h,ay),
for h; the history of states and actions up to ¢, and o; ~ Pp(s;). This continues for H steps
or until a successful state is reached, i.e., 7(0;) = 1. We denote by J(7) the expected episode
reward of policy 7, where the expectation is over trajectories induced by 7w on M (for a 0-1
success reward, this corresponds to the probability that some successful state will be reached
before step H). While we consider non-Markovian, partially observed environments for the sake
of generality, the majority of our conclusions also hold in Markovian (i.e. environments where
P(- | at, 8¢, 8¢—1, 8t—2,--.) = P(-| at, s¢)) and fully observed settings.

We assume access to a dataset of demonstration trajectories ® = {t;}IV;, with each trajectory

T3 = (o, al,...,0},a}, 0}, 1) generated by some demonstrator Tgemo on M. The demonstrator
may be non-Markovian, meaning that it may condition on the full history of observations. In
general, we assume that ® consists of successful (although not necessarily optimal) behaviors,
and are interested in learning policies that maximize success rate (7). In the following, it will
be convenient to split © into train and validation sets, D¢;4in and Dy,1. Throughout this work, we
denote [k] := {1,...,k}.

Behavioral cloning. Behavioral cloning is a standard approach to learning from demonstrations
that trains a policy via supervised learning to mimic the actions present in ®y,4in. In particular, in
the simplest, Markovian case, behavioral cloning flattens the training dataset into (o}, a}) pairs and
trains a policy 7 (a: | o¢) to predict the actions from the dataset:

T argmax, 2., 4, e 108 T(ar | 0). (1)

At deployment, given observation o; an action a; ~ 7(- | o) is sampled and executed in the
environment. In practice, modern approaches to BC in robotics typically parameterize = with a
generative model—usually either an autoregressive transformer [4, 30] or diffusion/flow model [2,
3]—and aim to model the full demonstrator distribution. While our results are independent of the
exact instantiation of the BC policy, for all experiments we parameterize 7 as a diffusion model [2].

Action chunking. Action-chunked policies are trained to predict the next k actions produced by the
demonstrator instead of only the single next action. That is, action chunking models the conditional
distribution of sequences of actions:

T arg minﬂ' Z(0t7at:t+k)‘5®crain log ﬂ—(at:H'k ‘ Ot) (2)

for ap.i1x = (at,ae41,---,ai15—1) the sequence of k actions produced from the demonstrator
following each o; in ®¢,,i, (the “action chunk™). At deployment, action-chunked policies typically
sample a;.¢, ~ (- | 0;) and execute either part or all of a;.;. open-loop before querying the
policy for a new sequence of actions.

Policy notation. We let 73, denote a policy that produces action chunks of length k. In practice,
it is common to only execute a portion of an action chunk, e.g. the first n < k steps of the action
chunk, and then recompute a fresh action chunk. We denote a policy that is deployed in this fashion
as 7). We will also consider single-step delayed policies, where we compute a new action at each
step, but condition on some observation d steps in the past. We denote such a policy as wgelay (so,
for example, a; ~ wgelay(- | 0:—q)). We can also execute an action-chunking policy 7y as a delayed
policy for delay d < k by sampling a;—g.t—q+r ~ Tx (- | 01—q) and taking the (d + 1)th action in
ai_g.t—q+k- We denote this induced delayed policy as ﬂgelay [7]. For brevity, we refer to single-
step Markovian BC policies as “Markov” or “single-step”, action chunking policies with chunk size
k as AC(k), and delayed policies with delay d as Delay(d + 1).

Validation error. Throughout this work, we consider validation error—computed as mean-squared
error (MSE) of mean actions sampled from the policy on ®.,—to measure how well a policy fits
the data. We do not use this as a proxy for task success, only for analysis purposes. Formally, for



an action-chunk % policy 7y, we define the validation error:
Loal(fr) = % oo 2 [Eaze(lon @] = ariril3
val\"'k ) *= G4k " Dval] &4(04,@4:44%)EDvar I@~Tk(|0r) tit+kl2s

where, for action chunks, we take |a|3 := .. |[a];||3 for [a]; the ith element in the chunk. If 7 is
a delayed policy (i.e. g,y OF T4, [T1]) or an action-chunked policy where we only execute the
first n actions in the chunk (i.e. 7}), we define Ly, (7) analogously, but only compute the loss over
the actions that the policy would execute (a¢+q4 | 0; for a delayed policy, and ay, ..., at1pn—1 | 0
for 7)), in either case normalizing L., by the number of actions the loss is computed over rather
than 1/k. We avoid the standard denoising validation loss due to ambiguity with ensembled policies
(see Section A.1 for further discussion of this point). While this notion of error does not capture
multi-modality, in practice diffusion policies rarely exhibit significant multi-modality [52] so this
is not a major shortcoming (in particular, we found that the policies we trained in this work did not
exhibit significant multi-modality, see e.g. Section B.1).

4 Do Existing Hypotheses Explain the Performance of Action Chunking?

In this section we seek to understand why BC policies trained to predict and execute action
chunks outperform those trained to predict only single actions. We proceed by investigating each
of the commonly cited hypotheses for the success of action chunking—temporal consistency
(Section 4.1), horizon reduction (Section 4.2), and representation learning (Section 4.3).

To investigate these hypothesis, in this section we consider the Libero behavioral cloning bench-
mark [53] (in the following sections we also consider the Robomimic benchmark [54], as well as
real-world robotic settings). Libero contains 130 total tasks, each provided with 50 successful hu-
man demonstrations—we primarily consider the Libero-90 suite of 90 tasks. We train diffusion
policies [2] on these demonstrations, using image-based observations. For each point in the follow-
ing results, we average over at least three random seeds; error bars denote standard errors. Please
see Section A for detailed experimental setup and Section E for results on individual tasks.

4.1 Hypothesis 1: Temporal Consistency

The temporal consistency hypothesis starts from the observation that human demonstrators may not
be truly Markovian, and, in particular, often produce smoothly-varying, correlated action sequences
that are better modeled by policies explicitly encoding temporal correlations than Markovian policies
[1, 2, 4, 6]. Here we investigate this claim experimentally.

Experiment 1: Human demonstrations are better modeled by delayed policies. To test this hy-
pothesis, we first consider whether non-Markovian policies are able to better model the demonstra-
tion data in Libero-90 compared to single-step Markovian policies. In particular, we select k = 20
and train an action chunk 20 policy 729 on Dyain. We consider the action prediction MSE on D,
for policy 75, and n € [20], Lya) (75,)—the average action prediction error over the first n steps in
the action chunk. We also plot Lval(wgelay [T20])—the action prediction error of the induced delayed
policy. Conceptually, Ly, (75,) measures how effectively we can predict (at,...,at1n-1) | 0t
while Lval(wgelay [T20]) measures atyr, | 0; (equivalently, a; | 0;—,,). We compare both of these for
different values of n to Lya1(7}), the validation MSE of a Markovian policy.

Our results, aggregated across Libero-90, are given in Figure 2. We confirm that we can more
easily predict a; given o;_,, than given oy, for all n < 18. Furthermore, we find that we can more
easily predict an action based on a delayed observation than we can predict the full action chunk.
Note that, if the demonstrator were purely Markovian, we would expect the mutual information
between a; and o, to be at least as large as the mutual information between a; and 0;_,, (by the data
processing inequality). However, we see the opposite: a; is best predicted by conditioning on 0;_1¢.
This suggests that human demonstrators exhibit significant non-Markovian behavior'. %

'Note that, in the case of a purely Markovian, fully-observed environment, if the demonstrator is non-
Markovian, we can perfectly replicate their state distribution with a Markovian policy so long as this policy
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Experiment 2: Delayed policies match the performance of action chunking. Notably, while Fig-
ure 2 shows that a; | 0;_,, achieves lower validation error than a; | o, it also shows that the valida-
tion error averaged over the entire prediction ay.;+,, | 0; is greater than a; | 0;_,, for proper choice
of n. To test how this impacts policy performance, we compare the success rate of 5 t0 iy, [T20]
for various choices of n. We illustrate the performance of these approaches in Figure 3, averaging
the success rate achieved by each policy over all Libero-90 tasks. We see that simply executing
a delayed policy matches or exceeds the performance achieved by an action-chunking policy. This
suggests that, on Libero-90, delayed policies capture the non-Markovian demonstrator behaviors
relevant for policy performance. Thus, while action chunking may model human non-Markovian be-
havior more effectively than Markovian policies, leading to more effective performance, the full non-
Markovian expressivity of action-chunked policies is not required—it suffices to simply predict an
action based on a delayed observation. Concretely, this suggests that in standard robotic manipula-
tion settings (in particular in this case Libero), temporal consistency is not necessary to perform ef-
fectively, and the benefits of action chunking are not due to improving temporal consistency. In Sec-
tion B.5, we show that this is true for VLAs as well—we find that the Libero finetune of 7y 5 [33]
performs just as well when executed as a delayed policy as a standard action-chunked policy. %

Takeaway 1: Action chunking improves performance by capturing non-Markovianity

in human demonstrators, but temporal consistency is not, in general, required

We conclude that humans do exhibit non-Markovian behavior, which can be more effectively
modeled by an action-chunking policy than a Markovian policy. However, delayed policies
model human demonstrators just as effectively, and perform equivalently to or better than
action-chunked policies in terms of success rate, suggesting that the relevant non-Markovian
behavior is captured by delayed policies, and temporal consistency is not required.

4.2 Hypothesis 2: Horizon Reduction

While humans exhibit non-Markovian behavior that action chunking is able to capture, our results
suggest that delayed policies are able to capture the relevant non-Markovian behavior as well. Here
we investigate if other effects also contribute to the performance of action chunking, and begin by
investigating the explanatory power of non-Markovian expressivity.

Experiment 3: Non-Markovian expressivity only partially explains the success of action
chunking. If non-Markovian expressivity fully explained the superior performance of action
chunking, we would expect that in settings where action chunking does not provide additional
expressivity benefits (for example, when the demonstrator is Markovian), Markovian policies would

is indexed on timestep t. However, if the policy is not indexed on timestep, as is usually the case in practice,
then a Markovian policy does not suffice to model a non-Markovian demonstrator. In other words, even in the
simplest settings, we require non-Markovian policies to model the behavior of a non-Markovian demonstrator.
See Section C for further discussion of this point.



Example: When do non-Markovian behaviors arise in practice?
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Figure 5: Illustration of the task “open the bottom drawer
of the cabinet.” The panels show (a) the initial state, (b)
the “decision boundary” at which the demonstrator pauses
and changes direction, and (c) the nearly completed task.

To illustrate where non-Markovian behavior can arise in practice, we consider Task 6 of
Libero-90, “open the bottom drawer of the cabinet”, which we illustrate in Figure 5. This
task requires the robot to move down, grasp the bottom handle, and pull the drawer open.
While this primarily involves straightforward free-space motion, at the point where the robot
reaches the drawer it must both fasten onto the handle and change direction. We refer to this
point as the decision boundary—in order to complete the task, the robot must “decide” at
this point to transition from motion in one direction to motion in another direction.

We observe that the human demonstrations exhibit significant pauses at this decision
boundary. Instead of immediately changing direction, the human demonstrator stops for
several steps, perhaps to ensure the handle is effectively grasped, before proceeding. Such
pauses are non-Markovian—while the state has not changed meaningfully, the demonstrator
consistently waits for n steps. As such, a Markovian policy will not effectively fit this
behavior—instead of predicting “wait” for n steps deterministically, it will predict “wait”
with some probability and “move” with some probability (i.e. the marginal action distribu-
tion at the decision-boundary). In contrast, either an action-chunked or delayed policy can
model this non-Markovian behavior, as long as the chunk size and delay are at least n. To
illustrate this quantitatively, in Figure 6 we plot the action prediction error for a Markovian
policy and a delayed policy along the held-out demonstration trajectory shown in Figure 5.
We see that the Markovian and delayed policy have similar prediction error except around
step 80—the precise point this “decision boundary” is encountered—when the Markovian
policy has significantly higher prediction error.

In policy rollouts, we find that this behavior causes the Markovian policy to deviate from the
demonstrator behavior at this decision boundary, leading to out-of-distribution states and
poor performance, while delayed or action-chunked policies effectively model the human
demonstrator at this state, enabling successful task completion. Such “decision boundaries”
are very common across robotic manipulation tasks, and, as such, the non-Markovian ex-
pressivity of action chunk and delayed policies can enable significant improvements over
Markovian policies by fully capturing these behaviors.

perform as well as action chunking policies. To investigate this, we evaluate the behavior of 71
(executing action chunks of length 10) compared to 73, (executing a Markovian policy) on each
Libero task individually. We consider the metric Ly, (73,) — min,>; Lval(wgclay [T20]), which we
denote A Ly, as a proxy for measuring how non-Markovian the demonstrator is, evaluated for each
Libero task. Ly, (73,) corresponds to how well a Markovian policy can predict the demonstrator’s
behavior, while min,> Lval(ﬂ-gelay [T20]) corresponds to how well the best delayed policy can
predict their behavior—we would therefore expect this value to be large only if non-Markovian
policies are useful for predicting demonstrator behavior on a particular task. In Figure 4, we plot the
success rate difference between 713 and 73, for each task in Libero-90 (denoted as A7) against
this measure of non-Markovian behavior.



If non-Markovian expressivity were predictive of the success of action chunking, we would expect
there to be a strong correlation between AL, and AJ. Somewhat surprisingly, however, we find
little correlation between how non-Markovian the demonstrator is for a given task and how much
action chunking improves on a single-step policy. Indeed, in several tasks for which action chunking
still improves significantly on the Markovian policy, there is little difference between L., of a
Markovian and non-Markovian policy—even though the demonstrator’s behavior can be accurately
modeled by a Markovian policy, non-Markovian policies can still lead to substantial performance
improvements in terms of success rate”. O

These results suggest that non-Markovian expressivity only partially explains the success of action
chunking, leading us to conclude that other effects must be present as well. A second hypothesis
commonly proposed in the literature is that action chunking reduces the effective horizon of the
environment, and as such reduces compounding error. Formally, the suboptimality of a BC policy
7 typically scales with the horizon of the problem H as well as the supervised learning loss € (i.e.,
the population validation error under the demonstrator’s trajectory distribution) [55]: J (Tdemo) —
J () < C(H) - ¢, where C'(H) denotes some measure of how quickly the error compounds in
our environment (that is, how quickly supervised learning error leads to performance reduction).
Though the precise scaling of C'(H ) depends on environment properties, in general C'(H ) increases
with H. Thus, if we can decrease H—for example, to H /k—while, critically, keeping ¢ fixed, this
should reduce the compounding error and total suboptimality. By only computing an action every
k steps, action chunking does decrease the effective horizon in this fashion. Here we investigate
whether this effect can explain the performance of action chunking.

As a starting point, we note that, as shown in Figure 3, delayed policies can match the performance
of action chunking in aggregate across Libero-90. This immediately suggests that the performance
of action chunking is not due, strictly speaking, to horizon reduction: delayed policies recompute
actions at each step, so do not reduce the effective horizon as action chunking does, yet still perform
comparably to action-chunked policies. However, for the tasks in Figure 4 where 719 and 73,
achieve approximately the same validation loss (€), several of these tasks exhibit significant gaps
in performance between action-chunked and single-step policies. This suggests that, while horizon
reduction may not be necessary, action chunking nonetheless mitigates compounding error: C'(H) is
still lower for an action-chunked policy. To explain this, we investigate the effect of action chunked
and delayed predictions theoretically.

Theory: Predicting demonstrator actions from past states provably reduces compounding er-
ror. Consider the setting with deterministic dynamics, so that s; 1 = P(s¢, a;), and P is 1-Lipschitz
in both state and action. Assume that all policies considered and the reward r are 1-Lipschitz in the
state (please see Section D for a precise statement of these assumptions). In this setting, we have the
following lower bound on the performance of a Markovian policy.

Theorem 1. There exists an environment satisfying the above assumptions, a Markov demonstrator
Tdemos and a Markov policy T satisfying max; E™eme [Wy (Tgemo (St), T(st))] < € for Wi (-, ) the
Wasserstein-1 metric, such that J (Taemo) = J (7) + Q(2H - ¢).

Theorem 1 shows that, if 7 satisfies a standard bound on supervised learning error, then this error
can compound exponentially in horizon, as 2. Please see Section D for a proof of this result. We
next show that this exponential dependence can be reduced by playing an action-chunked policy, but
that it can also be reduced by simply playing a delayed policy.

Theorem 2. Assume that for all t € [H| and some n > 0:

ETdeme [grel[a:')]( Wi (Tdemo (st4i-1), [Tn(s0)]1)] < € 3)

*Note that, for fully expressing non-Markovian behaviors, a history-conditioned policy, e.g. modeling
at | 0¢,0¢—1,0¢—2, ..., may be necessary. In practice, however, the performance of history-conditioned policies
is typically very poor, and we find that delayed policies modeling a; | 0;—q4 perform much better. We believe
this is due to the increased sample complexity of history-conditioned policies: by conditioning on a full history,
we increase the effective observation space exponentially with the length of the history, increasing the challenge
of generalization in the low-data regime.



Jor [Tn(st)]: the ith step in the action chunk. Then, for k < n:

T (Tgemo) — T(7F) < O((k+ 1)#/* - ¢)  and T (Tdemo) — T (kg [Fn]) < O((k + DH/E ),

Theorem 2 shows that, if the action-chunked policy is able to fit the demonstrator effectively over the
entire chunk, then we can bound the compounding error by O((k+1)"/¥)?. In particular, if k = ¢- H
for some constant fraction c, this scales polynomially in H rather than exponentially, offering an
exponential improvement over a Markovian policy. Notably, however, the delayed policy achieves
the exact same reduction in compounding error. Furthermore, in Section D we show that this is
tight—action-chunked policies must incur compounding error that scales at least as Q((k + 1)7/%),
showing that, in the setting of deterministic, smooth dynamics, action chunking does not exhibit any
benefits over simply playing a delayed policy in terms of compounding error. %

These results show that, while action chunking can mitigate compounding error, the primary mech-
anism is simply because it conditions on previous observations, rather than because it reduces hori-
zon. Intuitively, this arises because earlier states are likely to have compounded less error—they are
more in-distribution—than later states, if the initial state distributions for train and test are identical.
Thus, if we can effectively model the demonstrator’s action at a future state given only a delayed
observation, we would expect this prediction to be more accurate than if we attempt this inference
conditioned on the current state. Notably, our experimental results in Figure 2 show that we can
model the demonstrator’s action at a future state effectively, suggesting that the key criteria of The-
orem 2 hold in practice. While these results rely on the assumption that dynamics are smooth, we
show in Section B.3 that this assumption holds in many robotic control settings of interest.

Takeaway 2: Action chunking reduces compounding error by predicting actions based

on past observations

Action chunking reduces compounding error but, in many settings, this results not from
horizon reduction, but from action-chunked policies predicting actions based on delayed
observations. We find that, as a result, we can often replicate the success of action chunking
simply by training a policy to predict actions based on a delayed observations.

4.3 Hypothesis 3: Representation Learning

The final hypothesis we evaluate is whether action chunking has representational benefits. A
commonly-observed phenomenon is that training an action chunk % policy and only executing the
first n < k actions from the chunk still performs better than a Markovian policy, even for small n.
This is commonly attributed to representational benefits of training with action chunking. Here we
evaluate whether this effect can also contribute to the superior performance of action chunking.

Experiment 4: Delayed policies match the representational benefits of action chunking. To test
this hypothesis, we compare the performance of 73, to 7;—executing a single action at each step,
but training on action chunks vs. single actions—and also compare this to 7Tc51e1ay [T20] and %gelay,
where %gelay denotes the policy trained directly to predict a; | 0;—5 (while wgelay [720] is the delay
policy induced by 72g). We plot aggregate performance on Libero-90 in Figure 7. We find that,
while action chunking does provide representational benefits when compared to a single-step policy,
it does not provide meaningful benefits when compared to training a delayed policy. O

Takeaway 3: Action chunking only gives representational benefits for short horizons

Action chunking provides representation-learning benefits only when predicting the first few
steps in the action chunk, but not for predicting actions with more substantial delays. Thus,
the benefits of action chunking can again be fully replicated with a delayed policy.

3We remark that, in the case of absolute position control where the dynamics can be approximately modeled
by s¢+1 = P(s¢,at) ~ ay, rates on the order of Q(H? - ¢) and O(H?/k - ¢) can be obtained for, respectively,
the Markovian learner and the action chunking/delayed learners, using similar proof techniques.



,_
=1

o
3
t
o
o
ot

=
ot
=)

TS g
0.06 —e— Delay(n)
—+— AC(n)
)

—&— AC(n)-T!

o

wt
Success Rate J

—@— Delay(n)
0.251 —&— AC(n)

1.00
E
—+— Delay(n)-
—== Markov

, |:| I I =T Ty o o

P YT 510 15w [ 5 10 1 2
: v Chunk size/Delay n Chunk size/Delay n

Success Rate J
o
ot
o

=3
=

Validation Error Ly,

S ¢
o o
S

Figure 7: Success of Marko- Figure 8: Average task success Figure 9: Validation error of
vian and delayed policies of delayed policies and action Delay(n), AC(n), AC(n) tem-
trained with and without ac-  chunking policies, aggregated poral ensemble, Delay(n) en-
tion chunks, aggregated over  over all Robomimic tasks. semble, over Robomimic tasks.
Libero-90.

5 Action-Chunked Policies as Implicit Ensembles

The preceding results suggest that non-Markovian expressivity and reduction in compounding er-
ror contribute to the success of action chunking but that, on Libero, these effects can be fully
captured with only a delayed policy—action chunking is not required. We next seek to under-
stand whether these results generalize beyond Libero, and consider an additional benchmark, the
Robomimic benchmark [54]. In particular, we consider the four most challenging from Robomimic:
Can, Square, Transport, and Tool Hang, and we report results training on the Proficient-Human
demonstrations (please see Section B.4 for results on Multi-Human; our results hold identically
there). In Figure 8, we compare the performance of action-chunked policies to that of delayed poli-
cies aggregated across these Robomimic tasks, and in columns 2 and 3 of Table 1 provide numerical
success rates for the best-case action-chunked policy compared to the best-case delayed policy. We
see that, while delayed policies do improve on single-step policies significantly in Robomimic, they
fail to match the performance of action chunking in general, contrasting our results on Libero.

In this section we seek to offer an explanation for why this is the case. Our key insight is that, in
addition to the aforementioned benefits of action chunking, action-chunked policies act as implicit
ensembles. When training an action-chunked policy, for a given action a; in our training data, we
learn the relationships a; | o¢, a¢ | 04—1, ..., a; | 0t—k+1. In other words, rather than just fitting
a single a; | 0,—q4, we fit what, effectively, is an ensemble of predictors, each learning a different
temporal relationship. By learning the relationships a; | o¢, a; | 0¢—1, as | 0t—2, ..., a; | 04—g+1, an
action-chunked policy learns to predict demonstrator actions based on subsets of the true “feature”
(0t,0¢—1, - .,01). Conceptually, this is often how ensemble-based methods such as random forests
operate—aggregating predictors trained on different features—and it is known that such approaches
can achieve lower generalization error than the average error across ensemble members, leading
to improved performance [8§—-10]. We conjecture that, by aggregating action predictions over time
through interaction with the environment, action chunking implicitly acts as an ensemble, inheriting
such benefits. Here we investigate experimentally to what extent this holds in practice.

Experiment 5: Temporal ensembles enable more accurate action prediction than delayed poli-
cies. We first evaluate the validation error on Robomimic. We consider an identical setup to that
considered in Figure 2, but add in two additional methods. First, we consider the temporal en-
semble induced by 7). That is, for some sequence of observations (o1,...,0;), we compute
a’ — [Tr(ok—is1)]i for i € [n]; thus, a® «— L7 | a’, so that " is the prediction induced by
combining the actions produced by the previous n predictions induced by 7, the induced temporal
ensemble (which we refer to as AC(n)-TE)*. We also train an actual ensemble, training policies
{®20,:}11, where each Ty ; is trained on the same dataset Dy,4in, but from different random initial-
izations. To aggregate the ensemble predictions, we average the actions predicted by each ensemble

“We note that existing works such as ACT [1] propose similar temporal ensembles. The primary difference
between our instantiation of a temporal ensemble and existing approaches is that we combine predictions lin-
early, while previous works apply an exponential weighting, significantly downweighting the contributions of
more recent timesteps, and mitigating the ensembling effects.
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Task | Markovian ~ AC(n)  Delay(n) | AC(n)-RDE AC(n)-TE

Libero-90 68.9 +o0.6 89.2 +02  94.0 +o.1 93.6 +0.1 92.7 +01
Libero-10 19.8 +1.5 88.7 +04 86.8 +0.4 88.5 +0.4 86.0 +0.5
Libero-Spatial 58.1 +o0.9 91.6 +04  92.0 05 92.7 +0.3 91.1 +0.3
Libero-Goal 62.7 +1.0 96.5 t02 96.3 103 96.3 0.3 96.7 +o0.2
Libero-Object 59.8 +23  98.0 04 97.4 103 97.3 +os 97.6 +o0.4
Robomimic Can PH 83.7T+04  97.2 103 93.5 +04 96.7 +o0.2 96.2 +0.3
Robomimic Square PH 69.0 +08  85.4 +05  80.8 +o0.6 82.4 +o.6 80.6 +o0.5
Robomimic Transport PH 3.3 +0.3 12.6 +05 7.9 405 12.1 05 12.2 106
Robomimic Tool Hang PH [ 28.0 0.8  75.2 +05 51.6 +0.0 71.8 +o.8 42.2 +1.0

Table 1: Comparison of success rates across Libero-90 and Robomimic. We see that action chunk-
ing significantly outperforms delayed policies in several settings, but that randomized delay ensem-
bles perform comparably to action chunking in all cases.

member. In particular, here we only consider the delayed ensemble, that ensembles 7, [T20,i]
(which we denote as Delay(n + 1)-Ens).

We plot our results in Figure 9. As can be seen, the temporal ensemble induced by the action-
chunked policy achieves lower validation loss than that induced by the standard action-chunked
policy, and nearly as low as that of the true ensemble. This suggests that the predictive properties of
the ensemble induced by an action-chunked policy are indeed similar to that of a true ensemble, and
significantly outperform a single delayed policy. We also note that, for the correct choice of delay,
the delayed policy achieves lower validation loss than that of the action-chunked policy, suggesting
that non-Markovian expressivity is not the key limitation of the delayed policies in Robomimic.
Together, this suggests that the implicit ensemble induced by 7o significantly improves on the
predictive ability of any single delayed policy, and comes close to that of a true ensemble. %

Experiment 6: Randomized delay deployment of action chunk policies. If the cumulative bene-
fits of action chunking are its ability to (a) express non-Markovian demonstrators (Section 4.1), (b)
reduce compounding error by predicting on past observations (Section 4.2), and (c) instantiate an
implicit ensemble, then the key shortcoming of Wgelay [T20] is simply that it only leverages one of
the temporal relationships learned by 7o (in particular a; | 0;—4), while typical deployment of ac-
tion chunking leverages all learned relationships. Thus, if we could enable prediction based on past
observations while leveraging all learned temporal relationships in a different manner than standard
action chunking deployment, we would expect to achieve similar performance as action chunking.

To test this, we consider the following procedure. At each step ¢ first sample ¢ ~ unif ({0, 1,...,n —
1}), then sample a; ~ ), [Tx](0i—). That is, we randomize over the delay of the possible
delayed policies induced by 7}’ at each step. We state the results for this approach in Table 1
(we denote this approach as the “randomized delay ensemble”, or AC(n)-RDE). We see that this
approach (nearly) matches or outperforms the performance of action chunking across all settings,
even when the delayed policies perform worse than the action-chunked policy. Furthermore, the
induced random delay ensemble also exceeds the performance of the temporal ensemble achieved
by averaging the predictions (AC(n)-TE), suggesting that the ensemble randomization is critical to
achieving effective performances. O

Takeaway 4: Action chunking implicitly instantiates an ensemble

Action chunking instantiates an implicit ensemble of delayed policies, learning all temporal
relationships a; | o;—;11 for i € [k]. This provides significant “ensemble-like” benefits, im-
proving action prediction ability and success rate. Combined with the other two hypotheses,
this almost fully explains the benefits of action chunking across Libero-90 and Robomimic.

11
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Figure 10: Comparison of success rates across the three real-world tasks considered. While action chunking
significantly outperforms Markovian policies, delayed policies capture much of the performance of action
chunking, and randomized delays (RDE) fully captures the performance of action chunking.

6 Randomized Delay Ensembles Match the Performance of Action
Chunking in Real-World Robotic Control

We next test whether our conclusions hold in real-world robotic manipulation settings. We utilize
the Franka Emika robot arm and consider three tasks, illustrated in Figures 11a-11c. Specifically, in
the first task the goal is to pick up a carrot and put it in a bowl (“carrot in bowl”), in the second it
is to remove the bread from the toaster and put it on the table (“bread toaster”), and in the final task
we must pick up the sushi and put it in a cup (“sushi in cup”). We adopt delta joint position control
and use control frequency 15Hz. See Appendix A.5 for more details on real-world experiments.

For each task, we collect 50 human demonstrations and train a diffusion policy with action chunk
length k& = 20 on the demonstrations, 7og. We consider several different sampling strategies. First,
we deploy the policy as an action chunk 10, 730, and action chunk 1 (Markovian) policy, 7.
Next, motivated by our previous results, we test the induced delay 5 policy, Wgelay [720] as well as
the randomized delay ensemble policy introduced in the previous section, AC(10)-RDE. Unlike the
simulated setting where pausing to compute the next action does not lead to changes in the environ-
ment, in the real world, pausing to compute the next action can lead to non-negligible changes in the
state—in practice, the robot is not completely static even if no action is being commanded, so the
state at the start and end of policy inference can be different, leading to poor policy performance.
To mitigate the effect of this, we interleave policy inference and operation and start computing the
action for the next step before the current action has finished executing. While this eliminates the
need for pauses, it does introduce a small delay—in practice, then, all approaches here are run with
an additional delay of 1 timestep.

Our results are given in Figure 10, where
each bar corresponds to the average success
rate rolling out a policy 50 times. We see
that the Markovian policies perform poorly
and are significantly outperformed by action
chunking policies. = The delayed policy,
while outperforming the Markovian policy, (a) Carrotin bowl. (b) Bread toaster. (c) Sushi in cup.
cannot, in general, match the performance ) )

of the action chunked policy. However, the Figure 11: Real-world evaluation tasks.
randomized delay ensemble matches and

even exceeds the performance of the action-chunking policy. These results perfectly replicate
our simulated results. While simple delayed policies are able to capture non-Markovian behavior
and mitigate compounding error in a way that enables significant improvements over Markovian
policies, they do not capture the implicit ensembling effect of action chunking. However, by using
the randomized delay ensemble induced by the action-chunked policy, we can match or exceed the
performance of action chunking.
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Task | Markovian ~ AC(n)  Delay(n) | AC(n)-Ens Delay(n)-Ens AC(n)-RDE-Ens

Libero-90 68.9 +0.6  89.2 02 94.0 +o0.1 94.1 +0.1 95.0 +o.1 94.6 +o0.0
Libero-10 19.8 +15 88.7 +0.a  86.8 +0.4 90.6 +0.4 90.2 +05 89.5 +0.5
Libero-Spatial 58.1 400 91.6 0.4 92.0 to5 95.4 +0.4 94.8 +0.4 94.7 +o.6
Libero-Goal 62.7 +1.0 96.5 +0.2  96.3 +0.3 98.8 0.3 97.5 +o0.5 97.4 +o0.3
Libero-Object 59.8 +2.3  98.0 t04 97.4 103 | 98.8 o0 98.2 +0.4 98.3 +0.4
Robomimic Can PH 83.7T+04  97.2 +03  93.5 +04 98.5 +o.1 97.7 +0.4 98.7 +0.3
Robomimic Square PH 69.0 0.8 85.4 +05  80.8 o6 88.3 +0.3 87.7 +1.1 85.7 +0.3
Robomimic Transport PH 3.3 +03 12.6 05 7.9 +o5 41.5 04 38.9 +2.1 38.4 +o0.2
Robomimic Tool Hang PH 28.0 +o.8 75.2 05 51.6 +o0.9 87.6 +1.6 84.9 +1.2 86.4 +o.7

Table 2: Comparison of success rates across Libero-90 and Robomimic for an explicit ensemble.
We see that our explicit ensemble outperforms the implicitly-ensembled AC(n) policies.

Takeaway 5: Action chunking is not, in general, necessary for effective real-world

robotic control

For certain real-world robotic control settings, even when Markovian policies are insuffi-
cient, we can match the performance of action chunking with randomized delay ensembles—
playing action chunks is not necessary as long as we predict based on past observations, and
replicate the implicit ensembling effect of action chunking.

7 Going Beyond Action Chunking with Ensembled BC Policies

Our previous results suggest that the key benefits of action chunking are (a) its ability to condition
on delayed observations and (b) its implicit ensembling behavior. Here, we consider whether these
insights motivate more effective approaches to BC for robotic control. While a full investigation of
this is beyond the scope of this work (see the following section for discussion of other promising
directions), here we make a first attempt at applying our insights to improve BC performance.

Our starting point is Figure 9, where we see that a true ensemble of delayed policies achieves even
lower action prediction loss than the temporal ensemble induced by the action-chunked policy.
Motivated by this, we hope to amplify these benefits of action chunking by deploying an actual
ensemble—that is, a set of policies {720 ;}/; trained independently on Dy, as described above.
If the benefits of action chunking are indeed what our analysis suggests, we would hope that by train-
ing an explicit ensemble (rather than the implicit ensemble induced by an action-chunked policy)
we might achieve even better performance.

Here we consider the ensemble {720,}; (AC(n)-Ens) as well as the induced ensemble
{7 ety [T20,i]}721 (Delay(n + 1)-Ens) and the randomized delay ensemble considered in Exper-
iment 6, but where we now also sample an ensemble member ¢ € unif([m]) at each step in ad-
dition to a delay (AC(n)-RDE-Ens). We consider two aggregation approaches for AC(n)-Ens and
Delay(n + 1)-Ens: either predicting an action from each ensemble and averaging their predictions,
or randomly sampling an ensemble index and simply computing the action from that ensemble
member. We provide results for both types of ensembles in Table 2 (in all cases providing results
for the best-case delay or action chunk length, and ensemble aggregation approach). We see that,
across all settings, explicit ensembles improve on the performance of action chunking, and this is
true whether we use the full action-chunked ensemble or the ensemble of induced delay policy. No-
tably, on Robomimic Transport, we see an approximately +30% boost in performance from using
the explicit ensemble over the action-chunked policy. Not only do these results corroborate our
findings on action chunking—we can match the performance of action chunking by using delayed
ensembles—they also suggest a promising approach for improving the performance of BC policies.

8 Conclusion

In this work, we present an analysis of the mechanisms enabling the effective performance of
action chunking. We examine in detail three mechanisms already postulated in existing litera-
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ture [2, 50, 56]: the ability to express temporally consistent behaviors, a horizon-reduction effect,
and more favorable representation learning. We show that existing hypothesis fail to fully capture
the benefits of action chunking, and instead demonstrate that non-Markovian expressivity and
reduction in compounding error—both captured by simple delayed policies—as well as the implicit
ensembling effect of action chunking policies, is able to almost fully explain the success of action
chunking. Our results hold on standard simulated benchmarks, as well as real-world robotic
manipulation tasks. We further show that by taking an explicit ensemble of delayed policies, it
is possible to further increase performance beyond that of action chunking. We believe this work
opens up a variety of interesting directions for future work.

Going Beyond Action Chunking. How can we improve over the performance of action chunking?
While our results in Section 7 are directly motivated by our observations that action chunking acts
as an implicit ensemble, we believe our insights motivate other approaches that could lead to further
improvements. As a concrete direction, we note that in Figure 2, delays of around 5-15 achieve
the lowest validation error. While our results on implicit ensembling suggest that utilizing multiple
delays is important, could we adaptively select the delays based on which achieve lowest validation
error, and could this improve performance further?

Non-Markovian Behavior and History Conditioning. Our results on non-Markovian expressiv-
ity suggest that this expressivity is a primary benefit of action chunking. While our results show
that a simple delayed policy captures much of the necessary non-Markovian behavior, to cap-
ture general non-Markovian behavior we may need a fully history conditioned policy, modeling
ag | ot,0¢—1,0¢—2, . ... Progress has been made developing history-conditioned policies for robotic
control [57, 58], yet fully incorporating history-conditioning has proved challenging. Interestingly,
our results suggest that history conditioning may not be the full solution. While history conditioning
would capture non-Markovian behavior, it is not clear that it captures the reduction in compounding
error or implicit ensembling effects induced by action chunking. How can we ensure that we ob-
tain the other benefits of action chunking while incorporating history-conditioning to fully express
non-Markovian behavior?

The Role of Control Frequency. In all our experiments we utilized a control frequency in the range
of 15-20 Hz (for simulated experiments, demonstrations were collected at 20 Hz). Experimentally,
we found that when utilizing higher control frequencies, for example 50-60 Hz, delayed policies
were not able to replicate the success of action chunking, but treating sub-chunks of length 5 as
“actions” (so that the effective control frequency is in the range of 10-20Hz), performance was sig-
nificantly improved. In other words, the temporal consistency of action chunking does matter, but
only at high frequencies. We believe that this may be due to the frequency at which humans operate.
There is evidence that human’s visually guided behavior operates at a frequency in the 2-10Hz range
[59, 60], and, as a result, at a control frequency of 50-60Hz, actions are recorded at a much higher
frequency than the human demonstrator is updating their behavior, so there may exist significant
temporal correlation between actions that is effectively modeled with action chunking. While this is
consistent with our analysis—we can see this as simply another form of non-Markovian behavior—it
suggests that there exists a complex relationship between the behaviors expressed by the demonstra-
tor, the control frequency of the policy, and the role of action chunking. We believe that deeper
investigation into this interaction could lead to further insights into the role of action chunking.

Practical Benefits of Action Chunking. As noted in Section 6, unlike in simulation where there is
no “pause” in the environment necessary for policy inference, in the real world pauses for inference
can affect policy performance. Fundamentally, such pauses introduce distribution shift between the
deployed policy and the demonstrator—the demonstrator has no “inference pauses”, and if the robot
state changes at inference pauses in policy deployment, this could lead to greater compounding
error. As such, mitigating pauses due to inference will likely lead to improved performance. Action
chunking naturally reduces inference pauses, and recent work has sought to eliminate the need for
any inference calls [61]. To what extent does the reduction in inference pauses contribute to the
benefits of action chunking in practice?
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A Additional Experimental Details

In the following, we provide additional experimental details for all the simulations conducted in
the paper. We begin with a discussion on the environments and datasets considered (Appendix
A.2), then describe the network architectures considered (Appendix A.3), and, finally, we provide
additional details for each simulation in the main paper (Appendix A.4).

‘We mention that all simulations were carried out using one Nvidia H100 GPU and ten Nvidia A100
GPUs.

A.1 Validation Error vs Validation Loss

Here we expand on our choice of the validation error metric, Ly, (7), that evaluates the action
prediction error. In particular, Ly, () measures how far the expected action predictions of policy
7 are from the actual actions in the validation set. In the setting where 7 is a diffusion policy, as
we consider in this work, another natural choice of validation error would simply be the denoising
diffusion loss on the validation set, that is:

E(a,0)~unit (D va1) Bex (0, Et~unit(0,17) L€ — €0 (v/ara + v/1 — ave, 15 0)[ 3]

where €y is the policy’s denoising network. The primary challenge with using this loss in our setting
is that it does not allow us to isolate the contribution of each individual timestep. In particular, we
want to evaluate the validation loss at step ¢ in the action chunk, we could compute this as

E(a,o)~unif(©va1)EE~N(O,I)Et~unif([O,1]) [H [6 - 69(\/ ara + 11— QitE, t7 0)]2“%];

but this loss allows information to bleed over from other timesteps in the chunk to step i—as the
network observes all of \/a;a + /1 — o€, it sees a noisy version of the action at steps ¢ + 1 and
1 — 1, for example, so its prediction at step < may depend strongly on this. As such, it is not possible
to isolate the prediction of step ¢ in the chunk as we do, for example, in Figure 2.

The second challenge with this validation loss is that it does not extend to the ensembling vali-
dation loss we consider in Section 5. Since we consider ensembled predictions across timesteps
in the chunk, it is not obvious we can directly ensemble in the diffusion noise space—in particu-
lar, €p(/oza + /1 — aq€,t;04) and €g(y/ara + /1 — ay€,t; 05 _g) cannot be combined directly,
since, while they may partially overlap, they ultimately predict different action chunks, and it is not
obvious how action chunks can be combined in noise space.

Given this, we opt instead to use the validation error that simply evaluates the actual action predic-
tions. Note that this resolves the first issue since all action predictions begin from noise € ~ N (0, I),
so oracle information from one step in the chunk cannot affect the prediction at another step in the
chunk (since this has access to no oracle information). In addition, it also resolves the second issue
since we can easily combine a given step of the chunk in action space. While in principle the valida-
tion error we consider may not incorporate multimodality effectively, we found that in practice the
diffusion policies we trained were not multimodal—for a given observation, o, the predictions tend
to be unimodal—so this did not prove an issue in practice.

A.2 Description of Environments and Datasets

Robomimic [54] and Libero [53] are two widely adopted benchmarks built on top of the
Robosuite project [62]. We consider tasks square, can, transport and tool hang for
Robomimic, and all the 90 tasks in the Libero 90 suite for Libero.

Robomimic. For each Robomimic task, we considered the PH (Proficient-Human) dataset, con-
sisting of N = 200 successful trajectories collected by a “single, experienced teleoperator” [54], at
a control frequency of 20Hz. Actions for all these tasks except transport are 7-dimensional vec-
tors where “the first 3 coordinates are the desired translation from the current end effector position,
the next 3 coordinates encoder the desired delta rotation from the current end effector rotation, and
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Hyperparameter Libero Robomimic

denoising net architecture MLP MLP
denoising net size [4096, 4096, 4096, 4096, 4096] [3000, 3000, 3000, 3000, 3000]
conditioning net architecture ViT MLP
conditioning net size 4 heads, depth 1, spatial embedding 128 [1024,1024, 64]
multi-task policy yes no

Table 3: High-level net architecture

the final coordinate controls the opening and closing of the gripper fingers.” For transport, since
there are two robot arms, then the action space is 14-dimensional. Regarding observations, we avoid
using images, but consider the full low-dimensional object observations provided by the Robomimic
suite, made of proprioception observations (9-dimensional per arm, “consisting of the end effector
position (3-dim), quaternion (4-dim), and gripper finger positions (2-dim)”), and ground-truth ob-
ject states (with varying dimensionality depending on the task, containing in general the absolute
position of the object/s and their relative position wrt the robot end effector). See Appendix E of
Mandlekar et al. [54] for more details.

Libero. For each Libero 90 task, we are given 50 successful demonstrations from a human
demonstrator. All 90 tasks share the same action space, which coincides with the action space of all
the considered Robomimic tasks (i.e., a 7-dimensional vector encoding the delta translation/rotation
of the end effector pose and the opening/closing of the gripper). Regarding the observation space,
things are rather different from Robomimic, as we do not consider ground-truth object states, but
image observations. So, our observation is made of proprioception observations (9-dimensional per
arm, consisting of two components for the gripper finger positions, and seven components for the
joint orientations of the arm), and image observations (that is, two (128,128,3)-dimensional images,
one from the front-view camera and one from the wrist-mounted camera).

A.3 Network Architecture

For all the experiments, we trained diffusion policies [63] to fit the expert demonstrations, with some
differences between Robomimic and Libero in order to handle the different types of observations.
From a high-level perspective, we used conditional DDPMs [64] to fit (sequences of) actions given
observations, where we use a multi-layer perceptron (MLP) for the denoising network, and either an
MLP (Robomimic) or a Vision Transformer (ViT [65], Libero) to encode the observation features.
For Robomimic, we always train single-task policies (i.e., different policies for each task), where
the denoising net is made of 5 layers of 3000 neurons each, while the MLP to encode observations
is made of three layers of 1024, 1024, and 64 neurons. Instead, for Libero, we train multi-task
policies, i.e., a single network to predict actions for all the 90 tasks. We accomplish this by including
into the observation a 90-dim one-hot encoding of the task. The denoising net for Libero is made of
5 layers of 4096 neurons each, while we encode observations using a ViT encoder trained along with
the network using a patch size of 8, 4 heads, and a depth of 1. The output embedding dimension
will be 128. The two images are then concatenated before being given in input to the (denoising
net) MLP. Before passing the images in input to the ViT encoder, we perform some random shift
(translation) data augmentation for images: we randomly move each image 4 pixels horizontally and
vertically. See Table 3 for a summary of this description.

Hyperparameters. The hyperparameters we adopt for training/optimization and for the DDPM
are the same for both Robomimic and Libero, and are reported in Table 4. More specifically, we
use 20 denoising steps and adopt a 32-dimensional embedding for the time step (we use a sinusoidal
positional embedding, as standard in DDPMs). The activation function we use is Mish [66], and we
add residual connections in the denoising MLP nets. We train our DDPMs for 3000 epochs with
AdamW [67] with learning rate 1e-4 and weight decay le-6. We adopt a cosine annealing scheduler
for the learning rate [68] with 100 warmup steps and minimum and maximum learning rates of le-5
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Hyperparameter Value

activation function Mish
use residual connections True
batch size 256
use EMA True
EMA decay 0.995
optimizer AdamW
Ir le-4
weight decay le-6
number of epochs 3000
time embedding sinusoidal positional
time embedding size 32
denoising steps 20

Table 4: Hyperparameters

and le-4, with 3000 first cycle steps. We use a batch size of 256. We also use an empirical moving
average (EMA) of the model weights, which starts at epoch 20, and is updated every 10 epochs
with decay 0.995. It is worthy mentioning that, while for Robomimic one epoch corresponds to a
number of batches that spans the whole training dataset, for Libero, where we have much more
data as we train multi-task policies, one epoch corresponds to a randomly chosen subset of all the
training samples, computed as 300/N (where N is the total number of expert trajectories). Simply
put, we are merely rescaling the true number of gradient iterations to make it more comparable to
Robomimic, where we have less expert trajectories.

Padding and normalization. We perform padding at the end of expert’s trajectories every time
that we train with chunk sizes £ > 1 or pure delayed policies with delay d > 0, by replicating the
last action for £ — 1 times. Before training, we normalize the expert trajectories as it is best practice
for DDPMs. In particular, in both Robomimic and Libero, we normalized the low-dimensional
components of the state/observation, and the action with a min-max normalization to [—1, +1]:
given the (300 or 50) expert’s trajectories, we computed for each state and action component, the
min and max values, and then we applied min-max normalization: Sporm = 2[($ — $min)/(Smax —
Smin + 1le—6) —0.5], anorm = 2[(@ — @min)/(@max — @min + 1le —6) — 0.5]. Instead, Libero image
observations, having discrete values in {0,1,...,255}, have been normalized through: inom =
i/255.0 — 0.5.

A.4 Additional Details for each Simulation

Here we provide additional simulation-specific details for all the experiments described in the main
paper, in particular for Figs. 2-9 and Tables 1-2. First, we describe the evaluation protocol adopted.

A.4.1 Evaluation Protocol

For every Robomimic task, the success rate of each policy seed is assessed based on 250 roll-
outs played for a maximum number of timesteps of 300 for square, 250 for can, 650 for both
transport and tool hang, while for each Libero task we consider 40 rollouts played for a max-
imum number of timesteps of 400. Moreover, in Robomimic the mean action used for the com-
putation of the validation loss is the average of 50 action samples, while in Libero we used 20
action samples. As a last note, we mention that throughout all the paper, for delayed policies in-
duced by some chunked (e.g., Wﬁelay [T20]), since they are not well-defined in the first timesteps of a

simulation, we initialize the simulation by playing a single chunk of 7?]2“0_ 1
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A4.2 Libero Validation Loss (Figure 2)

For this simulation, we trained three 7oy policies on a subset of all the Libero data. Specifically,
instead of using all the 50 expert trajectories for each of the 90 tasks (overall 50 * 90 = 4500),
we used for training only 25 expert trajectories for each task (overall 25 = 90 = 2250), and kept
the remaining data for validation. Note that both policies have been trained on the same data, but
using different random seeds for training, which affect the weight initialization, the random batches
selection, etc.. For validation, for every delay k € {0} u [19], for every timestep h > 20 and
validation trajectory 4,” we sampled 20 actions from 74, [20](+s},_ ) averaged them obtaining a,
and then computed the squared error between @ and the expert’s action a’,, for all coordinates except
the gripper component: |a — af, |3 (note that both actions are normalized during this simulation).
We repeated this procedure for each of the 90 tasks, for each of the 25 validation trajectories of each
task, and for each timestep of each trajectory (whose length depends on the specific demonstration
and task), and finally averaged over all these values (note that this procedure makes tasks with longer
horizon more representative, compliant to the training procedure). After having obtained these 20
values for the first policy seed, we repeated the same procedure for the two other policy seeds.
Finally, we compute the mean and standard error of the mean (SEM, standard deviation divided by
V/3 in this case) for these three 20-dim arrays, obtaining the Delay(n) plot of Fig. 2. Instead, the
AC(n) plot has been obtained by replacing the three 20-dim arrays with their cumulative means, and
then computing the mean and SEM similarly as for Delay(n).

A.4.3 Libero Success Rate (Figure 3)

We trained three 7o policies on all the Libero data with different random seeds, rolled them out
either as wgelay[?rgo] or as 7?5(; for k € {0,2,5,8,12,15,19} and k' € {3,6,9,13,16,20} (recall
that mg,,. [W20] coincides with 75), and finally computed the mean/SEM over these three seeds (so
neglecting the variability due to using a finite number of rollouts per task).

A.4.4 Libero Success Rate vs. Validation Loss (Figure 4)

For this simulation, we used the same validation values as for Fig. 2 (see Appendix A.4.2), obtained
by averaging over the three policy seeds but not over the tasks. Instead, the success rates are obtained
as those in Table 1 (see Appendix A.4.8), i.e., by training fifteen policies 72o on all the Libero data
with different random seeds, rolling them out either as 7?%0 or as 7?%8 (we do 40 rollouts per task),
and finally averaging the success rate over the fifteen policy seeds. The line is computed as the least
square solution over all the plotted points.

A4.5 Libero With and Without Action Chunking (Figure 7)

For 74, and Tl'gelay [720], we trained three 7o policies on all the Libero data with three different
random seeds. Instead, for 71} we actually trained three 71 policies, while for Wgelay we also trained
three different policies of this kind. Then evaluation has been carried out as usual, with 40 rollouts
per task, then averaging the success rate among all tasks. The SEM reported in Fig. 7 corresponds
to the three seeds only. As a last note on this experiment, we would like to mention that, for Trgelay’
differently from the induced one 7, [20], we cannot initialize it with a chunk; thus, what we
did was just to play the “wrong” action for the first five timesteps, that is, for timestep 0 < h < 5,
we simply gave the first observation of the simulation o in input to policy wgelay, and played the
outputted action.

A.4.6 Robomimic Success Rate (Figure 8)

For each of the four Robomimic tasks considered, we trained ten 7oy using different random
. . . . ~ AL/
seeds, rolled them out in the corresponding environment either as ﬂ'gelay[ﬂ'go] or as 7h, for

>Note that we skip the first 20 timesteps of each validation trajectory to make a fair comparison with higher
delays. Indeed, while we can assess the validation error for £ = 0, we are not able to do so for, e.g., k = 15
when h < 15.
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Algorithm J t succ

Markovian 69.0+0.8 157+1
AC(5) 83.3+08 1480
AC(10) 854405 1440
Delay(5) 76808 1521
Delay(3) 80.8+0.6 1500
AC(10)-RDE 82.4+0.6 146+0
AC(10)-TE 80.6+0.5 147+0
AC(5)-Ens mean 87.5+0.5 145+1
AC(5)-Ens random 88.0+£03 146+1
AC(10)-Ens mean 88.3+0.3 143+1

AC(10)-Ens random  87.1+£0.2 1430
Delay(3)-Ens mean 87.5+02 1481
Delay(3)-Ens random 87.7+1.1 147%1
Delay(5)-Ens mean 859+0.7 147+1
Delay(5)-Ens random 84.8+13 148+0

Table 5: Complete success rate results for Robomimic square PH.

k€ {0,2,4,7,10,13,16} and k&’ € {5, 10, 15,20}, and then computed the success rates. The values
reported in Fig. 8 correspond to the mean and SEM over these forty success rates.

A.4.7 Robomimic Validation Loss (Figure 9)

The calculation of the validation loss for AC(n) and Delay(n) is analogous to those in Appendix
A.4.2, with the difference that we use ten policy seeds trained on a subset of 30 demonstration
trajectories per task (the remaining 170 expert trajectories are used for validation) and compute
means over 50 sample actions. For AC(n)-TE, calculations are analogous. Instead, for Delay(n)-
Ens, we considered three subsets of five policy seeds each from this group of ten policy seeds; for
each group of seeds, our action predictions are the average of mean actions over the considered five
seeds. Then, calculation of mean and SEM follows analogously using these three values.

A.4.8 General Results (Tables 1-2)

We trained fifteen 7og policies on all the Libero data (one multitask policy for each libero suite)
with different random seeds, and then rolled out each policy seed as AC(n) for n € {1, 10}, Delay(n)
for n € {6}, AC(n)-RDE for n € {10}, and AC(n)-TE for n € {10} (to be precise, we run all
the fifteen seeds only for Libero-90, while “only” ten seeds for other suites, as success rate was
roughly already converged). For the ensembles AC(n)-Ens, Delay(n)-Ens and AC(n)-RDE-Ens,
we grouped the fifteen policy seeds into three disjoint groups of five seeds each, and then rolled out
each ensemble and averaged the results. We used n = 10 for AC(n)-Ens and AC(n)-RDE-Ens, and
n = 5 for Delay(n)-Ens. We did so for both aggregation approaches described in Section 5.

Regarding Robomimic, things are similar: we trained fifteen 7o policies on each Robomimic task
using all the data, rolled them out, then average results. The difference is that we considered multiple
values for n, specifically: for AC(n) we used n € {1, 5, 10}, for D(n) we used n € {3, 5}, for AC(n)-
Ens we used n € {5, 10} for both aggregation methods, for Delay(n)-Ens we used n € {3,5} for
both aggregation methods, while for AC(n)-RDE-Ens we used only n = 10. Complete results are
reported in Tables 5-8.

A.5 Additional Details for Real-World Experiments

We trained our diffusion policies using the same hyperparameters as for Libero, with the differences
that the MLP has five layers with 2000 neurons each, images in input have dimension 120 x 120 x 3,
and we use 15 denoising steps instead of 20 (to speed up inference for real-time evaluation of the
policies). Note that, as action space, we use delta control for training and playing our policies (where
delta is referred to the current state, and not the initial state of the chunk). To achieve this, we convert
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Algorithm J t succ

Markovian 83704 1160
AC(5) 952+£04 1120
AC(10) 972+£03 110+0
Delay(5) 93.1+04 1120
Delay(3) 93.5+04 1120
AC(lO) RDE 96.7+0.2 1100
AC(10)-T 96.2+03 1130
AC(5)- Ens mean 97.7+£0.1 1090
AC(5)-Ens random 96.9+0.2 1110
AC(10)-Ens mean 98.5+0.1 1090

0)-
AC(10)-Ens random  97.6+0.2 110+0
Delay(5)-Ens random 96.9+0.3 110+0
Delay(5)-Ens mean 97.5+0.1 1090
Delay(3)-Ens random 97.7+04 110+0
Delay(3)-Ens mean 97.5+03 110+0
Table 6: Complete success rate results for Robomimic can PH.

Algorithm J t succ

Markovian 3.3+0.3 512+4
AC(5) 75+0.5 483 +4
AC(10) 126 £0.5 472+3
Delay(5) 79+0.5 479 +4
Delay(3) 6.8+0.5 493+3
AC(lO) RDE 121 +0.5 477+3

AC(10)-T 122+0.6 483 +2
AC(5)- Ens mean 39.1+£1.3 466+3
AC(5)-Ens random 263+1.0 4672
AC(10)-Ens mean 415+04 4611
AC(10)-Ens random  22.8+0.3 467+3
Delay(5)-Ens random 35.6+0.8 470+3
Delay(5)-Ens mean 37.3+02 469 +4
Delay(3)-Ens random 389 +2.1 468+3
Delay(3)-Ens mean 37.6 £1.2 4711

Table 7: Complete success rate results for Robomimic transport PH.

Algorithm J t succ
Markovian 280+£0.8 4943
AC(5) 652+1.1 455+2
AC(10) 752+£05 441+2
Delay(5) 36.1£0.7 477+3
Delay(3) 51.6+09 468 +2
AC(lO) RDE 71.8+0.8 449+1
AC(10)-T 422410 462+2
AC(5)- Ens mean 71.9+£23 441+5
AC(5)-Ens random 87.6+1.6 436*1
AC(10)-Ens mean 749+18 434=+1

0)-
AC(10)-Ens random  86.7+1.1 439+2
Delay(5)-Ens random 72.7+1.2 4472
Delay(5)-Ens mean 468+ 1.1 455+4
Delay(3)-Ens random 849+ 1.2 439+1
Delay(3)-Ens mean 62.7+1.7 447+3
Table 8: Complete success rate results for Robomimic tool hang PH.

the actions from their original version as absolute joints, to delta joints (simply by computing the
difference with the current joint absolute position), train on this space, and then at inference time
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compute the sum between the predicted action and the current position, and give this new (absolute
joint) action to the low-level controller. We mention that we use a Robotiq gripper.

For evaluation, for each considered method, we rolled out 50 trajectories all with the same initial
states (modulo some accuracy differences in re-setting the objects to the initial positions). Results
are reported in Figure 10. Note that, as mentioned in the main text, every policy is actually reported
with a missing delay of 1 (which we denote with Delay(2)). So, e.g., AC(10) should be AC(10)-
Delay(2), with which we mean the policy induced from 759 which plays action chunks with size
10 using a delay of 1, i.e., which plays ap.;+10|Sn—1. In a similar manner, AC(10)-Delay(2)-RDE
represents the policy that, at each timestep h, samples at random an integer ¢ € [10] (crucially,
{0} ¢ [10]), and playes ap|s—;. Note that we decided to apply a delay of 1 to each of these policies
in order to run them in real time: indeed, by avoiding to condition on the current state, the inference
of the chunk can be executed asynchronous from at least one timestep in the past, giving the policy
server enough time to make inference without having to wait for a chunk to be ready.

Crucially, these real-world results replicate our simulation results. Note that Delay(7) is better than
Delay(2), but still not as good as AC(10)-Delay(2). Instead, the method which involves an implicit
ensemble of delayed policies, i.e., AC(10)-Delay(2)-RDE, matches (or even slightly outperforms)
AC(10)-Delay(2), as expected.

As a last note, we mention that no tuning of the chunk sizes nor the delay have been made. We just
chosen a delay of 1 based on the inference time of our diffusion policies, and then committed in
advance to the aforementioned chunk sizes (1 and 10) and delays (5). We then collected 50 rollouts
per method and reported the results.

B Additional Simulations

In this appendix, we provide results for additional simulations we conducted. In particular, we begin
with a simulation alternative to AC(n)-RDE to show that we do not need temporal consistency in
Robomimic PH and Libero-90 (Appendix B.1), then we show that action chunking and delayed
policies are more sample efficient than Markovian policies in Libero-90 (Appendix B.2). Next, we
show that the dynamics of both Robomimic PH and Libero are smooth, supporting our assumption
for Theorem 2 (Appendix B.3). Finally, we report additional results on Robomimic MH (Multi-
Human datasets [54]) and other Libero suites (Appendix B.4), and results with using the OpenPi
policy [3] on Libero suites other than 90 (Appendix B.5).

B.1 Action Chunking without Temporal Consistency

In Section 5, we showed that AC(n)-RDE matches the performance of AC(n), implying that, i.a., the
temporal consistency property of action chunking (i.e., playing a joint distribution over a sequence
of actions) is not required. Here, we provide an alternative simulation to show this. Specifically,
we trained fifteen 7oy policies in both Libero and each individual Robomimic task, and then we
compared the average performance of 749 with that of the policy that plays in sequence Wgelay [T20],
Taelay [720]s - - +» Tty [F20], and then restarts from 7, [T20], Thgjay [F20], - - - (we call the latter
policy AC(10)-Ordered). Intuitively, this latter policy plays delayed policies in the same order as the
action chunking 7139 policy does; the only difference is that 73 is temporally consistent, i.e., tries to
match the joint action distribution exhibited by the expert, while AC(10)-Ordered plays each action
in the chunk according to its marginal probability. As shown in Table 9, also this strategy matches
the performance of AC(10) across all the considered simulation tasks.

B.2 Sample Efficiency in Libero

Here we aim to show explicitly that action chunking and delayed policies are more sample efficient
than Markovian policies. To this aim, we focused on Libero, and chose three dataset sizes: 10,
25, 50. We then splitted the expert demonstration data for each task (overall 50), into two disjoint
subsets of 10 trajectories, two disjoing subsets of 25 trajectories, and then all the 50 trajectories. We
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Task AC(10) AC(10)-Ordered

Libero 90 89.2+0.2 935%£0.1
Robomimic square PH 85405 85205
Robomimic can PH 972+03 96.8+0.3

Robomimic transport PH 12.6+0.5 125+0.5
Robomimic tool hang PH 752+0.5 752+0.6
Table 9: Another simulation about temporal consistency.

then trained two multitask 7og policies on each of these five datasets, rolled them out for 100 rollouts
in each task, computed the success rates and averaged these values per dataset size, obtaining the
plot in Fig. 12. It is clear from such figure that the gap between AC(10) and AC(1) decreases as
we increase the number of expert demonstrations, in particular moving from 0.39 for N = 10, to
0.31 for N = 25, up to 0.20 for N = 50. A similar pattern is observed also for Delay(6), further
supporting the insights of our theoretical analysis.

1.00
% ’w
<0.75
&
- 0.50
2 —e&— Markov
§0‘25 —— AC(10)
n —&— Delay(6)
0-0045 %5 50

Dataset size N

Figure 12: Comparison of Markovian, action chunking and delayed policies for increasing dataset
sizes.

B.3 Robomimic Dynamics are Smooth

In Section 4.2, we made the theoretical assumption that the dynamics is smooth. This would defi-
nitely be true at least for the action translation components, if the underlying low-level controller was
perfect, and could deploy the map s;11 = s, +ap. In Figs. 13-15, we took the first expert trajectory
in the non-normalized Robomimic square dataset, and plot the sequence of next state end effector
position components along with the trivial predictions sy, + ap, Sp—3 + ap—3 and sp_g + ap—g as a
function of the timestep. It is clear that, with rare exceptions mostly due to interaction with objects,
the smooth map sp_3 + ap_3 is a good predictor of this environment dynamics.

Intuitively, it makes sense that the true dynamics for delta control is something like s;411 =
Sp—3 + ap—g instead of sp+1 = s, + ap. Indeed, note that the low-level controller in Libero
and Robomimic operates at a S00Hz frequency, while our (high-level) policies takes actions with
frequency 20Hz. Thus, the low-level controller has 500/20 = 25 steps of 0.002 sec to try to get the
robot to the desired/commanded position sp_3 + aj—3 at time step h — 3; clearly, this amount of
time might not be enough, and so the robot arm is able to get to position s;,_3 + ap—3 just some
timesteps later, i.e., at s, 41 (of course as long as the subsequent actions ap,—o2, ap—1, ap do not refer
to completely different desired positions, which is not the case as humans cannot take completely
uncorrelated actions at every h (i.e., every 1/20Hz = 0.05sec), as they are not that fast).

B.4 Results on Robomimic MH and Other Libero Suites

For Robomimic MH, we trained 15 single task policies (and for ensemble average over three groups
of 5 seeds). Results are shown in Table 10, and are analogous to Table 1.
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Task | Markovian ~ AC(n)  Delay(n) | AC(n)-RDE AC(n)-TE | AC(n)-Ens Delay(n)-Ens
Robomimic Can MH 778 +07  93.9+04  90.9 +o05 94.3 +o0.4 93.7 +0.4 97.7 +o.8 96.9 +o0.1
Robomimic Square MH 43.4 x0.0 752 x07  63.4 +o.7 75.0 +0.6 67.7 +0.5 81.1 +o.9 79.2 +0.6
Robomimic Transport MH 0.4 +0.1 4.7 +o0.3 2.8 +0.2 4.9 +03 4.9 +o.3 30.0 +o.0 24.5 +o0.9

Table 10: Comparison of success rates across other Robomimic MH.

Algorithm SR t succ

Markovian 192 +15 3507
AC(5) 80.3+1.1 288+2
AC(10) 88.0+04 271%1
AC(15) 882+0.8 264+1
Delay(3) 78.1+0.7 2872
Delay(6) 86.7+1.6 271+1
Delay(9) 84.1+0.6 264+1
Delay(13) 745+1.3 264+1
Delay(16) 64.1+04 267%0

Table 11: Comparison different chunk sizes and delays for Libero-10.

Algorithm SR t succ

Markovian 55514 1261
AC(5) 87.8+15 112+0
AC(10) 90603 1090
AC(15) 91.7+£0.7 1070
Delay(3) 869+12 112+0
Delay(6) 920+£09 1090
Delay(9) 88615 108+0
Delay(13) 79.7+0.3 1090
Delay(16) 72.7+0.8 1080

Table 12: Comparison different chunk sizes and delays for Libero-Spatial.

Additionally, we also trained 3 multitask policies per Libero suite, and compared the different
delays with different chunk sizes, just like we did in Figure 3 for Libero-90. See Tables 11-14.

B.5 Results with 7 5

We used the open-source weights for the my 5 policy [33] fine-tuned on Libero available
at gs://openpi-assets/checkpoints/pi05_libero (see repository https://github.com/
Physical-Intelligence/openpi [31]). We ran 40 rollouts for each Libero task in every suite
different than 90, as such policy has not been fine-tuned for this suite. Results are reported in Table
15. As you can see, they are compatible with those we obtained by training our own DDPM [64]
policies. Note that this fine-tuned policy has an overall chunk size of 10. We also conjecture that
the performance of the Markovian policy is much better here because, i.a., a pre-processing of the
demonstration data removing pauses has been applied.
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Table 13: Comparison different chunk sizes and delays for Libero-Goal.

Algorithm SR t succ

Markovian 63.7+2.1 137+0
AC(5) 922+08 1190
AC(10) 96.5+£03 1130
AC(15) 964+09 1120
Delay(3) 925+0.7 1201
Delay(6) 96.5+02 1140
Delay(9) 939+03 1130
Delay(13) 92.0+0.3 112+1
Delay(16) 86.9+0.3 1110

Algorithm SR t succ

Markovian 67.0+0.9 160+ 1
AC(5) 959+05 1421
AC(10) 96.9+06 1371
AC(15) 984+03 138+1
Delay(3) 947+03 1431
Delay(6) 97.2+03 1380
Delay(9) 96.6+£02 1380
Delay(13) 86.4+0.6 142+1
Delay(16) 74.6+1.5 141+1

Table 14: Comparison different chunk sizes and delays for Libero-0Object.

Task | Markovian  AC(5) AC(10) | Delay(3) Delay(6) Delay(9) | AC(10)-RDE AC(10)-TE
Libero-10 84.0 +6.1 91.2 +41 93.8+19 | 90.5 +47 91.0 +27 88.5 +1.9 93.8 125 92.2 114
Libero-Spatial | 96.7 +t1.0 96.7+11 97.8 +1.0 | 96.8 +1.1  98.0 +08 95.0 +1.3 97.0 +o.9 98.0 +o.9
Libero-Goal 92.5 426 97.5 +11 975 +06 | 96.7 1.2 985 104  97.8 106 99.0 +o.5 98.5 to0.5
Libero-Object 91.2 +1.7  98.5 +05 99.2 105 | 95.5 1.1 97.8 ro7  97.5 o9 98.8 +o.6 98.8 +o.6

Table 15: Comparison of success rates for 7y 5 [33] on Libero.

C Stationary Markov Policies are Not Expressive Enough for Non-Markov
Experts

In this appendix, we aim to clarify that stationary Markovian learners are not expressive enough for
perfectly replicating (potentially) non-Markovian human behavior, even in the limit of infinite data.
We provide here a very simple example of environment to show that stationary Markovian policies
are not expressive enough to achieve the same success rate of a non-Markovian expert, even if the
environment is Markov.

To see this, take an MDP with n states labeled s; . . . s,,, where the action simply consists of moving
either left or right (s,, — s,+1). Success is defined by reaching either extremal state 1 or n, while the
initial state distribution is uniform over all states different from goal states. Assume the following
simple non-Markovian demonstrator policy: select an action A = +1 uniformly at random at the
first timestep and apply the same action for the rest of the episode. If we fit a Markov policy 7 (als)
to this dataset, we exhibit a random walk. While the demonstration trajectories all succeed in at most
n steps, the Markovian behavior-cloning policy 7 succeeds with p < 1 (Fig. 16). The discrepancy
with standard literature [69] comes from the assumption of a finite horizon for success.

Note that if we were to simply condition 7 on the step in the episode, we could perfectly match
the state-action distribution of the demonstrator (though the trajectory distribution would differ)
[69]—the key piece in this example is that we do not condition 7 on the timestep. While timestep
conditioning would resolve the challenge here, in practice, it is non-standard to condition on timestep
so we would not expect policies in practice to necessarily express non-Markovian demonstrators.
Being more non-Markovian than a Markovian policy, action chunking policies can provide more
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Figure 16: Illustrative example of random-walk behavior on a 1D line-world with n = 1000 states.
While the (non-Markovian) demonstrator moves constantly left or constantly right and arrives at
either the left or right terminating states with 100% probability before the chosen horizon, marginal-
izing this into a Markovian policy (i.e. via BC) results in significantly different state occupancy and
in the limit of large N only achieves 1 — e~2 success rate at time T = .

favorable rates here (intuitively, action chunking policies induce random walks with longer steps,
and so are faster to reach the extrema of the interval).

D Predicting Actions Based on Delayed States Provably Mitigates
Compounding Error

Throughout, for some metrics ds and d 4 in, respectively, the state S and action A spaces, we will
make the following assumptions.
Assumption D.1 (Dynamics is smooth in the state). The dynamics P is 1-Lipschitz in the state.
Formally:

ds(P(s,a),P(s',a)) <ds(s,s") Vs,s' € S,Va e A.
Assumption D.2 (Dynamics is smooth in the action). The dynamics P is 1-Lipschitz in the action.
Formally:

ds(P(s,a),P(s,a’)) < da(a,a’) Vs e S,Va,a € A.
Assumption D.3 (Reward is smooth). The reward r is 1-Lipschitz in the state. Formally:

Ir(s) —r(s')| < ds(s,s") Vs, s' € S.

Assumption D.4 (Learned policies are smooth). The learned policy 7 is 1-Lipschitz in the state.
Formally, if T is a Markovian or action chunked policy T, then:

Wy ([%k(|s)]lv [%k(|sl)]l) < dS(Sv 3/) VS, s'e 87 Vie [k],
where index i denotes the i-th action in the chunk outputted by 7. If instead 7 is a (potentially
induced) delayed policy Wgelay, then:

Wi (Wgelay('ls)’ 7-‘—gelay('|5/)) < dS(Sv Sl) VS, s'eS.

To be precise, we would like to mention the fact that, in general, it might not be possible to construct
a “smooth” learner as prescribed by Assumption D.4, which also has small generalization error w.r.t.
the expert’s policy, as assumed by Theorem 2. Thus, to assume this, we are implicitly assuming that
Assumption D.4 holds also for the expert’s policy.

We would like to remark that, in the following proofs, we will not assume a binary success/failure
reward, but we will consider a smooth reward as prescribed by Assumption D.3. As such, our
episodes will not terminate when any non-zero reward is received, but they will always terminate
after [ timesteps.
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D.1 Upper Bound for Delayed Policy

Throughout, we define s; := 5o for¢ < 0.

Proof of Theorem 2. We begin by proving the result for the delayed policy, that is, let our learner
7 be a delayed policy ﬂﬁelay for some k > 0 (note that, for K = 0, we are effectively studying a

Markovian policy). Formally, as the behavior of policy Wﬁclay is undefined for ¢t < k, we assume
that we are going to play the chunked policy there (i.e., we use some 7 policy) and assume that the
same upper bound to the generalization error € holds for all the actions there.

Delayed policy.

By definition, for any policy 7, we have that J(7) = E™ [Zf: 51 r(s¢)]. Therefore, by triangle
inequality, we can write:

H-1

J (Tdemo) — J () < Z |E7Td€1no [r(st)] — E%[T(St)”a

t=0

where we would like to recall that symbol [E™ denotes the trajectory distribution of policy 7, so that
E™[r(s¢)] = >, P™(7)r(s¢), where 7 denotes some trajectory of length h, P™(-) is the induced
probability measure over trajectories by 7, and s; denotes the state at timestep ¢ of trajectory 7.

Consider some ¢ > 1. Let spdeme denote the state generated in a trajectory induced by playing Tdemo
and s7 the state generated by playing 7. Similarly define aJ**™> and a] the corresponding actions.
Since we have assumed that r is 1-Lipschitz, by Assumption D.3 and Jensen’s inequality, we have

[E7sene ()] — E7[r(s0)]| = [Elr(s7%7) = r(s7)]| < Elds(s77, 57

where I is the expectation w.r.t. some coupling between the trajectory distributions P7@eme and P7
up to timestep ¢.

By the definition of the dynamics, we have s7ém = P(sT%™ af's™) and s7 = P(s]_;,af ;).
Since we have assumed that P is 1-Lipschitz in both state and action, then by Assumptions D.1-D.2
and by the triangle inequality we have

E[ds( Tdemo Sf)] E[ds( 71'demo Sf_l)] +E|:dA( ﬂ'demo a’f_l)]

By assumption, a; %™ ~ Tdemo (- | hyr5™) (for h™eme the history generated under mqemo) and
af_y ~#(-| sT_,_,). By the triangle inequality, we have

E[d_A( Trdenlo afﬁl)] < E[EQNﬂ( |S demo)[d_A( 7Tdemo )]] +E[Ea~ﬂ'( |S (lemo)[d_A(a at 1)]] (4)

Considering the optimal coupling between ay s | F;_1, for F;_; the filtration up to step ¢ — 1,
and a ~ (- | sy ), we can bound

B[E, <z |srasme)[da(ai®™, a)]] < B[W1(maemo (- [ Ai2™), 7 (- | s7257))]] < e,
where the last inequality follows by assumption. Note that
E[anﬂ_( |€7\'d91n0)[dA(a: (lt 1)]] E[E s 1)[d (a7a/)]]

SE[Wi(R( | sysmey), 7| siopm1))]
< Elds(s me"mlvst k—1)]

where the first inequality follows taking the optimal coupling between a and a’, and the second
inequality follows from Assumption D.4. Altogether then, we have shown that

Elds(s7m, s7)] < E[ds(s725, si_1)] + Elds (s75y, 57 -1)] + €.

By Lemma D.1, we can bound

a~7(-]s;96M9) 0/~ (| sT

Elds(s7, s)) < 20k + DI -
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The result then follows by summing over ¢ and using geometric sums:

H-1 k 2k
D (k+ DI =1 Zk+1 D (k+1)?
t=0 m=1 m=k+1

[(H-1)/k]

<1+ > k(k+D)™
m=1
[(H—1)/k]
<14k > (k+1)™
m=0

(k’ + 1)[(H—1)/k]+1 -1
(k+1)—-1
_ (k-l— 1)[(H—1)/k]+1.

—1+k

Action chunking (sketch).

Note that the proof applied above can be easily modified for using any sequence of delayed policies
with different delays. In particular, the key difference is just that, in Eq. (4), instead of using

7(- | 799, ), we should use the desired delay d, i.e., 7(- | s;%"). Then all other passages follow
analogously. In case of action chunking, we play a sequence of delayed policies in ascending order
by delay, up to reach the maximum delay k£ — 1 (corresponding to chunk size k), before restarting.
So, if we set our learner 7 be a chunked policy 7, then it is easy to observe that we end up to the
following recursion, for any timestep ¢t = kx + r, where = = |¢/k| and r := ¢t — k|t/k]:

Elds(s7*, 57)] < E[ds(s7a_y, Shogr—1)] + Elds(spem, s7)] + ¢,

where n = kxz if r > 0 and n = k(z — 1) otherwise.

Thanks to Lemma D.2, we obtain:
Elds(s7e, s7)] < (k+ DA e

The result then follows by summing over h and using geometric sums:

H-1 k—1 2k—1
DI+ DR = N (b 1)+ DT (R+1)%+ ...
t=0 m=0 m=k
[(H=1)/k]+1
< D (k+Dm
m=0

kE+ 1)[(H71)/kj+2 -1
(k+1)-1
< 2(k 4 1)IH-D/EI+L,

—~

This concludes the proof.°® O

Lemma D.1. Consider a sequence {0} with 6; = 0 for t < 0, and that satisfies
041 < 0p + 0p—p + €, @)

for some constant € = 0. Then we can bound &; < 2(k + 1)[/*1 . ¢

®Note that the same rate would be obtained even if we randomized or used any other kind of order for
playing delayed policies. Moreover, note that the upper bound for the delayed policies is not tight, and could
probably obtain a bound where the contribution of the k factor is doubled, since a delayed policy with delay k
roughly corresponds to an action chunking policy with chunk size 2k.
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Proof. Define {4} as the sequence which satisfies &, = 0 for ¢ < 0 and 641 = 0; + d;— + €. By
construction, we thep have tflat {01} satisfies (5), and d; > d; Vt for any other sequence satisfying
(5).7 Note also that 6,1 > 9;.%

Recursing backwards, for any £ > 1, we have

St = St_1 + St—k—l +e€
=02+ 0p—k—1 + Op—k—2 + 2€

k
= &,k + Z gtfkfi + ke

i=1

k
= Z St—k—i + ke.
i=0

Since d;,1 > ¢, for any ¢, we can bound this as
6y < (k+1)6;_p + ke.
Recursing this backwards, we get
6 < (k+1)0—g + (k+ e < (k+1)%0—or + (b + 1)%e + (k + 1)e

[t/k1 |
. < Z (k+1)%,

i=1

N

where we note that x = [t/k] is the minimum integer value guaranteeing ¢ — 2k < 0.

Lastly, we use the bound for geometric sums:

[t/k] [t/k] [t/k]+1 _
StgZ(k+1)ie<ez(k+1)i=e(k“)k !
i=1 =0
k+1
<P+ )M < 2e(k 4 1)1/,
This completes the proof. O

Lemma D.2. Consider a sequence {0;}; with §; = 0 for t = 0, and that satisfies, for any timestep
t = kx + r, where x == |t/k| and r ==t — Ek|t/k]

5kx+r < 5ka:+r71 + 577, + €, (6)
where n = kx if r > 0 and n = k(x — 1) otherwise, for some constant € > 0. Then we can bound

51 < (k+ )RR ¢

Proof. Define {5t}t as the sequence WhiCP satisfies &; = 0 for t= 0 and Skmw = Skﬁ_r_l + 0, +
€. By construction, we then have that {4} satisfies (6), and §; = §; V¢ for any other sequence
satisfying (6).’

"Formally, this can be shown by induction. Att¢ < 0, we have 0 =6 =0 by definition. Then, let us
make the inductive hypothesis that §; > 6; V¢ < t. Then, att = t, we have that: §;11 = 0 + 8 + € =
0¢ + O¢—k + € = d¢41, where we used first the definition of {4, }:, then the inductive hypothesis, and finally the
definition of {¢ }+.

B $This follows easily from the definition and the fact that all terms are non-negative: St41 = Ot + 01—k +e=
0t +0+ 0 = 0.
“This can be proved analogously to the proof of Lemma D.1.
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Recursing backwards, for any £ > 1, we have

Skatr < Okatk
= 6kw+(k71) + Opa + €
= 5km+(kf2) + 20k, + 2€

= g]m + k&m + ke
= (k4 1)0pp + ke.
Recursing this backwards, we get, for ¢t = kx + 7:
8¢ < (k + 1)0ky + ke < (k + 1)%05 01y + k(k + 1)e + ke

Lt/k] }
<. <k D) (E+1)e
i=0

Lastly, we use the bound for geometric sums:

[t/k] :
- ) NE/E+L _q
5 <ke (4 1)i = gD .

=0

< e(k + 1)k
This completes the proof. O

D.2 Lower Bound for Markovian Policies

In this appendix, we will use symbol [x1, 23, . .., z4] to denote a d-dimensional vector, and symbol
[2]; to denote the ith component of vector x.

Proof of Theorem 1. Let the environment M be such that: S = A = R%, Py([0,0]) = 1, and
P(s,a) = s+ aforall s,a. Let r(s) = 1 — |[s]1]. Let ds and d 4 be the metrics induced by any
norm | - |. Then, note that the Lipschitz assumption on P (that is, Assumptions D.1-D.2) holds
since:

|P(s,a) = P(s',a)| = [ (s + a) = (s" + a) | = s = &',

[P(s,0) — P(s,a)]| = (s + a) — (s + )] = o — a|.

Furthermore, the Lipschitz assumption on r (that is, Assumption D.3) holds since
[r(s) = (s = lllshl = I[s'hll < |[sh = [sTa] < [|s = &[-

Let the expert’s policy Tgemo : S — A be Tdemo(s) = [0,1] ¥s. This induces a support:
Supp(ﬂ—demo) = {[O,k] eS: ke N}

Let 7 : S — Abe: 7([s', 5%]) = [€ + Milyegupp(raems) |§ — 8|2, 1], and note that it is 1-Lipschitz
(i.e., satisfies Assumption D.4) since:

[7(s) = 7(s") ]2 = min -~ |s—sla—  min  [s" =5[]
s’esupp(Taemo) s'€supp(Tdemo)
< s = 8"z,

where we used that the map dy (u) := mingey |u — x| is 1-Lipschitz for any X < R2. Moreover,
note that this 7 satisfies also the (last) hypothesis of this theorem, which is that of having a bounded
generalization error, since:

ETeme [Wh (Tdemo (st), T(s1))] = B [[[Maemo(se) — 7 (st) 2] = €.
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Tdemo (53

start

Figure 17: Construction for lower bound on performance of Markovian policy (Theorem 1)

As shown also in Figure 17, it is easy to see that the sequence of expert states is sjo™ =
[0,0], s7em = [0,1], s3%m° = [0,2],...,sgm = [0,¢], while the sequence of states followed
by 7 starts at s§ = [0, 0] and grows based on s7, | = s7 + 7(s]) as:

Sg = [07 0],

sT =[0,0] + [e +0,1] = [e, 1],
53 =[e,1] + [e + €, 1] = [3¢,2],
s5 = [3€,2] + [e + 3¢, 1] = [T7e, 3],

Thus:
[sT]1 = e+ 2[sT 1|1 = e(28 — 1).
Note that [s7?™]; = 0, so that J (Tdemo) = H. However,

H-1  H-1 R H-1
T@ =YD= 30— [sfl)=H—c Y (2" ~1) =H-e- (2" ~H-1)
t=0 t=0 t=0
This completes the proof. O

D.3 Lower Bound for Action-Chunked Policies

Theorem 3. There exists an environment satisfying the above assumptions, a
Markov — demonstrator —Tgemo, and an action chunking learner Ty  safisfying
maxy, E™deme [max;ep) Wi(Tdemo (St4+i—1), [Tk(se)]:)] < & for Wi(-,-) the Wasserstein-1
metric, such that J (Taemo) = J(T) + Q((k + 1) . ¢).

Proof. We consider the same environment, reward, and expert as in Theorem 1.

Let [7([s', s?])]i = [€ + Mingequpp(raems) IS — ¢'[l2, 1], and note that it is 1-Lipschitz (i.e., satisfies
Assumption D.4) since, for any action in the chunk i € [k]:

7)) = [F(s)lila =] min fs=so— min |5~ 5]
s’esupp(Tdemo) s’esupp(Tdemo)
< s = 8"z,

where we used that the map dx (u) := mingcx ||u — |2 is 1-Lipschitz for any X < R2. Moreover,
note that this 7 satisfies the assumption of uniform bound on the generalization error along the
chunk, since:

ETeme [W1 (Taemo (5t), Ti(s1—i))] = ™™ [|Tdemo(s¢) — Ti(s1—i)[2] = €.
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With this choice of 7, since we start at s{¢= = [0, 0], for the first k timesteps we play 7; (sg™°) =
[€,1], so that s} = [ke, k]. Then, we have 7(s7) = [ke+¢, 1], so that T(s5, ) = [ke+k(ke+e), 2k].
More generally, we see that

sto=[(k+1)" ¢ ik]

and, more generally, sT = [(k + 1)" - e+ (t —isk) - (k4 1)% - € + €), ], where 4, := |t/k| denotes
the closest action chunk boundary index. It follows that

H/k—1 g
JE) =H—e > S [k+1)+j ((k+1) +1)]
i=0 j=0
k+1 k+1
—H—c- [Z-(k+1)H/’“++H].
This proves the result. O

E Individualized Result Plots

In this section we report the plots of Figs. 2 (see Figs. 18-20), 3 (see Figs. 21-23), 9 (see Fig. 24), 8
(see Fig. 25), individually for each task instead of averaging over all tasks.
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Figure 19: Validation loss for each Libero task from 36 to 67 (corresponding to Fig. 2), part 2.
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Figure 20: Validation loss for each Libero task from 68 to 89 (corresponding to Fig. 2), part 3.
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Figure 21: Success rate for each Libero task from O to 35 (corresponding to Fig. 3), part 1.
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Figure 22: Success rate for each Libero task from 36 to 67 (corresponding to Fig. 3), part 2.
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Figure 23: Success rate for each Libero task from 68 to 89 (corresponding to Fig. 3), part 3.
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Figure 24: Val loss for each Robomimic task in this order from left to right: can, square, transport,
tool hang (corresponding to Fig. 9), part 1.

»

1=
S
=3
S
1=
S

L
Success Rate J
(=] =1
-
g A
Success Rate J
o o
-
(=] <t
Success Rate J
(=] =1
-
g A

I
i
&

e

—@— Delay(n)
51 —k— AC(n)
=== Markov

1 5 10 15 20

—@— Delay(n)
—— AC(k)
=== Markov

1 5 10 15 20

—@— Delay(n)
51 —k— AC(n)
--= Markoy —A—*——4

CO=%"10 B 2

—@— Delay(n)
—&h— AC(n), RS
=== Markov

=
o
S

=g
1=
S

=g
1=
S

1 5 10 15 20
Chunk size/Delay n Chunk size/Delay n Chunk size/Delay n Chunk size/Delay n

Figure 25: Success rate for each Robomimic task in this order from left to right: can, square,
transport, tool hang (corresponding to Fig. 8), part 1.

42



	Introduction
	Related Work
	Preliminaries
	Do Existing Hypotheses Explain the Performance of Action Chunking?
	Hypothesis 1: Temporal Consistency
	Hypothesis 2: Horizon Reduction
	Hypothesis 3: Representation Learning

	Action-Chunked Policies as Implicit Ensembles
	Randomized Delay Ensembles Match the Performance of Action Chunking in Real-World Robotic Control
	Going Beyond Action Chunking with Ensembled BC Policies
	Conclusion
	Additional Experimental Details
	Validation Error vs Validation Loss
	Description of Environments and Datasets
	Network Architecture
	Additional Details for each Simulation
	Evaluation Protocol
	Libero Validation Loss (fig:vallosslibero)
	Libero Success Rate (fig:successlibero)
	Libero Success Rate vs. Validation Loss (fig:valvssuccesslibero)
	Libero With and Without Action Chunking (fig:liberoreprlearn)
	Robomimic Success Rate (fig:successrobomimic)
	Robomimic Validation Loss (fig:robomimicval)
	General Results (Tables 1-2)

	Additional Details for Real-World Experiments

	Additional Simulations
	Action Chunking without Temporal Consistency
	Sample Efficiency in Libero
	Robomimic Dynamics are Smooth
	Results on Robomimic MH and Other Libero Suites
	Results with 0.5

	Stationary Markov Policies are Not Expressive Enough for Non-Markov Experts
	Predicting Actions Based on Delayed States Provably Mitigates Compounding Error
	Upper Bound for Delayed Policy
	Lower Bound for Markovian Policies
	Lower Bound for Action-Chunked Policies

	Individualized Result Plots

