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Abstract

We present Q-chunking, a simple yet effective recipe for improving reinforcement
learning (RL) algorithms for long-horizon, sparse-reward tasks. Our recipe is
designed for the offline-to-online RL setting, where the goal is to leverage an
offline prior dataset to maximize the sample-efficiency of online learning. Effective
exploration and sample-efficient learning remain central challenges in this setting,
as it is not obvious how the offline data should be utilized to acquire a good
exploratory policy. Our key insight is that action chunking, a technique popularized
in imitation learning where sequences of future actions are predicted rather than a
single action at each timestep, can be applied to temporal difference (TD)-based RL
methods to mitigate the exploration challenge. Q-chunking adopts action chunking
by directly running RL in a ‘chunked’ action space, enabling the agent to (1)
leverage temporally consistent behaviors from offline data for more effective online
exploration and (2) use unbiased n-step backups for more stable and efficient TD
learning. Our experimental results demonstrate that Q-chunking exhibits strong
offline performance and online sample efficiency, outperforming prior best offline-
to-online methods on a range of long-horizon, sparse-reward manipulation tasks.
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Figure 1: Q-chunking uses action chunking to enable fast value backups and effective exploration with
temporally coherent actions. /eft: an overview of our approach: Q-chunking operates in a temporally extended
action space that allows for (1) efficient value backups and (2) effective exploration via temporally coherent
actions; right: Our method (QC) first pre-trains on an offline dataset for 1M steps (grey) and then updates
with online data for another 1M steps (white). Our method achieves strong aggregated performance over five
challenging long-horizon sparse-reward domains in OGBench. Code: github.com/ColinQiyangLi/qgc.
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1 Introduction

Reinforcement learning (RL) holds the promise of solving any given task based only on a reward
function. However, this simple and direct formulation of the RL problem is often impractical: in
complex environments, exploring entirely from scratch to learn an effective policy can be prohibitively
expensive, as it requires the agent to successfully solve the task through random chance before learning
a good policy. Indeed, even humans and animals rarely solve new tasks entirely from scratch, instead
leveraging prior knowledge and skills from past experience. Inspired by this, a number of recent
works have sought to incorporate prior offline data into online RL exploration [26, 35, 77]. But this
poses a new set of challenges: the distribution of offline data might not match the policy that the
agent should follow online, introducing distributional shift, and it is not obvious how the offline data
should be leveraged to acquire a good online exploratory policy.

In the adjacent field of imitation learning (IL), a widely used approach in recent years has been to
employ action chunking, where instead of training policies to predict a single action based on the
state observation from prior data, the policy is instead trained to predict a short sequence of future
actions (an “action chunk™) [82, 11]. While a complete explanation for the effectiveness of action
chunking in IL remains an open question, its effectiveness can be at least partially ascribed to better
handling of non-Markovian behavior in the offline data, essentially providing a more powerful tool
for modeling the kinds of complex distributions that might occur in (for example) human-provided
demonstrations or mixtures of different behaviors [82]. Action chunking has not been used widely
in RL, perhaps because optimal policies in fully observed MDPs are Markovian [68], and therefore
chunking may appear unnecessary.

We make the observation that, though we might desire a final optimal Markovian policy, the explo-
ration problem can be better tackled with non-Markovian and temporally extended skills, and that
action chunking offers a very simple and convenient recipe for obtaining this. Furthermore, action
chunking provides a better way to leverage offline data (with a better handling of non-Markovian
behavior in the data), and even improves the stability and efficiency of TD-based RL, by enabling
unbiased n-step backups (where n matches the length of the chunk). Thus, in combination with
pretraining on offline data, action chunking offers a compelling and very simple way to mitigate the
exploration challenge in RL.

We present Q-learning with action chunking (or Q-chunking in short), a generic recipe for improving
TD-based actor-critic RL algorithms in the offline-to-online RL setting (Figure 1). The key idea is to
run RL at an action sequence level — (1) the policy predicts a sequence of actions for the next h steps
and executes them one-by-one open loop, and (2) the critic takes in the current state and a sequence
of actions and estimates the value of carrying out the whole sequence rather than a single action. The
benefits of operating RL on this extended action space are two-fold: (1) the policy can be optimized
to generate temporally coherent actions by regularizing it towards some prior behavior data that
exhibit such coherency, (2) the critic trained with a standard TD-backup loss is effectively performing
n-step backups, with no off-policy bias (that typically occurs in naive n-step return methods), since
the critic takes the full action sequence into account.

Our main contribution is QC, a practical offline-to-online RL algorithm that is instantiated from
our Q-chunking recipe. QC is simple to implement, requiring only training (1) an action chunking
behavior policy using a standard flow-matching loss, and (2) a temporally extended critic with the
standard TD-loss. QC achieves strong performance on a range of six challenging long-horizon,
sparse-reward domains, outperforming prior offline-to-online methods. Moreover, we highlight that
Q-chunking is a generic recipe that can be applied to many existing offline-to-online algorithms
with minimal modification. In this work, we demonstrate one such instantiation by applying it to
FQL [53], resulting in QC-FQL, which shows significant improvements over the original method.

2 Related Work

Offline-to-online reinforcement learning methods focus on leveraging prior offline data to accelerate
reinforcement learning online [80, 64, 34, 1, 81, 83, 7, 46, 84, 35]. The simplest way to tackle offline-
to-online RL is to use an existing offline RL algorithm to first pretrain on the offline data and then
use the same offline optimization objective to continue training online using a growing dataset that
combines the original offline data and the replay buffer data [45, 33, 30, 70, 53, 2, 38, 34]. While



straightforward, this naive approach often result in overly pessimistic that hinders exploration and
consequently the online sample-efficiency. Several prior works have attempted to address this issue
by adjusting the degree of pessimism online [84, 46, 38, 34, 75]. However, these approaches can
be difficult to tune and sometimes stills fall short in online sample efficiency compared to a simple,
well-regularized online RL algorithm learning from scratch on both offline data and online replay
buffer data [7]. Our approach takes a step towards improving the sample efficiency of offline-to-online
RL methods via value backup acceleration and temporally coherent exploration.

Action chunking is a technique popularized by roboticists for imitation learning (IL), where the
policy predicts and executes a sequence of actions in an open-loop manner (“an action chunk”) [82].
Action chunking has been shown to improve policy robustness [82, 21, 8], and handle non-Markovian
behavior in offline data [82]. Existing RL methods that incorporate action chunking typically focus
on fine-tuning a policy pre-trained with imitation learning [56, 59]. Tian et al. [71] propose to learn a
critic on action chunks by integrating n-step returns with a transformer. However, their method only
applies chunking to the critic, while still optimizing a single-step actor.

Multi-step latent space planning and search is a technique commonly used in model-based RL
methods where they use a learned model to optimize a short-horizon action sequence towards high-
return trajectories [48, 58]. These approaches work by training a dynamics model on an encoded
latent space, where the model takes in a latent state and an action to predict the next latent state and
the associated reward value. This latent dynamics model, along with a value network on the latent
state, can then provide an estimate of the ()-value on-the-fly for any given action sequence starting
from a given latent state by simply simulating the action sequence in the latent dynamics model. In
contrast, we do not learn a latent dynamics model and instead train a (Q-network to directly estimate
the value of the action sequence. Lastly, these approaches operate in the purely online RL setting
whereas we focus on the offline-to-online RL setting.

We include more discussions of the related work for temporal coherency and hierarchical RL in
Appendix F4.

3 Background

Offline-to-online RL. In this paper, we consider an infinite-horizon, fully observable Markov decision
process (MDP), (S, A, p,T,r,7), where S is the state space, A is the action space, T(s'|s,a) :
S x A A(S) is the transition kernel, (s, a) : S X A — R is the reward function, p : A(S) is the
initial state distribution and v € [0, 1) is the discount factor. We also assume there is a prior offline
dataset D that consists of transitions rollouts {(s, a, s’,r)} from M. The goal of offline-to-online
RL is to find a policy m(a|s) : S — A(A) that maximizes the expected discounted cumulative
reward (or discounted return): 7(7) := K, | 7(s,.a0),a~m(-[s0) [Doreo VT (8¢, ar)]. Oftentimes,
offline-to-online RL algorithms operate in two distinct phases: an offline phase where a policy is
pretrained on the offline data D and an online phase where the policy is further fine-tuned online with
environment interactions. Our approach follows the same regime.

Temporal difference and multi-step return. TD-based RL algorithms typically learn Qg (s, a) to
approximate the maximum expected discounted cumulative reward that a policy can receive starting
from state s and action a by using a temporal difference (TD) loss [68]:
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L) = [Qu(si.a) = V], (M
where V is an estimate of Q(s¢, ay) that is commonly chosen as Vl—step:

Visstep := Tt + 7Qa(St41, At41), Q1 ~ Ty (-] Se41), )
and s, a;, .41, r are sampled from some off-policy trajectories and @ is a delayed version of @ that
does not allow the gradient to pass through for learning stability. When the TD error is minimized,
the (Y9 converges to the expected discounted value of the policy my. As the effective horizon
H=1 /(1 —~) goes up, the learning slows down as the value only propagates 1 step backward (from
S¢+1 to s¢). To speed-up long-horizon value backup, a common strategy is to sample a length-n

trajectory segment, (S¢, @¢, St41," ** » Gt4n—1, St+n ), and construct a n-step return from it [76, 68]:
t+n—1
9 } : t'—t
Vn—step = [V r£:| + Qe_(st—i-na at+n)7 Aty ™~ Trw('|5t+n)7 (3)
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where again r; = r(s¢, a;). This value estimate of Q(s¢, a;) allows for a n times speed-up in terms
of the number of time steps that the value can propagate back across. This estimator is sometimes
referred to as the uncorrected n-step return estimator [16, 31] because it is biased when the data
collection policy is different from the current policy ;. Nevertheless, due to the implementation
simplicity of n-step return, it has been commonly adopted in large-scale RL systems [43, 24, 27, 78].

4 Q-Chunking

In this section, we first describe two main design principles of Q-chunking: (1) Q-learning on a
temporally extended action space (the space of chunks of actions), and (2) behavior constraint in this
extended action space, followed by practical implementations of Q-chunking (QC, QC-FQL) as
effective TD-based offline-to-online RL algorithms.

4.1 Q-learning on a temporally extended action space

The first design principle of Q-chunking is to apply ()-learning on the temporally extended action
space. Unlike normal 1-step TD-based actor-critic methods, which train a Q-function Q(s;, a;) and a
policy 7(a¢|st), we instead train both the critic and the actor with a span of i consecutive actions: '
Q-Chunklng Pollcy Ty (at:t+h|8t> = Ty ((lt. Q41 5 Qt4h—1 |St)
Q-Chunking Critic: Qe(Su ar:t+h,) = Q0(3t7 Aty Q415" " -(ltJrhfl)
In practice, this involves updating the critic and the actor on batches of transitions consisting of a

random state s;, an action sequence followed by the state a;, and the state h steps into the future,
S¢+h- Specifically, we train @Yy with the following TD loss,

h
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L(e) = Est,am, thyStpn~D <Q9 (8t7 afitJrh,) - Z A)'f/rtth/ - Vllng(Sﬂrh, at+h:t+2h)) (4)

=1

with a4 p.p+0n ~ Ty (+|St45), and 0 being the target network parameters that are often an exponential
moving average of 6 [23].

The TD loss above shares striking similarity to the n-step return in Equation 3 (with n matches h)
but with a crucial difference — the @-function used in the n-step return backup takes in only one
action (at time step ¢) whereas our )-function takes in the whole action sequence. The implication of
this difference can be best explained after we write out the TD backup equations for standard 1-step
TD, n-step return, and Q-chunking:

Q(s¢,a) <1y +vQ(5141, 141) (standard 1-step TD)  (5)
t+h—1
Q(st,ar) + Z [’Yt 7t7"t/} +’YhQ(8t+h, Atth)s (n-step return, n = h)  (6)
t'=t
biased
t+h—1
Q(st,ar.i4n) Z [’Yt 7t7ﬁt/:| +’th(St+h7a//+h:/,+2h)~ (Q-chunking) (7)
t'=t
unbiased

For the standard 1-step TD, each backup step propagates the value back by only 1 time step. n-step
return propagates the value back hx faster, but can suffer from a biased value estimation issue when
St:t+h and a4 p, are off-policy [16]. This is because the discounted sum of the n-step rewards 7.4+
from the dataset or replay buffer is no longer an unbiased estimate of the expected n-step rewards
under the current policy 7. Q-chunking value backup is similar to the n-step return where each step
also propagates the value back by h time steps, but does not suffer from this biased estimation issue.
Unlike n-step return where we are propagating the value to a 1-step Q-function, Q-chunking backup
propagates the value back to a h-step Q-function that takes in the exact same actions that are taken to
obtain the n-step rewards 7.+, eliminating the biased value estimation. As a result, Q-chunking
value backup enjoys the value propagation speedup while maintaining an unbiased value estimate.

'We use a...1, to denote a concatenation of k consecutive actions: [at at+1 e at+h71] € R4 for
notation convenience. This is similar for s;..4p and r¢.44p.
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Figure 2: Naively using action chunking for online RL methods can help on some domains but hurt on
others. (/) RLPD runs online RL on both offline data and online replay buffer [7]. (2) RLPD-AC is the same
algorithm as RLPD but operates in a temporally extended action space (action chunk size of 5). (3) QC-RLPD
additionally uses a behavior cloning loss on the actor (5 seeds).

4.2 Behavior constraints for temporally coherent exploration

The second design principle of Q-chunking addresses the action incoherency issues by leveraging a
behavior constraint in the objective for the m,:

L(Q/)) = —EstND,a,,:,,+h~m,(-|st) [QG(St; at:t+h)] ) 8.t D(Ww(at:t+h|5t),Wﬁ(at:t+h|5t)) <e (8

where we denote mg(a;.i+|s;) as the behavior distribution in the offline data D, and D as some
distance metric that measures how different the learned policy 7 deviates from 7g.

Intuitively, a behavior constraint on the temporally extended action sequence allows us to leverage
temporally coherent action sequences in the offline dataset. This is a particularly advantageous
thing to do in the temporally extended action space compared to in the original action space because
offline data often exhibit non-Markovian structure (e.g., from scripted policies [51], human tele-
operators [39], or noisy expert policies for sub-tasks [51, 19]) that cannot be well captured by a
Markovian behavior constraint. Temporally coherent actions are desirable for online exploration
because they resemble temporally extended skills (e.g., moving in a certain direction for navigation,
jumping motions for going over obstacles) that help traverse the environment in a structured way
rather than using random actions that often result in data that is localized near the initial states.
Imposing behavior constraint for an action chunking policy is a very simple way to approximately
extract skills without the need of training policy with bi-level structure as often necessitated by
skill-based methods (see more discussion in Section 2). In reality, we do see that Q-chunking, with
such behavior constraints, can interact and explore the environment with temporally coherent actions
(see Section 5.3), mitigating the exploration challenge in RL.

4.3 Practical implementations

The key implementation challenge of Q-chunking is to enforce a good behavior constraint that
captures the non-Markovian behavior at the action sequence level. One of the prerequisites of
imposing a good behavior constraint is the ability of the policy to capture the complex behavior
distribution (e.g., using a flow/diffusion policy). A Gaussian policy, a default choice in online
RL algorithms, would not suffice (Figure 2). To enforce a good behavior constraint, we first
use flow-matching objective [37] to train a behavior cloning flow policy to capture the behavior
distribution. The flow policy is parameterized by a state-conditioned velocity field prediction model
f(s,z,u) : S x R4 x [0,1] — RA" and we denote f¢(+|s) as the action distribution that the flow
policy parameterizes as an approximation of the true behavior distribution in the offline prior data
(fe = m3). Now we are ready to present our main method, QC:

We consider a KL constraint on our policy through the learned behavior distribution:

Dy (mpll fe(-]s)) < e ©)

While it is possible include the KL as part of the loss, estimating the KL divergence or log probability
for flow models is practically challenging. Instead, we use best-of-N sampling [66] to maximize
@-value while imposing this KL constraint implicitly altogether. Practically, this involves first



sampling N action chunks from the learned behavior policy fe(-|s¢),
{a',a% - a"} ~ fe(]s),
and then picking the action chunk sample that maximizes the temporally extended @Q-function:
a’ « argMaXge g1 g2.... o~} Q(s; @)

It has been shown in prior work that best-of-N sampling admits a closed-form upper-bound on the
KL divergence from the original distribution [25]:

N -1
Dxr(a”|[ f¢(t]s)) < log N — ——, (10)

which approximately satisfies KL constraint implicitly (Equation 9). Tuning the value of IV directly
corresponds to the strength of the constraint.

Since we approximate the policy optimization (Equation 8) with the best-of-N sampling, we can
completely avoid separately parameterizing a policy 7. In particular, we use the best-of-/NV sampling
to generate actions to both (1) interact with the environment, and (2) provide the action samples in
the TD backup following Ghasemipour et al. [22]. As a result, our algorithm has only one additional
loss function:

N 2
LO)=E st,ai~D <Q9(8t7 a;) — Z AV repy — Y Qg (st41, af+h)> (1D

{a; 1 ~Fe(lsiqn) =1
1 * — aQro asr . 3
where again a;,; = arg ‘I“’}‘ae{a;+,,}(2<'5v a).

While our method is simple and easy to implement, it does come with some additional computational
costs (sampling [NV x action chunks). We include a variant of our method that leverages a cheaper
off-the-shelf offline/offline-to-online RL method, FQL [53], in Appendix C.

Offline-to-online RL considerations. Since both variants of our methods use beahvior constraint
(implicit KL for QC, explicit Wy for QC-FQL), we can also directly run them for offline RL pre-
training, which provides further sample efficiency gain. For both offline and online training, we use
the same behavior strength (e.g., IV for QC and « for QC-FQL). For offline training, we use the same
algorithm and simply remove the environment interaction part.

5 Experimental Results

We conduct a series of experiments to analyze the empirical effectiveness of our method on a range of
long-horizon, sparse-reward domains. In particular, we are going to answer the following questions:

(Q1) How well do Q-chunking methods perform compared to prior offline-to-online RL methods?
(Q2) Why does action chunking helps online learning? (Appendix A.1)

(Q3) How does chunk length, critic ensemble size, and update-to-data ratio affect performance?
(Appendix A.2)

5.1 Environments and Datasets

We first consider six sparse reward robotic manipulation domains with tasks of varying difficul-
ties. This includes 5 domains from OGBench [50], scene—-sparse, puzzle—-3x3—-sparse,
cube-double/triple/quadruple (5 tasks each) and 3 tasks in the Robomimic bench-
mark [39]. For OGBench, we use the default play-style datasets except for cube-quadruple
where we use a large 100M-size dataset. For robomimic, we use the multi-human datasets. See more
details of these environments and datasets in Appendix B.

5.2 Comparisons

We primarily compare with prior methods that speedup value backup as well as the previous best
offline-to-online RL methods.



—o— QC BFN FQL RLPD RLPD-AC
puzzle-3x3 scene cube-double

1.00 - 1.00 - 1.00 -

0.75 - 0.75 - 0.75 -

0.50 - 0.50 - 0.50 -

0.25 - 0.25 - 0.25-
g 0.00 o ‘ ‘ ‘ 0.00 o ‘ : ‘ 4 0.00% ‘ : ‘ ‘
& 0.0 0.5 1.0 1.5 0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
a cube-triple cube-quadruple all
I§] 1.00 - 1.00 - 1.00 -
1)
& 075- 0.75 - 0.75 -

0.50 - 0.50 - 0.50 -

0.25 - 0.25 - 0.25-

0'007\ 1 1 1 1 0'007\ U 1 1 U 0'007\ 1 1 1 1

0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0

Steps (x10°)

Figure 3: Aggregated performance per OGBench domain. Our method, QC, achieves strong performance
across all five challenging OGBench domains. We also include an aggregation performance plot for all the
domains at the bottom right. The first 1M steps are offline training and the next 1M steps are online training with
one environment step per training step (5 seeds per task; 5 tasks per domain).

BFN (best-of-n) is a baseline that we propose to combine the expected-max () operator [22] with an
expressive behavior flow policy. BEN operates in the original action space and implicitly parameter-
izes a policy by sampling multiple actions from the behavior flow policy and picking the one that
maximizes the current (-value. This baseline is a direct ablation for the effect of Q-chunking from

QC.

FQL [53] is a recently proposed offline RL method that achieves strong offline and offline-to-online
RL performance. This baseline is a direct ablation for the effect of Q-chunking from QC-FQL.

BFN-n/FQL-n. These baselines are the same as BFN/FQL but uses n-step backup with n = 1
(Equation 3) instead of the standard 1-step TD backup. This baseline enjoys the benefits of value
backup speedup, but does not use chunked critic or actor, and potentially suffer from the bias issue..

RLPD [7], RLPD-AC. RLPD is a sample-efficient RL algorithm that treats offline data as additional
off-policy data and learn from scratch online. RLPD-AC is the same as RLPD but operates on the
temporally extended action space. Both of them do not use a behavior constraint.

See more implementation details of our method and the baselines in Appendix D.

5.3 How well does our method compare to prior offline-to-online RL methods?

We report the aggregated performance of Q-chunking and the baselines for each of the five OGBench
domains (Figure 3) and individual performance on three robomimic tasks (Appendix F, Figure 15).
QC achieves competitive performance offline (in grey), often matching or sometimes outperforming
best prior methods. In the online phase (in white), QC shows strong sample-efficiency, especially
on the two hardest OGBench domains (cube-triple/quadruple), where it outperforms all
prior methods (especially on cube—quadruple) by a large margin. We also conduct an ablation
study where we compare QC with a variant of our method QC-FQL and two n-step return baselines
(BFN-n and FQL-n) in Figure 4. The n-step return baselines, which do not leverage a temporally
extended critic or policy, perform significantly worse than our methods (QC and QC-FQL). In fact,
they often underperform even the 1-step baselines (BFN and FQL), highlighting the importance of
learning in the temporally extended action space.
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A Additional Experiments

A.1 Why does action chunking help exploration?

We hypothesize in Section 4.2 that action chunking policy produce more temporally coherent actions
and thus lead to better state coverage and exploration. In this section, we study to what degree that
holds empirically. We first visualize the end-effector movements early and late in the training for QC
and BFN (Figure 5 (left and center)). BFN’s trajectory contains many pauses (as indicated by a very
big and dense cluster near the center of the visualization), especially when the end-effector is being
lowered to pickup a cube. In contrast, QC has many fewer pauses (fewer and shallower clusters) and
a more diverse state coverage in the end-effector space. We include additional examples in Appendix
F, Figure 9 and Figure 10. To get a quantitative measure of the temporal coherency in the actions
produced by the agent, we record a subset of the actions, the 3-dimensional end-effector position of
the manipulator, throughout training every 5 time steps: {xg, ¢!, - - - } and compute the average
Ly norm of the difference vector of two adjacent end-effector positions ||’ — x¢¢; ||5. This average
norm would be small if there are any pauses or jittery motions, making a good proxy for measuring
the temporal coherency in actions. As shown in Figure 5 (right), QC exhibits a higher action temporal
coherency throughout training compared to BFN. This suggests that Q-chunking improves temporal
coherency in actions, which explains the improved sample-efficiency that Q-chunking brings.
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Figure 4: QC-FQL and n-step return ablation on OGBench and robomimic. QC-FQL obtains a similar
performance compared to QC. QC is slightly better than QC-FQL on OGBench offline and Robomimic online,
and slightly worse than QC-FQL on Robomimic offline. For an individual task breakdown, see Appendix F,
Figure 12 and 14.
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Figure 5: End-effector movements early in the training and temporal coherency analysis on
cube-triple-task3. QC (left) covers a more diverse set of states compared to BFN (center) in the
first 1000 environment steps. QC exhibits a higher temporal coherency in end-effector compared to BFN (right).
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A.2 How does action chunk length, critic ensemble size affect the performance of our
method?

In Figure 6 (left), we report the performance of QC-FQL with different action chunk sizes (h €
{5,10,25}) on the cube-triple domain. In general, a higher action chunk length helps but not
significantly. We use & = 5 in all our other experiments as h = 5 is cheap to run. In Figure 6
(center), we study how the critic ensemble size affects the performance of our method. Using 10
critics improves both QC and BFN. We use K = 2 in our other experiments as it is cheap to run.
Using K = 10 could potentially make Q-chunking perform much better on the benchmark tasks we
consider. Finally, we observe that increasing the update-to-data ratio (UTD) does not improve the
sample efficiency of QC (Figure 6, right).
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Figure 6: Sensitivity analysis: action chunk size (/) and critic ensemble size (K). Left: QC-FQL with differ-
ent action chunks on all 5 cube-triple tasks (5 seeds). QC-FQL with h = 1 is equivalent to FQL. Center: In-
creasing the ensemble size to K = 10 improves performance of both QC and BFN on cube-triple-task3
(5 seeds). Right: QC with update-to-data (UTD) ratio of 5 on cube-triple-task3 (4 seeds). We report
only the online phase results, as all methods achieve near-zero success rates during the offline phase.

A.3 How computationally efficient is Q-chunking?

In Figure 7, we report the runtime for our approach and our baselines on a representative task
cube-triple-taskl. In general, QC-FQL has a comparable run-time as our baselines (e.g.,
FQL and RLPD) for both offline and online. QC is slower for offline training as it requires sampling
32 actions for each training example for the agent update (BFN is faster because it only needs to
sample 4 actions). For online training, we are doing one gradient update per environment step, and it
makes QC only around 50% more expensive than other methods.

Offline Run-time (!) Online Run-time (4)
QC T 12.02 Qc - -|- 15.07
QC-FQL - L1424 QC-FQL - —I— 11.33
BFN - -|- 11.59
BFN 3.33
FQL- |- 10.06
FQL1 2.97 RLPD - —|—11.03

Figure 7: How long does each method take for one step in milliseconds. Left: offline. Right: online (one
agent training step and an environment step). The runtime is measured using the default hyperparameters in our
paper on cube-triple-taskl on a single RTX-A5000.

B Domain Details
See an overview of the six domains we use in our experiments in Figure 8. We also include the dataset

size, episode length and the action dimension in Table 1. In the following sections, we describe each
domain in details.
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B.1 OGBench environments.

We consider five manipulation domains from OGBench [50] and take the publicly available single-task
versions of it in our experiments. For scene-sparse and puzzle-3x3-sparse, we sparsify
the reward function such that the reward values are —1 when the task is incomplete and 0 when the
task is completed. For cube-double/triple/quadruple, the RL agent needs to command
an UR-5 arm to pick and place two/three/four cubes to target locations. In particular, cube-triple
and cube-quadruple are extremely difficult to solve from offline data only, and often achieve
zero success rate. The RL agent must explore efficiently online in these domains to solve the tasks.
The cube—+ domains provide a great test ground for sample-efficiency of offline-to-online RL
algorithms which we primarily focus on. For cube—quadruple, we use the 100M-size dataset.
The dataset is too big to fit our CPU memory, so we periodically (after every 1000 gradient steps)
load in a 1M-size chunk of the dataset for offline training. For online training of RLPD, QC-RLPD,
we use the same strategy where we load in a 1M-size chunk of the dataset as the offline data and
perform 50/50 sampling (e.g., 50% of the data comes from the 1M-chunk of the offline data, 50% of
the data comes from the online replay buffer). For online fine-tuning of QC-*, FQL, FQL-n, BFN,
and BFN-n, we keep a fixed 1M-size chunk of the offline dataset as the initialization of D and adds
new data to D directly. The remaining 99M transitions in the offline data are not being used online.
We now describe each of the five domains in details:

scene-sparse: This domain involves a drawer, a window, a cube and two button locks that
control whether the drawer and the window can be opened. These tasks typically involve a sequence
of actions. For example, scene-task2 requires the robotic arm to unlock both locks, move the
drawer and the window to the desired position, and then lock both locks. scene-task4 requires the
robotic arm to unlock the drawer, open the drawer, put the cube into the drawer, close the drawer. The
reward is binary: —1 if the desired configuration is not yet reached and 0 if the desired configuration
is reached (and the episode terminates).

puzzle-3x3-sparse: This domain contains a 3 x 3 grid of buttons. Each button has two states
represented by its color (blue or red). Pressing any button causes its color and the color of all
its adjacent buttons to flip (red — blue and blue — red). The goal is to achieve a pre-specified
configuration of colors. puzzle-3x3—-task?2 starts with all buttons to be blue, and the goal is to
flip exactly one button (the top-left one) to be red. puzzle-3x3-task4 starts with four buttons
(top-center, bottom-center, left-center, right-center) to be blue, and the goal is to turn all the buttons to
be blue. The reward is binary: —1 if the desired configuration is not yet reached and 0 if the desired
configuration is reached (and the episode terminates).

cube—-double/triple/quadruple: These three domains contain 2/3/4 cubes respectively.
The tasks in the three domains all involve moving the cubes to their desired locations. The reward
iS —Nwrong Where Nyrong is the number of the cubes that are at the wrong position. The episode
terminates when all cubes are at the correct position (reward is 0).

B.2 Robomimic environments.

We use three challenging tasks from the robomimic domain [39]. We use the multi-human datasets
that were collected by six human operators. Each dataset contains 300 successful trajectories. The
three tasks are as described as follows.

e 11 ft: This task requires the robot arm to pick a small cube. This is the simplest task of the
benchmark.

» can: This task requires the robot arm to pick up a coke can and place in a smaller container
bin.

* square: This task requires the robot arm to pick a square nut and place it on a rod. The

nut is slightly bigger than the rod and requires the arm to move precisely to complete the
task successfully.

All of the three robomimic tasks use binary task completion rewards where the agent receives —1
reward when the task is not completed and 0 reward when the task is completed.
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Tasks Dataset Size Episode Length Action Dimension (A)

scene—sparse—+* M 750 5
puzzle-3x3-sparse—= 1M 500 5
cube-double-x* 1M 500 5
cube-triple—x* 3M 1000 5
cube—-quadruple-100M-»* 100M 1000 5
lift 31127 500 7

can 62756 500 7

square 80731 500 7

Table 1: Domain metadata. Dataset size (number of transitions), episode length, and the action dimension. For
OGBench tasks, the action dimension is 5 (« position, y position, z position, gripper yaw and gripper opening).
For robomimic tasks, the action dimension is 7 for square to control one arm (3 degree of freedoms (DoF) for
translation, 3 DoF for rotation, and one final DoF for the gripper opening).

b) puzzle-3x3 ¢) cube—double d) cube-triple

™9

%

h) square

e) cube—-quadruple f) 1ift

Figure 8: We experiment on several challenging long-horizon, sparse-reward domains. See detailed task
description for each domain in Appendix B. The rendered images of the robomimic tasks above are taken from
Mandlekar et al. [39].

C A variant of QC - QC-FQL

For this variant of our method, we are going to leverage the optimal transport framework to impose a
Wasserstein distance constraint, again through the learned behavior policy fe(:|s):

Wa(my, fe(']s)) < e (12)
To impose this constraint, we parameterize our policy 7, with a noise-conditioned action prediction
model, (1 (s, 2) : S X RA" s R4 directly outputs an action from Gaussian noise in one network
forward pass. While maximizing the @)-value, this noise-conditioned policy is regularized to be
close to the behavioral cloning flow-matching policy via a distillation loss that is shown to be an
upper-bound on the square 2-Wasserstein distance [53]:

L(Y) = Eg, oD 20N (0,140) {a 2" = 1y (se, ZO)H? — Q(s¢, py (51, Z))} (13)
5?))2 - Q(St7M¢(8t,Z))] ) (14)

where 2! is the ODE solution from v = 0 to u = 1 following dz* = f¢(s¢, 2%, u)du (the initial
value 2° is sampled from the unit Gaussian). The real-valued hyperparameter o directly controls the

> EqunD 20N (0.0a) [@Wa (T (-[50), fe(-
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magnitude of the distillation loss. Finally, the TD loss remains the same as the previous section with
the only difference in how we parameterize the policy:

, 2
L(0) = Es, a,,5,4n~D,= (Qe(st,at) -> VW reer — 7" Qa(sexn, s (sten, Z))> (15)

t'=1

where again z ~ N(0, Iap).

D Implementation Details

In this section, we provide more implementation details on both of our Q-chunking methods and all
our baselines used in our experiments.

D.1 QC-FQL

We build the implementation of our method on top of FQL [53], a recently proposed offline RL/offline-
to-online RL method that uses TD3+BC-style objective. It is implemented with a one-step noise-
conditioned policy (instead of a Gaussian policy that is commonly used in RL) and it uses a distillation
loss from a behavior flow-matching policy as the BC loss. To adapt this method to use action chunking,
we simply apply FQL on the temporally extended action space — the behavior flow-matching policy
generates a sequence of actions, the one-step noise-conditioned policy predicts a sequence of actions,
and the (Q-network also takes in a state and a sequence of actions. More concretely, we train three
networks:

1. Qo(s,ai,---ap): S x A" — R — the value function that takes in a state and a sequence
of actions (action chunk). In practice, we train an ensemble of () networks. We denote the
weight of the ensemble element as § = (61, - ,0k).

2. (s, z) : S x RA" s RA" — the one-step noise-conditioned policy that takes in a state
and a noise, and outputs a sequence of actions conditioned on them.

3. fe(s,myu) : S x RAM x [0, 1] — RA" — the flow-matching behavior policy parameterized
by a velocity prediction network. The network predicts takes in a state, an intermediate
state of the flow and a time, and outputs the velocity direction that the intermediate action
sequence should move in at the specified time. See Algorithm 1 for more details on how
this velocity prediction network is used to generate an action from a noise vector.

We denote our policy as 7y, (-|s). It is implemented by first sampling a Gaussian noise z ~ N'(0, I45)
and run it through the one-step noise-conditioned policy [a1 -+ ap] < py(s, z). To train these
three networks, we sample a high-level transition, w = (S¢, G, G441, » Gtph—15 Stths rf) ~ D
where 7 = Z?,;% Wt/rtﬂx, to construct the following losses:

(1) Critic loss:

K 2
How = (Qek(smat, o) =T = % Z Qa,, (St+hs Qrans - 7at+2h1)> , (16)
k=1
where [ag4n - Qupon—1) ~ Ty (|sean), k€ {1,2,--- K}
(2) Actor loss:
L(,w) = —Qo(s¢, py (5t 2¢)) + Huw(st,zt) - {af a§+h—1} ‘ z, (17)
where z; ~ N(0,14p) and [a§ af+h_1} is the result of running the behavior policy

fe(s,m,t) with Algorithm 1 from z;, and o € R is a tunable parameter that controls the strength of
the behavior regularization (higher « leads to stronger behavior regularization).

(3) Flow-matching behavior policy loss:

L(&w) = |fe(se,tlae - apna]+ A —uwze,u) — ([ar -+ arpn—a1] —z)ll3,  (18)
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where u ~ U([0,1]), z¢ ~ N (0, Lap).

Practically, we sample a batch of transitions {wq,ws, -+ ,wps} and optimize the average loss

for each network: L£(0) = LS M S L0k, w), L) = £ XM Lwi), L) =
M

% > i1 L8, wi).

D.2 FQL

FQL [53] is a recently proposed offline RL/offline-to-online RL method that uses TD3+BC-style

objective. It is equivalent to our method with h = 1. For completeness, we write out the objectives
for a transition sample w = (8¢, ag, 7, S¢41):

2
1 & , ,
L(Ok, w) = (Qek (s¢,00) =10 — 5= > Qa,, (sei1, pp(segn, 2F ))> vzt ~N(0,1a),  (19)

k=1
L(y,w) = —Qo(st, py(st, 2t)) + Hﬂw(st, ) — af’ z ; (20)
a5+ F1owODE_Euler (s, 2, fe, T), z ~ N(0, L), 1)
L&, w) = || fe(se,uar + (1 = w)ze,u) = (ar — 20)[13, 2 ~ N (0, La), u ~ U ([0, 1]). (22)
In practice, we sample a batch of transitions {w1, ws, - - -+ , wy } and optimize the average loss for each

network: £(0) = L SN | SO% | L0k, w;), L) = L SN L, wy), L(€) = £ SN L(& wi).
D.3 FQL-n

To implement the n-step return baseline, we take FQL and replace the 1-step TD update with the
h-step TD update:

h—1 K 2
/ 1 /
L0k, w) = (Qek(é’t, ar) = > (4 rew) - 7 > Qo (seans prg(sepns 2F ))> , (23
=0 k=1
where 2/ ~ N(0,14) forall K’ € {1,2,---, K}. The actor loss and flow-matching loss remain the
same as FQL.
D4 QC

The flow-matching behavior policy is trained with the same loss as used in QC-FQL (Equation (18)).
On top of the flow-matching behavior policy, we simply parameterize the policy 7w implicitly by
sampling multiple action chunks from the behavior policy and pick the one that maximizes the
Q-value. Specifically, let {z},22,--- , 2N} ~ N(0, L45) and

[ai -+ al,,_,] =FlowODE_Euler(s,z;, fe,T)
The policy outputs the one action chunk out of N that maximizes the (-value, [af e ail h—l] ,
where
" argmax Q(s, [y o ajyp]).

Finally, we directly use this implicitly parameterize policy to generate actions for computing the TD
target for our TD loss:

K 2
1 i* i*
L0y, w) = <Q0k(5tvat7"'  Qepn—1) — TP — e E Qa,, (St Qyyps aat+2h1)> 24
k=1

where azz:&-h’ T 7a§:—2h—1 ~ 7 (:|St4n)-

The baselines BFN-n and BFN are implemented similarly to FQL-n and FQL by operating in the
original action space.
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Algorithm 1 FlowODE_Euler(sy, 2, fe,T): generate actions from the behavior flow policy
fe(s, m,u) with Euler’s method.

Input: State s;, noise z; and flow model f¢ (s, m, ), number of flow steps 7.
mO — 2

fori € {1,---,T} do

| mb fg(shmi_l, (i—1)/T)

Output: m7.

D.5 RLPD, RLPD-AC, QC-RLPD

All the RLPD baseline results are obtained by running the official codebase (as linked in Ball et al.
[7]) with additional modification to incorporate action chunking and behavior cloning. This baseline
runs online RL from scratch using off-policy transitions where 50% of them come from the offline
dataset and the other 50% come from the online replay buffer. It essentially up-weights the online
data more, allowing the online RL agent to learn more quickly. This is different from how QC-*,
BFN, BFN-n, FQL, FQL-n samples off-policy transitions (where we sample from the dataset that
combines the offline dataset and online replay buffer data with no weighting). RLPD baselines all
use Gaussian policy. This is also different from our method as our method uses noise-conditioned
policy that can represent a wider range of distributions. For RLPD-AC, we change all the actor and
critic networks such that they work with an action chunk rather than a single action. The baseline is
exactly the same as our method except that actor and the critic are updated the same as how RLPD
updates its actor and critic. For QC-RLPD, we add a behavior cloning loss in the actor loss as follows
(highlighted in red below):

K
1
L) = Eajrry () |~ 3¢ D Qi (50 0) —alogmy(arsy) | - (25)
k=1

E Experiment Details

E.1 Evaluation protocol

For our method and all baselines, we run 5 seeds on each task. All plots use 95% confidence interval
with stratified sampling (5000 samples). The success rate is computed by running the policy in the
environment for 50 episodes and record the number of times that the policy succeeds at solving the
task (and divide it by 50).

E.2 Hyperparameter tuning

Parameter Value
Batch size (M) 256
Discount factor () 0.99
Optimizer Adam
Learning rate 3x107%
Target network update rate (7) 5x 1073

10 for RLPD, RLPD-AC, QC-RLPD

Critic ensemble size (K) 2 for QC-FQL, FQL, FQL-n, QC-BFN, BFN, BFN-n
1

UTD Ratio
Number of flow steps (1) 10
Number of offline training steps 10° except RLPD-based approaches (0)
Number of online environment steps 1 x 10°
Network width 512
Network depth 4 hidden layers

Table 2: Common hyperparameters.
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Environments FQL FQL-n QC-FQL

scene-sparse—x* 300 100 300
puzzle-3x3—-sparse—x* 100 100 300
cube—-double-x* 300 100 300
cube-triple—x* 300 100 100
cube—quadruple-100M—=* 300 100 100

lift 10000 10000 10000

can 10000 10000 10000

square 10000 10000 10000

Table 3: Behavior regularization coefficient ().

Environments BFN BFN-n QC-BEFN
scene-sparsex* 4 4 32
puzzle-3x3-sparse—x* 4 4 64
cube-double-x* 4 4 32
cube-triple—»* 4 4 32
cube—-quadruple-100M-%* 4 4 32
lift 4 4 16
can 4 4 16
square 4 4 16

Table 4: Number of actions sampled for the expected-max () operator (V) for BFN methods.

QC, BFN, BFN-n. We tune the number of actions sampled, IV, for the expcted-max () operator. On
OGBench domains, we sweep over {2,4, 8,16, 32,64, 128} and select the best parameter for each
domain and for each method on task2. We report the performance of each method with the best o
in Figure 3 and Figure | (on all tasks). Table 4 summarizes the o value we use for each task.

QC-FQL, FQL, FQL-n. We tune the behavior regularization coefficient . On OGBench domains,
we take the default hyperparameter of FQL for each domain qgefays and tune all methods on
task2 of each domain with three choices of a: {@default /3, Qdefaults 3Qdefault } (OUI Cdefault COMES
from Table 6 in Park et al. [53]). On Robomimic domain, we sweep over much large « values:
{100, 1000, 10000}. We report the performance of each method with the best « in Figure 3 and
Figure | (on all tasks). Table 3 summarizes the o value we use for each task.

RLPD, RLPD-AC, QC-RLPD. We sweep over (1) whether or not to use clipped double Q-learning
(CDQ), and (2) whether or not to use entropy backup. We find that not using CDQ and not using
entropy backup to perform the best for all of the RLPD baselines and use that across all domains.
Even though our method and the other FQL baselines use K = 2 critic ensemble size, we use K = 10
critic ensemble size for RLPD to keep it the same as the hyperparameter in the original paper [7].
For QC-RLPD, we sweep over behavior regularization coefficient o € {0.001,0.01,0.1} and pick
0.01 since it works the best.

F Full Results

F.1 End-effector visualization

We provide more examples of the trajectory rollouts from QC and BFN over the course of online
training on cube-triple—-task3. In Figure 9, we show the first 9000 time steps (broken down
into 9 subplots where each visualizes 1000 time steps). In Figure 10, we show another 9000 time
steps but late in the training (from environment step 9 x 10%). The first example is the same as the
one used in Figure 5.
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Qc BFN Qc BFN Qc BFN

Figure 9: End-effector trajectory early in the training. Each subplot above shows the trajectory
for a consecutive of 1000 time steps. We include up to Step 9000.

Qc BFN QC BFN Qc BFN

Figure 10: End-effector trajectory visualization late in the training. Each subplot above shows
the trajectory for a consecutive of 1000 time steps. We include the trajectories from Step 900000 to
Step 99000.

F.2 OGBench results by individual task

Main results by task. The following plot (Figure 12 shows the performance breakdown for Figure 3.
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Figure 11: Full OGBench results by task. For each method on each task, we use 5 seeds.

Ablation results by task. The following plot (Figure 12) shows the performance breakdown for
Figure 4.
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Figure 12: Full OGBench results by task. For each method on each task, we use 5 seeds.
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Q-chunking with Gausian policies. The following plot shows the performance breakdown for
Figure 2. In addition, we include a new method for comparison, QC-RLPD, where we add a behavior
cloning loss to RLPD-AC (RLPD with action chunking).
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Figure 13: Full RLPD results by task. For each method on each task, we use 5 seeds. QC-RLPD
is RLPD-AC (RLPD on the temporally extended action space) where we additionally add a fixed
behavior cloning coefficient of 0.01.

F.3 Robomimic results

Figure 14 shows the performance of QC, QC-FQL, BFN-n, FQL-n, BFN, FQL our three robomimic
tasks. This plot shows the performance breakdown for Figure 4 (right).
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Figure 14: Full robomimic ablation by task. For each method on each task, we use 5 seeds.
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Figure 15: Robomimic results. QC achieves strong performance across all three robomimic tasks. The first
1M steps are offline and the next 1M steps are online with one environment step per training step (5 seeds).
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F.4 Additional Related Work

Exploration with temporally coherent actions. Existing methods either rely on temporally corre-
lated action noises [36] that are constructed through heuristics; hierarchically structured policies (see
the next paragraph), which are often tricky to stabilize during online training; or pre-trained frozen
skill policies [55, 77], which are not amendable for fine-grained online fine-tuning. Our method
uses a single network to represent the policy to generate temporally extended action chunk and it is
trained using a single objective function that is stable to optimize. There is also no frozen, pretrained
components in our approach, ensuring its online fine-tuning flexibility.

Hierarchical reinforcement learning, options framework. Learning temporally extended actions
have also been widely studied in the hierarchical reinforcement learning (HRL) literature [14, 15,
73, 13, 32, 74, 54, 57, 44, 3, 60, 55, 20, 79]. HRL methods typically train a space of low-level
policies that can directly interact with the environment along with a high-level policy that selects
among these low-level policies. These low-level policies can be hand-crafted [12], automatically
discovered online [15, 32, 73, 74, 44], or pretrained using offline skill discovery methods [49, 42,
60, 3, 63, 55,72, 47, 26, 18, 9, 52]. The options framework provides a slightly more sophisticated
and more powerful formulation, where the low-level policy is additionally associated with learnable
initiation condition and termination condition that makes utilization of the low-level policy more
flexible [69, 41, 10, 40, 61, 62, 29, 13, 65, 48, 17, 4, 28, 5, 6]. A long-lasting challenge in HRL is
its bi-level optimization problem: when both low-level and high-level policies are updated during
training, the high-level policies must optimize a moving objective function, which can lead to
instability [44]. To mitigate this, some methods keep the low-level policies frozen after initial
pretraining [3, 55, 77] to improve stability during online training. Our approach is a special case of
HRL where the low-level skill executes a sequence of actions open-loop. This design choice allows
us to collapse the bi-level optimization problem into a standard RL objective in a temporally extended
action space, while retaining many of the exploration benefits associated with HRL methods.

G Future Research

We hope our work will serve as a first step towards training non-Markovian policy for effective online
exploration from prior offline data. Several challenges remain, opening promising directions for future
research. First, our approach use a fixed action chunk, but it is unclear how to choose this size other
than task-specific hyperparameter tuning. A natural next step would be to develop mechanisms that
automatically determine chunk boundaries, akin to initiation and termination conditions in the options
framework [67]). Second, action chunking represents only a limited subclass of non-Markovian
policies and may perform poorly in settings where a high-frequency control feedback loop is essential
(e.g., on-board controller of a quadcopter). We believe that developing practical techniques for
training a more general class of non-Markovian policy for online exploration would further improve
the online sample efficiency of offline-to-online RL algorithms.
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