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Abstract

In this work, we study the scalability of offline reinforcement learning (RL) algo-
rithms. In principle, a truly scalable offline RL algorithm should be able to solve
any given problem, regardless of its complexity, given sufficient data, compute, and
model capacity. We investigate if and how current offline RL algorithms match up
to this promise on diverse, challenging, previously unsolved tasks, using datasets
up to 1000× larger than typical offline RL datasets. We observe that despite scal-
ing up data, many existing offline RL algorithms exhibit poor scaling behavior,
saturating well below the maximum performance. We hypothesize that the horizon
is the main cause behind the poor scaling of offline RL. We empirically verify this
hypothesis through several analysis experiments, showing that long horizons in-
deed present a fundamental barrier to scaling up offline RL. We then show that var-
ious horizon reduction1 techniques substantially enhance scalability on challenging
tasks. Based on our insights, we also introduce a minimal yet scalable method
named SHARSA that effectively reduces the horizon. SHARSA achieves the best
asymptotic performance and scaling behavior among our evaluation methods, show-
ing that explicitly reducing the horizon unlocks the scalability of offline RL.
Code: https://github.com/seohongpark/horizon-reduction

1 Introduction

Scalability, the ability to consistently improve performance with more data and compute, is at the
core of the success of modern machine learning algorithms, across natural language processing
(NLP), computer vision (CV), and robotics. In this work, we are interested in the scalability of
offline reinforcement learning (RL), a framework that can leverage large-scale offline datasets to learn
performant policies. While prior works have shown that current offline RL methods scale to more
(but not necessarily harder) tasks with larger models and datasets [49, 86], it remains unclear how
RL scales with data to more challenging tasks, especially those that require more complex, longer-
horizon sequential decision making.

Our main question, posed informally is:

To what extent can current offline RL algorithms solve complex tasks
simply by scaling up data and compute?

In principle, a truly scalable offline RL algorithm should be able to master any given task, no
matter how complex and long-horizon it is, given a sufficient amount of data (of sufficient coverage),
compute, and model capacity. Studying how current offline RL algorithms live up to this promise is
important, because it will tell us whether we are ready to scale existing offline RL methods, or if we
must further improve offline RL algorithms before scaling them.

1Throughout this work, we use the term “horizon reduction” to refer to techniques that reduce the effective
decision horizon, such as n-step returns and hierarchical policies.
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Figure 1: Horizon reduction makes RL scalable. Standard offline RL methods struggle to scale on highly
challenging tasks, not improving performance with more data. We show that this is mainly because the long
horizon can fundamentally inhibit scaling, and that horizon reduction techniques unlock the scaling of offline RL.

To answer this question, we generate large-scale datasets for tasks that require highly complex, long-
horizon reasoning, and study how current offline RL algorithms scale with data. Specifically, on
complex simulated robotics tasks across diverse domains in OGBench [75], we collect a dataset with
up to one billion transitions for each environment, which is 1000× larger than standard 1M-sized
offline RL datasets used in prior work [21, 75]. To isolate the fundamental sequential decision-making
capabilities of RL algorithms, we also idealize environments by removing other potential confounding
factors, such as visual representation learning. In these controlled yet challenging environments, we
evaluate the performance of state-of-the-art offline RL algorithms while varying the amount of data.

We observe that many existing offline RL algorithms struggle to scale, even with orders of magnitude
more data in these idealized environments. Specifically, we show algorithms such as IQL [47],
SAC+BC (Appendix E.1), CRL [18], and FQL [76] often either completely fail to solve complex tasks,
or require an excessive amount of compute and model capacity to reach even moderate performance.
Their performance often saturates far below the maximum possible performance (Figure 1), especially
on complex, long-horizon tasks, suggesting that there exist scalability challenges in offline RL.

We hypothesize that the reason behind this poor scaling is due to the curse of horizon in both value
learning and policy learning. In value learning, we argue that the temporal difference (TD) learning
objective used in many offline RL algorithms has a fundamental limitation that inhibits scaling
to longer horizons: biases (errors) in the target Q values accumulate over the horizon. Through
controlled analysis experiments, we show that this bias accumulation is strongly correlated with poor
performance. Moreover, we show that increasing the model size or adjusting other hyperparameters,
does not effectively mitigate this issue, suggesting that the horizon fundamentally hinders scaling. In
policy learning, we argue that the complexity of the mapping between states and optimal actions in
long-horizon tasks poses a major challenge, and support this claim with experiments.

We then demonstrate that methods that explicitly reduce the value or policy horizonsexhibit substan-
tially better scaling (Figure 1). For example, we show that even simple techniques to reduce the value
horizon, such as n-step returns, can substantially improve scaling curves and even asymptotic perfor-
mance. Based on our insights, we also propose a minimal yet scalable RL method called SHARSA
that reduces both the value and policy horizons. Our method relies only on simple objectives that do
not require excessive hyperparameter tuning, such as SARSA and behavioral cloning, while effec-
tively reducing the horizon. Despite the simplicity, we show that SHARSA generally exhibits the
best scaling behavior and asymptotic performance among our evaluation methods.

Contributions. Our main contributions are threefold. First, through our 1B-scale data-scaling analy-
sis, we empirically demonstrate that many standard offline RL algorithms scale poorly on complex,
long-horizon tasks. Second, we identify the horizon as a main obstacle to RL scaling, and empirically
show that horizon reduction techniques can effectively address this challenge. Third, we propose a
simple method, SHARSA, that exhibits strong asymptotic performance and scaling behavior.

2 Related work

Offline RL. Offline RL aims to train a reward-maximizing policy from a static dataset without online
interactions [55]. The main challenge in offline RL is to maximize rewards while staying close to the
dataset distribution to avoid distributional shift. Previous works have proposed a number of techniques
to address this challenge based on behavioral regularization [22, 76, 91, 99], conservatism [48],
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weighted regression [77, 78, 97], in-sample maximization [25, 47, 100], uncertainty minimization [3,
71], one-step RL [7, 18], model-based RL [43, 102, 103], and more [10, 31, 39, 40, 53, 84, 96].
Among these methods, we mainly consider three distinct representative model-free algorithms that
have been reported to achieve state-of-the-art performance on standard benchmarks [75, 76, 92],
IQL [47], SAC+BC (Appendix E.1), and CRL [18], as the main subject of our scaling analysis. We
leave the scaling study of of�ine model-based RL for future work.

Scaling RL. Prior work has studied the scalability of RL algorithms in various aspects. Many
previous works focus on scalingonlineRL to solve more diverse tasks with larger models [29, 30, 70],
more compute [81], and parallel simulation [16, 24, 58, 85]. More recently, several works have also
explored the scaling of online, on-policy RL on language tasks [38, 94]. Unlike these works that
study online RL, we focus on the scalability ofof�ine RL algorithms.

Many prior works on scaling of�ine RL focus on scalability tomoretasks by training a large, multi-
task agent that is capable of solving more diverse (but not necessarily harder) tasks [8, 11, 49,
54, 80, 86]. Unlike these works, we focus the ability to solve morechallengingtasks that require
highly complex sequential decision making, given more data and compute. This is analogous to
scalability along the “depth” axis, as opposed to the “width” axis that the prior works have explored.
This is an important, complementary axis to study, as it will let us know whether of�ine RL is
currently bottlenecked by the amount of data and compute, or the fundamental learning capabilities
of algorithms. A closely related work is Park et al.[73], which shows that poor policy extraction and
generalization can bottleneck the scaling of of�ine RL. We study the scalability of of�ine RL to more
complex (in particular, longer-horizon) tasks when these bottlenecks are removed, with the use of
more expressive policy classes and with datasets100� as large as this prior work. This makes our
study distinct from and complementary to the challenges that Park et al. [73] highlight.

Horizon reduction and hierarchical RL. In this work, we identify the horizon length as one of the
main factors that inhibit the scaling of RL. Prior works have developed diverse techniques to reduce
the effective horizon with multi-step or hierarchical value functions [1, 5, 14, 56, 66, 87, 90, 106],
hierarchical policy extraction [26, 62, 72], or high-level planning [17, 19, 35, 36, 44, 45, 57, 69, 74,
82]. While these works in hierarchical RL have mainly focused on exploration [68], representation
learning [67, 72], and planning [17], we focus onscalability, showing that horizon reduction mitigates
bias accumulation and unlocks the scaling of of�ine RL. In this work, we also propose a new, minimal
method (SHARSA) to reduce the horizon. SHARSA is related to previous hierarchical methods that
use rejection sampling for subgoal selection [1, 33, 64]. Inspired by these works, SHARSA uses a
minimal set of techniques (e.g., �ow behavioral cloning and SARSA) that address the horizon issue
in a scalable manner (see Section 6.1 for further discussions).

3 Experimental setup

Problem setting.We aim to understand the degree to which current of�ine RL methods can solve
complex tasks simply by scaling data and compute. In particular, we are interested in the capabilities
of of�ine RL algorithms to solve challenging tasks that requirecomplex, long-hozironsequential
decision-making given enough data. To this end, we focus on theof�ine goal-conditioned RL
setting [75], where we want to train agents that are able to reach any goal state from any other initial
state in the fewest number of steps, from a static, pre-collected dataset of behaviors. This problem
poses a substantial learning challenge, as the agent must learn complex, long-horizon, multi-task
behaviors purely from binary sparse rewards and an unlabeled (reward-free) dataset. We note that
although we mainly focus on goal-conditioned tasks in this work, our claims are not limited to goal-
conditioned settings (Appendix D).

Formally, we consider a controlled Markov process de�ned asM = ( S; A ; �; p ), whereS is the
state space,A is the action space,� (s) 2 �( S) is the initial state distribution andp(s0 j s; a) :
S � A ! �( S) is the transition dynamics kernel. Here,�( X ) denotes the set of probability
distributions on spaceX , and we denote placeholder variables in gray. We denote the discount
factor as
 . The datasetD = f � (n ) gn 2f 1;2;:::;N g consists ofN length-H state-action trajectories,
� = ( s0; a0; s1; a1; : : : ; sH ). We assume that these trajectories are collected in an unsupervised, task-
agnostic manner.
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Environments and datasets.We employ four highly chal-
lenging of�ine goal-conditioned RL tasks in robotics from
the OGBench task suite [75]. Among these tasks,cube in-
volves sequential pick-and-place manipulation of multiple
cube objects,puzzle involves solving a combinatorial puz-
zle called “Lights Out”2 with a robot arm, andhumanoidmaze
involves whole-body control of a humanoid agent to navi-
gate a given maze. These OGBench tasks provide multi-
ple variants with varying levels of dif�culty, and we employ
the hardest tasks (cube-octuple , puzzle-{4x5, 4x6} , and
humanoidmaze-giant ) to maximally challenge of�ine RL al-
gorithms. To our knowledge, no current of�ine RL algorithm
has been reported to achieve non-trivial performance (i.e., non-
zero performance on most evaluation goals) on these hardest
tasks with the original OGBench datasets [75].

On these environments, we generate up to1B transitions using the scripted policies provided by
OGBench. These datasets consist of “play”-style [62] task-agnostic trajectories to ensure suf�cient
coverage and diversity (see also the discussion about dataset coverage in Section 4). Speci�cally, they
contain trajectories that randomly navigate the maze (humanoidmaze), sequentially perform random
pick-and-place (cube), or press random buttons (puzzle ). These task-agnostic, unsupervised datasets
conceptually resemble unlabeled Internet-scale data used to train vision and language foundation
models. We also note that our1B-sized datasets contain about1M trajectories and10M atomic
behaviors in manipulation environments, which is similar or even larger than one of the largest
robotics datasets to date [13].

Idealization. To isolate the core sequential decision-making capabilities of RL from other confound-
ing factors, such as challenges with visual representation learning, distributional shift, and data cov-
erage, we idealize environments and tasks in our analysis experiments. While these challenges are
certainly important in practice, our rationale is to �rst understand how current of�ine RL algorithms
can solve highly challenging tasks in an idealized, controlled setting with near-in�nite data.

Speci�cally, we employ low-dimensional state-based observations with oracle goal representations to
alleviate challenges in visual representation learning. We also remove some evaluation goals that
may require out-of-distribution generalization to ensure all tasks remain in-distribution. Finally, we
ensure that the datasets have suf�cient coverage and optimality, by verifying that our data-collecting
script enables achieving near-perfect performance on the same environment with fewer objects (see
Section 4 for the full discussion). We refer to Appendix F for the details.

Methods we evaluate.In this work, we mainly consider three performant, widely-used of�ine
model-free RL algorithms across different categories: IQL, CRL, and SAC+BC. IQL [47] is based
on in-sample maximization, CRL [18] is based on contrastive learning and one-step RL [7], and
SAC+BC (Appendix E.1) is based on behavioral regularization [22, 99]. Additionally, we employ �ow
behavioral cloning (�ow BC) [6, 12] to understand the scalability of behavioral cloning as well. Due
to high computational costs, we use four random seeds in our scaling experiments (unless otherwise
noted), and report95%con�dence intervals with shaded areas in the plots. A full description and
implementation details of the algorithms are provided in Appendices E and F.

4 Standard of�ine RL methods struggle to scale

We now evaluate the degree to which four standard of�ine RL methods (�ow BC, IQL, CRL, and
SAC+BC) can solve the four challenging tasks by simply scaling up data. Figure 3 shows the scaling
plots of the four methods with1M, 10M, 100M, and1B-sized datasets (see Figure 13 for the full
training curves). These methods are trained for5M steps with[1024; 1024; 1024; 1024]-sized multi-
layer perceptrons (MLPs).

In aggregate, our results show thatnoneof these four standard of�ine RL methods are able to solve
all four tasks, even with the largest1B-sized datasets. Notably, all of them completely fail on the
hardestcube-octuple task. Moreover, their performance often quickly plateaus well below the

2https://en.wikipedia.org/wiki/Lights_Out_(game) .
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Figure 3:Standard of�ine RL methods struggle to scale on challenging tasks.We train four of�ine RL
methods with1M, 10M, 100M, and1B data on four complex, long-horizon tasks. However, even with1B data,
their performance often saturates far below the maximum performance (100%).

optimal success rate (i.e., 100%), despite scaling up data. In other words, these standard of�ine RL
methods struggle to scale on these tasks.

A keen reader may already have several questions about this result. Before proceeding further, we
�rst address those potential questions.

Q: How do you know thesetasksare solvablewith the givendatasets?

A: We will see in Section 6 that it is indeed possible to solve these tasks, or at least achieve non-
trivial performance (denoted in blue in Figure 3). In Appendix A, we also show that these algorithms
can solve the same tasks with fewer objects, using datasets collected by the same scripted policy.
This veri�es that the datasetdistribution(induced by the scripted policy) provides suf�cient coverage
to learn a near-optimal policy.

Q: Haveyou tried fur ther increasing the model size?

A: A natural confounder in the results above is the model size. To understand how this affects
performance, we train SAC+BC, the best method oncube-double andpuzzle-4x4 (Figure 10),
using up to35� larger models with591M parameters, on the largest1B datasets. Figure 4 shows
the training curves. The results suggest that while using larger networks can improve performance
on some tasks to some degree, this alone is not suf�cient to master the tasks, especially the hardest
cube-octuple task. Moreover, the performance often saturates (or sometimes degrades) despite
using larger models. In Appendix B, we provide more ablations with different architectures (residual
MLPs and Transformers), which show similar trends.

While an even larger network with a smaller learning rate3 might further improve performance
(which unfortunately we could not afford, as591M models already require8 days of training), we
are interested in performance within a reasonably bounded total compute budget. If an algorithm is
unable to achieve good performance within a practical amount of compute, we deem it a challenge in
scalability. In contrast, in Section 6, we will show that horizon reduction techniques enable achieving

3We already use a decreased learning rate for the largest591M model; see Appendix B for the details.
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Figure 4:Increasing model capacity alone is not suf�cient to master the tasks.

signi�cantly better scaling behavior and asymptotic performance (denoted in blue in the above �gure)
even with the original[1024]� 4-sized models.

Q: Are you sure this isn't just a hyperparameter or designchoiceissue?

A: While there is always a possibility of achieving better performance with better hyperparameters,
despite our extensive efforts in adjusting hyperparameters and design choices, we were unable to
achieve promising scaling results with these methods. In Appendix B, we present9 ablation studies
on policy classes (Gaussian and �ow policies), network architectures (MLPs and Transformers), value
ensembles, regularization techniques, learning rates, target network update rates, batch sizes, and
gradient steps, showing thatnoneof these changes substantially improves scalability or asymptotic
performance across the board.

5 The curse of horizon

Why do current of�ine RL methods exhibit poor scaling behavior on these challenging tasks? In
the previous section, we observed that adjusting model sizes or other hyperparameters doesnot
effectively improve scaling on complex, long-horizon tasks, even though they scale on simpler tasks
(see Figure 10). This suggests that there may exist a fundamental obstacle that inhibits the scaling of
of�ine RL. We hypothesize that this obstacle is thehorizon. In this section, we discuss and analyze
the curse of horizonalong two orthogonal axes: value and policy.

5.1 The curse of horizon in value learning

Many of�ine RL algorithms train Q functions via temporal difference (TD) learning. Unfortunately,
the TD learning objective has a fundamental limitation: at any gradient step, the prediction target
that the algorithm chases isbiased[89], and these biasesaccumulateover the horizon. Such biases
do not exist (or at least they do not accumulate) in many scalable supervised and unsupervised
learning objectives, such as next-token prediction. As such, we hypothesize that the presence of
bias accumulation in TD learning is one of the fundamental causes behind the poor scaling result in
Section 4. This hypothesis partly explains why CRL, which is not based on TD learning, achieves a
signi�cantly better asymptotic performance onhumanoidmaze-giant in Figure 3.

Figure 5:combination-lock with H = 512.

Didactic task setup. We empirically validate this
hypothesis by performing an analysis on a didactic
task namedcombination-lock (Figure 5). This en-
vironment hasH states and two discrete actions. The
states are linearly ordered, and each state has an “an-
swer” action. The state order and answer actions are
randomly chosen (and kept �xed) when instantiating
the environment. The agent starts from the �rst state,
and whenever it selects the correct action, it moves forward by one step; otherwise, it is sent back
to the �rst state. The agent always gets a reward of� 1 at each step, except at the �nal (goal) state,
where it gets a reward of0 and the episode terminates. Hence, the agent must memorize allH answer
actions to reach the goal.

To understand the effect of bias accumulation in deep TD learning, we evaluate two of�ine Q
learning algorithms with different TD horizons: standard (1-step) DQN [65] andn-step DQN (see
Appendix F.1 for details).4 Note that the optimal Q functions for both algorithms are the same

4Although these are online RL algorithms, we can also use them for of�ine RL without modi�cation, as our
datasets have uniform coverage and thus do not require conservatism.
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(under the optimal, full-coverage datasets) and thus have the same learning complexity, but the latter
involvesn times fewer TD recursions. To compare the maximum possible performance of these two
algorithms in a fair way, we employ two types of datasets that have uniform coverage of length-f 1; ng
trajectory segments, evaluate each method on both datasets, and select the best one for each method.
In this experiment, we do not use a discount factor (i.e., 
 = 1 ) as the task has a �nite horizon. We
refer the reader to Appendix F.1 for the full experimental details.

Figure 6:1-step TD learning suffers bias accumulation (i.e., high Q errors).

We train1-step and64-step DQN oncombination-lock with different horizon lengths, ranging
from H = 256 to H = 4096. First, we measure their performance. The �rst plot in Figure 6 shows
that the performance of1-step DQN drops faster than that of64-step DQN as the horizon increases.

Figure 7:Biases accumulate.

Next, we measure two metrics: the TD error and the Q
error. TheTD error measures the difference against the TD
targety, and theQ error measures against the ground-truth
Q valueQ� . The results are presented in the second and
third plots in Figure 6. They show that1-step DQN has
signi�cantly larger Q errors than64-step DQN, even though
they have similar TD errors. Since the Q error corresponds
to compounded error in the learned Q function, this strongly
suggests that bias accumulation happens in practice, and
that it can substantially affect performance on long-horizon
tasks. We further corroborate this point by measuring how Q errors vary across state positions in
a single episode. Figure 7 shows that Q errors indeed become larger as the distance from the end
increases.

Then, is it possible to �x error accumulation in1-step TD learning by tuning hyperparameters, or is it
a fundamental limitation of deep TD learning? As in Section 4, we adjust diverse hyperparameters,
such as the model size, learning rate (LR), and target network update rate (TUR), and present the
ablation results in Figure 8. The results suggest that simply increasing the model size or decreasing LR
or TUR provides limited or no improvement in both performance and bias accumulation (measured by
Q errors). This matches the observation in Section 4. In contrast,64-step DQN achieves signi�cantly
better performance and Q errors, even with the default-sized network. This suggests that error
accumulation over the horizon may be a fundamental factor that obstructs scaling up TD learning.

Of course, there is a possibility that under certain hyperparameter settings, such as with a very low
learning rate and a much larger network,1-step DQN might be able to converge to the optimal policy
on long-horizon tasks. While it is impossible to experimentally eliminate this possibility entirely, our
results do suggest1-step TD learningscales poorlyin horizon, in the sense that it may require an
excessive amount of compute, model capacity, and the practitioner's time to achieve good performance.
In contrast, our results show that techniques that explicitly reduce the effective horizon, such asn-
step returns (as one example), can potentially be much more effective in addressing this issue.

5.2 The curse of horizon in policy learning

Orthogonal to the bias accumulation issue in value learning discussed in the previous section, the
policy may also independently suffer from the curse of horizon. This is because, even when the
value function is perfect, the policy still needs to�t the mapping between states and optimal actions
prescribed by the Q function, where this mapping can be increasingly complex as the horizon becomes
longer. For example, in the goal-conditioned setting, the mapping between the optimal actions and
distant goals can be highly complex [75], as it depends on the entire topology of the state space.
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Figure 8:Regardless of hyperparameters,1-step TD learning struggles to handle a long horizon.

Analogous ton-step returns in value learning, we can mitigate the curse of horizon in policy learning
by reducing the effective horizon using ahierarchicalpolicy [26, 62, 72, 75]. For example, we can
decompose a goal-conditioned policy� (a j s; g) into a high-level policy� h (w j s; g) that outputs
a subgoalw, and a low-level policy� ` (a j s; w) that outputs actions given the subgoal. Since the
complexity of the individual hierarchical policies is often (much) lower than that of the �at (i.e., non-
hierarchical) policy [72], this can lead to a policy that both performs andgeneralizesbetter [75]. This
is akin to how chain-of-thought reasoning [98] improves the performance of language models, which
shows that decomposing a problem into multiple simpler subtasks is more effective than producing
an answer directly. While we do not perform a separate didactic experiment for this point (as it is
relatively well studied and analyzed in prior work [26, 72, 75]), we will empirically demonstrate
how hierarchical policies can substantially improve the scalability of of�ine RL in challenging
environments in the next section.

6 Horizon reduction makes RLscalebetter

Based on the insights in Section 5, we now apply value and policy horizon reduction techniques to
our four challenging benchmark tasks, and evaluate how they improve the scalability of of�ine RL.

6.1 Horizon reduction techniques

As discussed in the previous section, there are two orthogonal axes of horizons in RL: the value horizon
(Section 5.1) and policy horizon (Section 5.2). In our experiments, we consider four representative
techniques that reduce one or both types of horizons. We refer to Appendix E.2 for the full details.

Value horizon reduction. For value horizon reduction, we considern -step SAC+BC, a variant of
SAC+BC withn-step TD updates, analogous ton-step DQN in Section 5.1. This method reduces the
value horizon, but not the policy horizon, as it learns a �at policy.

Policy horizon reduction. We consider two techniques that reduce the policy horizon, but not the
value horizon.Hierarchical �ow BC (hierarchical FBC) trains a hierarchical policy (� h and� ` )
with �ow behavioral cloning, without performing RL.HIQL [72] trains a �at value function with
goal-conditioned IQL, but extract a hierarchical policy from it. These methods will tell us the degree
to which having a hierarchical policyalonecan improve performance.

Value and policy horizon reduction. We can reduce both the value and policy horizons with full-
�edged hierarchical RL. While there are several approaches that perform full hierarchical of�ine RL
with a (potentially complex) high-levelplanner(Section 2), there exist only a handful of planning-
free methods that reduceboththe value and policy horizons [1, 33, 64]. Since these methods are either
based on (less scalable) variational autoencoders or recurrent networks [1, 64], or only applicable to
language-based tasks [33], we propose a new method calledSHARSA in the following section.

6.2 SHARSA: a minimal, scalable of�ine RL method for horizon reduction

We propose a simple, scalable of�ine RL method that reduces both the value and policy horizons
for continuous control. Our main goal here is, rather than designing a completely novel technique
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that achieves state-of-the-art performance, to empirically demonstrate how reducing both types of
horizons improves scalability, even with otherwise simple ingredients.

The main challenge with full hierarchical of�ine RL (i.e., value and policy horizon reduction) is
high-level policy extraction: learning a subgoal policy� h (w j s; g) that maximizes values while not
deviating too much from the data distribution. For low-level or �at policies (whose output space is
A), policy extraction is typically best done by reparameterized gradients in the action space [73]
(e.g., DDPG+BC [22, 73]). However, the same technique does not necessarily work for high-level
policies (whose output space isS), since �rst-order gradient information in thestatespace may not be
semantically meaningful (e.g., the button states ofpuzzle are discrete, and thus �rst-order gradients
in the state space are not even well-de�ned).

To address this challenge, we employrejection sampling[9, 31, 33, 64] with an expressive�ow
policy [2, 6, 59, 61, 76] for high-level policy extraction: we �rst sampleN subgoals from a high-level
�ow BC policy � h

� and pick the best one based on a high-level (goal-conditioned) value functionQh :

� h (s; g) d= arg max
w1 ;:::;w N :w i � � h

� (w js;g )
Qh (s; wi ; g); (1)

where d= denotes equality in distribution. This is bene�cial because it does not use �rst-order
information (unlike reparameterized gradients) while leveraging the expressivity of a �ow policy [73,
76]. For the value functionQh in Equation (1), we employ high-level SARSA [89] for simplicity,
which trains behavioral value functions with the following losses:

L V (V h ) = E
h
D

�
V h (sh ; g); �Qh (sh ; sh+ n ; g)

� i
; (2)

L Q (Qh ) = E
h
D

�
Qh (sh ; sh+ n ; g);

n � 1X

i =0


 i r (sh+ i ; g) + 
 n V h (sh+ n ; g)
� i

; (3)

whereV h is a high-level state value function,�Qh is the target network [65], D is a loss function
(regression or binary cross-entropy; we use the latter), and the expectations are taken over length-n
trajectories(sh ; ah ; : : : ; sh+ n ) and goalsg sampled from the dataset. We refer to Appendix E.3 for
the full details. We note that one can use anydecoupledvalue learning methods (i.e., those that do
not involve policy learning, such as IQL [47]) in place of SARSA. For the low-level policy, we can
either simply employ goal-conditioned �ow BC, or do another round of similar rejection sampling
based on a low-level behavioral (SARSA) value function. We call the former variantSHARSA5 and
the latter variantdouble SHARSA. We provide the pseudocode for SHARSA and double SHARSA
in Algorithms 1 and 2.

SHARSA is appealing for two reasons. First, it is simple and easy to use. SHARSA is only based
on behavioral cloning and SARSA, both of which do not require extensive hyperparameter tuning,
unlike typical of�ine RL algorithms [73, 92]. Second, it reduces both the value and policy horizon
lengths with an expressive �ow policy. This mitigates the curse of horizon in a scalable way.

6.3 Results

We now evaluate the performance of various horizon reduction techniques on the main benchmark
tasks. We present the data-scaling curves in Figure 9 (see Figure 14 for the training curves). The
results show that horizon reduction techniques can indeed unlock the scalability of of�ine RL on
these challenging tasks. We highlight three particularly informative comparisons:

Value horizon reduction: SAC+BC vs. n -step SAC+BCshows that simply reducing thevalue
horizon withn-step returns (n-step SAC+BC) substantially improves scalability and evenasymptotic
performance on many tasks. This matches our didactic experiments in Section 5.1. We note that their
network sizes and training objectives are identical, except for the use ofn-step returns.

Policy horizon reduction: Flow BC vs. hierarchical �ow BC shows that reducing thepolicy
horizon also signi�cantly improves performance, but on a different set of tasks. In particular, it shows
that, on some tasks (e.g., cube-octuple ), it is challenging to achieve even non-zero performance
without reducing the policy horizon.

5This acronym stands for (state)–(high-level action)–(reward)–(state)–(high-level action).
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Figure 9:Horizon reduction makes RL scalable.Value and policy horizon reduction techniques often result
in substantially better scaling and asymptotic performance.

Value and policy horizon reduction: SHARSA vs. the othersshows that reducingbothvalue and
policy horizons leads to the best of both worlds. In particular, (double) SHARSA is theonly method
that achieves non-trivial performance on all four tasks in our experiments. In Appendix C, we present
several ablation studies on SHARSA, discussing the relative importance of various design choices
(e.g., alternative policy extraction strategies and value learning objectives).

7 Call for research: of�ine RL algorithms should be evaluated for scalability

In this work, we empirically showed that standard, non-hierarchical of�ine RL methods struggle to
scale on complex tasks. We hypothesized that this is due to the curse of horizon, and demonstrated
that techniques that explicitly reduce the horizon length, including SHARSA, can unlock scalability.

However, this is far from the end of the story. Empirically, still none of these techniques enable
masteringall four tasks (i.e., achieving a100%performance), even with1B data. Methodologically,
these hierarchical methods onlymitigatethe error accumulation issue in TD learning with two-level
hierarchies, rather than fundamentally solving it. Moreover, SHARSA and othern-step return-based
methods implicitly assume that dataset trajectories are near-optimal within short segments (although
double SHARSA relaxes this assumption to some extent). Finally, our results still indicate room for
improvement over SHARSA, as in some cases the performance does not always scale monotonically
with increasing dataset sizes (Figure 9). These limitations of current approaches open up a number of
fruitful research questions in scalable reinforcement learning:

• Can we completely avoid TD learning while performing RL (e.g., potentially with model-based
RL [29], linear programming [79, 96], or shortest path algorithms [15, 41])?

• Can we �nd asimple, scalable way to extend beyond two-level hierarchies to deal with horizons
of arbitrary length?

• Is the curse of horizon fundamentally impossible to solve? The RL theory community suggests
otherwise [104, 105], and can we instantiate such a principle within deep RL?

We conclude this paper by calling for research onscalableof�ine RL algorithms, that is, algorithmic
research done on large-scale datasets and complex tasks. Currently, of�ine RL research is often mainly
conducted on standard datasets (e.g., D4RL [21], OGBench [75], etc.) with 1M–5M transitions.
However, success on small-scale tasks and datasets does not necessarily guarantee success on datasets
that are1000� larger, as not every algorithmscalesequally [88, 93]. Hence, to assess their potential
at scale, it is important to directly evaluate new methods on substantially more challenging tasks
and larger datasets and measure scaling trends. To facilitate this, we open-source our tasks, datasets,
and implementations (link), where we have made them as easy to use as possible. We hope that
our insights in this work, as well as our open-source implementation, serve as a foundation for the
development of scalable of�ine RL objectives that unlock the full potential of data-driven RL.
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A Of�ine RL scales well on short-horizon tasks

(a)Training curves.

(b) Data-scaling curves.

Figure 10:Of�ine RL scales well on easier, shorter-horizon tasks.We evaluate �ow BC, IQL, CRL, and
SAC+BC on the same tasks with fewer objects, and show that they generally scale well on these simpler tasks.

To further verify the validity of our benchmark tasks as well as the of�ine RL algorithms considered
in Section 4, we evaluate these methods on the same tasks with fewer objects:cube-double with 2
cubes (as opposed tocube-octuple with 8 cubes) andpuzzle-4x4 with 16 buttons (as opposed
to puzzle-4x5 with 20buttons). Figure 10 shows the training and data-scaling curves of �ow BC,
IQL, CRL, and SAC+BC on the two tasks. The results suggest that current of�ine RL algorithms
generally scale well on these easier, shorter-horizon tasks. This con�rms that our datasetdistribution
provides suf�cient coverage to learn a near-optimal policy, and serves as a sanity check for our
implementations of these of�ine RL algorithms

B Other attempts to �x the scalability of of�ine RL

In the main paper, we showed that standard (�at) of�ine RL methods struggle to scale on complex,
long-horizon tasks, and that horizon reduction techniques can effectively address this scalability issue.
Are there other solutions to �x scalability without reducing the horizon? We were unable to �nd any
techniques that are as effective as horizon reduction, and we describe failed attempts in this section.
Unless otherwise mentioned, we employ SAC+BC and the largest1B datasets in the experiments
below. We note that SAC+BC is the best method in Figure 10, and that behavior-regularized methods
of this sort achieve state-of-the-art performance on standard benchmarks [91].

Larger networks. The �rst row of Figure 11 shows the results with larger networks with MLPs and
residual MLPs (ResMLPs) [51, 70], up to591M-sized models. To stabilize training, we reduce the
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Figure 11:Nine different attempts to �x the scalability of of�ine RL without horizon reductions. The
results show thatnoneof these �xes are as effective as horizon reduction (denoted by the blue line) in general.

learning rate of the largest591M model from0:0003to 0:0001, conceptually following the suggestion
by Yang et al.[101]. The results suggest that while larger networks can improve performance to
some degree, simply increasing the capacity is not suf�cient to master the tasks. On the other hand,
horizon reduction enables signi�cantly better asymptotic performance (denoted in blue) even with
the default-sized models. We refer to the main paper (Section 4) for further discussion.
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Transformers. We investigate whether replacing MLPs with Transformers [95] can improve perfor-
mance. To handle vector-valued inputs with a Transformer, we �rst map the input to aTr -dimensional
vector using a dense layer, reshape it into a length-T` sequence ofTk -dimensional vectors, pass
it throughTn self-attention blocks (withTm MLP units) with four independent heads, and con-
catenate the outputs for the �nal dense layer. We employ Transformers of two different sizes with
(Tr ; T` ; Tk ; Tn ; Tm ) = (2048; 16; 128; 4; 128)and(2048; 8; 256; 10; 1024). The former network has
3M total parameters and the latter has41M total parameters. Due to the signi�cantly higher computa-
tional cost, we use a smaller batch size (256instead of1024) for runs with the larger Transformer,
so that each run completes within three days. The second row of Figure 11 shows the results with
Transformers. These results suggest that while using Transformers improves performance on some
tasks, it still often falls signi�cantly short of horizon reduction techniques.

More expressive policies.To understand whether a more expressive policy can improve performance,
we train (goal-conditioned) FQL [76], one of the closest methods to SAC+BC that use expressive
�ow policies [2, 59, 61]. The third row of Figure 11 presents the results, which suggest that simply
changing the policy class does not improve performance on the four benchmark tasks.

Larger Q ensembles.The fourth row of Figure 11 compares the results with2 (default) and10Q
networks. The results show that their performances are nearly identical.

Regularization. To understand whether additional regularization can address the scalability is-
sue, we evaluate performance with weight decay (with a coef�cient of0:01, selected from
f 0:0001; 0:001; 0:01; 0:1g). We note that we use layer normalization [4] by default for all networks.
The �fth row of Figure 11 shows the results. While weight decay yields a non-trivial improvement on
one task (humanoidmaze-giant ), it does not improve performance on the other three, more chal-
lenging tasks.

Smaller learning rates (LRs) and target network update rates (TURs).The sixth and seventh
rows of Figure 11 show the results with different learning rates and target network update rates.
These results indicate that simply adjusting these hyperparameters does not substantially improve
performance on the benchmark tasks.

Larger batch sizes.The eighth row of Figure 11 shows the results with larger batch sizes. While
larger batches help onhumanoidmaze-giant , they do not improve performance on the other three
tasks.

Longer training. The ninth row of Figure 11 shows the results with5� longer training (25M gradient
steps in total). While extended training improves performance onhumanoidmaze-giant , it does
not yield signi�cant improvements on the other three tasks.

Other attempts. In the earlier stages of this research, we tried a classi�cation-based loss with HL-
Gauss [20, 37], but it did not lead to a signi�cant improvement in performance. We also tried residual
TD error minimization [83] (i.e., removing the stop-gradient in the TD target), but we were unable to
achieve non-trivial performance with the residual loss.

C Ablation studies of SHARSA

In this section, we present three ablation studies on the design choices of SHARSA. All results are
evaluated on the largest1B datasets.

Value learning methods.While SHARSA uses SARSA for the value learning algorithm, we can in
principle use any decoupled value learning algorithm (i.e., one that does not involve policy learning)
in place of SARSA, such as IQL [47] or its variants [25, 100]. The �rst row of Figure 12 compares the
performance of three different value learning methods within the SHARSA framework: SARSA, IQL
with � = 0 :7, and IQL with� = 0 :9, where� is the expectile hyperparameter in IQL (Appendix E.1).
The results suggest that the simplest SARSA algorithm is suf�cient to achieve the best performance
on our benchmark tasks, which partly aligns with recent �ndings [7, 18, 50].

Policy extraction methods.SHARSA uses rejection sampling for high-level policy extraction. In
the main paper, we discussed how reparameterized gradient-based approaches may not be suitable for
high-levelpolicy extraction, due to potentially ill-de�ned �rst-order gradient information in the state
space. To empirically con�rm this, we replace rejection sampling in SHARSA with two alternative
policy extraction methods based on reparameterized gradients: DDPG+BC [22, 73] and FQL [76].

19



Figure 12:Ablation studies of SHARSA.

The former extracts a (high-level) Gaussian policy and the latter extracts a (high-level) �ow policy.
We recall that SHARSA uses goal-conditioned BC for the low-level policy. The second row of
Figure 12 presents the results. As expected, the results show that these reparameterized gradient-
based methods perform worse than rejection sampling, especially on thepuzzle tasks, which contain
discrete information (e.g., button states) in the state space.

Value losses. As explained in Appendix E.3, we employ the binary cross-entropy (BCE) loss
(instead of the more commonly used regression loss) for the value losses in SHARSA (Equations (25)
and (26)). The third row of Figure 12 compares these two choices, showing that the BCE loss leads
to better performance and faster convergence. While we do not provide separate plots, we found that
the BCE loss generally results in better performance, regardless of the underlying algorithms.

D Additional results

Table 1:Horizon reduction improves performance in reward-based (non-goal-conditioned) RL too.

Task SARSA IQL SAC+BC n-SAC+BC SHARSA(� = 0 :5) SHARSA(� = 0 :7)

Horizon Reduction Type - - - Value Value & policy Value & Policy

cube-quadruple-play-singletask-task1-v0 0 � 0 7 � 6 0 � 0 0 � 0 50 � 9 60 � 8

puzzle-4x5-play-singletask-task1-v0 4 � 3 24 � 7 0 � 0 0 � 0 94 � 3 94 � 2

puzzle-4x6-play-singletask-task1-v0 2 � 2 5 � 2 0 � 0 0 � 0 14 � 6 14 � 7

humanoidmaze-giant-navigate-singletask-task1-v0 0 � 0 2 � 2 44 � 35 88 � 3 26 � 4 87 � 3

Results on reward-based tasks.While we focus on goal-conditioned tasks in this work, the bene�ts
of horizon reduction are not limited to goal-conditioned RL. To empirically demonstrate this, we
additionally evaluate two horizon reduction techniques,n-step SAC+BC (which reduces the value
horizon) and SHARSA (which reduces both the value and policy horizons), on four reward-based
singletask tasks from OGBench [75]. We employ100M-sized (cube) and1B-sized (others)
datasets.

On these tasks, we evaluate SARSA, IQL (with� = 0 :7), SAC+BC,n-step SAC+BC, and SHARSA.
Additionally, we consider an IQL variant of SHARSA (with� = 0 :7, Appendix C), which can
be helpful as thesesingletask tasks have higher suboptimality due to the absence of hindsight
relabeling. We use AWR with� = 10 for SARSA and IQL, and BC regularization with� = 0 :01
(humanoidmaze) or 0:1 (others) for SAC+BC andn-step SAC+BC.

Table 1 shows the performance measured at the1M epoch. The results suggest that these horizon
reduction techniques signi�cantly improve performance in reward-based of�ine RL as well.
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Figure 13:Training curves of standard of�ine RL methods.

Figure 14:Training curves of horizon reduction techniques.

Full training curves. Figures 13 and 14 provide the full training curves of the methods considered in
Figures 3 and 9, respectively.
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E Of�ine RL algorithms

In this section, we describe the of�ine (goal-conditioned) RL algorithms considered in this work. In
the below,
 2 [0; 1] denotes the discount factor andGdenotes the goal space, which is the domain of
a goal speci�cation function' g(s) : S ! G . For example, inhumanoidmaze, ' g is a function that
outputs only thex-y coordinates of the state. We also assume that the action space is ad-dimensional
Euclidean space (i.e., A = Rd), unless otherwise mentioned. We denote network parameters as�
(with corresponding subscripts when there are multiple networks). The goal-conditioned reward
functionr (s; g) : S �G ! R is given as either[s = g] (the0-1 sparse reward function) or[s = g] � 1
(the� 1-0 sparse reward function), where[�] is the Iverson bracket (i.e., the indicator function for
propositions). We use the former for classi�cation-based methods and the latter for regression-based
methods.

We denote the state-action-goal sampling distribution aspD . In general,pD (s; a) is the uniform
distribution over the dataset state-action pairs andpD (g j s; a) is a mixture of the four distributions:
the Dirac delta distribution at the current state (pD

cur ), a geometric distribution over the future states
(pD

geom ), the uniform distribution over the future states (pD
traj ), and the uniform distribution over

the dataset states (pD
rand ). We refer to Park et al.[75] for the full details. The ratios of these four

distributions are tunable hyperparameters, which we specify in Table 3.

E.1 Flat of�ine RL algorithms

Flow behavioral cloning (�ow BC) [ 6, 12, 76]. Goal-conditioned �ow behavioral cloning trains a
vector �eld v� (t; s; z; g) : [0; 1] � S � Rd � G ! Rd that generates behavioral action distributions.
It minimizes the following objective:

L (� ) = Es;a � pD (s;a ) ; g� pD (gjs;a ) ;
z�N (0 ;I d ) ; t � Unif([0 ;1]) ;

a t =(1 � t )z+ ta

h


 v� (t; s; at ; g) � (a � z)




 2

2

i
; (4)

whereUnif([0 ; 1]) denotes the uniform distribution over the interval[0; 1].

After training the vector �eldv� , actions are obtained by solving the ordinary differential equation
(ODE) corresponding to the�ow [52] generated by the vector �eld. We use the Euler method with
a step count of10, following prior work [76]. See Lipman et al.[60], Park et al.[76] for further
discussions about �ow matching and �ow policies.

Implicit Q-learning (IQL) [ 47, 72]. Goal-conditioned IQL trains a state value functionV� V (s; g) :
S �G ! R and a state-action value functionQ� Q (s; a; g) : S �A�G ! R with the following losses:

L V (� V ) = E(s;a ) � pD (s;a ) ; g� pD (gjs;a )

h
`2

�

�
V� V (s; g) � Q �� Q

(s; a; g)
�i

; (5)

L Q (� Q ) = E(s;a;s 0) � pD (s;a;s 0) ; g� pD (gjs;a )

h�
Q� Q (s; a; g) � r (s; g) � 
V � V (s0; g)

� 2
i

; (6)

where`2
� denotes the expectile loss,`2

� (x) = j� � [x < 0]jx2, and�� Q denotes the parameters of the
target Q network [65].

From the learned Q function, it extracts a (Gaussian) policy� � � (a j s; g) : S � G ! �( A ) by
maximizing the following DDPG+BC objective [73]:

J � (� � ) = E(s;a ) � pD (s;a ) ; g� pD (gjs;a )
�
Q� Q (s; � � � (s; g); g) + � log � � � (a j s; g)

�
; (7)

where� � � denotes the mean of the Gaussian policy� � � and� denotes the hyperparameter that con-
trols the strength of the BC regularizer. While the original IQL method uses the AWR objective [77],
we use DDPG+BC as Park et al. [73] found it to scale better than AWR.

Contrastive reinforcement learning (CRL) [18]. CRL trains a logarithmic goal-conditioned value
function f � f (s; a; g) : S � A � G ! R with the following binary noise contrastive estimation
objective [63]:

J f (� f ) = E(s;a ) � pD (s;a ) ;g� pD
+ (gjs;a ) ;

g� � pD
� (g)

�
log � (f � f (s; a; g)) + log(1 � � (f � f (s; a; g� )))

�
; (8)
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where� : R ! (0; 1) is the sigmoid function,pD
+ is a geometric future goal sampling distribution, and

pD
� is the uniform goal sampling distribution. Eysenbach et al.[18] show that the optimal solutionf �

to the above objective is given byf � (s; a; g) = log QMC (s; a; g) + C(g), whereQMC is the Monte-
Carlo value function andC is a function that does not depend ons anda. As in Eysenbach et al.
[18], we employ an inner product parameterization to modelf � f asf (s; a; g) =  1(s; a)>  2(g)
(where we omit the parameter dependencies for simplicity) withk-dimensional representations,
 1 : S � A ! Rk and 2 : G ! Rk .

Similarly to IQL, CRL extracts a policy with the following DDPG+BC objective:
J � (� � ) = E(s;a ) � pD (s;a ) ; g� pD (gjs;a )

�
f � f (s; � � � (s; g); g) + � log � � � (a j s; g)

�
: (9)

Soft actor-critic + behavioral cloning (SAC+BC).SAC+BC is the SAC [27] variant of TD3+BC [22,
91]. We found SAC+BC to be generally better than both TD3+BC [22] and its successor Re-
BRAC [91] due to the use of stochastic actions in the actor loss (note that TD3 [23] uses deterministic
actions in the actor objective), which serves as a regularizer in the of�ine RL setting. Goal-conditioned
SAC+BC minimizesL Q and maximizesJ � below to train a Q functionQ� Q and a policy� � � :

L Q (� Q ) = E(s;a;s 0) � pD (s;a;s 0) ; g� pD (gjs;a ) ;
a � � � � � (ajs0;g)

� �
Q� Q (s; a; g) � r (s; g) � 
Q �� Q

(s0; a� ; g)
� 2

�
; (10)

J � (� � ) = E(s;a ) � pD (s;a ) ;
a � � � � � (ajs;g )

�
Q� Q (s; a� ; g) � � ka� � ak2

2 � � log � � � (a� j s; g)
�

; (11)

where� is the hyperparameter for the BC strength and� is the entropy regularizer (which is often
automatically adjusted with dual gradient descent to match a target entropy value [28]).

On goal-conditioned tasks with0-1 sparse rewards, since we know that the optimal Q values are
always in between0 and1, we can instead use the followingbinary cross-entropy (BCE)variant for
the Q loss [42]:

L Q
BCE (� Q ) = E(s;a;s 0) � pD (s;a;s 0) ; g� pD (gjs;a ) ;

a � � � � � (ajs0;g)

h
BCE

�
Q� Q (s; a; g); r (s; g) + 
Q �� Q

(s0; a� ; g)
�i

;

(12)

whereBCE(x; y) = � y logx � (1 � y) log(1 � x). We found this variant to be generally better than
the original regression objective, as it focuses better on small differences in low Q values, which is
crucial for extracting policies on long-horizon tasks. When using the binary cross-entropy variant,
we model thelogits of Q values (instead of the raw Q values) with a neural network, and use the logit
values in place of the Q values in the SAC+BC actor objective as follows:

J �
BCE (� � ) = E(s;a ) � pD (s;a ) ;

a � � � � � (ajs;g )

�
logit Q� Q (s; a� ; g) � � ka� � ak2

2 � � log � � � (a� j s; g)
�

: (13)

We found the use of logits in the actor loss to be crucial on long-horizon tasks, as it applies more
uniform behavioral constraints across the state space.

Flow Q-learning (FQL) [ 76]. FQL is a behavior-regularized of�ine RL algorithm that trains a
�ow policy with one-step distillation. Goal-conditioned FQL trains a Q functionQ� Q (s; a; g) :
S � A � G ! R, a BC vector �eldv� � (t; s; z; g) : [0; 1] � S � Rd � G ! Rd that generates a noise-
conditioned �ow BC policy� � � (s; z; g) : S � Rd � G ! A , and a noise-conditioned one-step policy
� � � (s; z; g) : S � Rd � G ! A , with the following losses:

L � (� � ) = E(s;a ) � pD (s;a ) ; g� pD (gjs;a ) ;
z�N (0 ;I d ) ; t � Unif([0 ;1]) ;

a t =(1 � t )z+ ta

h


 v� � (t; s; at ; g) � (a � z)




 2

2

i
; (14)

L Q (� Q ) = E(s;a;s 0) � pD (s;a;s 0) ; g� pD (gjs;a ) ;
z�N (0 ;I d ) ; a � = � � � (s0;z;g )

� �
Q� Q (s; a; g) � r (s; g) � 
Q �� Q

(s0; a� ; g)
� 2

�
; (15)

L � (� � ) = E(s;a ) � pD (s;a ) ;
g� pD (gjs;a ) ;

z�N (0 ;I d )

�
� Q(s; � � � (s; z; g); g) + � k� � � (s; z; g) � � � � (s; z; g)k2

2

�
; (16)

where� is the BC coef�cient. The output of FQL is the one-step policy� � � . In our experiments, we
use the binary cross-entropy variant of FQL in our experiments, which replaces the regression loss in
Equation (15) with the corresponding binary cross-entropy loss, as in Equation (12).
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E.2 Hierarchical of�ine RL algorithms

n -step soft actor-critic + behavioral cloning (n -step SAC+BC).n-step SAC+BC is a variant of
SAC+BC that employsn-step returns. The only difference from SAC+BC is that it minimizes the
following value loss:

L Q (� Q ) = E(sh ;a h ;:::;s h + n ) � pD ;
g� pD (gjsh ;a h ) ;

a � � � � � (ajsh + n ;g)

"

D

 

Q� Q (sh ; ah ; g);
n � 1X

i =0


 i r (sh+ i ; g) + 
 n Q �� Q
(sh+ n ; a� ; g)

!#

;

(17)

where we omit the arguments inpD (sh ; ah ; : : : ; sh+ n ) andD is either the regression lossReg(x; y) =
(x � y)2 or the binary cross-entropy lossBCE(x; y) = � y logx � (1 � y) log(1 � x). We found
that the BCE loss performs and scales better in our experiments. In practice, we also need to handle
several edge cases involving truncated trajectories and goals in the above loss; we refer the reader to
our implementation for further details.

Hierarchical �ow BC (hierarchical FBC). Hierarchical �ow BC trains two policies: a high-level
policy � h

� h
(w j s; g) : S � G ! �( G) and a low-level policy� `

� `
(a j s; w) : S � G ! �( A ), where

we denote subgoals byw. The high-level policy is trained to predict subgoals that aren steps away
from the current state, and the low-level policy is trained to predict actions to reach the given subgoal.
Both policies are modeled by �ows, with vector �eldsvh

� h
(t; s; z; g) : [0; 1] � S � Rm � G ! Rm

andv`
� `

(t; s; z; w) : [0; 1] � S � Rd � G ! Rd, where we assume that the goal space isG = Rm .
These vector �elds are trained with the following �ow-matching losses:

L h (� h ) = E(sh ;a h ;:::;s h + n ) � pD ; g� pD (gjsh ;a h ) ;
z�N (0 ;I m ) ; t � Unif([0 ;1]) ;

w t =(1 � t )z+ t' g (st + h )

h


 vh

� h
(t; sh ; wt ; g) � (' g(st + h ) � z)




 2

2

i
; (18)

L ` (� ` ) = E(sh ;a h ;:::;s h + n ) � pD ; z �N (0 ;I d ) ;
t � Unif([0 ;1]) ; a t =(1 � t )z+ ta h

h


 v`

� `
(t; sh ; at ; sh+ n ) � (ah � z)




 2

2

i
: (19)

Hierarchical implicit Q-learning (HIQL) [ 72]. HIQL trains a single goal-conditioned value
function with implicit V-learning (IVL) [75], and extract hierarchical policies (� h

� h
and� `

� `
) with

AWR-like objectives [77]. It trains a value functionV� V (s; g) : S � G ! R that is parameterized
asV� V (s; g) = ~V� V (s;  � V (s; g)) with a representation function � V (s; g) : S � G ! Rk and a
remainder network~V� V (s; z) : S � Rk ! R, where we do not distinguish the parameters for , ~V ,
andV to emphasize that they are part of the value network. The IVL value loss is as follows:

L V (� V ) = E(s;a;s 0) � pD (s;a;s 0) ; g� pD (gjs;a )
�
`2

�

�
V� V (s; g) � r (s; g) � 
V �� V

(s0; g)
��

; (20)

where`2
� is the expectile loss described in Appendix E.1. From the value function, it extracts two

policies by maximizing the following AWR objectives:

J h (� h ) = E(sh ;a h ;:::;s h + n ) � pD ;
g� pD (gjsh ;a h )

h
e� (V (sh + n ;g) � V (sh ;g)) log � h

� h
( � V (sh ; sh+ n ) j sh ; g)

i
; (21)

J ` (� ` ) = E(sh ;a h ;:::;s h + n ) � pD

h
e� (V (sh +1 ;sh + n ) � V (sh ;sh + n )) log � `

� `
(ah j sh ;  � V (sh ; sh+ n ))

i
;

(22)

where� is the inverse temperature hyperparameter for AWR. Similar ton-step SAC+BC, there are
several edge cases with truncated trajectories and goals, and we refer to our implementation for the
full details.

E.3 SHARSA

SHARSA. SHARSA is our newly proposed of�ine RL algorithm based on hierarchical �ow BC and
n-step SARSA. It has the following components:

• High-level BC �ow policy � h
�;� h

(w j s; g) : S � G ! �( G),

• Low-level BC �ow policy � `
�;� `

(a j s; w) : S � G ! �( A ),
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• n-step Q functionQ� Q (s; w; g) : S � G � G ! R,

• n-step V functionV� V (s; g) : S � G ! R.

As in hierarchical FBC, the policies are modeled by vector �elds,vh
� h

(t; s; z; g) : [0; 1] � S � Rm �
G ! Rm andv`

� `
(t; s; z; w) : [0; 1] � S � Rd � G ! Rd, where we recall thatG = Rm andA = Rd.

They are trained via the following �ow behavioral cloning losses:

L h (� h ) = E(sh ;a h ;:::;s h + n ) � pD ; g� pD (gjsh ;a h ) ;
z�N (0 ;I m ) ; t � Unif([0 ;1]) ;

w t =(1 � t )z+ t' g (st + h )

h


 vh

� h
(t; sh ; wt ; g) � (' g(st + h ) � z)




 2

2

i
; (23)

L ` (� ` ) = E(sh ;a h ;:::;s h + n ) � pD ; z �N (0 ;I d ) ;
t � Unif([0 ;1]) ; a t =(1 � t )z+ ta h

h


 v`

� `
(t; sh ; at ; sh+ n ) � (ah � z)




 2

2

i
; (24)

where we recall that' g is the goal speci�cation function de�ned in the �rst paragraph of Appendix E.
The value functions are trained with the following SARSA losses:

L V (� V ) = E(sh ;a h ;:::;s h + n ) � pD ;
g� pD (gjsh ;a h )

h
D

�
V h

� V
(sh ; g); Qh

�� Q
(sh ; sh+ n ; g)

�i
; (25)

L Q (� Q ) = E(sh ;a h ;:::;s h + n ) � pD ;
g� pD (gjsh ;a h )

"

D

 

Qh
� Q

(sh ; sh+ n ; g);
n � 1X

i =0


 i r (sh+ i ; g) + 
 n V h
� V

(sh+ n ; g)

!#

;

(26)

whereD is either the regression lossReg(x; y) = ( x � y)2 or the binary cross-entropy loss
BCE(x; y) = � y logx � (1 � y) log(1 � x). As before, we found that the BCE variant works better
on long-horizon tasks.

At test time, we employ rejection sampling for the high-level policy. Speci�cally, it de�nes the
distribution of the high-level policy� h

� h
(w j s; g) : S � G ! �( G) as follows:

� h
� h

(s; g) d= arg max
w1 ;:::;w N :w i � � h

�;� h
(w js;g )

Qh
� Q

(s; wi ; g); (27)

whereN is the number of samples. SHARSA simply uses the behavioral low-level policy;i.e.,

� `
� `

(s; w) d= � `
�;� `

(s; w). We provide the pseudocode in Algorithm 1.

Double SHARSA.Double SHARSA employs an additional round of rejection sampling in the low-
level policy to further enhance optimality. To do this, it de�nes additional low-level value networks:

• Low-level Q functionQ`
� q

(s; a; w) : S � A � G ! R,

• Low-level V functionV `
� v

(s; w) : S � G ! R.

They are trained with the following SARSA losses:

L v (� v ) = E(sh ;a h ;:::;s h + n ) � pD

h
D

�
V `

� v
(sh ; sh+ n ); Q`

�� q
(sh ; ah ; sh+ n )

�i
; (28)

L q(� q) = E(sh ;a h ;:::;s h + n ) � pD

h
D

�
Q`

� q
(sh ; ah ; sh+ n ); r (sh ; sh+ n ) + ~
V `

� v
(sh+1 ; sh+ n )

�i
; (29)

where~
 is the low-level discount factor de�ned as~
 = 1 � 1=n. At test time, double SHARSA de�nes
the distribution of the low-level policy� `

� `
(a j s; w) : S � G ! �( A ) with rejection sampling:

� `
� `

(s; w) d= arg max
a1 ;:::;a N :a i � � `

�;� `
(ajs;w )

Q`
� q

(s; ai ; w): (30)

We provide the pseudocode in Algorithm 2.
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Algorithm 1 SHARSA

. Training loop
while not convergeddo

Sample batchf (sh ; ah ; : : : ; sh + n ; g)g from D
. Hierarchical �ow BC
Update high-level �ow BC policy� h

� (sh + n j sh ; g) with �ow-matching loss (Equation (23))
Update low-level �ow BC policy� `

� (ah j sh ; sh + n ) with �ow-matching loss (Equation (24))

. High-level (n-step) SARSA value learning
UpdateV h to minimizeE

�
D

�
V h (sh ; g); �Qh (sh ; sh + n ; g)

��

UpdateQh to minimizeE
�
D

�
Qh (sh ; sh + n ; g);

P n � 1
i =0 
 i r (sh + i ; g) + 
 n V h (sh + n ; g)

��

return � (s; g) de�ned below

. Resulting policy
function � (s; g)

. High-level: rejection sampling
Samplew1 ; : : : ; wN � � h

� (s; g)
Setw  arg maxw 1 ;:::;w N

Qh (s; wi ; g)

. Low-level: behavioral cloning
Samplea � � `

� (s; w)
return a

Algorithm 2 Double SHARSA

. Training loop
while not convergeddo

Sample batchf (sh ; ah ; : : : ; sh + n ; g)g from D
. Hierarchical �ow BC
Update high-level �ow BC policy� h

� (sh + n j sh ; g) with �ow-matching loss (Equation (23))
Update low-level �ow BC policy� `

� (ah j sh ; sh + n ) with �ow-matching loss (Equation (24))

. High-level (n-step) SARSA value learning
UpdateV h to minimizeE

�
D

�
V h (sh ; g); �Qh (sh ; sh + n ; g)

��

UpdateQh to minimizeE
�
D

�
Qh (sh ; sh + n ; g);

P n � 1
i =0 
 i r (sh + i ; g) + 
 n V h (sh + n ; g)

��

. Low-level SARSA value learning
UpdateV ` to minimizeE

�
D

�
V ` (sh ; sh + n ); �Q` (sh ; ah ; sh + n )

��

UpdateQ` to minimizeE
�
D

�
Q` (sh ; ah ; sh + n ); r (sh ; sh + n ) + 
V ` (sh +1 ; sh + n )

��

return � (s; g) de�ned below

. Resulting policy
function � (s; g)

. High-level: rejection sampling
Samplew1 ; : : : ; wN � � h

� (s; g)
Setw  arg maxw 1 ;:::;w N

Qh (s; wi ; g)

. Low-level: rejection sampling
Samplea1 ; : : : ; aN � � `

� (s; w)
Seta  arg maxa1 ;:::;a N

Q` (s; ai ; w)

return a
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F Experimental details

We implement all methods used in this work on top of the reference implementations of OGBench [75].
Each run in this work takes no more than three days on a single A5000 GPU. We provide our
implementations and datasets athttps://github.com/seohongpark/horizon-reduction .

F.1 Didactic experiments

In this section, we describe additional experimental details for the experiments in Section 5.1.

Task. Thecombination-lock task consists ofH states numbered from0 to H � 1 and two discrete
actions. Each state is represented bydlog2 H e-dimensional binary vector. The ordering of the states
is randomly determined by a �xed random seed, which ensures that all runs in our experiments share
the same environment dynamics.

Algorithms. We consider1-step DQN andn-step DQN (withn = 64) in Section 5.1. The value
losses for1-step DQN andn-step DQN are as follows:

L 1� step (� ) = E

" �
Q� (sh ; ah ) � r (sh ; ah ) � max

ah +1 2A
Q �� (sh+1 ; ah+1 )

� 2
#

; (31)

L n � step (� ) = E

2

4

 

Q� (sh ; ah ) �
n � 1X

i =0

r (sh+ i ; ah+ i ) � max
ah + n 2A

Q �� (sh+ n ; ah+ n )

! 2
3

5 ; (32)

where the expectations are taken over consecutive state-action trajectories uniformly sampled from
the dataset. We also employ double Q-learning [32] to stabilize training.

Figure 15:1-step DQN on two datasets.

Datasets.We generate two types of datasets. The �rst is a1-
step uniform-coverage dataset, collected by sampling state-
action pairs uniformly from all possible2H tuples. The
second is a64-step uniform-coverage dataset, collected by
the following procedure: �rst sample a state uniformly from
H states, and then perform either64 consecutive correct
actions (with probability0:5) or 64 consecutive incorrect
actions (with probability0:5). Note that the former provides
uniform state-action coverage for1-step DQN, and the latter provides uniform state-action coverage
for 64-step DQN. We use the1-step uniform dataset for1-step DQN and the64-step uniform dataset
for 64-step DQN. Since1-step DQN works worse on the64-step uniform dataset (Figure 15) and64-
step DQN is incompatible with the1-step uniform dataset, this setup provides a fair comparison of
the maximum possible performance of the two algorithms, with the dataset factor marginalized out.

Metrics. We train each agent for5M gradient steps and evaluate every100K steps. We measure
three metrics: success rate, TD error, and Q error. The success rate is measured by rolling out the
deterministic policy induced by the learned Q function, averaged over all evaluation epochs. The TD
error is measured by the critic loss (Equations (31) and (32)), averaged over steps on and after4M.
The Q error is measured by the difference between the predicted Q values and the ground-truth Q
values (i.e., the negative of the remaining steps to the goal), evaluated at the �nal epoch.

We provide the full list of hyperparameters in Table 2.

F.2 OGBench experiments

Tasks.We use three existing tasks and one new task from OGBench [75]: humanoidmaze-giant ,
puzzle-4x5 , puzzle-4x6 , andcube-octuple . In thecube domain, we extend the most challeng-
ing existing task,cube-quadruple (with 4 cubes), to create a new task,cube-octuple (with 8
cubes), to further challenge the agents. All these tasks are state-based and goal-conditioned. We
employ theoraclerep variants from OGBench, which provide ground-truth goal representations
(e.g., in cube, the goal is de�ned only by the cube positions, not including the agent's propriocep-
tive states). This helps eliminate confounding factors related to goal representation learning. For the
cube-double task used in Figure 10, we exclude the swapping task (task4 ) from the evaluation
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goals (Figure 19), as we found that this task requires a non-trivial degree of distributional generaliza-
tion. We refer to Figures 16 to 21 for illustrations of the evaluation goals, where the goal images for
existing tasks are adopted from Park et al. [75].

Datasets.On each of these tasks, we generate a1B-sized dataset using the original data-generation
script provided by OGBench. Thecube andpuzzle datasets consist of length-1000trajectories, and
thehumanoidmazedataset consists of length-4000trajectories, as in the original datasets. These
datasets are collected by scripted policies that perform random tasks with a certain degree of noise.
In humanoidmaze, the agent repeatedly reaches random positions using a (noisy) expert low-level
controller; incube, the agent repeatedly picks a random cube and places it in a random position;
in puzzle , the agent repeatedly presses buttons in an arbitrary order. Notably, these datasets are
collected in an unsupervised, task-agnostic manner (i.e., in the “play”-style [62]). In other words, the
data-collection scripts arenot aware of the evaluation goals.

Methods and hyperparameters.We generally follow the original implementations, hyperparameters,
and evaluation protocols of Park et al.[75]. We train each of�ine RL algorithm for5M gradient steps
(2:5M steps for simpler tasks in Figure 10) and evaluate every250K steps. At each evaluation epoch,
we measure the success rate of the agent using15 rollouts on each of the5 (4 for cube-double )
evaluation goals. For data-scaling plots, we compute the average success rate over the last three
evaluation epochs (i.e., 4:5M, 4:75M, and5M steps), following Park et al. [75].

The hyperparameters (in particular, the degree of behavioral regularization) of each algorithm
are individually tuned on each task based on the largest1B datasets. We provide the full list of
hyperparameters in Tables 3 and 4, where we abbreviaten-step SAC+BC asn-SAC+BC and double
SHARSA as DSHARSA.

G Result tables

We provide result tables in Tables 5 and 6, where standard deviations are denoted by the “� ” sign.
In the tables, we abbreviate �ow BC as FBC, hierarchical �ow BC as HFBC,n-step SAC+BC as
n-SAC+BC, and double SHARSA as DSHARSA. We highlight values at or above95%of the best
performance in bold, following Park et al. [75].
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Table 2:Hyperparameters for didactic experiments.

Hyperparameter Value

Gradient steps 5M
Optimizer Adam [46]
Learning rate 0:0003
Batch size 512
MLP size [512; 512; 512]
Nonlinearity GELU [34]
Layer normalization True
Target network update rate0:005
Discount factor
 1
Horizon reduction factorn 64

Table 3:Common hyperparameters for OGBench experiments.

Hyperparameter Value

Gradient steps 5M (default),2:5M (cube-double , puzzle-4x4 )
Optimizer Adam [46]
Learning rate 0:0003
Batch size 1024
MLP size [1024; 1024; 1024; 1024]
Nonlinearity GELU [34]
Layer normalization True
Target network update rate 0:005
Discount factor
 0:999(default),0:99 (cube-double , puzzle-4x4 )
Flow steps 10
Horizon reduction factorn 50 (cube, humanoidmaze), 25 (puzzle )
Expectile� (IQL) 0:9
Expectile� (HIQL) 0:5 (cube, humanoidmaze), 0:7 (puzzle )
Value representation dimensionalityk (CRL) 1024
Goal representation dimensionalityk (HIQL) 128
Double Q aggregation (SAC+BC, SHARSA, FQL)min(Q1; Q2) (cube, puzzle ), (Q1 + Q2)=2 (humanoidmaze)
Value loss type (SAC+BC, SHARSA, FQL) Binary cross entropy
Actor (pD

cur ; pD
geom ; pD

traj ; pD
rand ) ratio (BC) (0; 1; 0; 0)

Actor (pD
cur ; pD

geom ; pD
traj ; pD

rand ) ratio (others) (0; 1; 0; 0) (cube), (0; 0:5; 0; 0:5) (puzzle ), (0; 0; 1; 0) (humanoidmaze)
Value(pD

cur ; pD
geom ; pD

traj ; pD
rand ) ratio (CRL) (0; 1; 0; 0)

Value(pD
cur ; pD

geom ; pD
traj ; pD

rand ) ratio (others) (0:2; 0; 0:5; 0:3)
Policy extraction hyperparameters Table 4

Table 4:Policy extraction hyperparameters for OGBench experiments.

Task IQL � CRL� SAC+BC� FQL� n-SAC+BC� HIQL� SHARSAN DSHARSAN

cube-octuple 10 3 10 3 0:1 10 32 32
puzzle-4x5 1 1 0:3 3 0:1 3 32 32
puzzle-4x6 1 1 0:3 3 0:1 3 32 32
humanoidmaze-giant 0:3 0:3 0:1 3 0:03 3 32 32
cube-double 3 10 1 - - - - -
puzzle-4x4 1 3 0:3 - - - - -
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