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Abstract

Among various branches of offline reinforcement learning
(RL) methods, goal-conditioned supervised learning (GCSL)
has gained increasing popularity as it formulates the offline RL
problem as a sequential modeling task, therefore bypassing
the notoriously difficult credit assignment challenge of value
learning in conventional RL paradigm. Sequential modeling,
however, requires capturing accurate dynamics across long
horizons in trajectory data to ensure reasonable policy perfor-
mance. To meet this requirement, leveraging large, expressive
models has become a popular choice in recent literature, which,
however, comes at the cost of significantly increased computa-
tion and inference latency. Contradictory yet promising, we
reveal that lightweight models as simple as shallow 2-layer
MLPs, can also enjoy accurate dynamics consistency and sig-
nificantly reduced sequential modeling errors against large
expressive models by adopting a simple recursive planning
scheme: recursively planning coarse-grained future sub-goals
based on current and target information, and then executes the
action with a goal-conditioned policy learned from data rela-
beled with these sub-goal ground truths. We term our method
as Recursive Skip-Step Planning (RSP). Simple yet effec-
tive, RSP enjoys great efficiency improvements thanks to its
lightweight structure, and substantially outperforms existing
methods, reaching new SOTA performances on the D4RL
benchmark, especially in multi-stage long-horizon tasks.

Code — https://github.com/imoneoi/RSP_JAX

Introduction

Offline reinforcement learning (RL) has emerged as a promis-
ing approach to solving many real-world tasks using logged
experiences without extra costly or unsafe interactions with
environments (Fujimoto, Meger, and Precup 2019; Levine
et al. 2020; Zhan et al. 2022). Unfortunately, the absence
of online interaction also poses the counterfactual reason-
ing challenge in out-of-distribution (OOD) regions, causing
catastrophic failures in the conventional RL paradigm due
to extrapolation error accumulation during value function
learning using temporal difference (TD) updates (Fujimoto,
Meger, and Precup 2019; Kumar et al. 2019; Li et al. 2023).
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Figure 1: Existing GCSL methods trade off score perfor-
mances for slow training and inference. However, RSP
with recursion depth N = 1 significantly outperforms all
baselines on Antmaze datasets while completing training in
just 180 seconds and enjoying an inference latency of 0.33ms.
N = 4 further enhances performance with minimal cost,
as the inference time increases to 0.48 ms and the training
time to 271s, remaining orders of magnitude lower than other
methods that use expressive models.

To remedy this, Goal-Conditioned Supervised Learning
(GCSL) has gained much attention as an alternative paradigm
since it reformulates offline RL problems as sequential mod-
eling tasks, where policy extraction can be learned in a su-
pervised manner, thus bypassing problematic value update in
conventional TD learning. However, this comes with the price
of much higher requirements of accurately describing the
data dynamics in sequential modeling, which naturally favors
more expressive models. Recent advances in highly expres-
sive models have yielded remarkable achievements across a
diverse range of domains such as computer vision (Liu et al.
2021) and natural language processing (Vaswani et al. 2017),
which have also been extended to offline RL to accurately
capture policy distributions (Wang, Hunt, and Zhou 2023;
Hu et al. 2023a; Hansen-Estruch et al. 2023; Ada, Oztop, and
Ugur 2024; Wang et al. 2023; Chen et al. 2023), or reduce
the accumulative compounding errors in sequential data mod-
eling (Chen et al. 2021; Janner, Li, and Levine 2021; Janner
et al. 2022; Ajay et al. 2022; Villaflor et al. 2022; Jiang et al.
2023; Mazoure et al. 2023; Niu et al. 2024). Although they
sometimes provide encouraging improvements over previous
approaches, they also suffer from noticeable performance de-
terioration when they fail to accurately represent the behavior
policy and/or environment dynamics in long-horizon tasks.



Moreover, the integration of expressive models in offline
RL inevitably increases both the computational load and in-
ference latency. This poses a significant challenge for many
real-world applications that are latency-sensitive or resource-
constrained. Besides, methods that employ such expressive
models are notoriously data-hungry to train, making them
impractical for scenarios with expensive samples (Zhan et al.
2022; Cheng et al. 2024). In Fig. 1, we compare key metrics
of recent offline RL. methods, including policy performance,
training time, and inference latency. The use of large expres-
sive models in prior offline RL methods such as DT (Chen
et al. 2021), TAP (Zhang et al. 2022), TT (Janner, Li, and
Levine 2021), and Diffuser (Janner et al. 2022) sometimes
results in marginal performance gains. However, this incre-
mental improvement is offset by the exponentially increased
computational load and inference latency, particularly when
compared to models that do not employ such expressive mod-
els. This prompts us to ask the question:

Are expressive models truly necessary for offline RL?

While prior attempts introduce highly expressive models to
combat the accumulated compounding error in long-sequence
modeling, these methods still operate in a fine-grained (step-
by-step) manner (Chen et al. 2021; Wang, Hunt, and Zhou
2023; Janner et al. 2022), which is inherently tied to the
temporal structure of the environment and is susceptible
to rapidly accumulated approximation errors over longer
horizons (Levine et al. 2020). In this study, we provide a
novel perspective to avoid step-wise accumulated compound-
ing error in sequential modeling while only relying on a
lightweight model architecture (as simple as 2-layer MLPs).
The core of our method is the Recursive Skip-step Planning
(RSP) scheme, which employs an iterative two-phase ap-
proach to solve tasks: it recursively plans skip-step future
sub-goals conditioned on the current and target information,
and then executes a goal-conditioned policy based on these
coarse-grained predictions. During the recursive planning
phase, RSP bypasses step-wise sub-goal prediction and fo-
cuses more on longer-horizon outcomes through recursively
skipping steps. In essence, RSP can generate long-horizon
sub-goals with just a few planning steps, which uses ex-
ponentially fewer steps than what is required by previous
fine-grained sequence modeling methods, therefore smartly
bypassing the long-horizon compounding error issue while
enjoying great computational efficiency.

RSP can be easily implemented using simple two-layer
shallow MLPs for recursive skip-step dynamics models and
the goal-conditioned policy. The entire learning process can
be conducted in a supervised learning fashion, eliminating the
need for complex stabilization tricks or delicate hyperparam-
eter tuning in value learning. Notably, RSP not only exhibits
great training efficiency but also enjoys very low inference
complexity, while it achieves comparable or even superior
performance against existing offline RL algorithms on D4RL
benchmark (Fu et al. 2020), including those equipped with
expressive models. This advantage is particularly evident in
complex tasks such as AntMaze and Kitchen, demonstrat-
ing the effectiveness of the long-horizon modeling capability
by adopting our recursive skip-step planning scheme.
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Related Work

Model-free Offline RL. Most prior methods incorporate pes-
simism during training to alleviate the distributional shift
problem (Levine et al. 2020). One solution is leveraging
various behavior regularizations to constrain the learned poli-
cies close to the behavior policy in offline dataset (Fujimoto,
Meger, and Precup 2019; Wu, Tucker, and Nachum 2019;
Kumar et al. 2019; Fujimoto and Gu 2021; Li et al. 2023).
Some other works introduce pessimism during policy eval-
uation by assigning low confidences or low values for the
value functions in out-of-distribution (OOD) regions (Kumar
et al. 2020; Kostrikov et al. 2021; Lyu et al. 2022; An et al.
2021; Bai et al. 2021; Niu et al. 2022). In-sample learning
methods (Kostrikov, Nair, and Levine 2022; Xu et al. 2023,
2022; Garg et al. 2023; Xiao et al. 2023; Wang et al. 2024;
Zheng et al. 2024) have recently emerged as an alternative,
optimizing on samples exclusively from the offline dataset
and thus eliminating any OOD value queries. Moreover, an al-
ternative in-sample learning approach performs RL tasks via
supervised learning by conditioning other available sources,
also called Reinforcement Learning via Supervised Learning)
(RvS) (Kumar, Peng, and Levine 2019; Schmidhuber 2019;
Emmons et al. 2022; Feng et al. 2022). These approaches are
super stable and easy to tune compared to other methods.

Existing methods, however, rely on shallow MLPs to
model their actors, performing well on simple tasks but
falling short on more complex long-horizon planning tasks,
such as AntMaze and Kitchen tasks. To combat this, one
popular direction is to increase policy capacity by employing
highly expressive models to accurately approximate the actor,
which obtains certain degrees of performance gains (Wang,
Hunt, and Zhou 2023; Hansen-Estruch et al. 2023; Ada, Oz-
top, and Ugur 2024; Chen et al. 2023; Lu et al. 2023). How-
ever, this marginal improvement comes at the cost of extra
model complexity and exponentially increased computational
burden, inevitably limiting their applications.

Sequential Modeling for Offline RL. Different from tra-
ditional TD methods, this avenue treats offline RL problems
as general sequence modeling tasks, with the motivation to
generate a sequence of actions or trajectories that attain high
rewards. In this formulation, shallow feedforward models
are typically believed to suffer from a limited modeling hori-
zon due to accumulated modeling errors caused by deficient
model capacities (Janner et al. 2019; Amos et al. 2021; Zhan,
Zhu, and Xu 2022). To combat this, recent innovations in
sequential modeling techniques shift towards achieving pre-
cise long-horizon modeling through the use of high-capacity
sequence model architectures such as Transformer (Chen
et al. 2021; Janner, Li, and Levine 2021; Jiang et al. 2023;
Wang et al. 2022; Konan, Seraj, and Gombolay 2023; Hu
et al. 2023b; Wu, Wang, and Hamaya 2024; Villaflor et al.
2022) and diffusion models (Janner et al. 2022; Ajay et al.
2022; Niu et al. 2024). However, Fig. 1 manifests that the
adoption of expressive models imposes a large amount of
computational load and complexity. In this study, RSP adopts
a recursive coarse-grained paradigm for sub-goal prediction
solely with shallow 2-layer MLPs, achieving exceptional re-
sults while bypassing training inefficiency and high inference
latency issues led by expressive models.



Preliminaries

In this paper, we consider the standard Markov Decision
Process (MDP), denoted by M = (S, A, T, p,r,~), which
is characterized by states s € S, actions a € A, transition
probabilities T'(s¢41]|at, s¢), initial state distribution p(sg),
reward function r and the discount factor v € (0,1). In each
episode, the agent is given a reward function r(s;, a;) and
embodies with a policy 7(a | s) to interact with the environ-
ment. Let 7 := (8o, ag, $1,a1, - - - ) denote an infinite length
trajectory. We employ 7(7) to represent the probability of
sampling trajectory 7 from the policy 7(a | s). The primary
goal is to optimize the expected cumulative discounted re-
wards incurred along a trajectory, where the objective and the
corresponding Q-functions are expressed as:

mT?*X IE7'r(7') [Z ’yt’f‘(St’ at)] 5
t=0

@(5.0) = B | Y 5'r(sua)
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We are interested in the offline setting in this work and the
objective of offline RL is in line with traditional RL, but with
infeasible additional online interactions. In the offline setting,
a fixed dataset is given by D := {71, 72, 73, - - - }, which com-
prises multiple trajectories gathered from unknown behavior
policies, denoted with 3(als) in this work.

RL via Goal-Conditioned Supervised Learning

Algorithm 1: General Procedure of GCSL

1: Input: Offline dataset D

2: RELABEL(T), V7 ~ D > Step 1
3: Sample transitions (s, a,e) € D

4: Update 7(a | s, e) with Eqn. (2) > Step 2
5: return w(a | s,¢)

Reformulating RL as GCSL, previous works (Schmidhuber
2019; Emmons et al. 2022) typically employ hindsight rela-
beling to perform conditional imitation learning. The core
idea underlying this approach is that any trajectory can be
considered a successful demonstration of reaching certain
goals, i.e. future states or accumulating rewards within the
same trajectory. GCSL demonstrates significant potential
in the offline setting, largely due to the availability of that
goal information (Kumar, Peng, and Levine 2019; Chen et al.
2021; Emmons et al. 2022; Feng et al. 2022).

The general procedure of GCSL is simple and straightfor-
ward, as shown in 1, consisting of two main steps. In the
first step, GCSL relabels the dataset by adding an additional
goal information e to each state-action pair and forms a state-
action-goal tuple, i.e., (s, a,e). The goal can be the target
state, cumulative return, or language description (Lynch et al.
2020; Ghosh et al. 2021; Kumar, Peng, and Levine 2019;
Chen et al. 2021; Feng et al. 2022), if applicable. For the
state s, the goal e; is randomly sampled from the future
steps from the current step ¢ along a valid trajectory in the
dataset. The key idea behind this resampling is to consider
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Figure 2: The illustration of Recursive Skip-Step Planning

any future goal e; is reachable by taking action a; and state
s¢. In the second step, GCSL learns a goal-conditioned policy
within the relabeled dataset via maximum log-likelihood:

argmax E(, 4 e)vp [logmg(a | s,e)]. 2)

Recursive Skip-Step Planning
Why Non-recursive Planning Might Struggle?

Fine-grained planning using single-step dynamics
f(sty1]st,9) often faces significant challenges due to
the rapid accumulation of step-wise errors in sequential
modeling, led by such a limited planning horizon. Although
expressive models like Transformers (Chen et al. 2021;
Janner, Li, and Levine 2021) and Diffusers (Janner et al.
2022; Ajay et al. 2022) aim to mitigate these issues by mod-
eling long-term dependencies, their complex architectures
significantly increase computational load. This approach
ultimately struggles to balance prediction accuracy with
efficiency, remaining constrained within the limitations of
fine-grained sequential modeling.

To overcome this, coarse-grained planning uses skip-
step dynamics, predicting intermediate sub-goals via
f(st1k|st,g) with an extended planning horizon k. How-
ever, setting an appropriate skip-step horizon k is non-trivial:
too short a horizon fails to alleviate error accumulation as
in fine-grained planning, while too long a horizon weak-
ens the learning signal, compromising policy performance
in long sequential tasks. Thus, a delicate balance must be
achieved between the prediction stability of the sub-goal
st+1 and the control precision of the policy 7 (at|st, St4k, g)-
Non-recursive planning may struggle to select sub-goal infor-
mation that provides both adequate long-term guidance from
the final goal and sufficient supervision for current action.

Coarse-grained Planning in a Recursive Way

The dilemma for non-recursive planning suggests using a
higher-level dynamics model to predict distant sub-goals



f'(St+x']5t, 9) and conditioning intermediate predictions on
the current-level dynamics f(S¢+x|st, St+x, g). This hierar-
chical approach stabilizes sub-goal predictions $; in the
same way that sub-goals enhance action extraction a;. By
recursively introducing next-level sub-goal prediction with
more distant horizons, sub-goal approximation error is re-
duced at each level. As these sub-goals approach the final
target, their error also inherently diminishes. Planning in such
a recursive manner thus effectively mitigates error accumula-
tion in long-horizon tasks.

In the RSP framework, each current state s; in the dataset
is first relabeled with a fixed-horizon future target state
S¢+k as the sub-goal, resulting in an augmented dataset
D = {(st,at, St+k,9)}- This allows us to revise the opti-
mization objective of goal-conditioned policies in Equation 2
to focus on goal-conditioned sub-goal prediction:

f = arg;nax E(st,st_'_k,g)wD [1Og f(8t+k|5ta g)] )]

As explained in the previous section, planning with a learned
coarse-grained dynamics model f is insufficient for balancing
the minimization of action and sub-goal prediction errors. To
further reduce the sub-goal prediction error, we extend it to a
recursive skip-step prediction strategy, as depicted in Fig. 2,
predicting high-level sub-goals to stabilize the lower-level
sub-goal predictions in sequential modeling. To standard-
ize the recursive process, we set KM .= ¢+ K/2" n €
[0,---,N — 1] where N is the recursion depth, K is the
skip step of the highest-level sub-goal, and sy ) are sub-
goal ground truths. The highest-level sub-goal skips K steps
while the lowest-level sub-goal skips k& = K /2N~ steps
from the current step. For [NV-level recursion, we need to rela-
bel the dataset D = {(s¢, at, g)} with additional N skip-step
sub-goal ground truths:

D%{<ataﬁ‘/z(tN) = (sth(N*l)a"' 7SK(0)79))} (4’)
0) _ . (n) _

where k; = (S¢,9); Yn € [1,...,N], k; * = Sg-1 U

ngn_l) contains all the information required by the n-th level

dynamics model to fit the sub-goal ground truth sz n-1).
For brevity, we omit ¢ and refer to x(™ in the following
descriptions. With all the definitions above, the highest(first)-
level coarse-grained dynamics model could be denoted by
fo(sg |s¢,g). Subsequently, we can learn more coarse-
grained dynamics models to push the limits of the benefits
of coarse-grained planning, as depicted in Fig. 2. In terms
of the n-th dynamics model, the recursion solution naturally
extends to the optimization objective in Eq. 5:

n}ax EN(H)ND |:10g fn(sK(n—l) ‘I{(nil))} ,Vn c [1, ey N] (5)

where the current level sub-goal generation is conditioned on
all the sub-goals predicted with higher-level dynamics for sta-
bility, which proves a significant design in our experiments.

During the evaluation process, we can formulate the recur-
sive sub-goal planning as:

Sgpm_1) = argmax fn(sxm-n|c(=D),¥n € [1,--- ,N] (6)
Sk (n—1)
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Algorithm 2: Recursive Skip-Step Planning (RSP)

1: Input: Dataset D, Recursion depth NV, Fixed planning step K
2: Relabel Dataset with Eq. 4 > Step 1
3: // Training > Step 2
4: for every training step do

5: Sample transitions (s¢, at, S (0), -+ Sp(N-1),9) € D
6: forn=1,---,N do

7

8

9

Update the n-th dynamics model fn by Eq. 5

end for

: Update 74 by Eq. 7
10: end for
11: // Ewvaluation > Step 3
12: Get initial state s, set done as False
13: while not done do
14: Get action a from Eq. 8
15: Roll out @ and get (s, r, done)
16: Sets = s
17: end while
where k(0 = k) = (s4,9); Vn € [1,...,N], kW) =

Sk -1 Uk(=1) Eventually, we get the predicted sub-goals

and leverage /ﬁ ) for policy extraction.

Policy Extraction

Different from other planning methods, the coarse-grained
planning approach employed by RSP does not explicitly in-
tegrate the corresponding policy into the learning process,
necessitating a separate policy extraction step. To maintain
the simplicity and efficiency of RSP, we extract the policy by
maximizing the log-likelihood within a supervised learning
framework. We introduce a goal-conditioned policy, distinct
in that it incorporates all the sub-goals planned from prior
coarse-grained dynamics models:

m(;xx E(q,xM)~p [lOg mg(ay | /i(N)) ) @)

At the evaluation stage, given the current state s;, the action
is determined by both the coarse-grained dynamics model
and the goal-conditioned policy with:

ay = argmax 7rg(a:|k(V))) ®)
where kK(V) = (s4, spev—1), "
Eq. 6 recursively.

The final procedure in Algorithm 2 consists of three steps.
Initially, it relabels the dataset D, augmenting each transi-
tion with the future skip-step sub-goal and final goal ground
truths. Subsequently, RSP learns IV coarse-grained dynamics
models from Eq. 5 and a goal-conditioned policy from Eq. 7
that determines the action based on the sub-goals predicted
with all the dynamics models. Finally, RSP plans the sub-goal
sequence recursively with Eq. 6 and executes action from
sub-goals with Eq. 8.

, 5 ,g) is obtained from

Discussions

In this section, we provide an in-depth explanation of why
recursive skip-step planning might outperform from the per-
spective of model rollout prediction errors. We conduct ex-
periments on different (lowest-level) skip-step horizons (k =
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Figure 3: Root mean squared error (RMSE) between rollout sub-goal predictions and ground truths on Antmaze-Ultra.

8,16,32,64) and recursion depths (N = 1,2,3,4) in the
long-horizon Antmaze-Ultra-Diverse task, where tra-
jectories can extend up to 3000 steps. For example, [16,32,64]
in Fig. 3 denotes N = 3 and k = 16. We plot the root mean
squared errors (RMSE) between the model rollout predictions
and the ground truths of skip-step state trajectories, averaged
over 10 seeds. Specifically, we obtain the next skip-step pre-
diction 5.4 through the recursive approach of RSP; we it-
eratively query the next skip-step prediction S, from the
last prediction ;4 (,,_1) and finally obtain rollout sub-goal
predictions s¢, + -+, 84 (n—1)k; St4mk, - ,St4+1024; then cal-
culate RMSE between the predictions and ground truths.

In Fig. 3, as k increases from 8 to 64, the accuracy of

the model rollout prediction improves, aligning more closely
with the ground truth over longer-horizon rollouts. This sug-
gests that coarse-grained prediction outperforms fine-grained
prediction in mitigating accumulated compounding errors as
the skip-step horizon k increases, thereby enhancing long-
horizon planning capabilities. Besides, as the recursion depth
N increases, we observe that the RMSE of model rollout pre-
dictions achieves a lower asymptotic value and remains closer
to the ground truth over longer-horizon rollouts, demonstrat-
ing the effectiveness of recursive planning.
Choices of recursion depth and skip-step horizon. At first
glance, Fig. 3 indicates that increasing recursion depth and
skip-step horizon improves the planning performance of RSP.
However, these plots assume that an oracle policy model
perfectly follow the skip-step state predictions. In practice,
deviations from optimal state trajectories can easily occur
due to suboptimal policies, especially when the policy model
m(at|st, Sk, -+ ,g) is conditioned on a distant skip-step
state prediction s;x, which offers minimal guidance for cur-
rent actions. Therefore, selecting recursion depth and horizon
requires to strike the delicate balance between the expres-
siveness of policy models and the long-horizon capability of
dynamics models. Given that we use a 2-layer MLP for policy
learning for simplicity in experiments, we opt for k = 32
and N = 1 in recursive skip-step dynamics models across
all tasks in order to provide sufficient long-horizon planning
ability while easing the burden for policy learning. Practi-
tioners using more advanced policy modeling and learning
methods may consider enlarging the horizon and deepening
the recursion process accordingly.

Experiments

In this section, we conduct comprehensive evaluations to
showcase the effectiveness of RSP. Specifically, we com-

pare RSP against other competitive baselines on the standard
offline RL benchmark, D4RL (Fu et al. 2020). The results
indicate that despite its simplicity, RSP can obtain on-par or
superior performance compared to others using expressive
models, especially on the long-horizon Antmaze and multi-
stage Kitchen tasks (Section D4RL Benchmark Results).
Moreover, RSP exhibits fast training and inference time, with
training for only around 180 seconds and an inference latency
of under 1ms (Section Training Cost and Inference Latency).
At last, we provide extensive ablation studies on some criti-
cal components of RSP including the planning horizon and
recursion depth (Section Ablation Studies).

D4RL Benchmark Results

Evaluation setups We evaluate the performance of various
methods using a diverse set of challenging tasks from
D4RL benchmark (Fu et al. 2020), including Antmaze
navigation, Kitchen Manipulation, Adroit
hand manipulation, and Mujoco locomotion
tasks. The Antmaze navigation tasks require intricate long-
horizon planning to guide an ant navigate from the starting
point to the goal location, which are pretty challenging
for traditional offline RL to solve. To test the planning
capabilities on extremely long-horizon tasks (> 2000 steps),
we consider a more extensive and challenging Ultra
Antmaze environment. Kitchen tasks involve a 9-DoF
Franka robot interacting with a kitchen scene to complete
a combination of household sub-tasks, which requires
multi-skill long-horizon composition ability. In contrast,
the Adroit hand manipulation tasks involve controlling a
dexterous robot hand to complete tasks like opening a door
or rotating a pen, with planning horizons typically ranging
from 100 to 200 steps, which are relatively simple. Finally,
the Mujoco locomotion tasks are believed as the simplest
tasks among all these tasks. They only focus on controlling
different robots to move forward as fast as possible, which
are relatively simple since the control pattern is repetitive.
To assess performance, we normalize the final scores by
following the benchmark standards (Fu et al. 2020), where
0 represents random policy performance and 100 means
expert-level performance. We use 10 random seeds and 100
episodes per seed for every task in our evaluation, with mean
and standard deviation reported. All the results are obtained
on a server with 512G RAM, 4 x A800 PCle 80GiB (GPU)
and 2x AMD EPYC 7T83 64-Core Processor (CPU).

Baselines We compare RSP against the following state-
of-the-art (SOTA) baselines. BC is the simplest imitation
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Figure 4: Ablations on choices of recursion depth and horizon.

learning approach that imitates the offline dataset; RvS (Em-
mons et al. 2022) is an SOTA conditioned imitation learning
method that casts offline RL as supervised learning prob-
lems; CQL (Kumar et al. 2020) is an offline RL method that
penalizes Q-values for OOD regions; IQL (Kostrikov, Nair,
and Levine 2022) is an SOTA in-sample learning offline RL
method; DT (Chen et al. 2021) and 7T (Janner, Li, and Levine
2021) are two methods that utilize transformer (Vaswani et al.
2017) architecture, regarding offline RL problems as sequen-
tial modeling problems;TAP (Zhang et al. 2022) is also a
transformer-based method that plans in a latent space en-
coded by VQ-VAE (Van Den Oord, Vinyals et al. 2017);
Diffuser (Janner et al. 2022) builds on top of diffusion model,
directly generating the entire fixed-length trajectory and exe-
cuting the first step.

Main results We present evaluation results on D4RL
benchmark in Table 1'. The results demonstrate that RSP
consistently outperforms or obtains on-par performance com-
pared to other baselines. In particular, RSP achieves un-
paralleled success in complex Antmaze navigation and
Kitchen manipulation tasks that necessitate long-horizon
and/or multi-stage planning. For instance, all baselines fail
miserably on the extremely challenging Antmaze-Ultra
tasks, while RSP can obtain similar success rates as it
achieves on the Antmaze—-Large tasks. This indicates that
the increased difficulty resulting from longer planning hori-
zons has a marginal impact for RSP, demonstrating the supe-
rior long-horizon planning capabilities of RSP. Apart from
the long-horizon tasks, RSP also demonstrates consistently
good performance on Adroit hand manipulation and Mujoco
locomotion tasks. On these tasks, Table 1 shows that even
with much simpler model architecture, RSP can surprisingly
obtain on-par performance results compared to RL as sequen-
tial modeling methods that utilize expressive models such
as TT, TAP, and Diffuser, as well as TD-based offline RL
baselines such as CQL and IQL.

"Most baselines didn’t report results of the extremely challeng-
ing Antmaze-Ultra task so we reproduce BC, DT and RvS
and report results of IQL, TT, TAP from TAP paper (Zhang et al.
2022). We collect IQL results on other Antmaze-v2 tasks from
DOGE (Li et al. 2023) since IQL paper reports scores on v0. We
also report self-reproduced results on Adroit-Expert task due
to lack of reported scores. Other results are from the original papers.
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Training Cost and Inference Latency

To further showcase the advantages of RSP, we monitor the
average training time (1M steps) and inference latency (1
step) of different methods on Antmaze tasks and illustrate
the connections between training time, inference latency and
the performance for different methods in Fig. 1. All mea-
surements were taken with models trained and inferred on a
single GPU in isolation, ensuring no interference from other
GPU activities on the server. We can clearly observe that by
leveraging expressive models for sequential modeling, one
can sometimes obtain minor improvements in policy perfor-
mance againts TD-based offline RL approaches. However,
these marginal gains come at the expense of exponentially
increased training time and inference latency. This inevitably
imposes significant computational burdens, restricting the
applicability of expressive models in many real-world sce-
narios. In contrast, RSP with horizon &£ = 8 and recursion
depth N = 1,4 obtains the best performance and meanwhile
enjoys fast training and minimal inference latency. In partic-
ular, RSP (/N = 1) completes the training in approximately
180 seconds and exhibits an inference latency of under 1ms,
highlighting its exceptional computational efficiency. This
sheds light on its potential real-world applicability, given its
impressive performance, simplicity, and efficiency.

Ablation Studies

In this section, we conduct extensive ablation studies on the
critical components of RSP including the recursion depth
N and the skip-step horizon of the lowest-level sub-goal for
policy extraction k (referred to as “horizon” hereafter for
simplicity). The results are presented in Fig. 4.

We first fix the horizon k£ = 8 and conduct ablation studies
on different recursion depths, i.e. N = 1,2, 3,4. The results
in Fig. 4(a) indicate that a deeper recursion process consis-
tently improves performance. However, performance in some
tasks tends to plateau once N > 2. This is because increasing
recursion depth can introduce cumulative errors from each
prediction level even though each gets more accurate, which
may counterbalance the benefits of RSP for low-level policy
learning and result in no further performance improvement.
Then we can conclude the following implementation insights:
(1) choose minimal recursion depth that achieves saturated
performance: N = 2 is sufficient for most benchmark tasks
or those with similar configurations. There is no need to risk
RSP performance by unnecessarily increasing depth; (2) ad-
vance policy learning as mentioned in Section Discussions:
Strong policy models may exhibit robustness to slight inac-



Dataset Environment | BC RvS CQL IQL HIQL | Diffuser DT TT TAP | RSP (Ours)
Umaze AntMaze 65.0 65.4 74.0 88.2 — - 59.2  100.0 — 88.2 +£5.7
Umaze-Diverse AntMaze 55.0  60.9 84.0 66.7 - - 53.2 - - 92.9 £3.5
Medium-Play AntMaze 0.0 58.1 61.2 70.4 84.1 - 0.0 93.3 78.0 91.4 £8.8
Medium-Diverse ~ AntMaze 0.0 67.3 53.7 74.6 86.8 - 0.0 100.0 85.0 92.7 £3.4
Large-Play AntMaze 0.0 32.4 15.8 43.5 86.1 - 0.0 66.7 74.0 83.0 £3.7
Large-Diverse AntMaze 0.0 36.9 14.9 45.6 88.2 - 0.0 60.0 82.0 86.0 £3.8
Ultra-Play AntMaze 0.0 33.2 — 8.3 39.2 — 0.0 20.0 22.0 80.3 +4.2
Ultra-Diverse AntMaze 0.0 31.6 - 15.6 52.9 - 0.0 33.3 26.0 80.5 +4.1

Average \ 150 482 50.6 51.6 — \ - 14.0 67.6 61.2 \ 86.9 £4.7
Partial Kitchen 38.0 514 20.8 46.3 65.0 - - — — 76.5 £8.1
Mixed Kitchen 51.5  60.3 24.2 51.0 67.7 - - — — 64.0 £20.4
Average \ 448 559 22.5 48.7 66.4 \ — - — — \ 70.2 £14.3
Medium-Expert ~ HalfCheetah 55.2 92.2 91.6 86.7 — 88.9 86.8 95.0 91.8 92.5 £0.5
Medium-Expert ~ Hopper 52.5 101.7 1054 915 - 103.3 107.6 110.0 105.5 109.6 +0.7
Medium-Expert ~ Walker2d 107.5 106.0 108.8 109.6 - 106.9 108.1 101.9 107.4 106.7 £1.0
Medium HalfCheetah 42.6 41.6 44.0 474 42.8 42.6 46.9 45.0 42.9 +£0.2
Medium Hopper 52.9 60.2 58.5 66.3 — 74.3 67.6 61.1 63.4 63.4 £2.5
Medium Walker2d 75.3 1.7 72.5 78.3 — 79.6 74.0 79.0 64.9 76.6 £1.6
Medium-Replay ~ HalfCheetah 36.6 38.0 45.5 44.2 — 37.7 36.6 41.9 40.8 40.4 £0.4
Medium-Replay ~ Hopper 18.1 73.5 95.0 94.7 — 93.6 82.7 91.5 87.3 88.2 £5.6
Medium-Replay ~ Walker2d 26.0 60.6 77.2 73.9 — 70.6 66.6 82.6 66.8 66.9 £2.9
Average | 519 71.7 77.6 77.0 - | 715 74.7 78.9 74.8 | 76.4 £1.7
Cloned Pen 56.9 - 39.2 37.3 — - — 114 57.4 67.9 £6.9
Cloned Hammer 0.8 — 2.1 2.1 — — — 0.5 1.2 3.6 £3.1
Cloned Door —0.1 - 0.4 1.6 — - - —0.1 11.7 0.8 +£0.6
Cloned Relocate —0.1 - -0.1 -0.2 — — — —0.1 —0.2 0.0 £0.0
Expert Pen 85.1 - 107.0 133.1 - - - 72.0 127.4 120.9 +4.6
Expert Hammer 125.6 - 86.7 119.5 - - - 15.5 127.6 129.7 £0.9
Expert Door 34.9 - 101.5  105.7 - - - 94.1 104.8 105.0 £0.3
Expert Relocate 101.3 — 95.0 106.1 — - - 10.3 105.8 108.1 +£0.4
Average \ 50.6 — 54.0 63.1 — \ — - 25.4 67.0 \ 67.0 £2.1

Table 1: Comparison of performance in AntMaze navigation, Kitchen manipulation, Mujoco locomotion tasks, and Adroit hand
manipulation tasks from the D4RL dataset. AntMaze tasks require long-horizon planning to navigate from the starting point to
the goal. Adroit tasks involve high-dimensional action space control of a 24-DoF robot hand. Baselines in teal utilize expressive
models including Transformer or diffusion models. Emphasis is placed on scores within 5% of the maximum for locomotion

tasks following, while maximum scores are highlighted for other tasks.

denotes goal-conditioned methods. denotes

using Q-function as a search heuristic following (Janner, Li, and Levine 2021). We use “—” if the original papers do not report
scores on the specific tasks. Note that only a few baseline methods report their performance on the challenging Adroit and
Kitchen tasks, so we only compare with baselines having reported scores.

curacies that accumulate in sub-goal predictions, enabling
safe extension of recursion depth and fully harnessing the
potential of RSP. Other design considerations in policy for-
mulation, such as how to appropriately condition actions on
predicted sub-goals, could further enhance performance.

Next, we fix the recursion depth N = 1 and ablate on the
choices of k = 1,4, 16, 32. A larger horizon corresponds to
more coarse-grained planning. We observe that the horizon
has minimal impact on short-horizon tasks, such as Adroit
and MuJoCo, as shown in Fig. 4(b). However, reducing the
horizon significantly leads to performance degradation in
long-horizon or multi-stage tasks, such as Antmaze and
Kitchen, as seen in Fig. 4(c) and (d).

Conclusion

In this study, we propose a novel recursive skip-step planning
framework for offline RL, which leverages a set of coarse-
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grained dynamics models to perform recursive sub-goal pre-
diction, and use a goal-conditioned policy to extract planned
actions based on these sub-goals. Our method can smartly
bypass the long-horizon compounding error issue in existing
sequence modeling-based offline RL methods through hierar-
chical recursive planning, while still maintaining the advan-
tage of learning in a completely supervised manner. Notably,
even using lightweight MLP networks, our method can pro-
vide comparable or even better performance as compared to
sequence modeling methods that use heavy architectures like
Transformers or diffusion models, while providing much bet-
ter training and inference efficiency. Our work highlights the
need to rethink the existing design principles for offline RL
algorithms: instead of relying on increasingly heavier models,
maybe it’s time to introduce more elegant and lightweight
modeling schemes to tackle existing challenges in offline RL.
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