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Abstract

Long-horizon planning is crucial in complex environments,
but diffusion-based planners like Diffuser are limited by
the trajectory lengths observed during training. This creates
a dilemma: long trajectories are needed for effective plan-
ning, yet they degrade model performance. In this paper, we
introduce this extendable long-horizon planning challenge
and propose a two-phase solution. First, Progressive Trajec-
tory Extension incrementally constructs longer trajectories
through multi-round compositional stitching. Second, the Hi-
erarchical Multiscale Diffuser enables efficient training and
inference over long horizons by reasoning across temporal
scales. To avoid the need for multiple separate models, we
propose Adaptive Plan Pondering and the Recursive HM-
Diffuser, which unify hierarchical planning within a single
model. Experiments show our approach yields strong per-
formance gains, advancing scalable and efficient decision-
making over long-horizons.

Introduction
The ability to plan over long horizons via a learned world
model (Hamrick et al. 2020; Mattar and Lengyel 2022)
enables agents to pursue long-term goals, even in environ-
ments with sparse rewards (Silver et al. 2016; Hafner et al.
2019; Hansen, Wang, and Su 2022). However, construct-
ing effective world models (Ha and Schmidhuber 2018) for
such planning remains a challenge. Traditional planning ap-
proaches based on autoregressive forward models are par-
ticularly susceptible to compounding errors (Lambert, Pis-
ter, and Calandra 2022; Bachmann and Nagarajan 2024). In
offline reinforcement learning, the Diffuser framework (Jan-
ner et al. 2022; Ajay et al. 2022) offers a promising alter-
native by leveraging diffusion models (Sohl-Dickstein et al.
2015; Ho, Jain, and Abbeel 2020) to bypass explicit forward
dynamics. Instead of predicting states sequentially, Diffuser
generates entire trajectories holistically thereby mitigating
compounding errors and improving planning accuracy, par-
ticularly for long-horizon planning.

A fundamental but underappreciated limitation of apply-
ing diffusion models to long-horizon planning is that they
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cannot plan beyond the trajectory lengths seen during train-
ing. As a result, modeling trajectories longer than those seen
during training becomes difficult. However, many real-world
applications require the ability to plan beyond the observed
sequence lengths. In contrast, forward model-based plan-
ning does not suffer from this problem as it can extend to
previously unseen horizons by rolling out longer sequences.
Therefore, it is crucial for diffusion-based planner to address
this issue.

While one solution is to collect longer trajectories, this
quickly becomes impractical. For example, enabling a robot
to plan over week- or month-long horizons would require
uninterrupted trajectories of that length—an increasingly
infeasible task as the horizon grows. Even if such data
were available, training a Diffuser model on trajectories
of that scale remains challenging. In fact, planning perfor-
mance has been shown to degrade on extended sequences
in existing diffusion-based approaches (Chen et al. 2024b).
This presents a fundamental dilemma: long trajectories are
needed for effective planning, yet they undermine the perfor-
mance of the Diffuser itself.

In this paper, we propose a simple two-phase solution to
this fundamental dilemma, which we term the extendable
long-horizon planning challenge. To address this problem,
we propose both a mechanism to generate long trajectories
from short ones and a model capable of learning effectively
from them.

First, we introduce Progressive Trajectory Extension
(PTE)—a method that incrementally extends short training
trajectories into significantly longer ones. While trajectory
stitching is not a new concept, PTE differs from traditional
approaches by not merely augmenting data, but by actively
extending trajectories through multiple rounds of compo-
sitional stitching of previously extended sequences. This
multi-round process enables the construction of extremely
long trajectories.

Second, we present the Hierarchical Multiscale Diffuser
(HM-Diffuser), which enables diffusion models to be trained
effectively on these long trajectories by introducing multi-
ple temporal scales. In particular, to overcome limitations of
existing hierarchical Diffuser frameworks—which require
separate models for each hierarchy level—we further pro-
pose the Adaptive Plan Pondering and the Recursive HM-
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Diffuser in the HM-Diffuser framework. These techniques
consolidate multiple hierarchical layers into a single model
capable of recursively reasoning across temporal scales.

Our experiments demonstrate that the integration of PTE
and HM-Diffuser yields non-trivial benefits. The combined
approach significantly enhances performance across a range
of planning tasks, underscoring its potential to advance scal-
able and efficient long-horizon decision-making.

The key contributions of this paper are as follows. First
and foremost, this paper identifies and formulates a pre-
viously underexplored challenge: extendable long-horizon
planning in Diffuser-based models. Second, as a solution to
this novel challenge, we propose a new unified two-phase
framework that integrates a process for generating extended
trajectories from short demonstrations, and a learning frame-
work that can leverage them effectively. While each compo-
nent draws from prior work on trajectory stitching and hi-
erarchical diffusion, their integration to tackle this specific
challenge is novel. Third, we present PTE, a multi-round
stitching method that generates explicitly longer trajectories
through iterative compositional extension. Fourth, we intro-
duce the Recursive Hierarchical Diffuser, a model that en-
ables efficient long-horizon planning through multiscale hi-
erarchical reasoning. Finally, we introduce the Plan Extend-
able Trajectory Suite (PETS) benchmark.

Preliminaries
Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020), inspired by the modeling of diffusion pro-
cesses in statistical physics, are latent variable models with
the following generative process

pθ(x0) =

∫
p(xM )

M∏
m=1

pθ(xm−1 | xm) dx1:M . (1)

Here, x0 is a datapoint and x1:M are latent variables of the
same dimensionality as x0. A diffusion model consists of
two core processes: the reverse process and the forward pro-
cess. The reverse process is defined as

pθ(xm−1|xm) := N (xm−1|µθ(xm,m), σmI) . (2)

This process transforms a noise sample xM ∼ p(xM ) =
N (0, I) into an observation x0 via a sequence of denoising
steps pθ(xm−1|xm) for m = M, . . . , 1. In the reverse direc-
tion, the forward process defines the approximate posterior
q(x1:M |x0) =

∏M−1
m=0 q(xm+1|xm) via the forward transi-

tions:
q(xm+1|xm) := N (xm+1;

√
αmxm, (1− αm)I) . (3)

The forward process iteratively applies this transition from
m = 0, ...,M−1 according to a predefined variance sched-
ule α1, . . . , αM and gradually transforms the observation x0

into noise N (0, I) as m → M for a sufficiently large M .
Unlike the reverse process involving learnable model param-
eters θ, the forward process is predefined. Learning the pa-
rameter θ of the reverse process is done by optimizing the
variational lower bound on the log likelihood log pθ(x0).
Ho, Jain, and Abbeel (2020) demonstrated that this can be
achieved by minimizing the following simple denoising ob-
jective: L(θ) = Ex0,m,ϵ

[
∥ϵ− ϵθ(xm,m)∥2

]
.

Planning with Diffusion. A prominent approach to plan-
ning via diffusion has recently gained increasing attention,
with Diffuser (Janner et al. 2022) being one of the most well-
known methods. Diffuser formulates planning as a trajec-
tory generation problem using diffusion models, first train-
ing a diffusion model pθ(τ ) on offline trajectory data τ =
(s0, a0, . . . , sT , aT ) and then guiding sampling towrad high-
return trajectories using a classifier guided approach (Dhari-
wal and Nichol 2021). This guidance model, pϕ(y|τ ) ∝
exp(Gϕ(x)), predicts trajectory returns, modifying the sam-
pling distribution to p̃θ(τ ) ∝ pθ(τ ) exp(Jϕ(τ )), which bi-
ases the denoising process toward optimal trajectories at test
time.

Proposed Method
Our goal is to enable planning far beyond the horizon lengths
available in the original dataset. To this end, we propose
a two-phase approach. First, we extend the collected tra-
jectories to significantly longer horizons via a Progressive
Trajectory Extension (PTE) procedure. Second, we train a
hierarchical diffusion-based planner on these extended tra-
jectories, which we call the Hierarchical Multiscale Dif-
fuser (HM-Diffuser). This planner is specifically designed
to handle multiple temporal scales efficiently, significantly
improving long-horizon planning capabilities.

Progressive Trajectory Extension
Progressive Trajectory Extension (PTE) is an iterative
process that stitches together shorter trajectories into longer
ones through successive rounds. Before running PTE, we
train a few key components needed for trajectory stitching:
(1) a diffusion model called the ”stitcher” for bridging tra-
jectories, (2) an inverse dynamics model for inferring ac-
tions, and (3) a reward model for estimating rewards. The
stitcher pstitcher

θ (τ ) is trained on the base dataset D0, com-
posed of short trajectories collected from the environment,
to generate trajectory segments from a given start state. The
inverse dynamics model fa predicts an action at from con-
secutive states (st, st+1), and the reward model fr estimates
the reward rt for a state-action pair (st, at). These compo-
nents lay the groundwork for extending trajectories.

For each round of PTE, the algorithm takes as input a
source set S of trajectories to extend and a target set T of
trajectories providing potential continuations. How S and T
are constructed plays a crucial role in determining the ex-
tension behavior of the resulting trajectories. In Section , we
describe several effective strategies for organizing these sets
to guide trajectory growth. As illustrated in Figure 1, each
PTE round performs a series of stitching iterations as fol-
lows:

(i) Sampling a source trajectory, a bridge, and target
candidates. We begin by randomly selecting a source tra-
jectory τ s ∈ S for extension. Next, we generate a bridge
by conditioning the stitcher model on the last state of the
source, τ b ∼ pstitcher

θ (τ |s0 = slast
τs

). We use the reward model
fr and the inverse dynamics model fa to infer rewards and
actions for the bridge. Finally, we sample a batch of c tar-
get candidate trajectories (τ (1)

t , τ (2)

t , . . . , τ (c)

t ) ⊂ T . These
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Figure 1: Progressive Trajectory Extension process. (Left) PTE overview: (i) A source trajectory (blue), a bridge (green), and target candidates
(black) are sampled. (ii) Candidates are filtered by proximity to the bridge, and a valid target (orange) is selected. (iii) The extended trajectory
is formed by bridging the source to the chosen target. (Right) Visualization of this process in the Franka Kitchen environment.

three components—the source, the bridge, and the candi-
dates—form the basis for the stitching process in each round
of PTE.

(ii) Selecting a target trajectory. Note that not all can-
didate targets will be reachable by the sampled bridge. We
therefore compute the minimum distance (e.g., Euclidean or
cosine similarity) between the bridge trajectory τ b and each
candidate τ (i)

t . We then select one candidate whose distance
to the bridge is below a threshold, for example by choosing
uniformly at random among the valid ones.

(iii) Stitching the source and the target. After selecting
a target based on the initial bridge, we refine the connection
to improve quality. In the target trajectory τ t, there exists a
state that is closest to the bridge τ b; suppose this is the k-th
state. Then, we sample a new bridge τ ′

b from the stitcher,
conditioned on both the last state of τ s and the first k states
of τ t, to provide a smoother and more coherent connection.
Finally, we concatenate the source, the refined bridge, and
the target to form the extended trajectory: τ new = τ s ∥ τ ′

b ∥
τ t. The full procedure is described in Algorithm E.1.

Trajectory extension strategies While PTE is a general
framework with flexible instantiations, its behavior largely
depends on how the source and target sets are constructed
in each round. Since our goal is to extend the planning hori-
zon, we design the following two strategies to progressively
increase trajectory length.

Linear Extension is the default strategy for steadily in-
creasing trajectory length over successive PTE rounds. In
this approach, the source set consists of trajectories extended
in the previous round, while the target set remains fixed as
the original base dataset: S = Dr−1, T = D0. This setup
ensures that each round yields slightly longer trajectories
than the last, enabling stable and incremental growth.

Exponential Extension accelerates trajectory growth by
using the output of the previous round as both the source and
target sets: Sr = Tr = Dr−1. By stitching together already-
extended trajectories, this strategy enables faster horizon ex-
pansion, which is beneficial in large or complex environ-
ments. However, it may result in a sparser distribution of
intermediate lengths compared to the linear case. We ana-
lyze this trade-off in more detail in Section .

After R rounds of PTE, we obtain an extended dataset
DR with trajectories significantly longer than those in D0.

This dataset is then used to train our hierarchical planner,
designed for effective long-horizon planning.

Hierarchical Multiscale Diffuser
A straightforward way to train a planner on the extended
dataset DR is to learn a single diffusion model to generate
entire long trajectories using the standard Diffuser (Janner
et al. 2022; Ajay et al. 2022). However, scaling Diffuser to
very long horizons poses serious challenges: the trajectory
length directly affects the model’s output dimensionality and
the complexity of denoising, leading to much higher compu-
tational cost. Moreover, prior studies (Chen et al. 2024b) has
shown that Diffuser’s performance degrades as the planning
horizon grows, due to the difficulty of modeling extremely
long sequences.

To address these issues, we adopt the Hierarchical Dif-
fuser (HD) framework (Chen et al. 2024b), which improves
efficiency and scalability through structured planning. Our
planner consists of a hierarchy of L levels, where each level
ℓ ∈ 1, · · · , L employs a diffusion model pθℓ(τ ). The ef-
fective planning horizon at level ℓ is determined by a jump
length jℓ and a jump count kℓ, giving Hℓ = jℓ × kℓ. For
example, if jℓ = 10, meaning the planner outputs one state
every 10 steps, and kℓ = 5, generating five such states, the
resulting trajectory spans 50 steps in total.

This temporally sparse structure enables efficient plan-
ning, as each level generates only every jℓ-th state over
kℓ steps, resulting in an effective horizon of Hℓ with re-
duced output dimensionality. The resulting states, denoted
as g(1)

ℓ , . . . , g
(kℓ)

ℓ , serve as subgoals for lower levels.
The core idea of hierarchical planning in HD is that each

level ℓ generates a jumpy trajectory conditioned on two con-
secutive subgoals from the higher level ℓ + 1, with one as
the start and the other as the end. Given subgoals g(t)

ℓ+1 and
g(t+1)

ℓ+1 , the level-ℓ planner generates a sequence as follows:

(g(1)

ℓ , . . . , g
(kℓ−1)

ℓ , g
(kℓ)

ℓ ) ∼ pθℓ(τ |g
(1)

ℓ = g(t)

ℓ+1, g
(kℓ)

ℓ = g(t+1)

ℓ+1 )

This hierarchical structure ensures that lower-level plans
are consistent with higher-level subgoals. To maintain align-
ment across levels, we set Hℓ = jℓ+1, so that each jump at
level ℓ+ 1 is decomposed into kℓ subgoals at level ℓ. At the
lowest level, we set j1 = 1, producing a fine-grained, dense
plan.
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Figure 2: Recursive Hierarchical Multiscale Diffuser (HM-Diffuser). Given start S and goal G, APP selects an initial level ℓ+1.A level-
conditioned diffuser generates subgoals that are recursively refined across lower levels, progressively forming a trajectory from coarse to fine.

Adaptive Plan Pondering A limitation of the above hier-
archical planner is that it always starts from the top level L,
regardless of the distance to the goal. This can lead to inef-
ficiencies when the goal is nearby, as it produces unneces-
sarily indirect plans. To address this, we introduce Adap-
tive Plan Pondering (APP), which dynamically adjusts
the starting level based on the goal proximity. Specifically,
we train a depth predictor fϕ that takes the start and goal
states (s0, sg) and outputs the most suitable planning level
ℓ̄ = fϕ(s0, sg). Since the target level for each trajectory in
the training dataset DR can be readily determined (e.g., from
its length), the predictor can be trained in a straightforward
supervised manner.

At test time, APP enables the planner to skip unnecessary
higher levels and begin planning from a lower level when ap-
propriate. This not only reduces computational overhead but
also improves overall plan quality by avoiding unnecessary
detours.

Recursive HM-Diffuser Another key limitation of the hi-
erarchical approach is the need to maintain separate dif-
fuser models for each level—pθ1 , pθ2 , . . . , pθL—each with
its own set of parameters. This raises an important question:
can a single diffusion model effectively handle all levels of
the hierarchy? While sharing parameters may not necessar-
ily improve performance compared to non-shared models
with larger capacity, it significantly simplifies model man-
agement and reduces computational complexity, making it a
desirable approach if performance can be maintained.

To that end, we incorporate Recursiveness into HM-
Diffuser, enabling a single diffusion model to handle
the entire hierarchy, as illustrated in Figure 2. Instead
of maintaining separate diffusers for each level, we re-
place them with a single level-conditioned diffusion model
pθ(τ |ℓ). During training, the shared diffuser is trained to
generalize across different levels by uniformly sampling
ℓ ∼ Uniform(1, . . . , L), ensuring exposure to all levels and
enabling it to generate trajectories conditioned on any level.

For planning, the process starts at the appropriate level
predicted by APP. Once a high-level subgoal sequence is
generated, each pair of consecutive subgoals (g(t)

ℓ+1, g
(t+1)

ℓ+1 )
is recursively fed back into the same diffuser, with the
level indicator explicitly decreased by one from ℓ + 1

to ℓ. The model then generates a refined trajectory at
the lower level, conditioned on a start and end state de-
fined by a pair of consecutive states from the higher level:
pθ(τ |ℓ, g(1)

ℓ = g(t)

ℓ+1, g
(kℓ)

ℓ = g(t+1)

ℓ+1 ). This process continues
until the lowest level is reached, resulting in a fully specified
dense trajectory.

Related Works

Diffusion-based planners in offline RL. Diffusion models
are powerful generative models that frame data generation as
an iterative denoising process (Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2020). They were first introduced
in reinforcement learning as planners by (Janner et al. 2022),
utilizing their sequence modeling capabilities. Subsequent
work (Ajay et al. 2022; Liang et al. 2023; Rigter, Yamada,
and Posner 2023) has shown promising results in offline-RL
tasks. Diffusion models have also been explored as policy
networks to model multi-modal behavior policies (Wang,
Hunt, and Zhou 2023; Kang et al. 2024). Recent advance-
ments have extended these models to hierarchical architec-
tures (Wenhao Li and Zha 2023; Chen et al. 2024b; Dong
et al. 2024; Chen et al. 2024a), proving effective for long-
horizon planning. Our method builds on this by not only us-
ing diffusion models for extremely long planning horizons
but also exploring the stitching of very short trajectories with
them. Additional related works on hierarchical planning are
provided in Appendix B.

Data augmentation in RL has been a crucial strategy for
improving generalization in offline RL. Previous work used
dynamic models to stitch nearby states (Char et al. 2022),
generate new transitions (Hepburn and Montana 2022), or
create trajectories from sampled initial states (Zhou et al.
2023; Lyu, Li, and Lu 2022; Wang et al. 2021; Zhang et al.
2023). Recently, diffusion models have been applied for
augmentation (Zhu et al. 2023b). (Lu et al. 2023) used dif-
fusion models to capture the joint distribution of transition
tuples, while (He et al. 2024) extended it to multi-task set-
tings. (Li et al. 2024) used diffusion to connect trajectories
with inpainting.
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(a) Mean Trajectory Length (b) Start-Goal Pair Coverage (c) Maze Coverage over PTE Rounds

Figure 3: Progressive Trajectory Extension (PTE) results. (a) Mean trajectory lengths for the XXLarge maze. Linear PTE increases trajectory
length at a constant rate, while Exponential PTE grows exponentially across rounds. (b) Start–goal coverage increases over rounds, with
Exponential PTE covering a larger area. (c) Maze coverage across PTE rounds, showing faster and broader expansion with Exponential PTE.

Experiments
We aim to investigate the following questions through our
experiments: (1) Can PTE generate trajectories that are sig-
nificantly longer than those originally collected from the en-
vironment? (2) Can HM-Diffuser leverage these extended
trajectories to produce coherent long-horizon plans? (3) Is
the overall approach effective in high-dimensional manipu-
lation tasks? To facilitate our analysis, we introduce the Plan
Extendable Trajectory Suite (PETS).

Plan Extendable Trajectory Suite
In practice, collecting long trajectories is often costly and
impractical, whereas short-horizon data is far more acces-
sible. However, existing benchmarks rarely evaluate the
ability to perform long-horizon planning when only short-
horizon data is available. To address this gap, we introduce
the Plan Extendable Trajectory Suite (PETS)—a bench-
mark built by restructuring existing environments to eval-
uate this capability. PETS spans three domains—Maze2D,
Franka Kitchen, and Gym-MuJoCo—each chosen to repre-
sent a distinct challenge in control and generalization.

Extendable Maze2D. Maze2D is a widely used environ-
ment for evaluating planning algorithms. Building on the
existing Large Maze from D4RL and the Giant Maze from
Park et al. (2024), we additionally introduce a new XXLarge
Maze, four times larger than the Large Maze, to enable more
rigorous evaluation of long-horizon planning. To assess ex-
tendable planning capability, training data consists only of
short trajectories between 130 and 160 steps. However, at
test time, tasks require reaching goals up to 1,000 steps, de-
pending on the maze size. See Appendix D for details.

Extendable Franka Kitchen. FrankaKitchen is a widely
used benchmark for complex, high-dimensional manipula-
tion tasks. We modify the training data by splitting the D4RL
offline trajectories into non-overlapping segments of length
10, exposing the model only to short-horizon trajectories
during training. At test time, however, it must complete com-
pound tasks that require much longer sequences involving
multiple stages of manipulation. This setup enables evalu-
ation of extendable long-horizon planning while preserving
the full complexity of the original high-dimensional envi-
ronment. See Appendix F for details.

Extendable Gym-MuJoCo. Gym-MuJoCo environ-
ments are widely used benchmarks for low-level motor con-
trol, but they are not originally designed for long-horizon
planning. To adapt them, we split the D4RL offline trajecto-
ries from Hopper and Walker2D into non-overlapping seg-
ments of length 10, so that only short-horizon trajectories
are available during training. At test time, however, models
are required to plan over much longer horizons while main-
taining temporally coherent control. This setup retains the
dense reward structure of the original environments while
enabling assessment of extendable long-horizon planning.
See Appendix F for details.

We now present experimental results based on the PETS
benchmark. Throughout this section, we use the -X suffix to
denote baselines trained on the extended dataset generated
by PTE, which reflects their ability to model long-horizon
plans. In contrast, baselines without this suffix are trained
solely on the short base dataset. Additional implementation
details are provided in Appendix C.

Extendable Maze2D results
We first validate our proposed unified framework of PTE
and HM-Diffuser in the Extendable Maze2D environment,
focusing on whether PTE can generate trajectories that con-
nect unseen start-goal pairs to improve maze coverage, and
whether HM-Diffuser can utilize them to reach goals situ-
ated in remote areas of the maze.

PTE on Extendable Maze2D. As shown in Figure 3(a),
linear and exponential variants of PTE progressively and
substantially increase trajectory lengths over successive
rounds. While both methods show similar gains in the early
stages, their growth dynamics differ: Linear PTE increases
length at a steady rate, reaching roughly 700 steps by round
5, whereas exponential PTE accelerates rapidly, exceeding
1,500 steps at the same round as trajectories from previous
rounds are stitched together to form even longer ones.

This trajectory extension leads to broader maze coverage,
as illustrated in Figure 3(b). Both variants significantly ex-
pand the diversity of reachable start-goal pairs compared to
the base dataset, which covers less than 5%. By round 5,
linear PTE increases coverage to over 65%, and exponential
PTE further extends it beyond 80%. However, as detailed
in Section , since exponential PTE requires more data than
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Environment Diffuser Diffuser-X HD-X HMD-X
Maze2D Large 45.8± 5.9 114.4± 4.7 144.3± 3.3 166.9± 4.6
Maze2D Giant 77.2± 11.7 114.6± 9.10 138.4± 9.6 177.4± 11.9
Maze2D XXLarge 14.1± 4.9 23.0± 3.4 56.4± 4.9 82.1± 8.5

Single-task Average 45.7 84.0 113.0 142.1

Multi2D Large 33.4± 5.9 130.3± 4.0 150.3± 3.0 174.7± 3.8
Multi2D Giant 77.8± 11.8 140.2± 8.9 168.8± 9.0 246.7± 10.6
Multi2D XXLarge 23.4± 6.3 63.2± 5.2 71.9± 5.5 109.9± 8.4

Multi-task Average 44.9 111.2 130.4 177.1

Table 1: Extendable Maze2D performance. We compare baselines
across Large, Giant, and XXLarge mazes. -X baselines are trained
on data extended with 7 rounds of Linear PTE, while Diffuser
uses only the base dataset. Results are averaged over 200 planning
seeds. HMD-X consistently outperforms all baselines.

Linear one, we adopt linear PTE as the default setting in our
experiments due to its stability and data efficiency. In the
following experiments, we apply 7 rounds of Linear PTE to
extend trajectory lengths. The resulting datasets are then ag-
gregated into a single training set.

HM-Diffuser on Extendable Maze2D. Using the ex-
tended dataset, we train Diffuser, HD, and our proposed
HM-Diffuser, denoting these models with the -X suffix. Fol-
lowing Diffuser (Janner et al. 2022), we evaluate perfor-
mance under two settings. In the single-task setting (Ex-
tendable Maze2D), the goal position is fixed at the bottom-
right corner of the maze while the start position is random-
ized. The multi-task setting (Extendable Multi2D) random-
izes both start and goal positions to assess the model’s gen-
eralization across a wider range of tasks. Evaluation details
are provided in Appendix D.

Table 1 demonstrates that HM-Diffuser-X consistently
outperforms all baselines across both settings. In the single-
task setting, HM-Diffuser-X achieves the highest average
score (142.1), highlighting the effectiveness of its hier-
archical and multiscale planning capabilities. Meanwhile,
Diffuser-X, despite being trained on the extended dataset,
struggles in the XXLarge maze environment, achieving only
23.0 ± 3.4—a performance comparable to Diffuser trained
solely on the base dataset. This suggests that Diffuser-X
faces challenges in modeling long-horizon plans in complex
environments. However, HD-X and HM-Diffuser-X manage
to retain better performance, demonstrating the effectiveness
of the hierarchical planning. In the multi-task setting, HM-
Diffuser-X outperforms all baselines, achieving an average
score of 177.1, demonstrating its ability to generalize across
diverse tasks.

These results demonstrate that PTE effectively constructs
longer and more diverse trajectories, enabling HM-Diffuser
to plan over substantially longer horizons than those present
in the original dataset. The combination of scalable data gen-
eration via PTE and efficient hierarchical planning via HM-
Diffuser proves essential for solving complex, long-horizon
tasks. Detailed results across different PTE rounds are pre-
sented in Figure D.8.

Extendable Franka Kitchen and Extendable
Gym-MuJoCo results
We also evaluate our framework on Extendable Franka
Kitchen and Extendable Gym-MuJoCo to assess its ability

Environment Diffuser Diffuser-X HD-X HMD-X

Kitchen Partial-v0 41.7± 3.2 43.3± 5.5 56.7± 5.8 56.7± 5.3

Kitchen Mixed-v0 45.8± 3.1 48.3± 4.7 53.3± 3.1 61.7± 3.1

Kitchen Average 43.8 45.8 55.0 59.2

Walker2d MedReplay 22.8± 2.7 20.1± 4.3 30.2± 5.9 29.6± 4.8

Walker2d Medium 58.1± 5.6 62.6± 6.4 66.5± 4.3 72.7± 2.5

Walker2d MedExpert 82.3± 4.6 80.3± 3.7 80.8± 2.9 79.3± 2.3

Walker2d Average 54.4 54.3 59.2 60.5

Hopper MedReplay 18.7± 3.0 34.5± 6.2 22.5± 3.1 37.3± 4.8

Hopper Medium 45.6± 1.9 44.3± 3.5 44.1± 2.8 44.9± 3.5

Hopper MedExpert 61.4± 8.4 74.9± 8.0 67.9± 7.7 74.3± 9.0

Hopper Average 41.9 51.2 44.8 52.2

Table 2: Performance on Extendable Franka Kitchen and Extend-
able Gym-MuJoCo. Training on extended data improves Diffuser-
X, and a recursive hierarchical structure further enhances perfor-
mance. Results are averaged over 15 planning seeds.

to generalize beyond the short training trajectories and pro-
duce coherent plans over extended horizons in both high-
dimensional manipulation and low-level locomotion control.

PTE on Extendable Franka Kitchen and Extendable
Gym-MuJoCo. To assess the effect of PTE in these com-
plex environments, we analyze the distribution of normal-
ized returns—defined as total return divided by trajectory
length. This metric provides a conservative estimate of data
quality: if longer trajectories are generated without mean-
ingful improvement, the normalized return would decline.
As shown in Figure 5, PTE shifts the distribution upward,
increasing the density of high-return trajectories and indi-
cating improved overall data quality. Despite a slight dip in
Round 1 for Extendable Hopper-Medium-Replay, likely at-
tributed to dataset characteristics, the normalized return im-
proves in Round 2, demonstrating the effectiveness of PTE
over time.

HM-Diffuser on Extendable Franka Kitchen. As
shown in Table 2, training on the extended dataset improves
the performance of Diffuser-X from 43.8 to 45.8, likely due
to the longer planning horizon enabled by PTE, which ad-
dresses short-horizon limitations by connecting short tra-
jectories into longer ones that complete the task (see Ap-
pendix G.15). Both HM-Diffuser-X and HD-X outperform
Diffuser-X by leveraging hierarchical planning that reduces
complexity—a trend also observed in Chen et al. (2024c).
Between the two, HM-Diffuser-X scores higher than HD-X:
59.2 vs. 55.0, demonstrating the benefit of our efficient pa-
rameter sharing and adaptive planning design.

HM-Diffuser on Extendable Gym-MuJoCo. As shown
in Table 2, training on the extended dataset improves the
average performance of Diffuser-X on Extendable Hopper
from 41.9 to 51.2, likely due to PTE alleviating limitations
from short-horizon training data. On Extendable Walker2D,
Diffuser-X performs similarly to Diffuser (54.3 vs. 54.4),
showing no notable gain despite access to extended trajecto-
ries. However, prior work (Chen et al. 2024c) reports that
standard Diffuser models often suffer performance degra-
dation when planning over long horizons due to increased
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Figure 4: Adaptive planning in HM-Diffuser. (a) Multiscale trajectories at levels ℓ = 1, 2, 3. The highlighted level is selected by the depth
predictor for efficient planning. (b) Long-horizon planning comparison: HM-Diffuser produces more direct trajectories than Diffuser and HD.

Figure 5: Trajectory quality. We evaluate normalized return (to-
tal return divided by length) to compare trajectories as stitching
increases length. Despite penalizing longer trajectories, normal-
ized return improves across PTE rounds, indicating progressively
higher-quality data.

complexity. In contrast, our results show that Diffuser-X
maintains stable performance, suggesting that PTE miti-
gates such degradation by generating higher-quality training
data. Notably, HM-Diffuser-X outperforms both Diffuser-X
and HD-X, achieving average scores of 60.5 on Extendable
Walker2D and 52.2 on Extendable Hopper.

Ablation studies
To better understand the effectiveness of PTE and HM-
Diffuser, we conduct ablations on key design choices, in-
cluding the adaptive planning mechanism, the impact of dif-
ferent extension strategies, and comparisons with standard
benchmarks and alternative data augmentation methods.

Linear PTE and Exponential PTE. We compare Linear
and Exponential PTE on the Extendable Maze2d-XXLarge
task and find that Exponential PTE is highly sensitive to
dataset size. Linear PTE shows steady performance im-
provements as the dataset size grows from 1M to 4M, with
scores rising from 82.1 ± 8.5 to 89.9 ± 8.2 using data gen-
erated from 7 PTE rounds. In contrast, Exponential PTE im-
proves dramatically from 30.0± 5.5 to 120.5± 8.6 over the
same range, highlighting its dependence on larger datasets.
As our goal is to evaluate general applicability rather than
maximize absolute performance, we adopt Linear PTE as
the default. Detailed results are provided in Table D.4.

PTE outperforms other diffusion-based data augmen-
tation methods. Next, we compare our proposed PTE with
DiffStitch (Li et al. 2024), a diffusion-based data augmen-
tation method, on the extendable planning problem. Ta-
ble G.10 shows that all planners trained in PTE-augmented
datasets outperform those trained in DiffStitch-augmented
datasets. For further analysis, please see Appendix G.

Adaptive Plan Pondering. Figure 4 (a) illustrates HM-

Diffuser’s multiscale planning across levels, where ℓ = 1
denotes the lowest level. By selecting an appropriate level
via the depth predictor (orange box), HM-Diffuser maintains
effective planning without degradation (see Figure D.10).
In contrast, Figure 4 (b) shows that Diffuser and HD gen-
erate inefficient trajectories with detours due to fixed plan-
ning horizons (see Figure D.11). Unlike other methods, HM-
Diffuser performs adaptive planning by selecting the appro-
priate level per task. Figure D.9 illustrates how hierarchical
planning proceeds from the predicted level down to lower
levels, enabling efficient and flexible trajectory generation.

HM-Diffuser performs reasonably well on standard
benchmarks. Finally, we evaluate the proposed HM-
Diffuser on the standard D4RL benchmark. Unlike previous
experiments using PTE-processed data, the trajectories here
are taken directly from the original D4RL dataset without
splitting. Table G.8 demonstrates that HM-Diffuser outper-
forms all baselines in the long-horizon planning tasks and
performs reasonably well in standard control tasks.

Conclusion

In this work, we introduce the Hierarchical Multiscale Dif-
fuser framework for the proposed extendable long-horizon
planning problem. Starting from a set of short, subopti-
mal trajectories, our approach employs Progressive Tra-
jectory Extension to generate longer, more informative se-
quences. We then train an HM-Diffuser planner on the aug-
mented dataset, leveraging a hierarchical multiscale struc-
ture to efficiently model and execute long-horizon plans. Ex-
periments demonstrate that our framework achieves promis-
ing results across a diverse set of benchmarks, including
the long-horizon Extendable Maze2D, dense-reward Ex-
tendable Gym-MuJoCo, and high-dimensional Extendable
FrankaKitchen manipulation tasks.

While HM-Diffuser substantially improves long-horizon
planning, several limitations remain. First, further improv-
ing stitching quality could yield additional performance
gains. Second, HM-Diffuser currently operates in state
space; extending it to image-based planning is essential for
real-world applications. Third, plan pondering is limited to
discrete levels, and the lack of temporal abstraction may
limit scalability to extremely long horizons. Finally, HM-
Diffuser lacks test-time adaptivity; integrating search-based
refinement like MCTS could enhance execution flexibility.
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