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Abstract. Robotic imitation learning faces a fundamental trade-off be-
tween modeling long-horizon dependencies and enabling fine-grained closed-
loop control. Existing fixed-frequency action chunking approaches strug-
gle to achieve both. Building on this insight, we propose HiPolicy, a
hierarchical multi-frequency action chunking framework that jointly pre-
dicts action sequences at different frequencies to capture both coarse
high-level plans and precise reactive motions. We extract and fuse hi-
erarchical features from history observations aligned to each frequency
for multi-frequency chunk generation, and introduce an entropy-guided
execution mechanism that adaptively balances long-horizon planning
with fine-grained control based on action uncertainty. Experiments on
diverse simulated benchmarks and real-world manipulation tasks show
that HiPolicy can be seamlessly integrated into existing 2D and 3D gen-
erative policies, delivering consistent improvements in performance while
significantly enhancing execution efficiency.
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Fig. 1: We propose HiPolicy, a hierarchi-
cal multi-frequency action chunking for pol-
icy learning, modeling long-horizon depen-
dency and precise closed-loop control.

Learning from human demonstrations
has emerged as a powerful paradigm
for robotic manipulation [4, 9, 13, 33,
38–41], enabling policies to acquire
complex skills without explicit reward
engineering or exhaustive exploration.
Imitation Learning (IL) [1, 7] has
shown promise in both task-specific
policy training and general-purpose
vision-language-action (VLA) model
[5, 12] development, providing a scal-
able route toward versatile robot con-
trol [2,4,17,35]. Among various IL ap-
proaches, generative policies such as

https://hipolicy.github.io
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Fig. 2: Comparison of HiPolicy with Existing Methods. Existing imitation
learning methods typically predict an action chunk at a single fixed frequency, lead-
ing to a trade-off between long-horizon dependency modeling and precise closed-loop
control. In contrast, HiPolicy proposes hierarchical multi-frequency action chunking,
enabling the capture of both long-term intentions and precise closed-loop adjustments.
Additionally, the proposed action-entropy guided adaptive execution mechanism se-
lects action frequency based on action uncertainty, balancing robustness and efficiency
during task execution.

Diffusion Policy [4], ACT [42], and DP3 [40] have become dominant due to their
ability to model continuous action distributions with high temporal fidelity, de-
livering strong performance across diverse manipulation tasks.

Despite the effectiveness of imitation learning, it still faces fundamental chal-
lenges. First, error accumulation remains a critical issue. Small discrepancies in
predicted actions can compound over time, leading to substantial state deviations
and eventual task failure [14,18,29]. Second, modeling long-horizon dependencies
is hard, especially for non-Markovian behaviors frequently observed in human
demonstrations, such as pauses or subtle oscillatory motions [19]. Recent work
has sought to address this via action chunking [42], predicting multi-step se-
quences instead of single-step actions. While this improves temporal coherence,
its effectiveness is tightly coupled to two hyperparameters: action frequency and
chunk size. As shown in Figure 1, at the same chunk size, low-frequency chunks
capture long-horizon dependencies but lack the temporal resolution for fine-
grained closed-loop control, whereas high-frequency chunks offer fine-grained
adjustments but are less effective at modeling long-horizon dependencies. This
trade-off presents a significant challenge in designing effective action chunking
strategies for robotic policies.

Human motor control studies reveal that complex movements naturally in-
tegrate components operating at multiple frequencies [8, 24, 34]. Long-duration,
low-frequency motions encode high-level goals and stage intentions, while short-
duration, high-frequency motions enable precise adjustments and reactive con-
trol. This raises a key question: Could such a hierarchical multi-frequency struc-
ture be the key to uniting robust long-horizon planning with precise fine-grained
closed-loop control in robotic policies?

In this work, we present HiPolicy: a hierarchical multi-frequency action chunk-
ing framework for policy learning. As shown in Figure 2, our framework jointly
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predicts action sequences at multiple frequencies from hierarchically aligned ob-
servation histories, fusing their representations to model long-horizon and fine-
control behavior concurrently. To resolve the execution trade-off between speed
and precision, we propose an action-entropy-guided adaptive execution strat-
egy: Low-entropy frames indicate concentrated action distributions and stable
predictions, prompting execution of high-frequency actions to enable precise
closed-loop refinement. High-entropy frames reflect dispersed distributions and
greater uncertainty, corresponding to broader phase-level decisions, where exe-
cuting low-frequency actions aligns with high-level intent while increasing opera-
tional speed [10]. By dynamically selecting execution frequency based on policy
uncertainty, our method speeds up the execution while balancing fine-grained
control with long-horizon consistency.

Our contributions are threefold:

– We introduce HiPolicy, a novel hierarchical multi-frequency action chunking
framework for policy learning that addresses the trade-off between long-
horizon dependency modeling and high-frequency reactive control.

– We propose an action-entropy-guided adaptive execution mechanism that
dynamically selects action frequency based on policy uncertainty, enhancing
both robustness and execution efficiency.

– We validate our approach on extensive simulation benchmarks and real-
world manipulation tasks, demonstrating consistent improvements in both
performance and efficiency across 2D and 3D generative policies.

2 Related Work

2.1 Imitation Learning for Manipulation

Imitation learning (IL) has become a dominant learning paradigm for robots to
acquire manipulation skills from human demonstrations [4, 40, 42]. Generative
models such as Diffusion Models [11, 31] and Conditional Variational Autoen-
coders (CVAE) [16,27] are the primary drivers of this progress, enabling accurate
and robust action distribution modeling [20,27,32,36].

Diffusion Policy [4] integrates the diffusion process into generating the action
sequence of robots, enabling accurate action prediction. 3D Diffusion Policy [40]
and 3D Diffuser Actor [13] incorporate point cloud representations into the dif-
fusion policy, enhancing the spatial perception ability for manipulation. Our
Hierarchical Policy proposes a hierarchical modeling method based on differ-
ent frequencies, which can be easily integrated into Diffusion Policy [4] and 3D
Diffusion Policy [40], compensating their weakness in modeling non-Markovian
processes by jointly predicting at hierarchical temporal resolutions. Furthermore,
our action entropy-guided execution method chooses the suitable execution fre-
quency adaptively, significantly improves the efficiency of manipulation, and re-
lieves the low-speed problem of diffusion-based policies.
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2.2 Hierarchical Manipulation Policy

Hierarchical structures in the area of computer vision can effectively perceive
and integrate environmental information at different semantic levels, thereby
enabling the model to take into account both global information and local details,
and improving model performance.

In the robot learning community, recent research has sought to integrate hi-
erarchical structures into imitation learning framework. [21, 23] H3DP [22] pro-
poses a visuomotor learning framework that explicitly strengthens the coupling
between visual features and action generation by hierarchically conditioning on
multi-scale visual representations. Reactive Diffusion Policy [39] introduces a hi-
erarchical slow-fast visual-tactile imitation learning algorithm that uses a slow
latent diffusion policy for high-level action chunks and a fast asymmetric to-
kenizer for low-level control to enable quick responses in contact-rich manip-
ulation tasks. CARP [9] applies a next-scale autoregressive structure that de-
couples action generation into multi-scale representation learning via an action
autoencoder. Dense Policy [33] introduces a new bidirectionally expanded learn-
ing approach for autoregressive policies, employing an encoder-only architecture
to hierarchically unfold the action sequence in a coarse-to-fine manner.

However, the hierarchical structure of these policies only models perceptual
input information at different levels, and few work studies have been conducted
on imitation learning algorithms with a hierarchical structure for different tem-
poral resolutions. In contrast, our Hierarchical Policy features temporal hierar-
chical modeling, which hierarchically divides the perceptual input and action
sequence simultaneously according to different frequencies and trains the model
to predict future action sequences at different time scales.

3 Method

3.1 Problem Formulation

We consider an imitation learning setting where the agent learns a generative
policy:

At,Lc
= πθ(Ot,Lh

), (1)

where t denotes the current time step, and Lc and Lh denote the action chunk
length and observation history length, respectively. The policy π maximizes the
likelihood of the actions given the observation by P (At,Lc

|Ot,Lh
). θ are the

learnable parameters of the policy πθ, and Ot,Lh
denotes the observation history

over Lh time steps:
Ot,Lh

= {ot−Lh+1, . . . ,ot}, (2)

with ot = {vt, st}, where vt denotes the visual observation (either a 2D RGB
image or a 3D point cloud) and st denotes proprioceptive states such as joint
positions, velocities, and gripper status. The action chunk At,Lc

is defined as:

At,Lc
= {at,at+1, . . . ,at+Lc−1}, (3)
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Fig. 3: Overview of HiPolicy. We propose HiPolicy, a hierarchical multi-frequency
action chunk policy with an entropy-guided adaptive execution strategy. Given a hi-
erarchical observation history, HiPolicy predicts multi-frequency action chunks simul-
taneously through a diffusion-based model. During inference, HiPolicy estimates the
action entropy through multiple samplings and adaptively chooses the execution fre-
quency according to the estimated entropy.

where a is a low-level control action and Lc is the chunk size, i.e., the number
of actions executed before receiving the next observation and generating the
subsequent chunk.
Prior formulation (single frequency). In conventional fixed-frequency chunk-
ing, both observation histories and action chunks are sampled at a single fre-
quency f :

Of
t,Lh

= {of
t−Lh+1, . . . ,o

f
t }, (4)

Af
t,Lc

= {af
t ,a

f
t+1, . . . ,a

f
t+Lc−1}. (5)

This formulation poses a challenge in selecting the appropriate frequency f :
low f supports long-horizon dependency modeling, but reduces opportunities for
precise and closed-loop control. High f allows for fine-grained control but limits
the field of view for long-horizon tasks.
HiPolicy formulation (hierarchical multi-frequency). HiPolicy jointly en-
codes multi-frequency observation histories:

Oh
t,Lh

=

M⋃
m=1

Ofm
t,Lh

, (6)

and predicts a single hierarchical multi-frequency action chunk:

Ah
t,Lc

=

M⋃
m=1

Afm
t,Lc

, (7)

where each fm represents a frequency component within the same chunk, and M
is the number of frequencies. Unlike single-frequency approaches, the observation
and action components at different frequencies are jointly generated and fused
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within the chunk, enabling coarse high-level planning and fine-grained reactive
control to communicate and synergize.
HiPolicy Overview. As shown in Figure 3, our HiPolicy is designed as a
diffusion-based model, predicting action chunks with hierarchical time resolu-
tions simultaneously. First, we extract hierarchical observation features from
visual and proprioception input. Then we obtain the overall action chunk by
concatenating noisy action chunks at different frequencies and predict the noise
through a 1D-CNN-based U-Net [28]. Hierarchical FiLM fusion [26] and global
feature fusion are two key fusion modules designed to promote fusing observation
features with action and injecting global information across different frequencies.
After predicting action chunks at hierarchical temporal resolutions, we perform
the inference in parallel to estimate the action entropy and select the execution
frequency according to the entropy adaptively.

We follow Diffusion Policy [4] to design our training process, which is detailed
described in Appendix C.

3.2 Multi-Frequency Action Chunk Prediction

Hierarchical feature extraction. To obtain the hierarchical observation fea-
ture, we first extract the observation frames of different frequencies from the
raw observation chunk. Then the hierarchical feature is obtained through the
observation encoder. Input vision observation is selectable between 2D images
and 3D point clouds. Robot state is also optional as proprioception information,
and is encoded through MLP.
Hierarchical FiLM fusion. To model observation-action mappings at differ-
ent frequencies, we use features of different frequencies as conditions for action
chunks of different frequencies. As shown in Figure 3, we adopt the FiLM condi-
tion [26] method and impose the corresponding frequency of observation features
to each frequency of action chunk. Then we get the hierarchical action feature
Fh

A as follows:

Fh
A ←

M⊕
m=1

FiLM(Ffm
O ,Ffm

A ) (8)

where
⊕

represents the concatenation on the temporal dimension, Fh
A ∈

RB×(MT )×C denotes the hierarchical action feature, and Ffm
O ∈ RB×T×C ,Ffm

A ∈
RB×T×C are the observation and action feature at frequency fm. B is the batch
size, C denotes the hidden feature dimension, and T refers to the temporal
dimension. This hierarchical condition design aims to capture feature mapping
relations at different temporal resolutions in a corresponding way.
Global feature fusion. As shown in Figure 3, we design a global feature fusion
to facilitate information communication across different frequencies. We first
apply frequency fusion, and a cross attention [37] module is adopted to get the
global feature across different frequencies. Cross attention [37] module is adopted
for its performance in capturing context information. Specifically, we add a CLS
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Algorithm 1: Entropy-Guided Execution
Input : Observation Oh

t,Lh

Output: Action for Execution Aexec
t,Lc

Ah
t,Lc
← ∅

for i← 1 to N do
Ai

t,Lc
← πHiPolicy(Oh

t,Lh
) ▷ Independently sample for N times

Ah
t,Lc
← Ah

t,Lc
∪Ai

t,Lc

Ahexec
t,Lc

← A1
t,Lc

▷ Use the first sample output for execution
H ← CalculateEntropy(Ah

t,Lc
) ▷ Calculate action entropy

Aexec
t,Lc
← SelectFrequency(H,Ahexec

t,Lc
) ▷ Select action according to entropy

return Aexec
t,Lc

token [6] to obtain the global feature token. This process is written as follows.

Fglobal
A = CrossAttention(Ff0

A ,Ff1
A , ...,FfM

A ) (9)

where Ffi
A ∈ RB×T×C is the local action feature for frequency fi, Fglobal

A ∈
RB×T×C is the global feature across different frequencies. Then we concatenate
the global feature and the local feature to obtain hierarchical features.

Fh
A ← Fh

A ⊕Fglobal
A (10)

After frequency fusion, we use a FiLM condition, which is performed as
Equation 8, to promote the fusion of action feature and observation feature.

3.3 Entropy-Guided Adaptive Execution

To balance the fine-grained closed-loop control and the capability to capture
time-dependent information, while speeding up the execution speed of HiPolicy,
we propose an entropy-guided execution strategy to perform our policy at an
adaptive frequency. As shown in Figure 4, low entropy indicates high consis-
tency (e.g., during grasping), justifying the execution of high-frequency actions
for precise, closed-loop control. Conversely, high entropy signals casual motion
(e.g., during approaching); here, adaptively switching to low-frequency actions
enables high-level planning and significantly accelerates execution. The complete
algorithm of entropy-guided execution is shown in Algorithm 1.

To obtain the entropy of an action chunk, we first sample in parallel for N
times independently to get N predicted actions when evaluating our HiPolicy,
described in the right part of Figure 3. Considering action chunks predicted at a
certain frequency, we model the j-th action in the chunk as a continuous variable
following a Gaussian distribution with probability distribution function:

p̂(aj |o) = 1√
2πσ̂j

exp(− (aj − āj)2

2(σ̂j)2
) (11)
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Fig. 4: Entropy-Guided Execution. HiPolicy leverages action entropy, estimated
through parallel stochastic inference, as a dynamic gating signal to arbitrate between
predictions at multiple frequencies, ensuring a balance between long-horizon planning
and reactive control.

where the mean and variance are calculated as follows:

āj =
1

N

N∑
i=1

aj
i (12)

σ̂j =
1

N − 1

N∑
i=1

(aj
i − āj)2 (13)

We use Shannon entropy [30] to measure the entropy of the predicted action:

Ĥj = −
∫

p̂(aj |o)log(p̂(aj |o))daj (14)

The simplified formula of action entropy is as follows:

Ĥj = log(
√
2πe · σ̂j) (15)

Then the overall action entropy at time t is the average entropy of all fre-
quencies and all time steps:

Ĥt =
1

MLc

M∑
m=1

t+Lc−1∑
j=t

Ĥfm,j
t (16)

where Ĥfm,j
t denotes action entropy for j-th action in the chunk at frequency

fm, calculated following Equation 15.
After estimating the action entropy, we choose execution frequency by com-

paring the estimated entropy with preset ascending thresholds {Ĥth,1, ..., Ĥth,M+1},
with frequencies sorted in descending order:

fi = fk, if Ht ∈ (Hth,k, Hth,k+1) (17)
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Table 1: Detailed evaluation results on RoboTwin 1.0 and RoboTwin 2.0
Benchmark. Results (success rate) are based on 100 evaluation episodes, distinguish-
ing between precise and other tasks. Bold red highlights the relative percentage im-
provement over baseline methods, while color shades are used to categorize tasks by
their horizon (short, long, and super long). Tasks are sorted according to demo steps.

Task name Task Source Precise Demo steps DP [4] DP+HiPolicy DP3 [40] DP3+HiPolicy

Blocks stack hard RoboTwin 1.0 ✓ 665 0 10 4 7
Blocks stack easy RoboTwin 1.0 ✓ 437 0 15 27 44
Block handover RoboTwin 1.0 ✓ 415 61 100 45 99
Dual shoes place RoboTwin 1.0 ✓ 384 4 15 13 14
Shoe place RoboTwin 1.0 ✓ 251 33 48 49 66
Place bread basket RoboTwin 2.0 ✓ 231 41 64 15 47
Block hammer beat RoboTwin 1.0 ✓ 211 0 67 57 94
Scan object RoboTwin 2.0 ✓ 170 21 44 12 52
Place bread skillet RoboTwin 2.0 ✓ 162 38 55 45 58
Stamp seal RoboTwin 2.0 ✓ 151 5 19 15 74
Place mouse pad RoboTwin 2.0 ✓ 149 13 29 3 15
Place phone stand RoboTwin 2.0 ✓ 130 45 79 55 64

Average 22 45 (105%↑) 28 53 (89%↑)

Put bottles dustbin RoboTwin 2.0 × 637 38 81 66 80
Stack bowls three RoboTwin 2.0 × 476 80 88 84 86
Empty cup place RoboTwin 1.0 × 269 89 95 54 92
Open laptop RoboTwin 2.0 × 258 69 86 82 86
Bottle adjust RoboTwin 1.0 × 194 46 52 81 85
Dual bottles pick hard RoboTwin 1.0 × 192 60 72 53 60
Diverse bottles pick RoboTwin 1.0 × 182 24 65 44 50
Dual shoes pick easy RoboTwin 1.0 × 179 82 94 56 89
Pick apple messy RoboTwin 1.0 × 167 40 81 10 3

Average 59 79 (34%↑) 59 70 (19%↑)

Total average 37 60 (62%↑) 41 59 (44%↑)

where fi is the selected frequency. Finally, the execution action chunk is:

Aexec
t,Lc

= {afi
t , . . . ,afi

t+Lc−1}, (18)

4 Experiments

4.1 Experiments on Simulation Benchmarks

Benchmarks and demonstrations. We evaluate the HiPolicy on two widely-
used robotic manipulation simulation benchmarks covering a diverse set of tasks
ranging from fine-grained to long-horizon manipulation:

– RoboTwin 1.0 [25]: RoboTwin 1.0 is a digital twin framework introduced to
address the scarcity of diverse demonstration data. We remove some simple
tasks that baseline policies are fully capable of, and evaluate HiPolicy on 12
challenging tasks from the RoboTwin 1.0 benchmark.

– RoboTwin 2.0 [3]: RoboTwin 2.0 is a scalable framework for the automated
generation of realistic synthetic data. We removed tasks with fewer than 100
demo steps and with low precision requirements (such as simple pick-and-
place) and evaluated HiPolicy on 9 selected long-horizon or precise tasks
from the RoboTwin 2.0 benchmark.
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To highlight HiPolicy’s ability to jointly model long-horizon dependencies
and high-precision closed-loop controls shown in Table1, tasks are further cate-
gorized, and we present various temporal dependency profiles and levels of con-
trol granularity (precise tasks or non-precise tasks). Precise tasks require tight
end-effector pose tolerances to succeed (e.g., cube stacking, QR-code scanning),
while non-precise tasks have more lenient success criteria.

All demo data was collected according to the methods provided by the official.
Details of the selected tasks, demo collection, and preprocessing are provided in
Appendix A.
Baselines. We compare our method against two representative generative imi-
tation learning policies, selected to cover different input modalities:

– Diffusion Policy (DP) [4]: A conditional generative policy that operates
purely on 2D image observations, predicting continuous actions via a diffu-
sion process. This baseline reflects the vision-only setting where the policy
relies entirely on visual inputs.

– DP3 [40]: Extends diffusion-based policies to 3D perception, capturing the
multi-modal setting typical in 3D manipulation, leveraging both color tex-
ture cues and geometric shape information.

Evaluation protocols. We follow the standard evaluation protocols defined
by RoboTwin 1.0 for the tasks from RoboTwin 1.0 [25] and RoboTwin 2.0 [3].
Training is conducted for a fixed number of epochs using identical data splits
for all methods, ensuring fair comparison. For RoboTwin 1.0 and 2.0, we report
success rate averaged over N = 100 episodes per task.
Hyperparameters. In this paper, we use the unified hyperparameter provided
in Appendix D for all simulation and real-world tasks.

4.2 Results and Analysis in Simulation

As the simulation results shown in Table 1, HiPolicy shows significant relative
improvements compared with DP and DP3 baselines. Specifically, in RoboTwin
1.0 and RoboTwin 2.0, it shows a dramatic relative advantage of 62% and 44%
versus DP and DP3, respectively.

The most significant improvement appears in tasks such as block hammer
beat and stamp seal, which are representatives of high-precision tasks; put bot-
tles dustbin, which is challenging for its super-long horizon properties. These
experimental results strongly demonstrate that our HiPolicy successfully recon-
ciles the often-conflicting objectives of maintaining high control accuracy and
enabling long-horizon sequential prediction within a single architecture.

Operations such as blocks stack hard and place bread basket possess both long-
horizon and high-precision features. Results on these tasks validate that HiPolicy,
whether based on DP or DP3, dramatically enhances the precision of manipula-
tion and improves the modeling capability for long-horizon time-dependent tasks
by simultaneously predicting action chunks at hierarchical temporal resolutions.
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Table 2: Ablation Experiment. In the RoboTwin 1.0 platform, we compare our
complete HiPolicy with that removing the hierarchical condition, including all condi-
tions only with the highest frequency (High) or the lowest (Low) frequency, the fusion
module, and the hierarchical frequency structure (Hier.), respectively.

Task name Condition w/o Fusion w/o Hier.
Hier. Low High

Blocks stack hard 10 8 4 8 0
Blocks stack easy 15 12 10 8 0
Shoe place 48 43 14 43 33
Dual shoes place 15 12 8 11 4
Block handover 100 100 89 98 61
Block hammer beat 67 66 42 56 0

Dual bottles pick hard 72 70 62 67 60
Dual shoes pick easy 94 94 94 93 82
Pick apple messy 81 80 67 66 40
Empty cup place 95 96 95 92 89
Bottle adjust 52 52 50 46 46
Diverse bottles pick 65 61 54 61 24

Average 60 58 49 54 37

4.3 Ablation Study

We conduct ablation studies to isolate the contributions of each component:
No hierarchical observation condition. The hierarchical condition is re-
placed by a fixed-frequency condition, where the policy is conditioned solely on
high-frequency or low-frequency observations. As shown in Table 2, taking ob-
servations at a fixed frequency leads to a performance decline, with more obvious
drop when taking a higher fixed frequency of observation.
No hierarchical feature fusion. Remove the attention module for fusing fea-
tures across different frequencies. From the results in Table 2, the hierarchical
feature fusion part promotes feature communication across different frequency
chunks, contributing to performance improvement by 6%.
Single-frequency chunking. Remove multi-frequency actions, only predicting
and executing actions at a fixed frequency. As the core design of our HiPolicy,
removing the hierarchical frequency structure causes significant drop in success
rate, as evidenced by the last column of Table 2.
No entropy guidance execution. Entropy-guided execution provides a clear
advantage. As shown in Table 3, the strategy improves execution speed by 25%
while incurring only a very small drop in success rate, relative to DP+HiPolicy
without entropy-guided execution.
Sample Times. In this paper, we set N = 100 as the unified hyperparameter
and inference in parallel. Since the condition features are extracted once and
reused, increasing N from 1 to 100 introduces only 2.0 ms of latency and 63 MB
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Table 3: Acceleration Experiment. We measure the success rate (SR) and the
execution steps for DP baseline, DP+HiPolicy without entropy-guided (EG) execution,
and DP+HiPolicy across 8 tasks from the RoboTwin 2.0 platform. We use red to
highlight our improvement against DP in the success rate and execution speed.

Task name DP [4] DP+HiPolicy w/o EG DP+HiPolicy

SR↑ Steps↓ SR↑ Steps↓ SR↑ Steps↓

Stamp seal 5 140 19 189 25 140
Place mouse pad 13 164 29 150 28 90
Scan object 21 146 44 139 37 103
Place phone stand 45 103 79 102 73 82
Place bread skillet 38 114 55 113 42 85

Average 24 133 45 139 41(71%↑)100(25%↓)

Table 4: Sample times ablation. Ablation study on the number of sampled action
candidates N .

N Time(ms)↓ VRAM(MB)↓ SR(%)↑ Steps↓

1 105.5 7394 – –
5 106.0 7403 35 104
10 106.3 7414 36 104
100 107.5 7457 41 100
500 147.9 7629 39 103

of GPU memory overhead, as shown in Table 4, which is negligible. Increasing
N improves the accuracy of entropy estimation and the task success rate, and
saturates around N = 100.

In general, all hierarchical designs and the entropy-guided execution strategy
is essential to balance the long-horizon modeling ability and execution efficiency.

Runtime and Resource Cost Evaluation HiPolicy improves efficiency by
reducing executed steps and the resulting rollout wall-clock time, rather than by
reducing per-inference latency. To evaluate the computational cost of HiPolicy,
we measured DP and HiPolicy on 5 RoboTwin 2.0 tasks (Stamp seal, Place
mouse pad, Scan object, Place phone stand, and Place bread skillet) using an
RTX 4090. Let S denote executed steps, Lc=8 the chunk length, fctrl=15Hz the
control frequency, and τinfer the per-chunk inference latency. Since inference is
performed once per executed chunk, we report rollout wall-clock time as Twall =
⌈S/Lc⌉ τinfer+S/fctrl. As shown in Table 5, DP+HiPolicy adds only modest per-
call runtime/memory cost over DP (8ms and 897MB VRAM), while reducing
steps by 25% and rollout wall-clock time by 24%, and improving SR from 24%
to 41%.
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Table 5: Runtime and memory comparison between DP and DP with HiPol-
icy on an RTX 4090 GPU.

Method VRAM↓ Infer.↓ Steps↓ Wall-clock↓ SR↑

DP 6560MB 100ms 133 10.57s 24%
DP + HiPolicy 7457MB 108ms 100 (25%↓) 8.07s (24%↓) 41% (+71%↑)

4.4 Real-world Experiments

Place bowl Store vegetables Sweep board Stack cube

Press toaster button Close microwave door Pack the package Open microwave door

Fig. 5: Real-world Robot Tasks. We evaluate our Hierarchical Policy on 8 real-
world manipulation tasks with the Franka Panda robot arm.

Setup. We use a Franka Emika Panda robotic arm equipped with a Robotiq 2F-
85 gripper for our experiments. The setup includes two Zed 2i cameras positioned
to provide third-person views and one Zed Mini camera mounted on the robot’s
end-effector to capture first-person perspectives of the environment, following
the setup in DROID [15]. Detailed information can be found in Appendix G.
Tasks. As shown in Fig. 5, we evaluate our Hierarchical Policy on eight real-
world manipulation tasks:

– Place Bowl: The robot is required to grasp the edge of the light blue bowl
precisely and place it on top of the plate.

– Close Microwave Door: The robot’s end effector pushes the door of the
white microwave oven, closing it tightly.

– Store Vegetables: The robot needs to accurately pick up the chili peppers
and cucumbers and place them on a plate. This task serves as an effective
test of the policy’s viability over a long-horizon manipulation.

– Pack the Package: The robot uses its end effector to fold 4 edges of the
box, and this task can also effectively test the performance of a policy in
long-horizon manipulation.
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Table 6: Detailed evaluation results on 8 real-world tasks. Our results are
reported based on an average of 10 evaluation trials per task, each conducted with
randomized object initializations to ensure statistical robustness. And the bold red
color is used to highlight the relative percentage improvement over baseline methods.
In close microwave oven, we respectively report the execution length of closing the
door to nearly-closed position and closing the door tightly.

Success Rate↑ Avg. Execution Steps↓

Task name DP [4] DP+HiPolicy DP [4] DP+HiPolicy

Place bowl 70% 90% 98 87
Store vegetables 60% 90% 184 159
Sweep board 60% 60% 202 185
Stack cube 70% 80% 137 108
Press toaster button 70% 80% 62 58
Open microwave door 80% 90% 117 82
Close microwave door 0% 100% 60 58/67
Pack the package 70% 90% 173 154

Avg. 60% 85% (42%↑) 129 111/113

– Sweep Board: The robot is required to grasp a plate and sweep the snacks
into the dustpan accurately. The entire process effectively evaluates the
robot’s performance in fine-grained and long-horizon manipulation tasks.

– Stack Cube: The robot needs to place one pink block on top of another pink
block stably, which poses a significant challenge to the robot’s manipulation
precision.

– Press Toaster Button: The robot needs to press the very small toaster
button all the way down, which needs robot to perform at extremely high
manipulation precision.

– Open Microwave Door: Initially, the microwave oven door has only a tiny
opening, and the robot must precisely open the door within an extremely
limited area to succeed.

Results and analysis in real-world robot experiments. As shown in Ta-
ble 6, HiPolicy shows 42% relatively higher success rate and 14% faster execu-
tion speed compared to DP baseline, strongly proving that our HiPolicy balance
the execution speed and high control accuracy in challenging real-world tasks.

The most notable increase is observed in close microwave door. The signifi-
cant difference lies in the fact that closing a microwave oven requires locking its
internal latches, while DP only closes the door to a near-closed position with-
out locking the latches, leaving it stuck. Our HiPolicy, however, can perform
continuously until the microwave oven is fully closed. Closing the door requires
relatively greater force, thus, the demonstration often pauses before closing it
tightly, forming a non-Markovian process. The experiment result indicates that
DP, running at a fixed high frequency (15Hz) to pursue higher control accu-
racy, fails to keep the long-horizon modeling ability. In contrast, our HiPolicy
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Fig. 6: Action entropy curve in store vegetables. We display 7 key frames with
high or low precision requirements through the task above the entropy curve.

solves the dilemma between improving manipulation precision and efficiency by
modeling with a hierarchical multi-frequency structure.

Tasks such as store vegetables and pack the package, featuring long-horizon
manipulation, also witness significant improvement in the success rate or execu-
tion speed of our HiPolicy. These results clearly demonstrate that our HiPolicy
successfully balances the execution quality and efficiency in long-horizon tasks
by modeling with hierarchical temporal resolutions.

Furthermore, the entropy curve presented in Figure 6 validates our hypothesis
that a higher entropy value within a chunk is indicative of actions requiring
lower precision (e.g., fetch the vegetable), while a lower entropy value implies
high-precision movement (e.g., pick the vegetables).

5 Conclusion

We presented HiPolicy, a hierarchical multi-frequency action chunking frame-
work that jointly generates coarse low-frequency and precise high-frequency ac-
tions within each chunk, balancing long-horizon dependency modeling and fine-
grained closed-loop control. Across diverse simulated and real-world manipula-
tion tasks, HiPolicy consistently improved both performance and efficiency.
Limitations. Our evaluation is limited to relatively small models and datasets,
without exploring integration with large vision-language-action frameworks or
other scalable policy architectures. We believe that extending HiPolicy to large-
scale multimodal settings could unlock substantial new capabilities for general-
purpose embodied agents.
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