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ABSTRACT

While current embodied policies exhibit remarkable manipulation skills, their
execution remains unsatisfactorily slow as they inherit the tardy pacing of human
demonstrations. Existing acceleration methods typically require policy retraining
or costly online interactions, limiting their scalability for large-scale foundation
models. In this paper, we propose Speedup Patch (SuP), a lightweight, policy-
agnostic framework that enables plug-and-play acceleration using solely offline
data. SuP introduces an external scheduler that adaptively downsamples action
chunks provided by embodied policies to eliminate redundancies. Specifically, we
formalize the optimization of our scheduler as a Constrained Markov Decision
Process (CMDP) aimed at maximizing efficiency without compromising task
performance. Since direct success evaluation is infeasible in offline settings, SuP
introduces World Model based state deviation as a surrogate metric to enforce
safety constraints. By leveraging a learned world model as a virtual evaluator
to predict counterfactual trajectories, the scheduler can be optimized via offline
reinforcement learning. Empirical results on simulation benchmarks (Libero,
Bigym) and real-world tasks validate that SuP achieves an overall 1.8x execution
speedup for diverse policies while maintaining their original success rates.

1 INTRODUCTION

Recent advances in embodied intelligence have demonstrated the potential of generalizable robotic
manipulation. By learning from large-scale demonstration datasets, embodied policies can preform
fine-grained manipulation tasks, comprehend natural language instructions, and draw up clear task
plans Zhao et al.| (2024); Black et al.| (2024; [2025a)). However, despite these capabilities, current
embodied policies often suffer from execution inefficiency, completing tasks at a slow pace that
hinders real-world deployment |Park et al.| (2024); (Guo et al.| (2025)).

This execution inefficiency stems primarily from the redundant nature of human teleoperation data,
characterized by the slow movement patterns of human demonstrators|Guo et al.|(2025). Consequently,
trained policies tend to output excessively dense action sequences, resulting in long task execution
times. Existing methods for execution acceleration often come with expensive costs. They necessitate
intricate data curation and policy retraining |Guo et al.[(2025); Kim et al.| (2025), introduce entirely
new action prediction mechanisms |Arachchige et al.|(2025)), or rely on expensive online interactions
to maintain task success [Yuan et al.| (2025); Nam & Hwang| (2025). Such requirements lead to
substantial training overhead and limited scalability, especially for large Vision-Language-Action
(VLA) models where fine-tuning is computationally expensive. This motivates our core inquiry:
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Can we achieve plug-and-play acceleration for diverse embodied policies using solely offline data,
without retraining the original policies?

To bridge the gap, we propose Speedup Patch (SuP), a lightweight, policy-agnostic framework that
learns an external scheduler policy from offline demonstration data alone. The scheduler acts as a
“patch” that adaptively downsamples the action chunks provided by the embodied policy to eliminate
redundancies. We formalize the optimization of our scheduler as a Constrained Markov Decision
Process (CMDP) |Gu et al|(2024)); Zhao et al.| (2023b)), aimed at maximizing execution efficiency
without compromising task performance.

However, solving this CMDP in offline setting is non-trivial, as evaluating task success typically
necessitates costly online interaction. To avoid this, we propose World Model based state devia-
tion—defined as the discrepancy between the end-effector (EEF) trajectories of the original and
accelerated actions—as a surrogate safety constraint to bound the acceleration rate. Specifically, we
first train a world model to capture the environment dynamics from existing demonstrations. We then
leverage this model as a virtual evaluator to generate counterfactual trajectories by simulating various
downsampling rates on the offline data. Finally, the scheduler policy is optimized via offline rein-
forcement learning using these synthesized data, learning to maximize execution speed while strictly
bounding state deviation. We empirically validate our method via simulation (Bigym |Chernyadev
et al.[(2025)) and Libero Liu et al.|(2023)) and real-world experiements, achieving an overall 1.55 %
and 2.17x execution speedup while maintaining task performance of different embodied policies.
Our contributions are summarized as follows:

* We formalize plug-and-play policy acceleration as a CMDP to maximize execution efficiency
while preserving policy performance.

* We solve this CMDP by introducing World Model-based state deviation as a surrogate
safety constraint, enabling offline optimization of the external scheduler via counterfactual
trajectory evaluation.

* We empirically validate our method across simulation benchmarks (Libero, Bigym) and real-
world robotic platforms, achieving an overall 1.55% and 2.17x speedup while maintaining
task performance of different embodied policies.

2 BACKGROUND

2.1 ACTION CHUNKING IN EMBODIED POLICIES

Modern embodied architectures, such as Action Chunking with Transformers Zhao et al.|(2023al),
Diffusion Policies |Chi et al.| (2025) and various Vision-Language Action models [Zitkovich et al.
(2023); |[Kim et al.| (2024); Black et al.[(2024), have adopted action chunking as a standard paradigm to
mitigate compounding errors and improve inference efficiency. Formally, an action chunk is defined
as a finite-length sequence of consecutive actions. Let n denote the chunk length. At each time step ¢,
given the current observation o;, a embodied policy 745 does not predict a single action but rather a
chunk of n future actions:

At = (ataat+1a"'7at+n71) (1)
While effective for fine-grained manipulation, this approach suffers from the high temporal redun-

dancy of human demonstrations. The resulting ”step-by-step” execution often leads to sluggish robot
behavior, preventing the system from reaching its maximum hardware performance.

2.2 ACTION DOWNSAMPLING FOR ACCELERATION

To optimize execution efficiency, action downsampling is employed to reduce the number of physical
steps required to complete the task by decimated or interpolating the predicted action chunk. Formally,
given a chunk A; and a downsample rate k, action downsampling will produce an accelerated sequence
AF of reduced length | = |n/k|. The specific operation depends on the policy’s control mode Lynch:
& Park! (2017):

Ak — {(atJrkh ey Qlk—1) Abs 2
! (m(at:t+k)a s 7m<at+lk7k:t+lk:)) Delta
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where m is an action-merging function (e.g., summation). This is semantically reasonable in position-
based action spaces because actions directly represent target waypoints; skipping intermediate steps
thus maintains the original intent of the trajectory [Shi et al.| (2023). However, in real-world robotic
control, the actual state reached by low-level controllers rarely coincides perfectly with the target
waypoint. Downsampling exacerbates this error by increasing the distance between commanded
targets, making it even more difficult to ensure consistency with the original expert trajectory. These
deviations in the visited states can accumulate, ultimately leading to task failure.

3 THE FOUNDATION OF SUP

This section formulates plug-and-play speedup as CMDP where a scheduler policy optimizes execu-
tion efficiency subject to world model-estimated state deviation constraints.

3.1 PLUG-AND-PLAY SPEEDUP VIA SCHEDULER POLICY

Base Policy: The base policy 7p,se 1S the policy - ‘
to be accelerated, which is an visumotor policy k

ichcdmer l‘nllcy

capable of predicting action chunk from visual
observations and robot states. Specifically, dur- M vscie %
ing the inference phase of 7y, the input con- O

sists of the visual observation I; and robot state ~ “do something” Dowmmph’

o, and the base policy outputs an action chunk

via: Ay ~ Tpase (+|Lt, 0¢). Since mpyse 18 typically

trained on slow demonstration data, the actions Figure 1: Plug-and-Play Speedup via Scheduler

predicted by Tyase are generally inefficient in Policy. The scheduler policy m predict.s a down-
execution. sampling rate k to downsample the action chunk

. ) o from the frozen policy into a shorter chunk for
Scheduler Policy: We introduce an additional gcceleration.

plug-and-play scheduler policy to downsample

the action chunk produced by 7y, for acceleration, as shown in Fig[I] Concretely, the scheduler
policy 7(+|os, A¢) is a lightweight policy that predicts a downsample rate k given current state o; and
action chunk A;. The final action executed in the environment is thus the downsampled action chunk
Ak (Eq. . Specifically, when k& = 1, the downsampled action chunk coincides with the original, i.e.,
Al = Ay. This formulation allows our scheduler 7 to achieve state-dependent execution speedup of
Thase 10 a plug-and-play manner.

3.2 ACCELERATION VIA CONSTRAINED MDP

We then formulate speedup learning as a scheduler (a) LIBERO-SPATIAL g} LIBERO-OBJECT
policy optimization problem within the framework of ¢ B
Constrained Markov Decision Processes (CMDPs), gos
defined by the tuple (S, K, P, r, ¢, h,v). In this for- 5.
mulation, policy acts as a high-level scheduler that e
optimizes execution efficiency without compromis- sz
ing task performance. S is the state space augmented ..
to include the current environment observation oy %"-‘
and the action chunk A; produced by the base policy  i..
Thase (i-€., St = (04, Ap)). K is the action space of — **~mon s2aacs e T rr-erminie
our scheduler, defined as a discrete set of downsam- eletion Counts Viotatien Counts

pling rates {Kumin, - - -, kmax }. P represents the envi-  pjoyre 2: Success rate and Violation count.
ronment dynamics under the execution of the down-  gach subplot (a—d) illustrates the relationship
sampled action chunk A¥. To incentivize efficiency, between the cumulative count of violations
we define the reward function as the acceleration gain: (. — 1) and the task success rate across

(8¢, ke) = ky. different LIBERO suites.

Ideally, the cost function c for acceleration should directly reflect the impact of acceleration on task
performance. We define the performance-based cost as:

Cq(8t7 kt) = Qﬂ’buw (Ota Af) - Qﬂ'buw (Ota At)7 (3)

(d) LIBERO-LONG
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Figure 3: The training process of SuP. Our method is trained purely on offline datasets through
three phases: (1) recurrent world model learning; (2) data synthesis; and (3) scheduler optimization
via IQL. Through this pipeline, we optimize the scheduler to achieve the maximum possible speedup
while preserving comparable performance.

where QQ™=<(0, A) represents the expected success rate starting from state o and executing action
chunk A from 7pase. The violation function is then hq(se, ki) = T[cq(s¢, k) < 0]. We provide
theoretical guarantee as follows:

Proposition 3.1. Given zero-violation constraint (hy(s., ki) = 0) at each state, the scheduler is
guaranteed to maintain or improve the success rate of the base policy. See App. [Alfor the proof.

Therefore, the objective of scheduler is to maximize acceleration gain under a zero-violation con-

straint: .
max E, Z’ytr(st,kt)]
t=0
. )
st. Ep Z*ythq(st,kt)] -0
t=0

However, evaluating c, requires the true value function Q™, which is expensive to estimate online.
To enable offline learning, we transition from value-based constraints to state-based constraints using
a learned world model.

3.3 WORLD MODEL BASED STATE DEVIATION AS COST

To evaluate costs offline, we utilize a learned world model M, (Sec. (A1) to simulate future
trajectories. Our key insight is that the success of 7y, 1S tied to its specific motion intent; thus, if the
accelerated trajectory remains close to the original one, the task performance is preserved.

Formally, let 7, = {0¢+1,.-.,0t+n} and Tt be the sequence of states predlcted by My under the
orlglnal chunk A, and the downsamplcd chunk A¥. We denote 7% = {6F 1y O +n} as the version
of 7} temporally interpolated to match the length of 7;. We then define the state deviation £ as the
maximum discrepancy between the end-effector (EEF) of these two trajectories:

(s, ki) = max d(EEF(or). EEF(0f,.). )

where d(-, -) is a distance metric for EEF (App. [F.2).

We empirically validate the reliability of our metric by evaluating the 7y 5 model Black et al.|(2025a)
on the LIBERO benchmark with a fixed downsampling rate of & = 2. As shown in Fig. 2] our
analysis across four task suites reveals a consistent trend: as the number of violations-defined as
he(st, ki) = T[E(s¢, ki) > e]—within a trajectory increases, the policy’s success rate exhibits an
evident decline. This pronounced negative correlation serves as strong evidence that state deviation is
a faithful proxy for execution risk, validating its effectiveness as a cost signal.

4 PRACTICAL IMPLEMENTATION

To solve the CMDP for adaptive manipulation acceleration, we propose Speedup Patch (SuP), a
dual-stage framework. Our objective is to learn an optimal scheduler policy 7, that maximizes
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execution speed while maintaining task fidelity from an offline demonstration dataset D. We first train
a Recurrent World Model (RWM) on D (Sec. 4.1), allowing us to evaluate potential state deviations
and constraint violations. Using the RWM as a data evaluator and generator, we synthesize a CMDP
dataset. We then optimize the final scheduler via Implicit Q-Learning (Sec. .2)).

4.1 RECURRENT WORLD MODEL

To estimate the state deviation £ and the violation signal & in an offline setting, we develop a Recurrent
World Model (RWM), denoted as M. To ensure the framework remains lightweight, M, is designed
to predict the robot’s state o directly, thereby bypassing the high-dimensional reconstruction of visual
observations 1.

Our RWM architecture is built upon ADM |Lin et al.[(2024), which is specifically capable of handling
variable-length action sequences while mitigating the compounding errors typical in multi-step
rollouts. A pivotal feature of this design is that predicted states o are never fed back as inputs for
subsequent time steps. Instead, the model evolves its hidden state exclusively through the action
sequence.

The RWM is optimized via variable-length sequence supervision. During training, we sample action
sequences A; of variable length L € [1, L;,q,] from the offline dataset D, where the range of L
is chosen to encompass the temporal scales generated by different downsampling factors k. The
parameters ¢ are updated to minimize the multi-step Mean Squared Error:

L
‘C(e) = ]E(Ot,At,Ot+1:t+L)~D [Z ||6t+i - 0t+i|%‘| . (6)

=1
4.2 SCHEDULER OPTIMIZATION

With the world model My, we now describe the learning process for the scheduler policy 7g. To
solve the CMDP, we first transform the constrained problem into an unconstrained MDP via a
penalty-augmented reward:
k he(s, k) =0
!/ k — I I 7

s k) {—Q, he(s,k) = 1 @
where () is a sufficiently large penalty to guarantee zero-violation safety (Prop. 4.1)). To facilitate
offline training, we construct a synthetic dataset D’ by re-labeling the original demonstrations.
Specifically, for each transition in D, we use My to evaluate the violation signal h across all potential
downsampling factors k, generating a rich set of counterfactual transitions (o0, A*, 7/, o).

Proposition 4.1. Let Ky,ax be the maximum possible speedup rate and v € [0,1) be the discount
Sactor. If the penalty §2 satisfies the condition:

7K111ax

1—7"~
then the optimal policy ™ maximizing the cumulative reward of v’ (s, k) satisfies the constraint
h(s,7*(s)) = 0 for all reachable states s. See App. @for the proof.

Q> ®)

In a standard RL setting, computing temporal difference (TD) errors requires the next action A’,
which is unavailable since we do not know how expert will behave with s’. We resolve this by
transforming the policy input: instead of directly processing the raw tuple (s, k), the scheduler
maps the action chunk A and skip-length % into a downsampled representation A*. By conditioning
the policy on (0, A*), we can treat the resulting s’ directly as the subsequent state in a Markovian
transition, effectively bypassing the need for future action chunks during value estimation.

Finally, we employ Implicit Q-Learning (IQL) Kostrikov et al.|(2021) to optimize the scheduler on
D'. The value function V;; and Q-function @), are learned via expectile regression:

LQ(¢) = E(O,Ak,r’,o’)wD’ [(7’/ + /.YV?/)(OI) - Q¢(07 Ak))2]v
Ly (¥) = B ar)opr [L5 (Vis(0) — Qg(0, A7),

where LY (z) = |a — I(z < 0)|2? is the expectile loss. During inference, the optimal skip-length is
determined by 74(0, A) = arg maxy Q4 (0, AF).

C))
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5 EXPERIMENTS

In this section, we conduct extensive experiments to evaluate the effectiveness of the proposed SuP
framework. Specifically, we aim to investigate: (1) whether SuP can achieve significant execution
speedup while preserving task success rates (Sec. [5.1); (2) the versatility of SuP across different
embodied architectures of 7, (Sec. ; (3) SuP’s empirical performance and reliability in
real-world robotic experiments (Sec. ; (4) the mechanism by which SuP dynamically selects
appropriate downsampling ratios across diverse task scenarios (Sec. [5.3)); and (5) the individual
contributions of RWM, IQL, and different deviation threshold € settings to the overall system
performance (Sec. [5.4).

5.1 SIMULATION TASK EXPERIMENTS

Compared methods. For the baseline methods considered in our comparative experiments, we select
the following approaches: Vanilla Downsample(-ds*), which applies a fixed downsampling rate
to all action chunks and DemoSpeedup, which speedup expert demonstration data with entropy
estimation to retrain 7p,ge.

Task Setup. For simulation tasks, We validate
the SuP algorithm with two benchmarks: Bigym
[Chernyadev et al.| (2025), a humanoid robot with
kitchen/household manipulation that requires precise
control and scene comprehension; Libero [Liu et al.|
(2023), a robotic arm grasping benchmark for VLA
models, covering 4 task suite, where policies need
strong instruction-following abilities. For myys, we
evaluate our framework across diverse architectures:
ACT [Zhao et al.| (2023a) and DP [Chi et al.| (2025) ) ]
trained on task-specific expert demonstrations for Bi- Figure 4: Simulation Tasks. We systemat-
gym; pre-trained o5 Black et al (2025a) and VLA- ically evaluate SuP across 20 tz}sks from Bi-
AdapterWang et al. (2025) (weights can be directly &YM and 4 task suites (40 tasks in total) from
downloads from Internet) for Libero. Regarding the ~Libero.

scheduler training, we train task-specific SuP schedulers for each Bigym environment, while for
Libero, a single scheduler is trained for each task suite.

Libero

Metrics. To evaluate performance, we report the success rate and the average episode length of
successful rollouts as a measure of efficiency. We conduct 100 evaluation trials for each task in
BiGym, and 500 trials per task suite in Libero. More details of simulation can be found in App.

Speedup Performance. The main experimental results on Bigym are presented in Tab. [Ta} and
those on Libero are summarized in Tab. [Ib] Across both challenging benchmarks, SuP demonstrates
a superior capability to accelerate inference while maintaining, and often enhancing performance.
Unlike baselines such as standard downsampling (-ds2) and DemoSpeedup, which frequently suffer
from performance degradation—evidenced by the gray cells indicating a noticeable performance
drop—SuP consistently maintains the original performance 7y, On Bigym, SuP achieves substantial
average speedups (e.g., 2.01x for ACT) while maintaining its success rate. Similarly, on Libero, SuP
yields a 1.35x speedup for 7y 5 with a peak average success rate of 0.973, effectively decoupling
inference speed from performance loss and proving its robustness in numerous simulation tasks.

Universality across Architectures. SuP exhibits strong generalizability across diverse policy back-
bones, ranging from ACT and DP to VLAs. For the ACT architecture, SuP not only doubles the
inference speed but also improves the average success rate compared to the base policy. Crucially,
on DP—which is sensitive to temporal modifications—SuP successfully mitigates the severe perfor-
mance collapse observed in other acceleration methods (where -ds2 drops success to 0.4), recovering
the success rate to 0.51 with a 1.48 x speedup. This consistent efficacy extends to VLA architectures
while Demospeedup faces compatibility issues, which is inapplicable to VLA-Adapter due to the
architecture’s lack of support for entropy estimation. In contrast, SuP outperforms naive downsam-
pling strategies on both VLA-Adapter and 7y 5, delivering stable acceleration without compromising
decision-making precision.
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Table 1: SuP speedup results. We report success rate followed by average completion steps. orange

denotes best success rate; gray indicates performance drop > 5% (Bigym) or > 1% (Libero). See

App- E' for full details. (a) Bigym Tasks (vs. baselines)

Sandwich Take Put Drawers (15 more tasks)  Cupboards
Method Remove Cups Cups Close All o Close All Average
-base 0.45,340.5 0.15,288.3 0.28,320.3 1.0, 100.0 .. 1.0,449.8  0.66, 1.00x
ACT -ds2 0.48,186.3 0.13,178.0 0.36,175.9 1.0, 52.0 1.0,234.0 0.61, 1.65x
+DemoSpeedup 0.56,171.5 0.10, 183.9 0.33,169.3 1.0, 54.0 o 1.0,202.1 0.61,2.21x
+SuP(Ours) 0.64, 1559 0.20,176.6 0.38, 156.0 1.0, 40.0 R 1.0,212.1  0.67,2.01x
-base 0.40,376.8 0.07,284.6 0.28,307.7 0.66,118.9 .. 0.90, 544.0 0.51, 1.00x
DP -ds2 0.40,209.6 0.12,218.0 0.22,181.5 0.54,64.9 o 0.75,270.3 0.40, 1.42x
+DemoSpeedup  0.35,199.3 0.21,239.5 0.25,143.9 0.37,49.2 o 0.60,231.0 0.46, 1.99x
+SuP(Ours) 0.42,179.9 0.19,203.0 0.27,200.8 0.66, 65.2 R 0.91, 146.2 0.51, 1.48x%

(b) Libero (vs. baselines)

Method Spatial Long Goal Object Average
-base 0.988, 105.3 0.924,267.9 0.980, 113.1 0.982, 138.1 0.969, 1.00x
. -ds2 0914,679 0.874,153.4 0.952,67.6 0.970,75.0 0.928, 1.72x
05 +DemoSpeedup  0.964,88.1  0.932,221.4 0.968,88.7 0.988,114.1 0.963,1.22x
+SuP(Ours) 0.972,70.4 0.940,215.2 0.986,93.4  0.994,83.0 0.973,1.35x
-base 0.922,99.6  0.936,255.1 0.970,107.0 0.942,136.2 0.942, 1.00x
VLA-  -ds2 0.802,57.1 0.834,147.6 0.930,57.1 0.882,76.3 0.862, 1.77x

Adapter  +DemoSpeedup - - - -
+SuP(Ours) 0912,77.3 0.934,204.6 0.956,74.2 0.944,91.4 0.937,1.34x

Computational Efficiency. As shown in Tab. [2] SuP achieves high computational efficiency in
both training and inference time. Unlike DemoSpeedup, which incurs high computational costs by
training on the massive parameters of VLA models and requiring frequent base policy queries, SuP
is exceptionally lightweight with only 5.12M trainable parameters. Crucially, our training strategy
completely decouples policy learning from base policy inference; instead of querying s, We
optimize our light-weight world model and scheduler using only offline data. This design drastically
reduces training time, and the scheduler’s inference overhead (1 ms) is negligible compared with the
50 ms inference latency of the g 5.

5.2 REAL-WORLD TASK EXPERIMENTS

FrE Y EYXY X
St il E Y

Figure 5: Real-world Tasks Illustration. We illustrate the procedure of 3 real-world tasks: (a) Arange
Table (b) Fold Towel (c) Stack Plates.

Table 3: SuP speedup results on Real-world Tasks compared with baselines.

Method Arrange Table Fold Towel Stack Plates Average
-base 11/30, 537.8 15/30,519.5  27/30,221.5  0.589, 1.00x
+ds2 10/30, 291.9 14/30, 326.3  27/30,177.1  0.567, 1.61x
705 4453 3/30, 247.2 8/30, 187.7  21/30, 1484  0.356, 2.19%
+DemoSpeedup 12/30, 267.4 14/30,223.2  28/30, 124.4  0.600, 2.07 x
+SuP(Ours) 13/30, 258.5 16/30, 192.5  26/30,138.5  0.611, 2.17 %
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To evaluate the practical efficacy of SuP in Table 2: Computational Efficiency of SuP in

physical environments, we deployed SuP on a Libero.
dual-arm robotic platform—similar to the Aloha — —

. . Training Training Inference
setup [Zhao et al.|(2023a)—focusing on manip- Method Params Time Overhead
ulgtllon taslfs with multlp}e steps (;hatdrequlre DemoSpeedup B Son -

a balance between execution speed and opera- SuP (Ours) 5 12M oh Ims (2%)

tional success. Our evaluation suite consists of
three tasks (Fig. 5): Arrange Table, Fold Towel and Stack Plates. Among these, Arrange Table
and Stack Plates are conducted as single-arm setting, while Fold Towel serves as a bimanual task
involving deformable object manipulation. Detailed descriptions of the experimental hardware and
task setup are provided in App.

As summarized in Tab. [3] the results demonstrate that SuP consistently maintains high success
rates while achieving significant temporal speedups across all tasks. Specifically, SuP achieves an
average speedup of 2.17 x over the base policy 7.5, outperforming the 2.07 x of Demospeedup while
simultaneously maintaining the original success rate. This performance stands in sharp contrast to
naive acceleration strategies; as highlighted in gray, the aggressive ds3 strategy leads to a catastrophic
collapse in manipulation capability, dropping the success rate to 0.356. Notably, in the challenging
bimanual Fold Towel task—which requires precise coordination for deformable objects—SuP attains
the highest success rate and the lowest step count, validating its robustness in improving real-world
task efficiency.

5.3 CASE STUDY

To analyze how SuP dynamically selects the downsampling rate, we visualize the selected rates during
the Fold Towel task (Fig. [7). In the plot, the blue-shaded regions correspond to phases where the
model strictly predicts a low downsampling rate (k = 2), while red-shaded regions highlight periods
of accelerated execution (k = 4). We observe that this behavior is highly interpretable: the model
maintains the low rate during precision-critical phases such as “Approach & Contact”. Conversely,
during gross motion phases like Push & Move” or “Flip”, the model increases the rate to exploit
temporal redundancy. This demonstrates that SuP effectively distinguishes between key decision
points and translational phases, accelerating execution without sacrificing control where it matters
most.

\

5 I
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Figure 6: Case study. We visualize the adaptive downsampling strategy during a Fold Towel task.
The plot tracks the predicted downsampling rate over the episode timesteps. Shaded regions annotate
distinct task phases.

5.4 ABLATION STUDY

Impact of ADM-based world model. To validate the effectiveness of our design, we compare our
ADM-based world model against a standard MLP baseline on the Libero benchmark. As illustrated
in Fig. 2?, MLP model exhibits inconsistent, non-monotonic behavior in the Spatial suite, failing to
correctly associate high violation counts with task failure. In contrast, ADM maintains a monotonic
decrease in success rates as violations increase. Furthermore, quantitative analysis across all suites
confirms that ADM achieves consistently stronger negative Spearman correlations |[Spearman| (1961},
demonstrating its superior capability in capturing the inverse relationship between safety violations
and task success.
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(a) Violation vs. Success (Spatial) (b) Correlation (All Suites)
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Figure 7: Comparison between ADM-based and MLP-based world model. (a) Visualization of task
success rates against predicted violation counts in the Spatial suite. (b) Spearman correlation scores
across four LIBERO suites.

Impact of IQL. We compare SuP with the MPC baseline, which greedily select the highest down-
sample rate without violation h.. As shown in Tab. 4] the MPC exhibits inferior performance in both
success rate and task efficiency. This is because MPC’s greedy selection only considers immediate
constraints, leading to cumulative errors that compromise long-term stability. In contrast, the IQL
method can also incorporate the impact of the current action on the future into its decision-making
process.

Sensitivity on e. We evaluate the performance under  Table 4: Ablation on SuP: impact of IQL mod-
different deviation thresholds. As shown in Tab. ] yle and deviation thresholds .

a small threshold (e = 0.01) results in conservative
behavior and sub-optimal efficiency. Conversely, a  pplation  S2ndwich  Put
large threshold (¢ = 0.02) prioritizes speed but al- Remove Cup
lows excessive deviations, leading to a decline in 7.5 0.45, 340.5 0.28,320.3 0.924, 267.9
success rates. Our framework achieves the. MOStI0- G p 001 059, 187.5 0.35, 159.8 0.940,215.2
bust performance at € = 0.015, demonstrating thata  gup_.0.015 0.64, 155.9 0.38, 156.0 0.922, 191.8
moderate threshold effectively triggers RL interven- SuP-0.02  0.46, 157.6 0.21, 143.3 0.904, 168.4
tion at the right moment to maintain both stability MPC-0.01 0.54. 181.4 0.32. 154.8 0.936. 2252

and optimality across varying tasks. MPC-0.015 0.59, 173.3 0.3, 146.1 0.924, 205.6
MPC-0.02 0.35, 162.1 0.19, 148.4 0.922. 173.7

Long

6 RELATED WORKS

Imitation Learning in Embodied AI. Imitation learning has established itself as a dominant
paradigm in embodied AlZare et al.| (2024); Ravichandar et al.| (2020), evolving from standard
regression to sophisticated generative backbones (Chi et al.| (2025); |[Lipman et al.|(2022) and Vision-
Language-Action (VLA) models Zitkovich et al.| (2023); Kim et al.| (2024). Despite their impressive
generalization, these methods share a critical limitation: by faithfully mimicking the temporal pacing
of human demonstrations, they fail to exploit the full execution speed potential inherent to robotic
hardware. Modern embodied Al relies heavily on generative imitation learning|Chi et al.| (2025) and
Vision-Language-Action (VLA) models [Zitkovich et al.|(2023); |Kim et al.| (2024); |Black et al.| (2024;
2025a) to handle multi-modal data and semantic understanding. Despite their success in success rates
and generalization, these methods universally suffer from a critical limitation: they faithfully mimic
the temporal characteristics of the training data, thereby failing to fully exploit the execution speed
potential inherent to the robotic hardware.

Fast Policy Execution. Achieving fast policy execution is a longstanding objective in robotics,
essential for deployment in dynamic real-world environments |Pham & Pham| (2019)); |Kiyokawa et al.
(2022). Recent work handles the inference latency induced by large VLA models via asynchronous
inference Black et al.| (2025bjc)); Tang et al.| (2025)), model compression |Yang et al.[ (2025); |Gao
et al.| (2025)); [Wu et al.| (2025) or other tricks Ma et al.| (2025). While these methods accelerate
individual decision cycles, they overlook the temporal redundancy inherent in control horizons.
Consequently, recent research has explored reducing the total execution steps (trajectory shortening).
These approaches generally fall into data-centric strategies that retrain policies on downsampled
demonstrations |Guo et al.| (2025); |[Kim et al.| (2025), or model-centric methods introducing adaptive
skipping modules |Arachchige et al.| (2025); [Yuan et al.| (2025). However, such methods typically
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mandate computationally expensive retraining or risky online exploration. In contrast, SuP enables
plug-and-play acceleration purely from offline data, eliminating these overheads.

7 CONCLUSION

We present Speedup Patch (SuP), a model-agnostic framework that enables plug-and-play execution
acceleration for embodied policies using solely offline data. SuP employs a World Model to simulate
potential outcomes of accelerated actions, allowing the CMDP-based scheduler to strategically skip
redundant time steps without compromising task success rate. Our experiments on simulation and
real-world tasks demonstrate that SuP consistently achieves significant speedups across diverse
architectures without sacrificing success rates.

Limitations Our approach relies on action chunk downsampling to achieve speedup, which con-
strains acceleration to discrete, integer multiples. Future work should explore more flexible, non-
integer speedup mechanisms to enable finer-grained temporal control. Also, SuP has been validated
primarily on coarse-grained manipulation tasks. Its applicability to fine-grained, high-precision
operations—such as threading shoelaces—remains to be investigated and represents an important
direction for future research.
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A PROOF FOR PROPOSITION

We aim to prove that: Vs, Q" (s, A¥) > Q7 (s, A) (zero-violation), implies V™ (sg) > V™ (sq)
(success rate guarantee). In the following derivation, we assume v = 1.

First, we must rigorously define what the “Action Chunk” A and its Q-value represent in terms of
atomic, low-level control actions. Let an action chunk A consist of a sequence of atomic actions u
over a physical duration L.

* Original Chunk A: Sequence {uy,ug,...,ur}.
* Accelerated Chunk A*: Sequence {u},ub, ..., u},} where L' = L/k.

The execution of a chunk is not a single jump, but a trajectory of atomic state transitions. Let s, ;
denote the state at the i-th atomic step within the execution of chunk A, (where 7 is the chunk
index).The Q-value of a chunk A under policy 7 is defined as the sum of atomic rewards within the
chunk plus the value of the state after the chunk finishes:

Q7 (51, A) =E |3 r(sriu) 4V (s751) | (10)

W'Mh
I,

LIntra-chunk Reward

where s, is the state reached after executing the last atomic action wy,. Similarly, for the accelerated
chunk A*:

Q" (57, AY) =E | Y r(shj,uf) + V(s | - (11)

j=1

&

We now prove that V™ (s) > V7 (s) for all states, which directly implies the final required inequality.

We use mathematical induction (or recursive expansion) over the sequence of chunks. Let V™ (s) be
the value of following the scheduler policy 7’ (which always selects A*). By definition:

Ly
V™ (50) = Q" (50, AF) = E | Y (s u)) + V7™ (s1)] - (12)

j=1

We now show that V7 (sg) < V™ (so) with recursive expansion of the value function:

V7™ (s0) = Q" (s0, Ao) < Q" (s0, Af) (13)
L
= Eayonr | D750t ) + V™ (51) (14)
_j:1
L -
=Esynm T(Sé,jv u{),j) + Qﬂ(sla Al) (15)
_J:1 -
L -
< By | D 7(85,50up ) + Q7 (51, AT) (16)
_J:1 -
L, L
= ]Esl,szNTf’ T(S/O,j’ u(),j) + Z 7‘(Sll,m’ull,m) + Vﬂ(SZ) (17)
Jj=1 m=1
(18)
~ L
< E,,-N,r/ Z ZT(S;J—,U;J) =Vr (So). (19)
t=0 j=1
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Remarks on v = 1: We emphasize that the undiscounted setting (v = 1) is both physically motivated
and mathematically essential for our derivation. First, since our primary metric is the task success
rate under sparse rewards, setting v = 1 ensures that the value function V'™ (s) directly represents
the probability of success, i.e., V™ (s) = P(Success|r, s). Second, v = 1 is a necessary condition
for the validity of the telescoping sum in Eq. In a variable-duration setting where the scheduler
accelerates execution, the physical arrival time at any future state s;; differs from that of the base
policy. If v < 1, the discount factors associated with s;4; would not align between the two policies,
preventing the intermediate terms in the performance difference expansion from canceling out. By
assuming v = 1, the value of a state becomes invariant to L and L’, allowing for a rigorous proof of
global performance preservation despite temporal downsampling.

B PROOF FOR PROPOSITION [4.1]

Let Q*(s, k) denote the optimal action-value function. The maximum possible value of a safe
trajectory is bounded by Vi,ax = Z?i 0 VK pax = Ifm;". Consider an arbitrary state s. If an action

k, violates the constraint (i.e., h(s, k) = 1), its Q-value is bounded by:
Q*(8,ky) = —Q+E[V*(s')] < —Q + YVinax- (20)

Conversely, since valid actions yield at least a reward of 1 (assuming k > 1), the Q-value of the
optimal safe action kg, s satisfies Q*(s, ksqre) > 1 + -v. To ensure the optimal policy never selects
a violation, we require Q* (s, ksare) > Q*(s, ky). It suffices to show:

Kinax Kmax
1+7>—Q+%:>Q>%—1—7. Q1)
Thus, setting 2 > ”’11(_7;" (a strictly stronger condition) guarantees that any violating action has

a lower value than any valid action, compelling the optimal policy to strictly satisfy the safety
constraint.

C WHOLE RESULTS OF BIGYM

We report the (Success Rate, Episode Length) pairs for all 20 tasks across both ACT and DP
architectures. As shown in Tab. [5] SuP achieves the best balance between efficiency and success rate
in most tasks, outperforming both static downsampling and DemoSpeedup baselines across a wide
range of manipulation skills.

D SIMULATION EXPERIMENT DETAIL

D.1 BIGYM

Here, we provide details of the BiGym tasks: we utilize a total of 20 tasks, all set in a kitchen
scenario. The task descriptions (which can serve as language prompts if required) are listed below:
(1) Sandwich Remove: Take the sandwich out of the frying pan. (2) Take Cups: Take two cups out
from the closed wall cabinet and put them on the table. (3) Put Cups: Pick up cups from the table
and put them into the closed wall cabinet. (4) Dishwasher Open Trays: Pull out the dishwasher’s
trays with the door initially open. (5) Move Plate: Move the plate between two draining racks. (6)
Saucepan to Hob: Take the saucepan from the closed cabinet and place it on the hob. (7) Flip Cutlery:
Take the cutlery from the static holder, flip it, and place it back into the holder. (8) Cupboards Close
All: Close all drawers and doors of the kitchen set. (9) Sandwich Flip: Flip the sandwich in the frying
pan using the spatula. (10) Dishwasher Close Trays: Push the dishwasher’s trays back with the door
initially open. (11) Pick Box: Pick up a large box from the floor and place it on the counter. (12)
Drawers Close All: Close all sliding drawers of the kitchen cabinet. (13) Drawers Open All: Open all
sliding drawers of the kitchen cabinet. (14) Dishwasher Close: Push back all trays and close the door
of the dishwasher. (15) Wall Cupboard Open: Open doors of the wall cabinet. (16) Store Box: Move
a large box from the counter to the shelf in the cabinet below. (17) Wall Cupboard Close: Close doors
of the wall cabinet. (18) Dishwasher Open: Open the dishwasher door and pull out all trays. (19)

14
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Table 5: Performance comparison of different methods in all Bigym tasks. Best success rates and
shortest lengths are bolded. Method with best success rate per task is highlighted .

Method Sandwich Remove Take Cups Put Cups Dishwasher Open Trays Move Plate
-base (0.45, 340.5) (0.15, 288.3) (0.28, 320.3) (1.0, 275.0) (0.58, 194.8)
ACT -ds2 (0.48, 186.3) (0.13, 178.0) (0.36, 175.9) (1.0, 169.0) (0.50, 155.0)
+DemoSpeedup (0.56, 171.5) (0.10, 183.9) (0.33, 169.3) (1.0, 156.0) (0.28, 71.7)
+SuP(Ours) (0.64,155.9) (0.20, 176.6) (0.38, 156.0) (1.0, 131.0) (0.49, 167.2)
-base (0.40, 376.8) (0.07, 284.6) (0.28,307.7) (0.57,351.2) (0.33,261.1)
DP -ds2 (0.40, 209.6) (0.12, 218.0) (0.22, 181.5) (0.48,310.2) (0.36,203.3)
+DemoSpeedup (0.35,199.3) (0.21, 239.5) (0.25, 143.9) (0.94, 108.8) (0.38,178.8)
+SuP(Ours) (0.42, 179.9) (0.19, 203.0) (0.27, 200.8) (0.97,267.4) (0.39, 164.8)
Method Saucepan to Hob Flip Cutlery Cupboards Close All Sandwich Flip Dishwasher Close Trays
-base (0.78, 334.1) (0.35, 243.6) (1.0, 449.8) (0.20, 406.7) ( 1.0, 200.3)
ACT -ds2 (0.47,248.7) (0.22, 257.6) (1.0, 234.0) (0.19,239.4) (1.0, 117.0)
+DemoSpeedup (0.78, 154.5) (0.39,90.8) (1.0, 202.1) (0.18, 156.8) (1.0,95.0)
+SuP(Ours) (0.88,174.3) (0.27, 138.7) (1.0,212.1) (0.22, 194.5) (1.0, 86.0)
-base (0.69, 426.1) (0.06, 368.0) (0.90, 544.0) (0.06, 436.0) (0.94,210.4)
DP -ds2 (0.58, 285.0) (0.12, 356.7) (0.75, 270.3) (0.03, 157.3) (0.53, 146.4)
+DemoSpeedup (0.60, 157.8) (0.10, 145.9) (0.60, 231.0) (0.11, 294.5) (0.96, 108.3)
+SuP(Ours) (0.66, 332.7) (0.16, 389.9) (0.91, 146.2) (0.11, 311.5) (0.72, 175.4)
Method Pick Box Drawers Close All Drawers Open All Dishwasher Close Wall Cupboard Open
-base (0.25,372.0) (1.0, 100.0) (1.0,325.5) (1.0, 175.0) (1.0, 148.8)
ACT -ds2 (0.04, 182.0) (1.0, 52.0) (0.99, 190.0) (1.0,90.9) (1.0,74.5)
+DemoSpeedup (0.02, 173.0) (1.0,54.0) (0.99, 163.0) (1.0, 83.9) (0.92, 64.0)
+SuP(Ours) (0.25, 317.9) (1.0, 40.0) (1.0,152.2) (1.0, 84.0) (1.0, 65.0)
-base 0.0, -) (0.66, 118.9) (0.89,478.1) (0.99, 178.9) (0.89, 260.0)
DP -ds2 (0.0, -) (0.54, 64.9) (0.12,412.7) (0.54, 64.9) (0.88, 131.0)
+DemoSpeedup 0.0, -) (0.37,49.2) (0.44,193.2) (0.9, 158.4) (0.91, 147.2)
+SuP(Ours) (0.0, -) (0.66, 65.2) (0.30, 442.9) (0.95, 147.3) (091, 146.2)
Method Store Box Wall Cupboard Close ~ Dishwasher Open Sandwich Toast Flip Cup
-base (0.51, 454.4) (1.0, 100.0) (1.0, 389.0) (0.08, 596.9) (0.53,312.7)
ACT -ds2 (0.41,229.2) (1.0, 52.0) (1.0,377.0) (0.07,261.9) (0.32, 182.4)
+DemoSpeedup (0.33,222.2) (1.0, 46.0) (1.0,163.3) (0.09, 157.1) (0.30, 149.8)
+SuP(Ours) (0.53,231.2) (1.0, 54.0) (1.0,157.4) (0.13,171.2) (0.46, 181.0)
-base (0.25, 456.0) (1.0, 96.0) (0.57, 354.1) (0.04, 426.0) (0.01, 312.0)
DP -ds2 (0.39, 328.6) (1.0,57.5) (0.56, 281.3) (0.03, 178.7) (0.03, 552.0)
+DemoSpeedup (0.14, 296.0) (1.0, 47.5) (0.38, 113.5) (0.01, 180.0) (0.04, 150.3)
+SuP(Ours) (0.39, 336.6) (1.0, 50.6) (0.57,267.4) (0.07, 240.9) (0.05, 164.5)

Sandwich Toast: Use the spatula to put the sandwich on the frying pan and toast it. (20) Flip Cup:
Flip the cup initially positioned upside down on the table to an upright position.

1. Observation Space (State Space)
BiGym’s observation space is hybrid, combining visual inputs, proprioceptive data, and (for bi-manual
mode) base state, which is defined as:

0= {Ihead7 T, Irighta Sproprio}
* Visual Observations: RGB images (Jhead, Jieft, lrighe) from three cameras (forehead, left
wrist, right wrist), with a default resolution of 84 x 84.

* Proprioceptive State (sproprio): The state space adopts the Bi-manual mode, with the low-
dimensional state ranging from 60 to 70 dimensions, including joint angles, joint velocities,
and base states (where the leg control is configured in floating base mode), etc.

2. Action Space
The action space A € R1¢ in Bigym can be formularized as three parts:

A= {Aarms(Rlo)v Abase (R4)7 Agrip (R2)}7

where { A,ms controls the qpos of the robot arm, Ay, controls the floating base (i.e. legs) of the
robot and A, controls the left and right gripper of the robot arm.

3. Training of 7pase
In the Bigym environment, we followed the implementation of ACT and DP from the DemoSpeedup’s
open-source repository (specifically the robobase folderﬂ Due to the absence of pre-released

'https://github.com/lingxiao-guo/DemoSpeedup/tree/main/robobase
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Table 6: Hyperparameters for ACT and DP in Bigym.

ACT Hyperparameters DP Hyperparameters
Hyperparameter ACT Hyperparameter DP
Learning Rate le-5 Learning Rate le-4
Weight Decay le-4 Weight Decay le-6
Batch Size 64 Batch Size 64
Chunk Size (k) 24 Observation Horizon 2
Feedforward Dim 3200 Action Horizon 24
Hidden Dim 512 Diffusion Steps 100
Encoder Layers 4 Noise Scheduler DDPM
Decoder Layers 7 Kernel Size 5
Attention Heads 8 Vision Model MVT Seo et al.|(2023)
Dropout 0.1 Down Dims [256,512,1024]

checkpoints, we retrained the algorithms across 20 environments according to the original source
code. We selected the models that achieved the highest win rates during evaluation as our base
policies. The training hyperparameters for ACT and DP are detailed in Tab. [f] respectively. Our
experiments revealed that the performance of DP in Bigym was generally inferior to that of ACT. We
also attempted to train a model based on 7y 5, but we found that the success rates were lower than
those of both ACT and DP in a lot of tasks. This suggests that the model may not be suitable for
whole-body control tasks. Consequently, we did not attempt to accelerate the VLA base policy in
Bigym.

D.2 LIBERO

The Libero suite comprises four specialized sub-suites, each designed to isolate or integrate specific
types of knowledge transfer for robot manipulation tasks, with distinct focuses and standardized
language instruction patterns. Libero-spatial focuses on the transfer of declarative knowledge about
spatial relationships, using instructions that specify spatial descriptors and target objects; Libero-
object targets declarative knowledge about object concepts, with instructions centered on object
names and containers; Libero-goal concentrates on procedural knowledge about task goals, featuring
instructions that outline action-oriented tasks; Libero-long consists of long-horizon tasks involving
entangled declarative and procedural knowledge transfer, with multi-step instructions that combine
spatial, object, and goal concepts. Below is a detailed breakdown of the observation and action spaces
common to or specific to each sub-suite, along with their core characteristics.

1. Observation Space (State Space)
Libero’s observation space is hybrid, combining visual inputs, proprioceptive data, which is defined
as:

0= {Ito 7Iwrist7 Spro| rio}
P prop:

* Visual Observations: RGB images (Liop, Lwrist) from two cameras (top, wrist), with a default
resolution of 224 x 224.

* Proprioceptive State (sproprio): The state space is an 8-dimensional low-dimensional joint
state space.

2. Action Space
The action space is 7-dimensional, with 6-dimensional delta-EEF control, and 1-dimensional Gripper
control.

3. Detail of mage
In the Libero environment, we utilized the officially released pre-trained model checkpoints. For
.5, we obtained the corresponding model parameters by adhering to the instructions provided in
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(a) ARX Master-Follower Design (b) Real-World Experiment Scene

Figure 8: ARXS illustration. (a) The master-follow design for data collection (b) The actual scene of
our real-world experiment.

its open-source repository”} Similarly, for the VLA-Adapter, we followed the instructions outlined
in its respective reposito Specifically, 7y 5 employs a shared set of model weights across all
four task suites, whereas the VLA-Adapter utilizes independent weights for each suite. The training
demonstration data is downloaded directly via HuggingFac

E REAL-WORLD EXPERIMENT DETAIL

E.1 HARDWARE SETUP

The hardware configuration is detailed in Fig. [8] We utilize the ARX5 robotic platform, a dual-
arm system analogous to Aloha, consisting of two master arms and two puppet arms. Both arms
were actively employed for dual-arm teleoperation and data collection. To provide visual feedback,
a top-mounted RealSense D435i camera captures the RGB image observations required for the
experiments.

E.2 DETAILS OF REAL-WORLD TASKS

Fold Towel. The scene consists of two towels of different colors or patterns placed on the tabletop.
The robot is required to identify the target towel specified by a linguistic instruction and execute a
folding sequence. This task tests the policy’s ability to handle deformable objects and its grounding
of language instructions in a multi-object scene.

Arrange Table. This task involves three plates and five objects initially distributed across them
(arranged in a 2, 2, 1 pattern). The robot must follow a three or four-step instruction to pick and place
specific objects into designated plates. This task represents a long-horizon challenge requiring precise
spatial reasoning and high-level planning.

Stack Plates. Three plates are placed separately on the table. The robot must stack them into a single
pile following a specific order provided in the instruction (e.g., bottom-to-top sequence). This task
emphasizes contact-rich manipulation and the strict maintenance of operational order.

Training of m,se. We collected a total of 200 high-quality demonstrations using teleoperation, with
50 trajectories in Fold Towel, 100 trajectories in Arrange Table and 50 trajectories in Stack Plates. We
then utilized the 7y 5 model as the foundation. The model was fine-tuned on task-specific trajectories
to serve as Tp,se, €nsuring reliable execution of the fundamental manipulation primitives.

2https://qithub.com/PhysicalfIntelliqence/openpi/tree/main/examples/
libero

*https://github.com/OpenHelix-Team/VLA-Adapter

*nttps://huggingface.co/datasets/openvla/modified_libero_rlds
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F DETAILS OF SUP

In this section, we provide the detailed implementation of SuP, including how to downsample gripper
action, how to calculate state deviation and the architecture of Recurrent World Model and scheduler.

F.1 GRIPPER ACTION COMPENSATION FOR DOWNSAMPLING

Our methods rely on action chunk downsampling strategy that remain semantically aligned with
the original one. While the downsampling strategy described in Sec. ensures that the robot’s
arm waypoints remain spatially consistent in the sense of they desired, gripper actions require
separate consideration due to their binary nature and specific physical constraints. In most simulation
environments, gripper actions are represented as binary signals (e.g., < 0 for closed, > 0 for open).
Regardless of whether absolute or relative position control is used, standard downsampling causes a
mismatch in the cumulative physical displacement of the gripper. For example, if a full grasp requires
several consecutive closure commands, reducing the action frequency results in the gripper failing to
reach the intended state in time, leading to failed grasps.To resolve this inconsistency and maintain
the success rate after downsampling, we applied the following task-specific compensations:

* BiGym: We followed the method described in DemoSpeedup |(Guo et al.|(2025) by increasing
the control gain of the gripper, ensuring it responds more aggressively to the reduced number
of commands.

* Libero: We doubled the magnitude (velocity) of each gripper action command.

For instance, if a single original action resulted in a 0.1 cm closure, the adjusted action for a
downsampling factor of 2 (N = 2) produces a 0.2 cm closure. Although this adjustment is specifically
tailored for a downsampling rate of 2, we found it to be a highly effective heuristic for maintaining
physical state consistency. The necessity of gripper action compensation is quantitatively validated in
Tab. [7} Without the fix, naive downsampling (/N = 2) leads to a significant performance degradation,
with the average success rate dropping from 96.9% to 84.2%, particularly in the libero-spatial task
where the gripper often fails to secure objects due to insufficient closure displacement. By applying
our proposed compensation—adjusting the gripper’s response magnitude—the “-ds2” variant recovers
the average success rate to 92.6% while maintaining a high inference speedup (1.72x). This results
in a much more robust balance between efficiency and task reliability.

Table 7: Ablation study of gripper action compensation on Libero benchmarks. We compare the
original policy (pig.5) with downsampled versions (N = 2) before and after applying the gripper fix.

Method spatial long goal object Average

mo.5 (Original) 0.988,105.3 0.924,267.9 0.980, 113.1 0.982,138.1 0.969, 1.00x

No Grip Fix (-ds2) 0.708,77.0 0.818,167.4 0.888,66.2  0.954,84.4 0.842, 1.58x
With Grip Fix (-ds2)  0.914,67.9 0.874,1534 0.952,67.6  0.970,75.0 0.928, 1.72x

F.2 CALCULATION OF STATE DEVIATION

In this section, we detail calculation of the state deviation metric £, which serves as the core criterion
for the switching logic within our Speedup Patch (SuP) framework. The calculation of state deviation
relies on the formal representation of the robot’s spatial configuration via the End-Effector (EEF)
pose. The EEF pose is defined as a combination of its 3D Cartesian coordinates (z,y, z) and its
orientation, represented internally as a unit quaternion to avoid singularities. To evaluate the fidelity
of the robot’s motion during downsampled execution with a rate k, we determine the “expected” state
at any intermediate sub-step ¢ € {1, ...,k — 1} through pose interpolation between two consecutive
reference waypoints e; and e, produced by the base policy. Specifically, the reference position is
obtained via linear interpolation, while the reference orientation is computed using Normalized Linear
Interpolation (NLERP) |Shoemake|(1985). This approach ensures that the interpolated orientation
remains on the unit hypersphere by normalizing the result of a linear interpolation between the two
reference quaternions, providing a computationally efficient approximation of the shortest rotation
path.
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To evaluate the fidelity of the generated trajectories, we define a composite distance metric
d(ecyrr, erey) that measures the discrepancy between the current and reference end-effector (EEF)
states. This distance comprises two components: the Euclidean distance for translational position and
the geodesic distance for rotational orientation. The total distance at step ¢ + ¢ is formulated as:

1

7\/(Icurr - Iref)Q + (ycurr - yref)z + (Zcurr - Zref)2 + - arccos(|<‘]curm QTef>|)

diy; = 5

where p = [, 9, 2] " represents the Cartesian coordinates and q denotes the orientation expressed as
a unit quaternion. The rotational term calculates the minimum angular displacement between the two
orientations, using the absolute value of the inner product (¢cyrr, ¢re f> to account for the antipodal
property of quaternions.

From an implementation perspective, these geometric operations—including NLERP and geodesic
distance calculations—are natively and efficiently supported by the scipy.spatial.transform.Rotation
module in the SciPy library.

F.3 NETWORK ARCHITECTURE

World Model (ADM) Actions af Actions a¥

- h l h l sy h
Initial Stat t 4 o
m;ﬂ SN stie N GRucel B crucen M Grucen
¢ Encoder (g6) (g6) (go)
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Figure 9: Network architecture of Recurrent World Model and Scheduler Policy.

Recurrent World Model. The Any-Step Dynamics Model (ADM) is designed to predict future
trajectories while bypassing the recursive error accumulation typical of auto-regressive transitions.
The process begins by mapping the initial observation o; to a latent representation h; = encg(o;)
using a state encoder. This latent vector serves as the initial hidden state for a Gated Recurrent
Unit (GRU), denoted as gy. For each step ¢ € {0,..., L — 1}, the GRU updates the hidden state
via hypir1 = go(hiti, af +i)’ conditioned on the previous latent state and the external action af e
Crucially, a transition decoder decy maps each latent state directly to a predicted observation 0, ;1.
By decoupling the latent dynamics from the observation space—specifically by ensuring predicted
observations are never fed back as inputs—the model maintains high trajectory fidelity and provides
a stable foundation for counterfactual evaluation.

Scheduler Policy. The scheduler policy is implemented within the Implicit Q-Learning (IQL)
framework, comprising separate Q and V networks. To handle the variable-length nature of the action
sequences A*, the Q-network employs a dual-stream architecture: a GRU processes the temporal
dependencies of the action sequence, while a standard Multi-Layer Perceptron (MLP) encodes the
current environment state o. The resulting features are concatenated and passed through a secondary
MLP to produce the final Q-value. In contrast, the V-network utilizes a simplified architecture,
consisting of a single MLP that maps the environment state o directly to a state-value estimate. This
design ensures the policy can effectively evaluate complex, multi-step action plans against the current
environmental context.

F.4 PSEUDOCODE OF SUP

Pseudocode of SuP is shown in Alg. [1]
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Algorithm 1 Training Procedure of SuP

Input: Offline demonstration dataset D, minimum and maximum downsampling rate Kyin, Fmax
penalty €, deviation threshold e.
Output: Scheduler policy my.
{Phase 1: Recurrent World Model Learning}
Initialize world model M.
while not converged do
Sample batch of data (o¢, As, 0441.4+1) from D.
Update M, with Eq. [6]
end while
{Phase 2: Data Synthesis}
Initialize synthetic dataset D’ « ().

: for each transition (o¢, A;) in D do

for k = ki to kpax do
Construct downsampled action chunk A¥.
Predict next states 0] ., ;, < Ma(o, AF).
Estimate deviation £ with Eq. [5|and violation signal hg + I(E > €).
Compute reward r, with Eq.
Store transition (o, AY, 7,6, ;) into D’
end for

: end for

: {Phase 3: Scheduler Optimization via IQL}
. Initialize IQL networks Vi, Q.

: while not converged do

Sample batch (o, A¥ 7/ o) from D’.
Update Vi, Qg4 with Eq. [0}

: end while
: Return Scheduler 7, (0, A) = arg maxj, Q4 (0, A¥).

G

HYPERPARAMETER OF SUP

Hyperparameter of SuP in Bigym, Libero and Real-world is shown in Tab. |8} We empirically find
that a good violation threshold € can be chosen between 0.01 to 0.02. The best epsilon depends on
the accuracy requirement of each task.

Table 8: Hyperparameter configurations of SuP in different experiment settings.

Hyperparameter BiGym Libero  Real-world
Learning rate 3x107* 1x107* 1x1074
Batch size 512 512 512
GRU hidden dimension 256 256 256
GRU layers 3 3 3
Chunk length 24 10 20
Kmin 2 1 2
k""LLL"IJ 4 2 4
Epsilon (¢) 0.01-0.02 0.01-0.02  0.02-0.04
Expectile (1) 0.95 0.95 0.95
Penalty (2) -5 -2 -5
Gamma () 0.9 0.1 0.9
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H ADDITIONAL VISUALIZATION RESULTS
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