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Abstract—Diffusion Policy (DP) excels in embodied control but
suffers from high inference latency and computational cost
due to multiple iterative denoising steps. Existing diffusion
model (DMs) acceleration methods improve inference speed by
reducing computational overhead, as DMs for image generation
are computation-bound. In this work, we reveal that DP are
I/O bound, and thus propose using speculative decoding, a
parallel computing framework, to accelerate DP for the first time.
However, it is non-trivial to address the following challenges:
(1) How to preserve the denoising quality of the base model at
reduced computational cost under time-varying task difficulty in
embodied settings; and (2) How to dynamically allocate computa-
tion according to task difficulty in such environments. Therefore,
we propose Temporal-aware Reinforcement-based Speculative
Diffusion Policy (TS-DP), the first framework that enables
speculative decoding for DP with temporal adaptivity. First, to
handle dynamic environments where task difficulty varies over
time, we distill a Transformer-based drafter to imitate the base
model and replace its costly denoising calls. Second, an RL-
based scheduler further adapts to the time-varying task difficulty
by adjusting speculative parameters to maintain accuracy while
improving efficiency. Extensive experiments show that TS-DP
achieves up to 4.17x faster inference with a draft acceptance
rate of over 85% in simulation. Real-world experiments further
demonstrate a 3.8x speedup while improving success rates on
real-time tasks (e.g., a 23% gain on the conveyor-belt task),
reaching an inference frequency of 26 Hz and enabling real-
time control while maintaining comparable task performance.
The code is available at https://github.com/ChildTang/TS-DP.

Index Terms—Diffusion Policy, Speculative Decoding, Acce-
leartion, Embodied Intelligence, Multimodal Model

I. INTRODUCTION

IFFUSION Policy (DP) [1] has been widely adopted in
Vision-Language-Action (VLA) models [2]-[8] thanks
to its strong ability to model multi-modal action distributions
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Fig. 1.  Vanilla Diffusion Policy (DP) vs. Our TS-DP. For embodied
tasks, DP completes a task through multiple interactions with the environment,
generating several segments of actions. Each segment typically requires
hundreds of model calls for denoising, making the process highly time-
consuming. TS-DP introduces a customized speculative decoding framework
for temporal-complexity-aware accelerating DP. A lightweight drafter gen-
erates multiple denoising results, which are verified in parallel by the DP
for near-lossless acceleration. A scheduler further adjusts key speculative
decoding parameters—such as the number of drafts and the acceptance
rate—based on the complexity of different task phases, achieving adaptive
and efficient acceleration.

and generate coherent action trajectories. However, its large
backbone and iterative denoising process impose substantial
computational overhead, resulting in low action-generation
frequency and limiting its applicability in latency-sensitive
real-world settings. Consequently, improving the inference
efficiency of DP has therefore emerged as a critical challenge.
Recent research has increasingly focused on accelerating
diffusion models (DMs) to enable faster inference. General
model compression techniques, including pruning and quan-
tization [9]-[12], reduce computational cost by simplifying
the diffusion backbone and have shown effectiveness in static
generation tasks. Building on these advances, a growing
body of work explores specific acceleration techniques for
DP, where cache-based methods [13], [14] reuse intermediate
features from previous denoising steps to eliminate redundant
computation during action generation. While effective to some
extent, these approaches inevitably alter internal feature rep-
resentations, resulting in lossy acceleration and constrained
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overall speedup. Furthermore, they remain largely static and
fail to account for the temporal correlations and evolving task
complexity inherent in embodied control.

Meanwhile, speculative decoding has emerged as a loss-
less and complexity-adaptive acceleration paradigm, where
a lightweight drafter proposes multiple candidates that are
verified in parallel by a stronger model. This strategy has
achieved notable success in LLMs [15]-[18], delivering sub-
stantial speedups without compromising fidelity, and has also
been adapted to DMs by accelerating the denoising pro-
cess [19], [20]. However, these approaches primarily target
compute-bound DMs for image and video generation, where
GPU computation dominates and the verification stage offsets
most potential savings, resulting in limited acceleration. In
contrast, DP is inherently I/O-bound as it generates low-
dimensional action vectors instead of high-resolution visual
data. This property makes speculative decoding particularly
well-suited for DP inference. Yet DP differs fundamentally
from conventional DMs: it must produce sequential action
segments while continuously interacting with an evolving
environment, where task difficulty and dynamics change over
time, making temporal adaptivity essential for stable and
efficient acceleration. As a result, temporal adaptivity becomes
crucial for maintaining both stability and efficiency. This
motivates a temporal-complexity-aware speculative decoding
framework that preserving behavioral consistency and robust
control performance.

Therefore, we propose TS-DP, the first temporal-complexity-
aware speculative decoding framework designed to accelerate
DP, as illustrated in Fig. 1. This presents two key challenges:
(1) how to match the DP’s denoising quality at lower cost
under time-varying task difficulty, and (2) how to dynamically
adjust computation based on task difficulty to ensure stable and
efficient control.

For the first challenge, prior studies leverage either the dif-
ferences between consecutive time steps as drafts or the
exchangeability of trajectories to enable self-speculation and
parallel verification. However, embodied tasks are highly di-
verse, and their multi-segment action sequences often exhibit
significant distributional differences, making these approaches
difficult to generalize and largely limited to image generation.
To address this, we adopt a single Transformer block as the
drafter and train it via knowledge distillation, where DP serves
as the teacher and the drafter is optimized to minimize both
its deviation from the ground truth and its discrepancy from
the teacher’s outputs. The drafter shares the same input—output
interface as DP, performs multiple denoising steps in its place,
and has its results verified in parallel by DP. During each spec-
ulative decoding round, accepted denoising steps are retained,
while the first rejected one is corrected via Reflection-Maximal
Coupling to better align with DP’s denoising distribution. This
process repeats iteratively until the denoising is complete.
For the second challenge, the temporal characteristics of
embodied tasks cause task difficulty to vary dynamically over
time. As shown in Fig. 7, empirical analysis reveals an inverse
relationship between end-effector velocity and the number of
accepted drafts—faster, coarse-grained motions lead to fewer
accepted drafts, while slower, fine-grained actions yield more.

This indicates that using fixed parameters for speculative
decoding is suboptimal. Existing approaches, such as SP-
VLA [21], distinguish task difficulty by velocity, which limits
their generalization across diverse behaviors. To address this,
we introduce a Reinforcement Learning (RL)-based sched-
uler that dynamically adjusts speculative decoding parame-
ters according to task phase, enabling adaptive and efficient
acceleration. Extensive experiments demonstrate that TS-DP
achieves a draft acceptance rate of over 85%, increasing the
inference frequency from 8 Hz to 26 Hz while reducing the
Number of Function Evaluations (NFE) by 4.17x, all while
maintaining comparable task performance. Real-world results
further demonstrate up to a 3.8 x NFE reduction and improved
success rates on real-time tasks (e.g., a 23% increase on the
conveyor-belt task), confirming its effectiveness for real-time
control. The main contributions are as follows:

(1) We propose TS-DP, a temporal-complexity-aware specu-
lative decoding framework for DP, enabling frequency-
adaptive and accuracy-preserving acceleration. To the
best of our knowledge, this is the first work that brings
speculative decoding to DP with temporal adaptivity.

(2) We propose a speculative decoding framework tailored
for DP. To match the base model’s denoising quality at
lower cost under time-varying task difficulty, we distill a
Transformer-based drafter to imitate the base model and
replace its costly multi-step denoising calls, while DP
verifies its outputs in parallel.

(3) We propose a temporal-complexity-aware speculative de-
coding scheduler. To dynamically adjust computation
based on task difficulty, we train a PPO-based scheduler
that formulates DP execution as a Markov process and
adaptively tunes speculative parameters over time.

II. RELATED WORK
A. Diffusion Policy Acceleration

Benefiting from the strong modeling capacity and widespread
success of DMs [22]-[24], DP has emerged as a leading
framework for visuomotor policy learning. It leverages the
generative capability of DMs to produce continuous and
multimodal robotic actions conditioned on visual observations
and language instructions [1], [25]. Despite their strong per-
formance, DP suffer from high inference latency caused by
iterative denoising, which limits their applicability in real-time,
high-frequency robotic control.

To tackle this challenge, extensive research has focused on
accelerating diffusion-based generative models and their ex-
tensions to embodied policies [21], [26]-[31]. A variety of
techniques are applied to accelerate diffusion models in the
field of image and video generation, such as quantization
[9], [12], [32]-[36], feature cache [37]-[42]. In contrast,
EfficientVLA [43] and BAC [13] are specifically designed
for DP acceleration, where the latter introduces block-wise
adaptive caching to selectively refresh upstream features and
mitigate error propagation. However, most existing methods
modify intermediate representations during inference, resulting
in lossy acceleration, and few explicitly account for the
temporal redundancy inherent in DP.



B. Speculative Decoding

Speculative decoding has recently emerged as a principled
paradigm for accelerating autoregressive generation. Origi-
nally developed for LLMs [44]-[48], it employs a lightweight
drafter to propose multiple future tokens that are verified in
parallel by a stronger farget model within a single forward
pass, achieving provable lossless acceleration. Representative
approaches such as the Medusa and Eagle series [15]-[18]
further enhance efficiency through multi-head drafting and
hierarchical verification mechanisms.

Several studies have extended speculative decoding to contin-
uous generative processes. [19] introduced the frozen target
draft model, which accelerates diffusion denoising by using
stepwise differences as drafts and applies reflection-maximal
coupling to preserve the original sampling distribution. Build-
ing on this, [20] proposed autospeculative decoding, elimi-
nating the need for a separate drafter by exploiting trajectory
exchangeability for self-speculation and parallel verification.
While these methods achieve lossless acceleration in DDPMs
and LDMs, they are primarily designed for compute-bound
diffusion models in image and video generation, and the
verification overhead largely cancels out the benefit—resulting
in the counterintuitive phenomenon that even using 8 GPUs
for verification yields only about a 1.8 x speedup.

In contrast, DP is inherently I/O-bound and therefore better
suited for speculative decoding. The drafter operates at a
much lower computational cost than the base policy, allowing
parallel verification to be substantially more efficient than
in compute-bound DMs. However, unlike standard DMs, DP
must generate sequential action segments through interac-
tions with the environment, where early prediction errors
can accumulate and degrade overall task performance. To
fix them, we introduce TS-DP, a temporal-complexity-aware
speculative decoding framework that enables adaptive, near-
lossless acceleration for embodied tasks.

III. METHOD
A. Preliminaries

Speculative decoding. Speculative decoding leverages a
lightweight draft model p to generate a short trajectory of
length L in a single forward pass, while the large-scale
target model ¢ verifies the generated drafts in parallel. This
approach reduces the number of target model invocations,
thereby improving inference efficiency. The joint distribution
of the drafted latents is formulated as:
L

Xip1:a4L ~ P(Xeg1:e4L | Xe) = Hp(im-j | Xt 1it4j—1s Xt),
j=1

(1

where x; denotes the current diffusion latent at timestep t,

and X, ; denotes the j-th drafted latent. Each drafted latent
is accepted according to the standard likelihood-ratio test:

- . Q(Xetj | Kegr:4j—1, Xt))
a;j(X¢y;) =min| 1, — — RN ¢))
]( tﬂ) < P(Xt+j \ Xit41:t+5—1 X¢)

The first rejection index is defined as:

j =min{j € {l,.... L} : U; > a;(Xe45)},  (3)

where U; ~ Unif(0,1) are independent uniform random
variables. All drafted latents after j* are discarded, and a
corrective coupling is applied at step ¢ + j* — 1 to obtain
a latent consistent with the target distribution.

The window length L and the closeness of p to ¢ jointly
control the trade-off between parallelism and the probability
of encountering a rejection within the window.
Reflection-maximal coupling. For continuous, approximately
Gaussian one-step conditionals, we apply reflection-maximal
coupling to correct the first rejected draft sample through a
single deterministic mapping. Let

r(x) = N(x; m,, 3),

where 7(x) and s(x) denote the draft and target Gaussian
densities with means m, and m, and shared covariance 3.
Draw x ~ r and perform the acceptance test:

s(%) )

U ~ Unif(0,1). (5
=) wieA
If A =1, accept x = x. If A =0, obtain a corrected sample
by reflecting x across the hyperplane orthogonal to A :=
m, — mg. In the isotropic case 3 = 021, the reflection takes
the form:

s(x) =N(x;m,, %), @)

A= 1<U < min(l,

T\ (% _ A
x=m,+ (I-2ee')(x—m,), e: N
Equations 4-6 depend only on the means m,., mg, the shared
covariance 3, and a single draw x ~ r. The mapping in
6 generates a sample whose marginal distribution follows s,
while minimizing the discrepancy between the rejected draft
and its corrected counterpart.

(6)

B. Speculative Drafting and Verification Framework

Draft Model Training. The draft model is a lightweight
approximator of the target model, designed for fast specula-
tive rollouts while maintaining behavioral alignment. Since a
lightweight architecture is sufficient for approximate denois-
ing, we employ a single-layer Transformer block as the draft
model, which shares the same encoder and DDPM or DDIM
scheduler with the target model M.

Specifically, we train the draft model M, via knowledge
distillation with two objectives. (1) The first component is
a prediction-level distillation loss that aligns the draft model
output 1 with the target model output m?":

2
Lorea(0) = Eixo.e )’ )

where ¢ is the diffusion timestep, X is the clean action, and
€ is the Gaussian noise used to construct the noisy latent. (2)
The second component is a scheduler-aware normalized loss
that aligns the draft model with the data-consistent denoising
behavior of the target model:

rilff—mfs

2

; (®)

2

B —

‘Cnorm (6) = ]Et,xo,e o

where pf and 1! are the data-aligned DDPM means computed
from the target and draft predictions, and o, is the DDPM
standard deviation at timestep ¢.
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Fig. 2. The framework of TS-DP. TS-DP is the first temporal-aware speculative decoding framework designed to accelerate Diffusion Policy. (D) Decision

stage: A PPO-based scheduler evaluates time-varying task difficulty using
operates in parallel with the observation encoder, adding no extra inferenc

past observations and actions, and produces adaptive speculative parameters. It
e latency. (@) Denoising stage: Guided by the scheduler, a lightweight drafter

executes multiple denoising steps sequentially, effectively replacing expensive DP calls and reducing computational load. 3 Verification stage: DP verifies
all drafted steps in parallel, accepting those that pass validation and correcting the first rejected draft via reflection-maximal coupling to better align it with the
target distribution. @ Reward generation: Based on task progress, the framework provides process rewards that encourage the scheduler to produce more

valid drafts, and a final success-driven reward upon task completion, jointly

The full objective combines both terms:

E(Q) = )\1 Epred (9) + >\2 ﬁnorm(0)7 (9)

with A1, A2 > 0. The target model parameters ¢ are kept
frozen throughout training, while only the draft parameters 6
are updated.

Draft Generation Procedure. During the inference phase,
speculative drafts are generated through a short and efficient
forward rollout using the lightweight draft model, conditioned
on the current denoised estimate produced by the target model.
Let M denote the target model and S the DDPM scheduler. At
each time step ¢, the target model predicts the noise estimate

m,; = M (xy;t), and the scheduler S produces the immediate
one-step denoised candidate x@l =S(my, t, x;).

Starting from x,@l, a lightweight draft model M performs an

autoregressive-style multi-step rollout for up to K steps. For
each draft step k = 1,..., K, we compute the draft prediction
at time ¢t — k and apply the same DDPM scheduler to obtain
the next draft sample:

m; j = M(ngrljf:i» t— k) )
xgdr,j&) S(rht,;€7 t—k, xﬁfﬁ) .

This rollout continues until either the maximum draft horizon
K is reached or the diffusion process arrives at ¢ = 0.

guiding the scheduler toward efficient and successful task execution.

As shown in Fig. 6a, the acceptance probability displays
clear phase-dependent trends: it is low during both the early
high-noise and late low-noise stages, while remaining high
and stable throughout the intermediate denoising phase. To
balance acceleration and sample fidelity, TS-DP treats the draft
horizon K as a timestep-dependent parameter, using smaller
K in high- and low-noise stages and larger K in intermediate
phases where predictions are more reliable. The scheduler
dynamically adjusts K to maintain high draft acceptance and
maximize speedup without degrading perceptual quality.
Verification of Speculative Drafts. Given the one-step can-
didate x@l from the target model and a sequence of K draft
proposals {xgi)l, xgz)z, . xt K} generated by the draft
model, we form the candldate set C. Verification is performed
by evaluating the frozen target model My on all elements of C
in a single batched forward pass. For each candidate, we obtain
the conditional mean p; and the effective standard deviation
o; from the scheduler. As shown in Fig. 6b, the standard
deviation is critical for draft acceptance: without adjustment,
acceptance collapses in later denoising stages due to numerical
overconfidence. We therefore treat o; as a tunable parameter
and adapt it via the scheduler to maintain stable acceptance
and consistent speculative acceleration across the trajectory.
Assuming a Gaussian conditional distribution, the Metropo-
lis—Hastings log acceptance ratio for the ¢-th draft proposal



TABLE I
BENCHMARK ON PROFICIENT HUMAN (PH) DEMONSTRATION DATA.

Method Success Rate (%, 1) (gV(i) (I;IFIi) Speed x
Lift Can Square Transport Tool Push-T o o

Diffusion Policy [1] 100/ 100 95/97 82/88 78 / 81 43 /53 59/64 76/80 100/ 100 -

Frozen Target Draft [19] 90 /92 82/84 70/70 50/ 64 26/34 16/17 56/60 33/32 3.03/3.13

SpeCa [39] 100 /100 92/96  88/88 68 /72 38/40 67/69 76/78 34735 2.94 /2.86

BAC [13] 100 /100 94/97 82/89 771782 49/55 59/62 77/81 -/- 3.40/3.40

TS-DP 100 / 100 95 /95 86/ 88 87/ 84 61 /52 79 / 63 85/ 80 24 /24 4.17 / 4.17

Accuracy, NFE, and acceleration performance are reported; TS-DP achieves a 4.17x acceleration on such tasks while also improving accuracy by 9%.
On certain tasks, such as Transport and Tool, TS-DP even surpasses the baseline. This improvement can be attributed to the implicit filtering effect of
TS-DP, which enhances the smoothness and stability of the manipulator during task execution. Consistent with the original DP paper [1], each cell reports
results obtained from different checkpoints.

TABLE 11
BENCHMARK ON MIXED HUMAN (MH) DEMONSTRATION DATA.

Method Success Rate (%, 1) (éV(;{) (I;Fli) Speed x
Lift Can Square Transport o o

Diffusion Policy [1] 99 / 100 92 /97 76 /79 35/46 76/ 81 100 / 100 -

Frozen Target Draft [19] 66 / 62 60 / 54 50/ 62 20/ 42 49 / 55 34 /33 2.94 7/ 3.03

SpeCa [39] 96 / 100 86 /90 76 / 68 34 /40 73175 351737 2.86/2.70

BAC [13] 99 / 98 95 /97 77179 30/ 46 75/ 80 -/ - 341/ 3.41

TS-DP 99 / 99 92/97 74 /178 34/ 62 75/ 84 26 /26 3.84 / 3.84

Accuracy, NFE, and acceleration performance are reported; TS-DP maintains comparable empirical accuracy on this task while delivering a 3.84x
acceleration. Due to the inherent complexity of this type of data, the training of drafter is affected to some extent; nevertheless, we still achieve near-
lossless performance.

TABLE III
BENCHMARK ON MULTI-STAGE TASK (KITCHEN & BP).

Success Rate (%, 1) AVG NFE

Method Speed X
BPp1 BPp2 Kitp1 Kitpg Kitp3 Kitp4 (%, T) (%, J,)

Diffusion Policy [1] 98 / 98 98/96 100/100 100/100 100/100 100/100 99/99 100/ 100 -

Frozen Target Draft [19] 85/ 86 1/2 100 /100 100/ 100 100/ 100 100/ 100 81/ 81 33/33 3.03 /3.03

SpeCa [39] 97 197 85/ 85 100 /100 100/ 100 100/ 100 100/100 97/97 371737 2.70 /1 2.70

BAC [13] 100/99 97/95 100 / 99 100 / 99 100 / 99 94 /97 99 / 98 -/ - 3.60 / 3.60

TS-DP 99/100 97/97 100/100 100/100 100/100 100/100 99 /99 27127 3.70 / 3.70

In the Kitchen task, p; denotes the frequency of interacting with « or more objects (e.g., microwave, burners, oven switch, kettle); in the BP task, pg
represents the success rate under progressively harder control phases; TS-DP maintains comparable empirical accuracy on this task while delivering a
3.7x acceleration.

x = f1; + 0;&;, where &; ~ N(0,1), is: such as locomotion and fine, low-speed actions such as
R 9 ) grasping [21]. However, the non-strict correlation between

loga; = —2 Hi = Hifl <“ i — Hi , £l> ) (10) velocity and acceptance rate indicates that task complexity also

2 o] 9 gi plays a critical role. Hence, using fixed speculative decoding

The corresponding acceptance probability is computed as: pgrameters is suboptimal fqr embodied control. To address
this, we treat A as an adaptive hyperparameter tuned by the

p; = min{1, exp(log o;)} . (11)  scheduler based on task complexity and velocity, enabling

efficient and stable speculative decoding across task phases.

Finally, we scan the candidates in chronological order, com-
mitting all consecutive drafts that are accepted until the first
rejection occurs. For the first rejected draft, we apply the re-
flection coupling algorithm to construct a corrected sample that
preserves the original stochasticity while better aligning with
the target distribution. Unlike standard speculative decoding

We accept the draft if p; > A, where A € (0,1] is a tunable
acceptance threshold; otherwise, it is rejected. As shown in
Fig. 7, the number of accepted drafts is generally inversely
related to the end-effector velocity—more drafts are accepted
during slower motions, while fewer are accepted at higher
speeds. This observation aligns with the typical behavior of
embodied agents, which perform coarse, high-speed actions
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Fig. 3. Conveyor-Belt Pick-and-Place Task. This figure shows a Franka robotic arm picking pineapple buns from a moving conveyor belt and placing them
onto a plate. TS-DP finishes in 20s, compared to 63s for DP, yielding a 3.2x speedup. This improved real-time performance also increases the success rate
from 29% to 52%. Here, T denotes time in seconds (s), and S denotes success rate in percentage (%).
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Pen-to-Holder Insertion Task. This task is designed to examine the impact of TS-DP on high-difficulty, high-precision manipulation. As shown

in the figure, DP exhibits greater precision at critical moments, such as more accurate alignment with the pen holder, resulting in smaller displacements.
Although TS-DP shows minor inaccuracies in these cases, it is able to quickly correct them and successfully complete the task. It ultimately maintains a 3.4 X
NFE speedup, with the success rate decreasing by only 2%. Here, N denotes NFE, and S denotes success rate(%).

under fixed proposal and target distributions, TS-DP adaptively
adjusts the effective variance, acceptance threshold, and draft
budget; therefore, it targets comparable task-level performance
rather than exact distributional equivalence with the original
DP.

C. Temporal-Complexity-Aware Speculative Decoding Sched-
uler

Markov Modeling for Speculative Decoding. To enable
dynamic decision-making of speculative decoding parameters
at each time step and train the RL model, we first formulate
the speculative decoding process as a Markov chain with
a fixed number of steps. Specifically, we integrate the DP,
drafter, and embodied simulation environment into a unified
interactive system. (1) The observation space comprises
three components: the object states returned by the embodied
environment (either images or state vectors), the embodied
actions generated by DP at each time step, and the current
task progress. (2) The action space includes the sigma scale,

acceptance threshold, and draft step configurations for the
three distinct denoising stages.

We adopt a RL-based scheduler implemented with Proximal
Policy Optimization (PPO) [49]-[51], as it provides stable
policy updates and efficient adaptation to continuous task
variations. In terms of network design, we separately en-
code the observation, action, and process streams to prevent
interference caused by their differing dimensionalities. The
extracted features are then aggregated using an MLP. When
the observation is an image, a CNN is employed for feature
extraction; otherwise, an MLP is used.

Reward function. The reward function aims to balance
accuracy and efficiency, and is therefore divided into two
components: the final reward and the intermediate reward. The
final reward serves as the primary objective of the scheduler,
aiming to ensure task accuracy. It is categorized into two types:
discrete outcomes and continuous outcomes:

+ Rinal, success,
rﬁnaldis =

12)

— Rfnal, failure.
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Pick-and-Release Task. As shown in the figure, DP exhibits prolonged pauses both at the start and after grasping, whereas TS-DP effectively

mitigates this issue, achieving a 3.8x NFE speedup with only a 2% accuracy drop. The task closely matches the difficulty of the official simulation and
real-world benchmarks, providing a clear setting to showcase the acceleration achieved by our method.
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Thinaln = 2 X Rfinal X Tmaz — Rfinal, (13)
where Rgnq 1S a hyperparameter. This distinction enables us
to differentiate between completion-based tasks and binary
success—failure tasks.

To transform the sparse rewards into dense ones, we design
the intermediate reward as an efficiency metric:

i Thaccept TNaccept
o <_p+_p> Y

rocess (14)
P Ndraft Ndiffusion

where Naccept> Ndratt and Ngiffusion denote the number of accepted
drafts, the total number of drafts, and the number of diffusion
steps per denoising cycle, respectively. A is a scaling factor that
constrains the accumulated process reward to one-fourth of the
final reward, encouraging the scheduler to pursue efficiency
while maintaining accuracy:

_ Rfinal/4

A
N, expected

(15)

Tmax
At |’

) N, expected — ’V

where T, is the max task steps, At denotes the parameter
update frequency.

Furthermore, to reduce computational overhead, the scheduler
is executed in parallel with the encoder. As the encoder is
significantly larger in scale, the scheduler incurs no additional
time cost.

IV. EXPERIMENTS

A. Experimental Settings

Simulation protocol. We evaluate TS-DP on Robomimic,
Push-T, Multimodal Block Pushing, and Kitchen. These
benchmarks cover a broad range of manipulation skills: the
Robomimic suite contains Lift (raising a cube above a height
threshold), Can (pick-and-place of a soda can into a target
bin), Square (inserting a square nut onto a peg with precise
alignment), Transport (a bimanual task that hands an object
between two arms and places it in a target bin), and Tool
Hang (high-precision frame assembly and tool hanging); Push-
T pushes a T-shaped block to a fixed target pose; Multimodal
Block Pushing pushes two blocks into two target squares; and
Franka Kitchen requires completing a sequence of household
subtasks, testing long-horizon multi-stage control. Following
the official Diffusion Policy protocol, we use the official
checkpoints and training seeds, and evaluate each checkpoint
with 50 environment initializations. Success rate is used for
most tasks, while target-area coverage is used for Push-T and
Block Pushing. In the tables, “x/y” denotes results from two
official checkpoints.



Fig. 8. Real-world experimental platforms. The Pick-and-Release task is
conducted on platform (a), while the Conveyor-Belt Pick-and-Place and Pen-
to-Holder Insertion tasks are conducted on platform (b).

TABLE IV
RESULTS ON REAL TASKS.

Success Rate (%, 1) / NFE (])

Method AVG
Pick Conveyor Belt Pen Holder

DP [1] 82 /100 29 /100 31 /100 477100

TS-DP 80 /26 521727 291729 54 /27

As task difficulty increases, the acceleration gain of TS-DP decreases;
moreover, the speed improvement is particularly beneficial for real-time
conveyor-belt tasks, leading to a 23% increase in success rate.

Baselines and implementation. We compare against DP [1],
Frozen Target Draft [19], SpeCa [39], and BAC [13] using the
same target backbone, checkpoints, denoising steps, hardware,
and evaluation conditions. Simulation experiments run on an
NVIDIA A100 GPU with 40 GB memory. The scheduler takes
observations, recent actions, and task progress as input, and ad-
justs the sigma scale, acceptance threshold ), and three-stage
draft budget K. The static ablation uses K € {10,25,40}.
Real-world setup. We use a Franka Research 3 arm and an
Intel RealSense D435i camera in an eye-to-hand setting. Poly-
metis executes low-level control on a local NVIDIA RTX 4090
workstation, while the remote Diffusion Policy communicates
through a socket interface. Each task is evaluated over 100
trials with randomized object placement within the reachable
workspace. Failures mainly arise near workspace boundaries
or under illumination changes. The experimental platforms are
shown in Fig. 8.

Real-world tasks. We design three tasks of increasing dif-
ficulty. Pick-and-Release requires the arm to detect a pink
cylinder, grasp it, lift it to a preset height, and release it;
its difficulty is comparable to the official simulation and
real-robot benchmarks. Conveyor-Belt Pick-and-Place requires
grasping a bun from a moving conveyor belt without stopping
the belt and placing it onto a plate; this task is highly latency-
sensitive and directly stresses inference speed. Pen-to-Holder
Insertion requires picking a pen from the table and inserting
it vertically into a narrow-mouth holder that is not fixed and
can be displaced by contact, a fine-manipulation task that
challenges precision.

B. Main Results

Here, we measure efficiency using Number of Function Eval-
uations (NFE) and inference speedup, where each drafter
evaluation counts as 1/8 NFE and each target-model evaluation

counts as 1 NFE. NFE is a widely adopted efficiency metric
in diffusion acceleration research [52], [53]. Because DP in-
ference is memory-bandwidth-bound, its latency is dominated
by repeated sequential model calls rather than raw compu-
tation; TS-DP reduces these sequential target calls through
speculative generation and parallel verification. We therefore
use NFE to characterize sequential sampling cost and do not
interpret its reduction as a proportional reduction in FLOPs
or MACs; the corresponding wall-clock gains are reported
separately in the Latency Analysis. Here, “near-lossless” refers
only to empirically comparable success rates or target-area
coverage relative to the original DP, rather than exact distri-
butional equivalence. Tables I and II present the acceleration
performance of TS-DP across different benchmarks. On the
PH dataset, TS-DP achieves a 4.17x inference speedup with
76% reduction in NFE while achieving higher success rates of
85 / 80 compared to the baseline DP’s 76 / 80. On the more
challenging MH dataset, our method achieves a 3.84 x speedup
with 76% NFE reduction while achieving success rates of 75 /
84 compared to the baseline’s 76 / 81. For complex multi-stage
tasks, Table III shows consistent acceleration benefits. On the
Kitchen benchmark and Block Pushing tasks, TS-DP achieves
a 3.70x speedup with 73% NFE reduction while maintaining
high performance, with an average success rate of 99 / 99
across subtasks.

Besides, we conduct real-world experiments under 3 set-
tings: static pick-and-place, conveyor-belt pick-and-place, and
placing a pen into a narrow-mouth holder. The quantitative
results are reported in Table IV, while qualitative visualizations
are provided in Figs. 3, 4, and 5. On the simplest Pick-
and-Release task, we achieve a 3.8x NFE speedup. For the
real-time—critical conveyor-belt picking task, TS-DP improves
the success rate by 23% while maintaining a 3.7x NFE
speedup, demonstrating that improved real-time performance
is crucial for dynamic tasks. Even on the most challenging
fine-manipulation task, TS-DP attains a 3.4x NFE speedup,
indicating its ability to adapt to task difficulty while preserving
acceleration gains.

Action Fidelity. To further characterize the near-lossless be-
havior beyond task success, we measure action-level fidelity
between DP and TS-DP. Under the same observation, official
checkpoint, initial noise, and random seed, we generate paired
action chunks and compute the normalized root mean squared
error (NRMSE) and cosine similarity in the normalized action
space. As shown in Table VI, NRMSE stays below 0.05 and
cosine similarity above 0.93 on all six tasks, with averages
of 0.0318 and 0.9574, respectively. This confirms that TS-
DP closely reproduces the target policy’s actions in practice,
supporting empirical fidelity rather than exact distributional
equivalence.

C. Ablation Study

Latency Analysis. We first empirically justify the block-
equivalent NFE definition. The target backbone contains eight
Transformer blocks whereas the drafter contains one block
of the same width; profiling both under identical inputs (Ta-
ble VIII) yields average latencies of 9.37 ms and 1.17 ms,



TABLE V
FREQUENCY AND LATENCY EVALUATION OF TS-DP. EACH ENTRY REPORTS FREQUENCY (HZ, 1) / LATENCY (S, ), WITH LATENCY GIVEN AS MEAN
+ STANDARD DEVIATION OVER REPEATED TRIALS.

Frequency (Hz, 1) / Latency (s, |)

Method AVG
Lift Can Square
DP [1] 7.75/0.129 £+ 0.004 7.52/0.133 £ 0.003 7.52/0.133 £ 0.004
TS-DP 24.39/0.041 4 0.002 24.39/0.041 4 0.002 23.81/0.042 4 0.003 DP:
- o 1)/ Lat 8.15/0.124
Method requency (Hz, 1) atency (s, |) TS-DP:
Transport Tool Push-T 26.28/0.039

DP [1] 7.69/0.130 £ 0.005 8.13/0.123 +0.003 10.31/0.097 £ 0.003

TS-DP 24.39/0.041 +0.002 25.00/0.040 + 0.002 35.71/0.028 £ 0.001

Compared with DP, TS-DP increases the average control frequency by 3.2%, from 8.15 Hz to 26.28 Hz, while reducing the average latency from 0.124 s
to 0.039 s. On the simplest Push-T task, the control frequency further reaches 35.71 Hz, well above the requirement for real-time control.

TABLE VI
EMPIRICAL ACTION-LEVEL FIDELITY BETWEEN DP AND TS-DP,
REPORTED AS MEAN =+ STANDARD DEVIATION.

TABLE VIII
BLOCK-LEVEL LATENCY (MS) OF THE TARGET BACKBONE AND THE
DRAFTER, AVERAGED OVER REPEATED RUNS.

Task NRMSE | Cosine Similarity 1
Can 0.0324 £ 0.0015 0.9527 £ 0.0082
Lift 0.0384 + 0.0018 0.9455 £ 0.0091
Square 0.0434 + 0.0020 0.9387 £ 0.0095
Transport 0.0454 + 0.0021 0.9304 + 0.0103
Tool 0.0101 % 0.0005 0.9958 £ 0.0021
Push-T 0.0213 £ 0.0010 0.9814 £ 0.0020
Average 0.0318 0.9574

Fidelity is slightly lower on contact-rich tasks such as Square and Trans-
port, mirroring the small success-rate differences above; the consistently
low NRMSE and high cosine similarity indicate that TS-DP reproduces
the target policy’s actions rather than merely matching final task outcomes.

TABLE VII
DRAFTER-ONLY RESULTS ON THE MIXED HUMAN (MH)
DEMONSTRATION DATASET.

Success Rate (%, 1)

Method AVG
Lift Can Square Transport

DP [1] 99/100 92/97 76/79 35746 75.5/80.5

Drafter Only 36 /40 26 /20 0/0 0/0 15.5/15.0

TS-DP 99 /99 92/97 74/78 34/ 62 74.75 / 84

Using only the Drafter causes severe performance degradation, especially
on harder tasks, whereas TS-DP maintains high accuracy through specu-
lative decoding and the PPO scheduler.

an 8.01x ratio that supports counting one drafter call as
1/8 target-equivalent NFE. This is an architecture-normalized
measure of sampling cost and is reported separately from the
wall-clock results below.

We further evaluate the practical inference latency of TS-
DP, measuring the wall-clock time required for single action
prediction across different robotic manipulation tasks. As
reported in Table V, the baseline DP requires 0.124s per
action prediction, limiting its applicability in high-frequency
control scenarios. Our TS-DP framework reduces this latency
to 0.039s, achieving a 3.2x speedup while maintaining iden-
tical or better task performance. Notably, TS-DP achieves an

Model  Lift Can Square Transport Tool Push-T Avg
DP 10.03 9.57 10.14 10.46 7.88 8.15 9.37
Drafter 122  1.19 1.19 1.25 1.15 1.02 1.17
Ratio 8.22x 8.04x 8.52x 837x  6.85x 7.99x 8.01x

average prediction frequency of 26.28 Hz compared to DP’s
8.15 Hz, well exceeding the minimum requirement for real-
time robotic control. The gain is also consistent across tasks of
different difficulty: on simpler and more predictable tasks such
as Push-T, the control frequency can be increased to 35.71 Hz,
while on more challenging manipulation settings the system
still maintains roughly 24 Hz operation. This indicates that
TS-DP does not merely provide a fixed acceleration factor,
but instead adapts its speculative behavior to the temporal
complexity of each task phase, allocating more aggressive
parallel decoding when the denoising trajectory is stable and
becoming more conservative near precision-critical moments.
Overall, this latency profile enables TS-DP to meet the timing
requirements of real-time robotic control without compromis-
ing decision quality, making it suitable for practical deploy-
ment on edge devices with limited computational resources.

Drafter Analysis. We further evaluate a Drafter-only baseline
to determine whether the gains of TS-DP originate solely
from replacing DP with a lightweight model. As shown in
Table VII, using only the Drafter leads to a severe performance
drop, and the degradation becomes more pronounced as task
difficulty increases. Even on the relatively simple Lift task, the
success rate falls to around 40%, while on more challenging
tasks such as Square and Transport it collapses to 0%. These
results indicate that the Drafter alone cannot provide reliable
embodied control due to its limited representational capacity
and weaker robustness at critical manipulation stages. This
behavior is expected in embodied control, where task success
often depends on a few key moments such as grasp closure, ob-
ject alignment, or contact-rich transitions; once model capacity
is reduced, these fine-grained decisions become much less
reliable. As task difficulty increases, the weaker generalization



TABLE IX
PERFORMANCE COMPARISON WITH AND WITHOUT THE SCHEDULER
ON THE MIXED HUMAN (MH) DEMONSTRATION DATASET.

Success Rate (%, 1)

Method AVG Speed x
Lift Can Square Transport

K =10 100 94 76 66 84 2.45

K =25 88 88 62 60 75 3.47

K =140 74 90 64 60 72 3.92

TS-DP 100 96 84 66 87 3.80

Fixed draft counts expose a clear speed—accuracy trade-off, whereas the
adaptive scheduler achieves the best overall success rate while retaining
high acceleration.

ability of the compact model further amplifies this issue,
causing errors that cannot be corrected once execution enters
a critical stage. In contrast, TS-DP preserves the accuracy
of the full policy, showing that its effectiveness comes from
the combination of the Drafter, speculative verification, and
adaptive scheduling rather than from model shrinking alone.
Effectiveness of Adaptive Scheduling. To validate the ef-
fectiveness of our scheduler, we compare TS-DP with static
speculative decoding settings that keep the draft step count
K fixed throughout denoising. As shown in Table IX, static
configurations inevitably produce a trade-off between task
success and acceleration: conservative decoding (K = 10)
yields stronger accuracy but limited speedup, while aggressive
decoding (K = 40) accelerates more but significantly hurts
performance. In contrast, our adaptive scheduler achieves the
best average success rate of 87% while still reaching a 3.80x
speedup. Compared with the best fixed setting, the adaptive
policy improves the average success rate by 3 points over K =
10 while preserving nearly the same acceleration regime as
the more aggressive settings. This result suggests that a single
static draft budget is fundamentally mismatched to embodied
manipulation: stable phases can benefit from larger speculative
batches, whereas contact-rich or alignment-sensitive phases
require smaller budgets and stricter verification. Building on
this observation, temporally varying embodied tasks cannot
be effectively handled with a fixed speculative configuration.
In contrast, our RL-based scheduler dynamically adjusts the
decoding behavior to balance efficiency and reliability across
different task phases. Fig. 9 visualizes this behavior on the
Square task, showing how the scheduler varies the effective
variance (Sigma), the acceptance threshold, and the high-
, intermediate-, and low-noise draft budgets over execution
steps. It enlarges the intermediate-stage budget during stable
phases and tightens the acceptance threshold while shrinking
the high- and low-noise budgets during interaction-critical
phases, confirming that the PPO scheduler adapts to task phase
rather than using a fixed configuration.

Results Using Speed Threshold. We further replace the PPO
scheduler with a velocity-threshold heuristic following SP-
VLA to test whether a hand-crafted rule is sufficient for
adaptive control. As reported in Table X, this heuristic lowers
the average success rate to 68%, which is 11 points below
TS-DP, and also yields consistently weaker draft acceptance
across tasks. This result indicates that using velocity alone
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Fig. 9. Temporal scheduling dynamics on the Square task. The scheduler
adjusts the effective variance (Sigma), acceptance threshold, and the high-,
intermediate-, and low-noise draft budgets over execution steps.

TABLE X
RESULTS USING A SPEED THRESHOLD ON THE MIXED HUMAN (MH)
DEMONSTRATION DATASET.

Success Rate / Draft Accept Rate (%, T)

Method AVG NFE ()
Lift Can Square Transport

DP [1] 99.5 /- 945/ - 7151 - 40.5 /- 78.0 / - 100

VT [21] 90 / 80 86 / 80 61 /79 35/81 68 / 80 36

TS-DP 99/842 945/879 76/860 48/89.6 79/869 26

VT means using a velocity threshold heuristic for scheduling [21]. Re-
placing the PPO scheduler with a velocity-threshold heuristic reduces both
average task success and acceptance quality, despite still lowering NFE.

captures only coarse task progress and cannot reliably identify
critical moments that require higher precision. In practice,
motion speed may already be high when the robot is about to
enter a delicate alignment or contact stage, so a heuristic that
keeps acceleration aggressive at that moment can easily induce
unrecoverable errors. By contrast, the PPO scheduler in TS-DP
leverages richer multi-modal observations to infer task phase
more accurately, enabling stronger end-to-end acceleration
without sacrificing task completion.

Visualizations. Figs. 3, 4, and 5 visualize the three real-
world tasks considered in our evaluation. For example, Fig. 3
illustrates the conveyor-belt pick-and-place task, where objects
are grasped from a moving conveyor belt and placed onto a
plate. In this case, DP operates significantly slower than TS-
DP and exhibits prolonged pauses after grasping, resulting in
a total completion time of 63s, whereas TS-DP completes the
task in 20s. Moreover, faster inference and more responsive
interaction with the environment enable TS-DP to increase
the success rate by 23%. As shown in Fig. 10, TS-DP yields
significantly higher draft acceptance rates and more efficient
parallel computation compared to static methods. Table XI
further summarizes these statistics: as task complexity grows,
the scheduler reduces the draft count and NFE rises from 24.0
to 27.2 while the acceptance rate stays above 85%, indicating
that TS-DP adjusts its speculative intensity to task difficulty
rather than using a fixed configuration. The red curves (with
scheduling) consistently maintain higher acceptance while
generating more drafts, demonstrating optimal trade-off be-
tween acceleration and accuracy. More importantly, the visu-
alization reveals a clear phase-dependent pattern: during stable
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Fig. 10. Effect of TS-DP on Acceptance Rate and Draft Count. (Top)

Acceptance Rate; (Bottom) Draft Count. With the integration of TS-DP, more
drafts are accepted while maintaining task accuracy.

TABLE XI
SPECULATIVE DECODING STATISTICS ACROSS BENCHMARKS. WE
REPORT NFE, SPEEDUP, DRAFT COUNT, AND ACCEPTANCE RATE ON THE
PH, MH, AND KITCHEN/BP BENCHMARKS.

Benchmark NFE Speed Draft Count Accept. Rate
PH 24.0 4.17x 93.9 85.2%
MH 26.3 3.83 % 92.5 87.1%
Kitchen/BP 27.2 3.77% 91.8 89.8%

execution segments, the scheduler increases the draft budget
to maximize parallelism, while in interaction-critical periods
it reduces the number of drafts and tightens the decision
criterion to avoid error accumulation. This confirms that fixed-
parameter speculative decoding is limited in embodied tasks
with time-varying complexity, while our framework achieves
superior end-to-end performance through intelligent hyperpa-
rameter adaptation.

D. Training Cost and Reusability

TS-DP directly uses a frozen official DP checkpoint and
trains a corresponding drafter and PPO scheduler for each
checkpoint. The drafter is target-checkpoint specific, while the
scheduler is target-policy-and-environment specific; changing
the checkpoint, task distribution, environment, or robot em-
bodiment therefore requires retraining or fine-tuning. Since
the base DP itself does not support cross-task or cross-
embodiment transfer, we make no additional generalization
claim beyond the capability of the base model, and the real-
robot experiments likewise use acceleration modules trained
for the corresponding real-robot checkpoint.

All acceleration modules are trained offline on a single
NVIDIA A40 GPU. Training the lightweight drafter uses
2,728 MiB of GPU memory and about 75 s per epoch
for 150 epochs, totaling roughly 3.13 hours. Training the
PPO scheduler over 4,032 environment timesteps takes about
2.75 hours and uses 12,992 MiB of GPU memory. Training
both modules sequentially therefore requires approximately
5.88 hours with a peak memory of 12,992 MiB. This one-
time offline cost excludes training of the official DP checkpoint
and is not included in the reported online inference latency, so

it is amortized over repeated deployments of the accelerated
policy.

V. CONCLUSION

In this work, we present TS-DP, a temporal-aware speculative
decoding framework that accelerates Diffusion Policy by com-
bining efficient draft generation with adaptive scheduling. A
distilled Transformer-based drafter replaces expensive base-
model denoising calls across multiple steps, while an RL-
based scheduler dynamically adjusts speculative parameters
based on task difficulty to maintain accuracy and maxi-
mize efficiency. Extensive experiments across 4 manipula-
tion benchmarks demonstrate up to 4.17x faster inference, a
76 % NFE reduction, and real-time operation at 26 Hz while
maintaining comparable task performance in simulation. Real-
world experiments further show up to a 3.8 x NFE reduction
and improved success rates on real-time tasks (e.g., a 23%
gain on the conveyor-belt task).
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