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Figure 1: Don’t throw away the solution. Left: RePIC combines trajectory reuse with paral-
lel denoising, reducing sequential velocity network calls from 10 to 2.2-2.6 per chunk on Fast-
WAM. Right: action-generation latency and task success of Fast-WAM and its RePIC variants on
RoboTwin 2.0 and LIBERO. Latency excludes action execution and simulator stepping.

ABSTRACT

Standard samplers for flow-based robot policies generate each action chunk by
sequential denoising and discard the solver trajectory at every replan, even though
consecutive control cycles solve closely related problems. We introduce RePIC,
a training-free sampler that turns this discarded trajectory into the initialization
of the next solve. After an action prefix is executed, RePIC shifts the cached
trajectory to the new horizon and re-aligns it to fresh noise with a closed-form
correction that preserves the clean-action endpoint and needs no network evalu-
ation. The pretrained velocity network then refines all transferred states under
the new observation through batched fixed-point updates on the original inte-
gration grid, so an accurate initialization is converted into fewer sequential net-
work calls. On Fast-WAM, RePIC reduces sequential calls per chunk from 10
to 2.2-2.6 and action-generation latency from 578 to 218 ms on RoboTwin 2.0
(2.66x) and from 564 to 205ms on LIBERO (2.75x) at comparable success;
with system optimizations, RePIC-Flash reaches 5.71x. The same sampler ac-
celerates g 5 and GROOT N1.5 by 1.14x and 1.68x without retraining. Trans-
ferred drafts start 24x closer to the serial solution on the carried action steps,
and on a physical robot Fast-WAM with RePIC succeeds in 77.5% versus 66.3%
for the original sampler. These results show that the numerical path of a pre-
vious solve is a reusable resource for fast robot control. Code is available at
https://github.com/H-EmbodVis/RePIC.

1 INTRODUCTION

Generalist robot policies increasingly generate actions with diffusion or flow models. Many recent
vision-language-action models (VLAs) and world action models (WAMs) pair large multimodal
backbones with generative action heads that produce entire action chunks through iterative denoising
(Black et al.,2025a; |Physical Intelligence et al., 2025} |Ye et al.,|2026}; ' Yuan et al.,[2026)). This design
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captures multimodal and temporally coherent behavior, but its standard sampler is sequential: every
chunk requires several evaluations of a large velocity network, one per integration step (Chi et al.}
2023} [Black et al., |2025a), and this latency sits directly inside the perception—action loop. In our
evaluation, Fast-WAM spends 578 ms generating a single action chunk on RoboTwin 2.0 with an
RTX 4090 (Tab. [I). Recent WAM accelerations remove test-time future imagination, shrink the
action module, or decouple world reasoning from action prediction, yet they largely retain multi-
step action denoising or shorten it only through additional distillation (Yuan et al.l|2026; Ma et al.,
2026} |Cai et al., [2026).

Our Fast-WAM ablations reveal room to reduce this denoising budget: three Euler steps retain
96.60% success on LIBERO versus 97.55% with ten (Tab. [B). Yet fewer steps disproportionately
hurt difficult RoboTwin 2.0 tasks (App.[D)), suggesting that not all refinement is dispensable. Beyond
reducing computation within a chunk, we therefore examine computation repeated across chunks.
Under receding-horizon control, a policy predicts H actions, executes a prefix of R < H actions,
and replans from a new observation (Zhao et al., 2023} |Octo Model Team et al., 2024; Black et al.,
20254a). Consecutive solves revisit H — R action positions, yet standard sampling reconstructs their
denoising paths from scratch (Fig.[I} left). This shared horizon suggests that the previous solve may
remain informative despite the updated observation.

Prior work reuses partially denoised actions or previous predictions (Hgeg et al.l 2025} Chen et al.,
2025 Duan et all, 2025} ILi et al.| [2026a), while C3ache caches network residuals across chunks
(Zhao et al.| 2026b). Endpoint-only warm starts retain the final prediction but discard the interme-
diate states connecting noise to action. We ask: can the entire denoising trajectory of the previous
solve serve as solver state for the next one? Our analyses support this premise. In a diagnos-
tic RoboTwin 2.0 rollout, horizon- and noise-aligned drafts have 1/24 the mean error of a cold-
start linear draft on overlapping action positions, relative to the current serial solution (Fig. @). On
LIBERO, full-trajectory reuse needs 22.9% fewer sequential calls than endpoint-only reuse under
the same parallel solver (Tab. ), revealing useful information beyond the final prediction. Two ob-
stacles remain: cached states must be aligned with the new horizon and initial noise, and serial Euler
sampling cannot convert a better trajectory initialization into fewer calls.

We introduce RePIC, a training-free method addressing both obstacles. Noise-aligned trajectory
transfer shifts cached states to the new horizon and aligns their noisy endpoint with the prescribed
initial noise through a closed-form, noise-scaled correction. This map requires no network evalua-
tion and preserves the mapped clean prediction and the path’s deviation from endpoint interpolation.
Reuse-initialized parallel refinement casts sampling as a fixed-point problem (Shih et al.|[2023): the
pretrained velocity network updates a window of denoising states in one batched call under the cur-
rent observation. Residual-guided advancement accepts multiple integration steps per round when
drafts are accurate, shortening the sequential path on the original integration grid. The transferred
trajectory is an initialization to refine, not a committed action plan (Fig.[6). On RoboTwin 2.0, tail
residuals guide the next replan’s execution length without extra network evaluations.

We evaluate RePIC on Fast-WAM (Yuan et al.l 2026) with RoboTwin 2.0 (Chen et al., [2026) and
LIBERO (Liu et al., [2023)). RePIC reduces sequential calls per chunk from 10 to 2.2-2.6 and accel-
erates action generation by 2.66x and 2.75x at comparable average success (91.8% vs. 91.8%
and 97.35% vs. 97.55%). With system optimizations, RePIC-Flash reaches 5.71x and 4.42x
(Fig. |1} right). The same sampler accelerates 7y 5 (Physical Intelligence et al.| 2025) and GROOT
N1.5 (NVIDIA et al.| 2025) by 1.14x and 1.68x. Across real-robot trials per method, Fast-WAM
with RePIC achieves 77.5% success versus 66.3% for the original sampler. Our contributions are:

* We show that reusing aligned denoising trajectories across replans improves initialization over
cold starts and reduces sequential calls beyond endpoint-only reuse.

* We introduce RePIC, which aligns cached trajectories with the new action horizon and noise in
closed form, then refines them through batched updates. Residual-guided advancement reduces
sequential network calls while preserving the pretrained velocity field and integration grid.

* On Fast-WAM, RePIC accelerates action generation by 2.66x on RoboTwin 2.0 and 2.75x on
LIBERO at comparable success rates, with further gains from system optimizations. We also
demonstrate acceleration on 7y 5 and GROOT N1.5 and validate the sampler on a physical robot.



2 RELATED WORK

Action policies in robot learning. Autoregressive VLAs predict discrete action tokens, while
OpenVLA-OFT uses parallel decoding, action chunking, and continuous regression for efficient
action prediction (Zitkovich et al., 2023} |[Kim et al., 2024} 2025)). Diffusion and flow-based policies
model distributions over continuous action trajectories (Chi et al.| 2023} |Octo Model Team et al.,
2024; Black et al.l 2025a; [Physical Intelligence et al., [2025} |[Fang et al., [2026)), and WAMs such
as Motus, DreamZero, and LingBot-VA couple action prediction with learned dynamics through
video-action modeling (Bi et al., [2026; |Ye et al., 2026; |Li et al., [2026b; Wu et al., 2026). These
works improve policy representation or training; RePIC leaves the learned flow policy unchanged
and targets its inference.

Efficient robot inference. Fast-WAM removes explicit future generation at test time, AHA-WAM
decouples low-frequency world reasoning from high-frequency action prediction (Yuan et al.,[2026;
Cai et al., 2026; | Xie et al., 2026)), and Faster-WAM variants use lightweight action modules or sparse
reuse of future representations (Ma et al., 2026} [Zhao et al., 2026a). ImageWAM, WAMA4D, and
Enfold change how predictive world representations are produced or consumed, by replacing video
generation with image editing, distilling geometric priors only during training, or folding world-
model imagination into predictive representations (Zhang et al.,|2026; Li et al., [2026e; Zeng et al.}
2026). Real-time chunking overlaps prediction with execution to tolerate policy latency (Black et al.,
2025b)), and bidirectional decoding improves the consistency and reactivity of chunked execution
through test-time sampling (Liu et al., [2025b). RePIC instead targets the sequential dependency
inside the flow-based action sampler and is complementary to these methods.

Accelerating iterative sampling. Faster solvers and one- or few-step generators shorten the sam-
pling trajectory (Song et al.,[2021;|Lu et al.,|2022;|Song et al., 2023} |Prasad et al., 2024; Frans et al.|
2025};|Geng et al.| [2025)), caching methods reuse intermediate network computation (Ma et al.|[2024;
Liu et al.| [2025a; Zhou et al., [2025), and ParaDiGMS and ParaTAA parallelize denoising through
fixed-point iterations, with PCM learning to accelerate their convergence (Shih et al., 2023} Tang
et al., |2024; [So et al., |2025). For robot control, Streaming Diffusion Policy, Falcon, RTI-DP, and
STEP reuse partially denoised actions or previous predictions to warm-start inference (Hgeg et al.,
2025; Chen et al., 2025} Duan et al, {2025} |Li et al., 2026a); C3ache caches network residuals across
action chunks, and FBFM uses execution feedback to correct subsequent flow prediction (Zhao
et al.,2026b; |L1 et al., |2026d). In contrast, RePIC transfers the complete denoising trajectory across
replans to initialize a parallel fixed-point solve.

3 METHOD

3.1 OVERVIEW

At replan n, a chunked policy receives condition ¢,, (e.g., images, language, and proprioception),
predicts an action chunk a,, € R4 and executes a prefix of R,, actions before replanning. R,
is fixed before the current solve: it is constant under fixed-horizon execution, or selected from the
preceding replan’s residual under optional residual-guided commitment (Sec. [3.4); the first replan
uses a controller-specified length.

We consider a pretrained flow policy with a deterministic Euler sampler for a fixed condition and
noise draw, with noise schedule 1 = g9 > 01 > --- > 0g = 0. Starting from Gaussian noise
Xo = €,, conventional sampling applies

Xs+1 = Xs + ASUG(stgs;Cn)a As = 0541 — Os, (l)

where xg is the generated action chunk. Because each state depends on its predecessor, Eq. [I] re-
quires S sequential network evaluations. RePIC shortens this path with two complementary mecha-
nisms: within-replan parallelism, which rewrites the serial trajectory as a fixed-point problem whose
states are evaluated in batches, and cross-replan reuse, which transfers the complete denoising tra-
jectory of the previous replan as the initialization of the next solve (Figs. [2and 3).
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Figure 2: One replan of RePIC. Curves are action chunks, from noisy to clean states. Left: shift,
fill, and align the cached trajectory to fresh noise without network calls. Middle: refine under c,, with
one batched network call per round. Right: execute the I?,,-action prefix and cache the trajectory.

3.2 PARALLEL FIXED-POINT REFINEMENT

Let X = (xq, . - .,Xg) denote the complete denoising trajectory. Unrolling Eq. deﬁnes
j—1
Fe,(X)]j = €n+ Y Aivg(xi,0i500),  j=1,...,5, )
i=0
with [F., (X)]o = €,. The serial trajectory is a fixed point X* = F, (X*), which refinement
recovers at convergence (Shih et al.|[2023)) and approximates at finite tolerance.

Rather than evaluating Eq.[T|one state at a time, RePIC applies batched fixed-point (Picard) updates
to a window of p, = min(p,S — t) integration intervals. At refinement round k, the boundary
state x; is fixed, one batched call evaluates {vg(xf‘/c o> Otds cn) f;al, and a prefix sum updates the
window:
t+j—1
ij:jl =X+ Z Aﬂ}g(X?,O‘i;Cn), j:17"'apt' (3)
i=t

The shaded windows in Fig. [ (middle) mark these updated states.

By default, window advancement uses the update residual on the action prefix scheduled for ex-
ecution. With x, 1.r, € RE»xd the first R,, action positions, the update residual of state t + j
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All H positions are updated, but only 1:R,, enters the default test; replacing R,, with H gives a full-
chunk criterion. Prefix-wise acceptance is an advancement heuristic: it implies neither convergence
of the unexecuted tail nor a bound on the distance to the serial trajectory; Tab. [5] compares both

criteria. Following ParaDiGMS, the threshold scales with the squared noise level, egi)j < 7203 45>
and the window stride is
m=min ({j € {1,...,p = 1} s €l > 02, U pi} ) 5)

The next boundary is xﬁ,}q, and ¢ advances by m. A more accurate initialization can therefore

yield larger strides and a shorter sequential path: in the illustrative warm-started example of Fig. [3]
(5=10, p=8), strides of 5, 3, and 2 complete the ten integration steps in three batched calls. At the
first replan, one velocity evaluation at the noisy endpoint constructs a linear draft along the noise
schedule, and states exposed by later windows are extrapolated from the last available velocity; once
a trajectory is cached, cross-replan reuse replaces this cold start.

3.3 NOISE-ALIGNED TRAJECTORY REUSE

Endpoint-only reuse retains a clean action prediction but discards the intermediate states of the
previous solve; RePIC transfers the full cached trajectory instead. Let X,,_; denote the trajectory
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Figure 3: Mechanisms of RePIC. Left: noise alignment of one action position. Middle: a warm-
started solve finishes in three batched calls (shaded: updated states). Right: residual-guided com-
mitment maps tail residuals to the next execution length R, .

cached after replan n — 1, and let R,,_; be the prefix executed before replan n. For action position
he{l,...,H}, define

qR, 1 (h) -

{h+Rn—17 h<H-R,_1, ©)

h, h>H-— Ry_1.

The overlapping suffix is shifted into the new prefix, and newly exposed positions take the same-
position state of the previous trajectory as an initialization prior.

The shifted trajectory is tied to the previous noise realization, whereas the new replan starts from
fresh noise €,,. We therefore apply, at every noise level and action position, a correction that matches
the new noisy endpoint and vanishes toward the clean endpoint:

Xs,h = is,anil(h) +0s <6n7h - )_(O’QRn,l(h)) ' 7

At oy = 1, Eq. |Z] recovers the fresh noise at every position; at cg = 0, the correction vanishes
and the mapped clean actions are preserved; at intermediate levels, a noise-scaled offset adjusts the
cached states (Fig. [3] left). Equivalently, the transfer keeps the cached trajectory’s deviation from
linear interpolation between its endpoints, which endpoint-only interpolation discards. The result
is an initialization rather than a solution: all subsequent refinement evaluates the original velocity
field under c¢,,, which corrects stale or inconsistent states, and the alignment itself needs only tensor
operations.

3.4 RESIDUAL-GUIDED ACTION COMMITMENT

When enabled, residual-guided commitment selects the execution length with a one-replan delay:
R, is fixed at replan n and defines the prefix in Eq. 4 while the final-update residuals on the un-
executed tail determine R, 1. Let xg and Xg denote the clean states before and after the final
fixed-point update. For each tail position h € {R,,+1, ..., H}, we compute

1 1/2
~ 2
Tn,h = (d ||XS,h - XS,h||2> 3 (8)
and the commitment score is their 0.75-quantile,
tun = Qors({rnnth=r, 11)- )
A bounded decreasing map of log u,, selects Ry, +1 € { Rmin, - - - , Rmax }» S0 smaller residuals select

longer prefixes for the next replan (Fig. [3] right). The score reuses available iterates and needs no
additional network evaluations.



Table 1: Results on RoboTwin 2.0. Success rates and action generation latency. Relative speed is
normalized to Fast-WAM. Gray: training-free cache baseline; teal: RePIC.

Method Size Success rate (%) T La;er;cy i Rel. speed
Clean Random Avg (ms/chunk) ot
LingBot-VA (Li et al.,[2026c) 5.3B 92.9 91.6 922 9356.00 0.06
Motus (Bi et al.,[2026) 8.0B 88.7 87.0 87.8 2177.00 0.27
Fast-WAM (Joint) (Yuan et al., 2026) 6.0B 90.8 90.3 90.6 1122.00 0.52
Enfold (Zeng et al.,|2026) 3.0B 91.6 91.9 91.8 253.00 2.28
ImageWAM (Zhang et al., [2026) 8.6B 93.2 93.6 93.4 351.00 1.65
Faster-WAM (FC) (Zhao et al.,[2026a) ~6B 92.8 92.3 92.6 493.00 1.17
AHA-WAM (Cai et al.,[2026)) 723B 934 922 92.8 535.50 1.08
Faster-WAM (DoT) (Ma et al., 2026) 5.05B 89.7 88.6 89.2 — -
Fast-WAM (Yuan et al., 2026) 6.0B 91.9 91.8 91.8 578.00 1.00
C?ache (Zhao et al.|[2026b) 6.0B 91.0 89.7 90.4 314.13" 1.84
RePIC 6.0B 91.9 91.7 91.8 217.70 2.66
RePIC-Flash 6.0B 92.4 90.7 91.6 101.16 5.71

T Latency and relative speed are inferred from the reported speedup and the reference latency.

3.5 APPLICABILITY AND COMPUTATIONAL COST

The formulation applies directly to deterministic flow samplers whose states at different noise levels
can be batched; other discretizations need their own fixed-point operator, and stochastic samplers
need explicit treatment of their random increments. The condition ¢,, may come from a VLA, a
WAM, or another conditional action model, and observation-dependent features can be computed
once per replan and broadcast when the architecture allows. RePIC trades batched computation and
memory for a shorter sequential path: a batched call over p; states counts as one sequential call but
p¢ state-wise evaluations, and the cache stores (S + 1) Hd values. We therefore report wall-clock
latency alongside sequential call counts.

4 EXPERIMENTS

We evaluate RePIC on Fast-WAM (Yuan et al., 2026), which uses a Wan2.2-5B backbone (Wan
Team et al., [2025), on RoboTwin 2.0 (Chen et al., 2026) and LIBERO (Liu et al., 2023)), and on
mo.5 (Physical Intelligence et al., 2025) and GROOT N1.5 (NVIDIA et al., 2025) on LIBERO. On
RoboTwin 2.0, Fast-WAM predicts H = 32 bimanual actions (d = 14) with S = 10 integration
steps; the baseline executes R = 24 actions per replan, and RePIC uses residual-guided commitment
with R,, € {16, ...,24} (Sec.[3.4). We evaluate all 50 tasks under clean and randomized conditions
with 100 episodes each (10,000 per method) (Chen et al.,2026). On LIBERO, Fast-WAM covers all
four suites with d = 7 and fixed R = 10 for all methods. All variants keep the pretrained weights,
and RePIC-Flash adds implementation optimizations (App. [C). Latency is the action-generation
time per chunk on an NVIDIA RTX 4090 (a 48 GB variant), from available observation tensors
to the output chunk, excluding observation acquisition, simulator stepping, and action execution.
Relative speed is normalized to Fast-WAM for WAMs and to the original sampler for each VLA.

4.1 MAIN RESULTS

On RoboTwin 2.0, RePIC reduces Fast-WAM latency from 578.00 ms to 217.70 ms (2.66 ) at the
same average success (91.8%; binomial standard error 0.3 points), and 2.25x with fixed R = 24
(Tab. E[); on LIBERQO, it reduces latency from 563.85 ms to 204.77 ms (2.75x), with success chang-
ing from 97.55% to 97.35% (Tabs.[I]and [2). RePIC-Flash reaches 5.71x and 4.42x, with average
success 0.2 and 0.55 points below the respective baselines. On the VLAs, RePIC accelerates 7 5 by
1.14x (96.05% — 95.75%) and GROOT N1.5 by 1.68x (86.90% — 88.15%), so the gain carries
over to both backbones; its magnitude depends on the sampler’s share of latency and on the cost of
a batched call relative to a single one.



Table 2: Results on LIBERO. Success rates on all four suites; Avg. is their arithmetic mean.
Relative speed is normalized to the corresponding VLA backbone or to Fast-WAM for WAMs.
Gray: training-free cache baseline; teal: RePIC.

Success rate (%) T Latency | Rel. speed

Method Size (ms/chunk)  (x) 1

Spatial Object Goal Long Avg.

Vision-language-action models (VLA)

SmolVLA (Shukor et al.,2025) 045B  90.0 96.0 92.0 71.0 87.25 239.00 -
mo.5 (Physical Intelligence et al.|[2025) ~3.35B 98.0 98.6 96.8 90.8 96.05 70.24 1.00
+ RePIC ~3.35B 97.6 982 96.0 91.2 95.75 61.35 1.14
GROOT N1.5 (NVIDIA et al.}[2025) 3.0B 89.0 914 88.8 784 86.90 120.62 1.00
+ RePIC 3.0B 90.0 932 904 79.0 88.15 71.60 1.68
World action models (WAM)

LingBot-VA (Li et al.,[2026c¢) 5.3B 98.5 99.6 97.2 98.5 98.45 8623.00 0.07
Fast-WAM (Joint) (Yuan et al.,|2026) 6.0B 99.6 994 98.2 96.8 98.50 1146.00 0.49
Enfold (Zeng et al., [2026) 3.0B 97.0 100.0 96.8 97.4 97.80 268.00 2.10
ImageWAM (Zhang et al.,|2026) 8.6B 97.0 994 98.2 96.8 97.85 373.00 1.51

Faster-WAM (FC) (Zhao et al.,[2026a)  ~6B 98.8 100.0 984 97.2 98.60 488.00 1.16
Faster-WAM (DoT) (Ma et al.|[2026) 505B 984 1000 97.0 97.8 9830 176.20% 3.20

Fast-WAM (Yuan et al.| |2026) 6.0B 98.0 99.6 972 954 97.55 563.85 1.00
C3ache (Zhao et al.}[2026b) 6.0B 97.6 99.6 96.0 952 97.10 224.641 2.51
RePIC 6.0B 974 99.6 96.8 95.6 97.35 204.77 2.75
RePIC-Flash 6.0B 974 994 964 948 97.00 127.63 4.42

T Latency and relative speed are inferred from the reported speedup and the reference latency.

Table 3: Parallelism and reuse. Baselines and Table 4: Trajectory initialization. Endpoint and

parallel refinement. full-path reuse.
SR Latency SR Latency
Method S (%)1 Calls (ms)] Draft Shift Align (%) T Calls (ms) ]
Baseline 10 97.55 10.00 563.85 No reuse - - 97.10 4.00 298.10
Baseline 5 9690 5.00 333.00 Endpoint only v - 97.05 2.88 234.70
Ease}T“e ? gg'gg ?88 ﬁ?'gg Full trajectory X X 9635 3.03 245.80
aseline : : : Full trajectory X /9640 3.01 243.90
Parallel Only 10 97.10 4.00 298.10 Full trajectory v X 97.15 4.87 331.40
RePIC 10 97.35 222 204.77 RePIC v v 9735 222 204.77

v/t enabled; X: disabled; —: not applicable. Latency and Calls are per chunk.

4.2 ABLATION STUDIES

Unless noted, ablations use Fast-WAM on LIBERO. Baseline is Fast-WAM’s sequential Euler sam-
pler and Parallel only applies fixed-point refinement without reuse; S is the number of integration
intervals, SR the average success rate, and Calls the number of sequential network invocations per
chunk, where a batched call counts once and the cold-start draft call is included. Sensitivity to 7 and
p is reported in App.

Parallelism and reuse. At .S = 10, parallel refinement alone reduces calls from 10 to 4 and latency
from 563.85 ms to 298.10 ms (1.89x); adding reuse reduces calls to 2.22 and latency by a further
31.3% to 204.77 ms, with success changing from 97.10% to 97.35% (Tab.[3). RePIC is also faster
than the three-step baseline while keeping all ten intervals and 0.75 points higher success; only the
one-step baseline is faster, at 95.35% success. On RoboTwin 2.0, the three-step baseline is 8% faster
than RePIC but loses 1.0 point overall and 25.5 points on the hardest task (App. D).

What to reuse. Endpoint only interpolates between fresh noise and the shifted clean actions, mir-
roring warm starts that reuse only the previous prediction (Duan et al., [2025; |L1 et al.| 2026a)); full-



Table 5: Residual scope and execution length on Table 6: Sampler and system optimiza-

RoboTwin 2.0. Shaded: default RePIC. tion on LIBERO.

SR Latency System SR Latency
Residual Execution (%) 1T Calls (ms) | Sampler opt. (%)T (ms)l
Full 1: H Fixed R=24 92.2 323 256.2 Baseline X 97.55 563.85
Full 1:H Residual-guided 91.0 295 2414 Baseline v 97.35 204.70
Prefix 1: R, Fixed R=24 92.1 3.19 257.0 RePIC X 97.35 204.77
Prefix 1: R, Residual-guided 91.8 2.63 217.7 RePIC-Flash v 97.00 127.63
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Figure 4: Trajectory reuse lowers draft error. Top: five consecutive RoboTwin 2.0 replans; RePIC
carries each unexecuted suffix into the next chunk (shaded), whereas Parallel only starts from a linear
draft of fresh noise. Bottom: DraftRMS per action step i (log scale), fixed R = 24.

trajectory variants toggle Shift (horizon mapping) and Align (noise alignment), and all rows reset
the noise endpoint. Relative to endpoint-only reuse, the complete RePIC initialization reduces calls
from 2.88 to 2.22 (22.9%) and latency from 234.70 ms to 204.77 ms (12.8%), with success from
97.05% to 97.35% (Tab. EI), supporting the reuse of intermediate solver states. Both components
matter: shifting without alignment requires 4.87 calls (331.40 ms). Without shifting, the aligned and
unaligned rows coincide: Fast-WAM draws €,, from a fixed seed at every replan, so the correction in
Eq. |Z|Vanishes without a positional shift, and alignment corrects the mismatch €, , — €,—1 h+R,,_,-

Residual scope and execution length. The unexecuted tail does not enter the default advancement
test, yet it becomes the cached prior for the next replan. On RoboTwin 2.0 (Tab. [3), restricting the
test to the prefix barely changes calls (3.23 vs. 3.19) or success (92.2% vs. 92.1%) at fixed R = 24.
Residual-guided commitment lowers calls under both scopes but reduces success to 91.0% with full-
chunk residuals; with prefix residuals, it gives the fewest calls (2.63) and 15.0% lower latency than
the full-chunk, fixed-length setting, at 91.8% success, 0.3-0.4 points below the fixed-length settings.

System optimization. With CUDA Graph replay, the baseline takes 204.70 ms and RePIC-Flash
127.63 ms (1.60x; Tab. [6), so the sampler’s gain persists on a compiled path, although it is smaller
than with the standard backend (2.75x); RoboTwin 2.0 uses a TensorRT backend (App. [C).

4.3 WHY TRAJECTORY REUSE HELPS

To see why reuse reduces calls, we measure how close the initialization is to the serial solution with
DraftRMS(h), the distance [|Xs,n — X% 1, [|l2/ \/d averaged over noise levels s, where X is the draft
and X* the serial Euler trajectory (the fixed point of Eq. [2) for the same ¢,, and €,; a closer draft
yields smaller update residuals (Eq. ) and thus larger strides (Eq.[3). On a RoboTwin 2.0 rollout
with fixed R = 24 (Fig.[), the H — R = 8 steps carried over from the previous chunk have a draft
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Figure 5: Real-world deployment. Left: a rollout of Stack Three Bowls on an Agilex Piper arm.
Right: success rates over 20 trials per task for Fast-WAM and Fast-WAM with RePIC.
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Figure 6: Refinement corrects the reused trajectory (illustration). Two replans of a
RoboTwin 2.0 rollout, before (left) and after (right) execution: refinement (teal) redirects the reused
trajectory (amber) toward the burger and down into the tray.

error of 0.013-0.021, 24x lower on average than the cold-start linear draft (0.33-0.48), and they
open the next execution prefix on which the advancement test is evaluated. The remaining positions,
initialized from same-position states, are coarser (0.06—0.12) but still 4.4x lower.

Refinement corrects reused trajectories. Reuse supplies only an initialization, since every refine-
ment round evaluates the velocity field under the current condition ¢,,. Fig. []shows two replans of
aplace burger_fries rollout in which refinement redirects the reused trajectory, toward the
burger when grasping and down into the tray when placing, rather than committing to a stale plan.

4.4 REAL-WORLD DEPLOYMENT

We deploy Fast-WAM with and without RePIC on an Agilex Piper arm (same GPU), using the
RoboTwin 2.0 checkpoint fine-tuned on 400 real demonstrations mixed with simulation data, on four
tasks with 20 trials each (Fig. . Fast-WAM with RePIC succeeds in 62 of 80 trials (77.5%) versus
53 (66.3%) for the original sampler, with higher success on three of the four tasks. On hardware the
control cycle is dominated by executing the R-action prefix, so faster generation shortens the pause
at each replan rather than the task duration; at 20 trials per task the difference is within trial-to-trial
variation, and the result establishes that the shorter sampling path holds up in closed loop.

5 CONCLUSION

We presented RePIC, a training-free sampler that couples noise-aligned trajectory reuse with paral-
lel fixed-point refinement for flow-based robot policies. By transferring intermediate solver states
across replans and correcting them under the current observation, RePIC shortens the sequential
inference path on the integration grid, accelerating Fast-WAM by 2.66x and 2.75x at comparable
success, transferring to mg.5 and GROOT N1.5, and holding up on a real robot. It trades batched com-
putation for latency and is evaluated under the standard receding-horizon protocol of each bench-
mark; abrupt observation changes are outside this scope. More broadly, a reusable resource in
generative control is not just the previous prediction, but the numerical path that produced it.
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A REPIC ALGORITHM

Algorithm |1} lists one replan of RePIC. The pretrained velocity network vy is never modified, and
the execution length R,, is fixed before the solve begins. At the start of an episode the cache is
empty and R,, is the controller-specified length Ry,ax. We write xj | ; for the states produced by one

window update (Eq. . The next replan receives (X,,, R,,) as its cache and R,y as its execution

Algorithm 1: RePIC, one replan

Input : condition c,, noise €,, execution length R, ; optional cache (X»—1, Rn—1); Rmax, Rmin, S, D,
T, Wy S
Output : action chunk a,, = x, cache (X, Rn), next length R, 11
if a cache (Xn—1, Rn—1) is available then
define gqr,,_, by Eq.%]
set X, by Eq.for all s, h
Xs,h  Xs,p forall s, h

else
L X0 — €n

t< 0

while ¢t < S do

pt < min(p, S —t)

if any of xX¢41, ..., Xt4p, is unfilled then
if no velocity has been accepted yet then evaluate vy (x,g7 Ot cn)
else reuse the last available velocity
linear-fill only the unfilled states

evaluate {vg(X¢+i, 0¢44; cn) }oty " in one batched call

Xy 4= Xe + 2 T Agvg(xi, 05¢) forj = 1,y // Eq. ; x; fixed
if t + p. = S then

Xs + Xig

Tn,h DY Eq.for h=R,+1,...,H

| un < Qors({rnn}ip, 1)

m < Dt
forj =1top, —1do
eiiz by Eq.EIwith X xpy and Xfy; < Xeqy

if e,(fi)]- > 7207, ; then

| m < j; break

Xit1it+py < X:ﬁ«‘rl:tﬁ»pt

| tt+m // Eq.
execute the first R,, actions of a,, = xg
cache (X, Rn) < ((x0,...,%5), Rn)
if Rmax > Rmin then

z + (logun — p)/s

Rni1 4 round (Rmax — (Rmax — Rmin) ®(2))
else
L Rn+1 — Rmax

length, so the shift of Eq.[6]always equals the prefix that was just executed. Two residuals appear in
the algorithm, and they are not interchangeable: the stride test (Eq. ) is evaluated on the execution
prefix 1:R,, of every window state, whereas the commitment score u,, uses only the final update
of the clean endpoint on the unexecuted tail h = R,+1,..., H. ® is the standard normal CDF,
so R, is a bounded, decreasing function of logu,; u, is clamped away from zero before the
logarithm. We set Ry, = [H/2]. Commitment is disabled whenever Ry,ax < Rpmin, in which case

R, = Ry ax at every replan; otherwise Ry, is only the upper bound of R, ;.
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B EVALUATION DETAILS

This appendix collects the evaluation hyperparameters and protocol details that the main text does
not state. The hardware, the latency window (from available observation tensors to the output action
chunk, excluding observation acquisition, simulator stepping, and action execution), and the defi-
nition of relative speed are given in Sec.[d] All RePIC variants keep the pretrained policy weights,
and RePIC-Flash runs the same sampler as the corresponding RePIC row on an optimized backend

(Appendix [C).

Shared sampler. All methods use deterministic Euler sampling. The Fast-WAM noise schedule
follows the original configuration: u is spaced uniformly from 1 to 0 over S+1 points and

shift - u

=0 hift =
O T hif— e =S

with no additional o-shift and no stochastic sampling. When no cache is available (the first replan
of an episode), a single velocity-network evaluation at the noisy endpoint constructs a linear draft
along the schedule; every later replan starts from noise-aligned full-trajectory reuse. In all main-
table evaluations the window stride compares the residual on the current execution prefix 1:R,, with
7202 (Eq. ; Tab. |5| ablates the full-chunk criterion. All residuals are computed in the normalized
action space of each policy. Environments are stepped one at a time (environment batch size 1);
the batch dimension of a network call is the window of p; denoising states, padded to B=10 on the
RoboTwin 2.0 Flash backend (Appendix [C.3).

Fast-WAM. We use the unconditional pretrained checkpoint of each benchmark together with its
normalization statistics; future video is not generated at test time. Tab.[7]lists the default settings of
all Fast-WAM experiments. For the optimized backends, latency excludes the first episode of each
task, which absorbs CUDA Graph capture and TensorRT engine build; the standard backend has no
such one-time cost.

Table 7: Fast-WAM evaluation settings. Defaults of all Fast-WAM experiments; an ablation that
varies one of them (e.g., S in Tabs. [3|and[3)) states the change in its table. The commitment parame-
ters are given in the text.

Symbol Meaning RoboTwin 2.0 LIBERO

H action-chunk length: actions predicted per 32 32
replan

d action dimension of one step 14 (bimanual) 7
integration intervals of the noise schedule 10 10
(sequential steps of the serial sampler)

Rmax maximum execution length: actions executed 24 10

per replan by the baseline, and by RePIC at the
first replan

D window size: maximum number of denoising 10 10
states refined in one batched call
T stride tolerance: a window state is accepted 0.05 0.05

when its prefix residual satisfies e < 7202

(Eq.[)

env. seed  simulator seed that fixes the scene per-episode table 42
initialization; identical for all methods
noise seed seed of the initial noise €,,, redrawn from the 42 42

same seed at every replan (Fast-WAM default)

Execution length. The serial Fast-WAM baseline executes R=R,,,x actions at every replan on
both benchmarks. Residual-guided commitment is enabled for the main RePIC and RePIC-Flash
results on RoboTwin 2.0 with Ryin=[H/2]=16, Rmax=24, un=—3.5, and ¢=0.5, so R,y1 €
{16, ..., 24} and the first replan uses Ry,ax; Tab. reports the fixed-length alternative. On LIBERO,
Riyax=10 < Rpy,in=16, so commitment is disabled and R, =10 at every replan for all methods.
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mo.5. We use the official JAX mg 5 LIBERO checkpoint with H=10, S=10, R,.,x=5, p=8, and
7=0.1, with the prefix criterion and noise-aligned full-trajectory reuse; the seed is 7. Because
Riax < Rnin=>5, commitment is disabled and R,,=5 at every replan.

GROOT N1.5. We use a separate LIBERO fine-tune for each of the four suites with H=16, S=4,
Ruax=1, p=4, and 7=0.1, with the prefix criterion; the environment seed is 0. Because Ry ax <
Rmin==8, commitment is disabled and a single action is executed per replan.

Other methods in the tables. For Enfold, ImageWAM, Faster-WAM (FC), and AHA-WAM,
success rates are taken from the original papers and latencies were measured by us on the same
RTX 4090 with the same latency window. C’ache and Faster-WAM (DoT) are not open-sourced:
their success rates are taken from the original papers, and their latencies are inferred from the
speedups over Fast-WAM reported there, applied to the Fast-WAM reference latency in our tables
(marked 1 in Tabs. [I]and 2). The DoT paper reports its speedup (3.2x) only on LIBERO and no
RoboTwin latency, so that entry is left blank.

C SYSTEM OPTIMIZATIONS FOR REPIC-FLASH

RePIC-Flash keeps the pretrained velocity network, the noise schedule, the tolerance, the trajec-
tory reuse, and the update rule of RePIC, and changes only how the action expert is executed.
Video tokens and text context are computed once per replan; the refinement loop then evaluates the
action expert repeatedly on those features, with a batch size equal to the current window. Flash
caches the quantities that are constant within a replan and runs the action-expert calls on a compiled
path: CUDA Graph replay on LIBERO, and a TensorRT FP16 core with CUDA Graph replay on
RoboTwin 2.0. Both paths perturb the numerics of the velocity evaluation, so residual-guided strides
and success differ slightly from the standard backend (e.g., 3.08 vs. 2.63 calls on RoboTwin 2.0,

Tab. [10).

C.1 FEATURE REUSE WITHIN A REPLAN

Fast-WAM’s Mixture-of-Transformers block attends jointly over video and action tokens. The video
branch does not depend on the current denoising state, so we run the video expert once per replan
and store its per-layer keys and values. Every subsequent action-expert evaluation concatenates this
cache with the current action keys and values and attends only from the action queries.

The joint attention mask and the flow-matching schedule depend only on the sequence lengths and
the number of integration steps, so they are reused across replans of the same shape; prompt embed-
dings for a fixed instruction are computed once per episode. Both backends use these caches, which
do not change the numerical trajectory.

C.2 CUDA GRAPH REPLAY

Each refinement round launches one batched action-expert call whose batch size equals the current

window. After a stride m the next window may have any length in {1,...,p}, whereas a CUDA
Graph has a fixed shape. On LIBERO (no TensorRT), the graph key includes the window batch
size, so we capture one graph per feasible length 1, ... min(p, S), and the serial baseline replays

its own b=1 graph. On RoboTwin 2.0, every request is padded to B=10 and a single graph serves
all windows (Appendix [C.3).

Capture uses graph-owned buffers for the action latents, timesteps, text context, attention mask, and
video keys and values, and the current tensors are copied into these buffers before every replay.
Copying is necessary because the video cache is constant within a replan but changes at the next
observation: pointer identity is unreliable under allocator recycling, and keeping one graph per
replan would exhaust memory. Each graph is captured once, after a short eager warm-up, and
capture time is excluded from the reported latency. If capture fails, the call falls back to the eager
path with the same caches.
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C.3 TENSORRT ACTION CORE

The optimized RoboTwin 2.0 backend replaces the body of the action Transformer with a TensorRT
engine. Only pre_dit remains in PyTorch; the residual blocks and the output head are compiled
into the engine. Complex-valued rotary embeddings and the original scaled-dot-product attention
do not lower reliably, so the core uses real sin / cos RoPE and explicit masked attention with the
same weights. The host model stays in BF16 and the core holds an FP16 copy of the weights.

We build a single static-shape engine with batch capacity B=10 for our S=10, p=10 setting. A re-
quest of batch b < 10 is padded to B by repeating its first row, and the first b outputs are kept, so one
engine and one CUDA Graph serve every window. The optimized serial baseline on RoboTwin 2.0
runs on the same padded engine with b=1, so its 405.7 ms (Tab. is an upper bound on the la-
tency of an optimized serial sampler; the LIBERO comparison, whose baseline is not padded, is
the cleaner estimate of the sampler gain on a compiled path (1.60x). The engine is built once per
process, and its build time is excluded from the latency. TensorRT is used only together with CUDA
Graph replay: the graph records pre_dit, the engine, and the write-back.

C.4 WHAT IS AND IS NOT INCLUDED IN THE FLASH LATENCY

Flash is timed over the same action-generation interval as RePIC and the serial baseline: from
available observation tensors to the returned action chunk, with CUDA synchronization. The interval
includes the cached video prefill, the refinement rounds on the compiled path, and action decoding;
it excludes observation capture, simulator stepping, action execution, graph capture, and TensorRT
compilation. Flash changes neither the checkpoint, nor the number of integration steps, nor the
tolerance. Running the serial sampler on the same backend separates the sampler gain from the
implementation gain (Tabs. [ and [I0).

D ROBOTWIN ABLATIONS

Sec.[d.2]reports the parallelism, initialization, and backend comparisons on LIBERO; this appendix
repeats the same three comparisons for Fast-WAM on RoboTwin 2.0. Tabs. [8 [0 and [I0] are the
counterparts of Tabs. 3] [4] and[6] with the same row names. Success rate is the average over all 50
tasks and both conditions; latency and calls are per chunk under the protocol of Sec.[d The RePIC
rows use the main-table configuration (residual-guided commitment, R,, € {16,...,24}), and the
serial baselines execute R=24.

Table 8: Parallelism and reuse. Counterpart Table 9: Trajectory initialization. Counterpart of

of Tab.Blon RoboTwin 2.0. Tab. 4 on RoboTwin 2.0.
SR Latency SR Latency
Method S (%)1 Calls (ms)J| Draft Shift Align (%)t Calls (ms) ]
Baseline 10 91.8 10.00 5780  Noreuse - - 919 400 3412
Baseline 5 910 500 3006 Endpoint only v - 909 3.19 2333
Baseline 3 90.8 3.00 2002 Full trajectory X X 91.6 3.36 2334
Full trajectory X v/ 91.6 3.18 2909
Parallel only 10 91.9 400 3412 Fy| trajectory X 91.6 473 2959
RePIC 10 91.8 2.63 217.7 RePIC v v 91.8 2.63 217.7

v/': enabled; X: disabled; —: not applicable. Latency and Calls are per chunk.

Parallelism and reuse. At .S = 10, parallel refinement alone reduces latency from 578.0ms to
341.2 ms and calls from 10 to 4.00 at 91.9% success; adding reuse reduces calls to 2.63 and latency
to 217.7ms at 91.8% (Tab. . Shortening the schedule instead gives 300.6 ms at S = 5 (91.0%)
and 200.2ms at S = 3 (90.8%): the three-step baseline is 8% faster than RePIC but loses 1.0 point
overall, and the loss concentrates on difficult tasks. On open_microwave, the task with the lowest
success under the original sampler, RePIC, S = 5, and S = 3 reach 50.5%, 33.5%, and 25.0%.

What to reuse. Noise-aligned full-trajectory reuse reaches 2.63 calls and 217.7 ms at 91.8% suc-
cess, against 3.19 calls and 233.3 ms at 90.9% for endpoint-only reuse (Tab. E]) Both components of
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the transfer matter: shift without alignment needs 4.73 calls (295.9 ms) and alignment without shift
3.18 calls (290.9 ms), and full-trajectory reuse with neither operation needs 3.36 calls (233.4 ms);
all three retain 91.6% success.

Table 10: Sampler and system optimization (RoboTwin 2.0). Optimized: TensorRT FP16 core
with CUDA Graph replay, both samplers padded to B=10 (Appendix [C). Relative speed uses the
standard baseline.

Sampler Backend SR (%)1 Calls Latency (ms)| Rel. speed (x) 1
Baseline Standard 91.8 10.00 578.0 1.00
Baseline Optimized 92.0 10.00 405.7 1.42
RePIC Standard 91.8 2.63 217.7 2.66
RePIC-Flash  Optimized 91.6 3.08 101.2 5.71

System optimization. With the standard backend, RePIC reduces latency from 578.0 ms to 217.7 ms
(2.66x) at 2.63 calls and unchanged 91.8% success (Tab. . The optimized baseline, padded to
B=10, takes 405.7ms (1.42x) at 92.0%; RePIC-Flash takes 101.2ms (5.71x) at 3.08 calls and
91.6%, where the FP16 core changes the strides relative to RePIC (2.63 calls).

E SENSITIVITY TO THE TOLERANCE AND THE WINDOW SIZE

The sampler of RePIC has two hyperparameters: the stride tolerance 7 (Eq.[3) and the window size
p (Eq.[3). Fig.[7] varies each of them while holding the other at its default value, for Fast-WAM
on LIBERO averaged over the four suites. The default point is the RePIC row of Tab. [3} success
(97.35%) and calls (2.22) coincide with that table, and latency was re-timed together with the other
sweep points (209.5 ms, vs. 204.77 ms in Tab. [3).

success (%) 1 sequential calls | latency (ms) |
981 350
97.35 44

300

97 )

tolerance T 96.20 34 250
o. — . c
p=10 o T e, 2.22 2095

96 24 , [0\ o,

200
. e o
e e, —e—e” e lsass
95 T T T T T T T T 1 T T T T T T T T 150 T T T T T T T T
0 0.1 0.2 0.3 04 1 0 0.1 0.2 0.3 04 1 0 0.1 0.2 0.3 04 1
981 350 321.46
97.35 41 3.-73 o
971 —0 \ 300
window size p ’ 96M A .
0.05 ° ~o%? 0 . 209.5
T =005 ..
96 2] 200 \O
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O default setting (r = 0.05, p = 10)

Figure 7: Sensitivity to the tolerance and the window size. Fast-WAM on LIBERO (average over
the four suites), one hyperparameter varied at a time from the default setting (open marker; 7=0.05,
p=10). Top: stride tolerance 7 at p=10. Bottom: window size p at 7=0.05. Calls and latency are
per chunk. The default setting is the RePIC row of Tab. [3} latencies were re-timed within the sweep.

Tolerance. The default 7=0.05 gives the highest success (97.35%); any looser tolerance costs about
one point (96.20-96.45% for 7 € [0.10, 0.40]), with no further trend beyond that step. Calls and
latency fall steeply at first and then saturate: raising 7 from 0.05 to 0.10 reduces calls from 2.22
to 1.70 and latency from 209.5 ms to 193.01 ms, and 7=0.40 reaches 1.22 calls and 164.66 ms per
chunk, approaching a single refinement round per replan. Latency follows calls except at 7=0.30
(202.82 ms), where calls continue to decrease.

The default is therefore the accuracy-first choice: a looser tolerance trades roughly one point of
success for 0.5-1.0 fewer calls per chunk (8-21% lower latency).
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Window size. A larger window refines more denoising states per batched call. From p=4 to p=8
and p=10, calls decrease from 3.78 to 2.78 and 2.22, latency from 321.46 ms to 230.89 ms and
209.5 ms, and success rises from 96.45% to 97.20% and 97.35%. Because each round advances by
at most p states, p < S forces at least [S/p] rounds; with p=5=10, the setting used throughout the
paper, the whole trajectory fits in one window and the number of rounds is governed by the tolerance
alone. The price of a larger window is the batched computation and memory of a p;-fold evaluation
(Sec.[3), which on the RTX 4090 is outweighed by the shorter sequential path.

F LIMITATIONS

RePIC targets the sampling stage of chunked flow policies under receding-horizon control, so its
gains scale with the share of latency spent in sequential velocity evaluations and with the tempo-
ral coherence of consecutive replans; policies whose latency is dominated by condition encoding,
or control settings with abrupt changes between replans, benefit less. The formulation covers deter-
ministic samplers on a fixed integration grid; extending trajectory transfer to stochastic samplers and
other discretizations is a natural next step. Our evaluation centers on Fast-WAM in simulation with
a physical-robot validation on one platform, and the tolerance and window size are set per policy;
broader deployment across policies, tasks, and hardware, together with tolerances that adapt to task
difficulty, would further characterize the accuracy-latency trade-off. Finally, RePIC-Flash shows
that the sampler composes with compiled inference paths, and co-designing the batched window
with serving systems is a promising direction for further gains.

19



	Introduction
	Related Work
	Method
	Overview
	Parallel fixed-point refinement
	Noise-aligned trajectory reuse
	Residual-guided action commitment
	Applicability and computational cost

	Experiments
	Main results
	Ablation studies
	Why trajectory reuse helps
	Real-world deployment

	Conclusion
	RePIC Algorithm
	Evaluation Details
	System Optimizations for RePIC-Flash
	Feature reuse within a replan
	CUDA Graph replay
	TensorRT action core
	What is and is not included in the Flash latency

	RoboTwin Ablations
	Sensitivity to the Tolerance and the Window Size
	Limitations

