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Abstract: Action chunking enables robot policies to produce temporally coher-1

ent behavior, but generating multi-step action sequences with flow-based poli-2

cies incurs latency that is incompatible with real-time control. Under asyn-3

chronous execution, the robot continues executing the current chunk while the4

next one is generated, causing even minor delays to create inconsistencies at5

chunk boundaries. Existing methods address this problem by steering gener-6

ation toward the already executed action prefix. We instead show that pre-7

fix consistency can be achieved by selecting an appropriate initial noise before8

generation begins, allowing the unmodified flow ODE to produce a coherent9

next chunk. This reframes asynchronous inference as a noise selection prob-10

lem rather than a trajectory steering problem. We introduce PAINT, a training-11

free method that finds this noise via backward Euler inversion and constructs the12

final chunk through a repainting rule. In summary, PAINT requires no gradi-13

ents, retraining, or policy modification; yet it improves execution consistency and14

task performance across 12 simulated benchmarks and 6 real-world manipula-15

tion tasks spanning single-arm, bimanual, and humanoid embodiments. Website:16

https://paint-action-chunking.github.io.17
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1 Introduction19

denoising

Prefix Constraint
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Figure 1: The prefix constraint: the first d actions
of chunk At must approximate the last d actions of
chunk At−1. A carefully chosen initial noise sat-
isfies this constraint without modifying the policy.

Flow matching [1] and diffusion [2] policies20

have achieved remarkable dexterity by predict-21

ing action chunks, sequences of future actions22

generated in a single forward pass [3, 4, 5].23

Action chunking improves temporal coherence,24

but each chunk requires multiple sequential de-25

noising steps to generate. Under asynchronous26

inference, the robot cannot wait: it continues27

executing the previous chunk, and by the time28

the new one is ready, it has already advanced d29

steps. This creates the prefix constraint: those30

d actions must be consistent with what was just31

executed, or the robot experiences a discontin-32

uous jump at the chunk boundary. Without en-33

forcement, performance degrades substantially with delay, and this gap that widens as larger models34

push inference latency beyond the controller’s sampling period.35

Enforcing the prefix constraint is therefore critical, and the natural response is to steer generation to-36

ward the prefix target during denoising. Prior work does exactly this, using backpropagation through37

the policy [6], model retraining [7, 8], or additional sampling compute [9] to enforce continuity at38

generation time. Yet, this framing raises a deeper question: “what if the trajectory never needed to39
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be corrected in the first place?” “What if the right initial noise, chosen before generation begins,40

would naturally produce a consistent prefix?”41

Fortunately, flow matching offers a cleaner path. Optimal-transport flow matching [1] (OT-FM)42

learns a transport map with an approximately local structure: each output position is governed43

largely by the noise at the corresponding input position, a property observed empirically in diffusion44

models by Mao et al. [10] and supported theoretically for OT-FM by Tong et al. [11]. This locality45

has a direct consequence: if the prefix of a generated chunk depends mainly on the prefix of the initial46

noise, then inverting the ODE from a desired prefix target recovers a noise that satisfies the prefix47

constraint under the unmodified forward pass, without velocity correction or gradients required. This48

reframes the prefix constraint as a noise-selection problem rather than a trajectory-steering problem.49

This insight leads directly to our method named PAINT (Prefix-Anchored INiTial noise), a training-50

free method that enforces the prefix constraint by inverting the flow ODE to find an initial noise51

x∗
0, then constructs the full chunk via the re-painting principle of Mao et al. [10]. Prefix and52

suffix of an action chunk are generated jointly from this re-painted noise, producing a continua-53

tion that is approximately consistent with the policy distribution under the executed prefix, unlike54

velocity-steering approaches, which do not explicitly enforce this property. PAINT requires (i) no55

modification to the base policy, (ii) no training data, and (iii) no auto-differentiation framework at56

deployment.57

Our contributions are: (i) reframing asynchronous inference as a noise-selection problem, grounded58

in the locality structure of OT flow matching; (ii) PAINT, a training-free, backpropagation-free59

inference-time method that matches or improves over Real-Time Chunking (RTC) [6] on both task60

success and prefix consistency; and (iii) an empirical demonstration that PAINT transfers to any61

pretrained flow matching policy without retraining or modification, validated across 12 simulated62

benchmarks and six real-world tasks on two VLA architectures and three robot embodiments.63

2 Related Work64

PAINT sits at the intersection of two active research areas: real-time execution of action-chunking65

policies and structured manipulation of initial noise in generative models. We review each in turn.66

Real-Time Execution of Action-Chunking Policies. Action chunking – predicting a fixed-length67

sequence of future actions in an inference call – has become the dominant paradigm for robot ma-68

nipulation [3, 4], and large-scale VLAs [5, 12, 13, 14, 15] scale these architectures at the cost of69

inference latency. Black et al. [6] provide a detailed treatment of this latency problem; their RTC70

framework is our primary baseline. Existing methods address the gap between inference and exe-71

cution at different stages. TT-RTC [7] and VLASH [8] fine-tune the policy to tolerate delay, while72

Streaming Diffusion and Streaming Flow Policies [16, 17] introduce training schemes for faster73

inference. At inference time, BID [9] uses candidate filtering through rejection sampling, while74

A2C2 [18], SAIL [19], and FASTER [20] modify the generated action trajectory through correc-75

tion, guidance or compressing the sampling mechanisms. ABPolicy [21] enforces continuity with a76

B-spline action representation, and DiscreteRTC [22] uses discrete diffusion to align iterative gen-77

eration with asynchronous execution better. Despite their diversity, all these methods intervene after78

the initial noise is sampled, either at training time, during denoising, or on the generated output, but79

never on the noise itself. PAINT acts at exactly that earlier point. A concurrent survey [23] compares80

several of these baselines but omits the noise-space perspective we adopt.81

Initial Noise Manipulation and Inversion in Generative Models. The initial noise vector, tradi-82

tionally treated as unstructured randomness, in fact carries semantic structure. Mao et al. [10, 24]83

demonstrated spatially localized generation in vision: perturbing the noise at position i primarily af-84

fects the output at i. Patil et al. [25] extended this to robot policies, showing that a carefully chosen85

constant noise vector improves frozen-policy performance. Noise manipulation has also been ap-86

proached through learning: Wagenmaker et al. [26] train a noise-space policy via RL, RTI-DP [27]87

warm-starts denoising from the previous prediction, A2A [28] replaces noise with proprioceptive88

embeddings, and UniSteer [29] inverts a flow decoder for RL-based adaptation.89
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Inversion methods recover the initial noise for a desired output: DDIM inversion [30] runs the gener-90

ative process backward, with later work improving its accuracy [31, 32, 33, 34], and flow matching91

admits single-step inversion [35]. PAINT is the first to apply ODE inversion to the prefix constraint92

in asynchronous action-chunk inference, requiring no learning, retraining, or human feedback, and93

then combining backward Euler inversion [32] with the re-painting principle of Mao et al. [10] to94

produce temporally coherent chunks.95

3 Preliminaries and Motivation96

We adopt the notation and problem formulation of Black et al. [6]. Given an observation ot and97

initial noise x0, a deterministic policy πθ(ot, x0) outputs an action chunk A0:H−1
t of action horizon98

H . Rather than waiting for the chunk to be fully consumed, the robot executes only the first s99

actions A0:s−1
t before issuing the next inference call; we refer to s as the execution horizon. Since100

each inference call requires wall-clock time δ to complete N denoising steps, and the controller101

operates at period ∆t, the robot advances d = ⌊δ/∆t⌋ timesteps during chunk generation; we call102

d the inference delay. Real-time execution requires d ≤ H − s, guaranteeing that a new chunk is103

ready before the current one is exhausted. Consequently, by the time chunk At becomes available,104

the robot has already consumed s+ d actions from the previous chunk A0:s+d−1
t−1 .105

The Problem of Prefix Constraints in Asynchronous Inference. In synchronous inference, the106

policy πθ computes the next chunk At only after finishing execution of At−1. In asynchronous107

inference, by contrast, the robot executes At−1 while At is being computed, so the next chunk must108

satisfy the following prefix constraint to ensure motion continuity:109

At−1[s+ i] = At[i] for i = 0, 1, . . . , d− 1 . (1)

Violating it causes a discontinuous jump at the chunk boundary, producing jerky or unsafe motion.110

Initial Noise as a Control Variable. When the velocity field vπ(·, o, τ) is Lipschitz continuous in its111

first argument and continuous in τ , the continuous-time flow ODE defines a unique flow map from x0112

to x1 [1, 36]. Under these idealized conditions, the map is invertible. In practice, however, learned113

policies are evaluated with finite-step numerical solvers and the target prefix may not lie exactly114

on the learned trajectory manifold. We therefore treat PAINT as an approximate inverse procedure:115

it only needs to recover an initial noise whose forward rollout produces a prefix sufficiently close116

to the executed actions. This makes x0 a natural control variable: some output constraints can be117

addressed by searching over the initial noise x0 appropriately, without modifying the velocity field118

vπ(xτ , o, τ) at any denoising step [24]. Recent work corroborates this view: Wagenmaker et al. [26]119

and Patil et al. [25] demonstrate that structured noise choices steer frozen policies toward desired120

behaviors, and Jiang et al. [17] bias the initial noise toward a running estimate to encourage smooth121

inter-chunk transitions. This motivates our approach: the prefix constraint (Equation (1)) defines a122

set in noise space, and satisfying it approximately can be approached by searching for an appropriate123

point x∗
0 within that set.124

4 Asynchronous Inference as a Noise Selection Problem125

Existing methods such as RTC [6] and BID [9] enforce the prefix constraint by steering the velocity126

field vπ at every denoising step (see Figure 2b), accepting backpropagation or heavy compute as127

the price. We take a different route: under OT-FM, there exists an initial noise x∗
0 such that the128

unmodified ODE already satisfies the prefix constraint. The problem reduces to finding x∗
0. Once129

found, inference runs exactly as during training: no guidance, no backpropagation, no velocity130

correction. We call this method PAINT (Prefix-Anchored INiTial noise) (see Figure 2c). The131

following subsections derive PAINT: we first explain why it should be noise selection, then show132

how ODE inversion can find x∗
0 efficiently.133
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(a) Standard Diffusion Policy (b) RTC (c) PAINT

Action Correction

Noise Modification

Figure 2: Overview of standard diffusion policy [4, 5, 12] (a), RTC [6] (b), and our proposed method
PAINT (c), which leverages modified noise. Given a frozen, pretrained diffusion or flow-matching
policy πθ, instead of modifying the ODE at each denoising step, we modify the initial noise x0 to
get x∗

0, which satisfies the prefix constraint (Equation (1)). We show that x∗
0 can improve policy

performance while satisfying the prefix constraint across model architectures and embodiments.

4.1 From Velocity Steering to Noise Selection134

Asynchronous inference can be addressed in two directions: modifying the ODE during generation135

to steer toward the prefix, or selecting the initial noise before generation so that the ODE automat-136

ically satisfies the constraint. Existing inference-time methods, including RTC [6], operate in the137

first direction. We argue that the second direction is both simpler and less biased toward the learned138

distribution. Simpler, because it requires no change to the velocity field vπ at any ODE step, the stan-139

dard solver runs unaltered, with complexity absorbed entirely into a selection of the initial noise x0.140

Less biased, because the trajectory is generated without modifying the learned flow field: since vπ141

is never corrected, the generated chunk more closely matches samples induced by the learned flow142

rather than the endpoint of a steered path that may lie outside the support of the learned distribution.143

Velocity Steering May Deviate from Learned Flow. RTC applies a pseudoinverse correction to144

the velocity field at each ODE step:145

vRTC
π (Aτ

t , ot, τ) = vπ(A
τ
t , ot, τ) + w · J† ·

(
Y − Â1

t

)
. (2)

where J = ∂Â1
t/∂A

τ
t is the Jacobian of the denoiser prediction and J† is its pseudoinverse. The146

correction pushes the predicted output x̂1 toward the prefix target. However, we decompose the147

correction into components parallel and orthogonal to the natural velocity field.148

J† · e = δv∥ + δv⊥ , e = Y − Â1
t . (3)

the orthogonal component δv⊥ ̸= 0 in general, steering xt away from the natural ODE trajectory.149

The correction can move the trajectory away from the dynamics induced by the learned vector field,150

potentially producing chunks that differ from those generated by the unmodified policy.151

Noise Selection Leaves the Learned Flow Field Unchanged. There exists an initial noise x∗
0 ∈152

RH×Daction such that the standard unmodified ODE already satisfies the prefix constraint. Running153

the ODE from x∗
0 requires no correction to vπ at any step. Since PAINT changes only the initial noise154

and leaves the learned flow field unchanged, the generated chunk is obtained from the same forward155

dynamics as the base policy, conditioned on the observation ot. The prefix constraint is satisfied not156

by distorting the distribution but by choosing the right starting point within it. The remainder of this157

section derives an efficient procedure for finding x∗
0 as shown in Algorithm 1 below.158
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Algorithm 1 PAINT (Prefix-Anchored INiTial noise)

Require: Observation ot, executed prefix As:s+d−1
t−1 , delay d, execution s, ODE steps N

Output: Action chunk At

1: xfree
0 ∼ N (0, I)

2: xnaive
1 ← πθ(x

free
0 , ot) ▷ naive forward pass [N calls]

3: xtarget
1 ←

[
As:s+d−1

t−1 , xnaive
1 [d:]

]
▷ construct inversion target

4: xτ ← xtarget
1

5: for τ = 1, 1− 1
N , . . . , 1

N do
6: xτ ← xτ − 1

N · vπ(xτ , ot, τ) ▷ backward Euler [N calls]
7: end for
8: xinv

0 ← xτ

9: x∗
0 ←

[
xinv
0 [:d], xfree

0 [d:]
]

▷ Mao re-painting rule
10: At ← πθ(x

∗
0, ot) ▷ final forward pass [N calls]

11: return At

4.2 PAINT: Prefix-Anchored Initial Noise159

To find x∗
0, we run the flow ODE in reverse. Starting from xtarget

1 at τ=1 and applying backward160

Euler for N steps,161

xτ−∆τ = xτ −∆τ vπ(xτ , o, τ), ∆τ =
1

N
. (4)

recovers an inverted noise xinv
0 that the model associates with xtarget

1 . The full procedure is in Algo-162

rithm 1. Two implementation details matter:163

Constructing the target. We build xtarget
1 by fixing its prefix positions to As:s+d−1

t−1 and filling the164

remaining positions with the tail xnaive
1 [d :] of a standard forward pass from fresh noise, keeping165

xtarget
1 on the data manifold. Substituting zeros or random values for the free region moves it off-166

manifold, destabilizing backward Euler integration, and corrupting xinv
0 .167

Re-painting the free region. Inversion yields xinv
0 [:d], encoding the prefix, and xinv

0 [d:], which168

we discard. Replacing the free region with fresh noise ε ∼ N (0, I) is tempting but problematic:169

token mixing in vπ spreads the mismatch between ε and xinv
0 [:d] across all positions during the170

final forward pass. Instead, we retain xfree
0 [d:] from the naive pass, the same noise used to generate171

xnaive
1 [d:] and hence the free region of xtarget

1 . Since xfree
0 [d:] already encodes the same free output as172

xinv
0 [d:], substituting it introduces minimal disruption, following the re-painting principle in [10].173

The resulting chunk At = πθ(x
∗
0, ot) satisfies the prefix constraint and produces a continuation that174

approximates the prefix-conditioned policy distribution:175

A0:d−1
t ≈ As:s+d−1

t−1 (prefix); Ad:
t ≈ pτ=1

(
· | As:s+d−1

t−1 , ot
)

(suffix) . (5)

5 Experiments176

We design our experiments to answer two questions. First, “how does PAINT compare to existing177

inference methods in terms of both success rate and execution time?” Second, “how does the choice178

of the inversion method affect PAINT’s performance?”179

Metrics. We evaluate two sets of metrics. The first measures task performance and efficiency:180

success rate (SR↑) and average time for successful rollouts (ATR↓). The second assesses how well181

the generated chunk respects the prefix constraint via the consistency score (CON↓). Formally, let182

S be a set of successful rollouts, Tj the completion time of rollout j, and d is the inference delay:183

SR =
#successful trials

#total trials
, ATR =

1

|S|
∑
j∈S

Tj , CON =
1

d

d−1∑
i=0

∥At−1[s+ i]−At[i]∥2 (6)

We provide more information about these metrics in the Appendix.184
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Figure 3: Top left: Inference delay (d) vs. prefix consistency (CON ↓) across all environments.
Bottom left: Execution horizon vs. success rate (SR ↑) at d=1. Right: Inference delay (d) vs.
success rate (SR ↑) across simulated d ∈ {0, 1, 2, 3, 4}. PAINT-Euler achieves the strongest overall
performance across all delay values. Each data point aggregates 2048 trials.

5.1 Simulated Benchmark185

Setup. We follow the exact setup of RTC [6] on Kinetix [37], using 12 force-control environments186

and 4-layer MLP-Mixer [38] flow policies with H = 8. We report success rates (SR↑), and consis-187

tency scores (CON↓) with delays d ∈ {0, 1, 2, 3, 4} and execution horizon s ∈ {d, . . . ,H − d}.188

We compare PAINT against five approaches, including (i) NAIVE ASYNC (independent chunks),189

(ii) TEMPORAL ENSEMBLING (TE; overlap averaging) [3], (iii) B-SPLINE REFITTING (post-hoc190

smoothing) [21], (iv) BID (CANDIDATE FILTERING) [9], and (v) RTC (GRADIENT-BASED GUID-191

ANCE) [6]. Additional details about these baselines are in Appendix A.1.192
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Figure 4: Average consistency scores and success
rates over environments. Among various inver-
sion methods, our chosen method (Euler) offers
the best balance between quality and complexity.

Results. Figure 3 summarizes the simulated193

results. Under increasing delay, Naive Async194

degrades sharply, while TE and B-spline re-195

fitting provide limited robustness because av-196

eraging or smoothing generated actions does197

not explicitly condition on the executed pre-198

fix. B-spline refitting, in particular, leaves the199

prefix mismatch close to Naive Async, indi-200

cating that post-hoc smoothing alone is insuffi-201

cient for chunk-boundary consistency. BID par-202

tially mitigates degradation, but remains below203

RTC and PAINT despite higher compute. PAINT-Euler achieves the strongest delay robustness with-204

out gradient computation and the lowest prefix mismatch, consistently improving over RTC. The205

execution-horizon sweep shows that PAINT and RTC benefit from shorter horizons because they can206

use more frequent feedback without introducing large chunk-boundary mismatches.207

Choices of Inversion Methods. We ablate the inversion step against four alternatives and a no-208

inversion baseline. Backward Euler (Euler) [32] runs vθ in reverse for N steps; DPM-Solver209

(DPM2) [34] adds a midpoint correction for lower error at twice the cost; single-step reverse flow210

matching (RFM) [35] exploits the linear interpolant at t=1 to recover noise in one call (xinv
0 =211
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x1− vθ(x
target
1 , o, 1)); and optimization-based (Optim) inversion minimizes ∥πθ(x

inv
0 | ot)−xtarget

1 ∥2212

via gradient descent. Slide-Naive is a no-inversion baseline, which shifts the stored noise from the213

previous inference forward by d positions and resamples the free region. Figure 4 shows that inver-214

sion quality correlates strongly with robustness under asynchronous execution. Euler achieves the215

best balance of consistency, stability, and efficiency – on par with the costlier DPM2 – while RFM,216

Optim, and Slide-Naive exhibits a larger prefix mismatch and degrades more sharply with increasing217

delay.218

5.2 Real-World Evaluation219

We next test whether PAINT transfers from controlled simulation to physical hardware across six220

real-world manipulation tasks spanning single-arm, bimanual (ALOHA [39]) and humanoid settings221

(see Figure 5) and two VLA architectures (GR00T-N1.5 [12] and π0 [5]).

(a) Block Stacking (b) Toy in Drawer (c) Banana in Pot

(d) Towel Flinging (e) Shorts Folding (f) Part Placing

Figure 5: The environments for real-world evaluation. Each sub-figure’s left image shows the initial
state of environment; the right displays the goal state (more details are provided in the Appendix.

222

Setup. Our tasks: (i) Block Stacking, a precision pick-and-place task; (ii) Toy in Drawer and (iii)223

Banana in Pot, single-arm multi-stage contact tasks; (iv) Towel Flinging and (v) Shorts Folding,224

bimanual deformable-object tasks; and (vi) Part Placing, a humanoid precision-alignment task. All225

tasks except Towel Flinging use binary success scores; Towel Flinging is scored post-hoc based on226

towel flatness and spread. We use GR00T-N1.5 [12] (H=16, N=4) and π0 [5] (H=50, N=10)227

under remote LAN inference, with 20 trials per method–task pair, comparing against TE and RTC228

under identical checkpoints and inference infrastructure. We focus on training-free inference-time229

baselines. Training-based approaches such as TT-RTC [7] and A2C2 [18] are orthogonal to PAINT230

as discussed in Appendix A.2 and left for future work. More details about setups are provided231

in Appendix B.232

Results. Table 1 summarizes the real-world evaluation across all tasks using GR00T-N1.5 and π0.233

Across both architectures, PAINT generally matches or improves over RTC while requiring no back-234

propagation through the policy. On GR00T-N1.5, PAINT improves the success rate on continuity-235

sensitive tasks such as Toy in Drawer, Towel Flinging, and Shorts Folding, and consistently im-236

proves CON when measured. This suggests that selecting the initial noise before generation can237

produce smoother chunk transitions than steering the denoising trajectory after generation begins.238

RTC enforces the prefix using gradient-based guidance [40], i.e., deployment-time backward opera-239

tions, which can perturb the suffix after the prefix; on contact-rich or deformable-object tasks, such240

perturbations may produce small over-corrections or less stable contact behavior. On π0, PAINT241

remains competitive on single-arm tasks and improves performance on bimanual deformable-object242

manipulation, indicating transferability across flow-based VLA architectures.243

Compared with TE, PAINT substantially reduces rollout time while preserving prefix consistency.244

TE averages overlapping chunks, which can smooth motion but may also blend conflicting com-245

mands. This issue worsens with larger H in retry cases, where older actions may continue for-246

ward while the new chunk corrects backward, pulling the final command toward the middle. Fi-247

nally, PAINT is faster than RTC on GR00T-N1.5 (86±2 vs. 113±3 ms) but slower on π0 (311±7248
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Table 1: Real-world evaluation over 20 trials per method-task pair. π0 results are omitted for Part
Placing because the public checkpoint targets manipulator embodiments rather than the humanoid
arm-hand platform. TE [3] is used as a synchronous inference and therefore does not have a CON
score; we mark this entry as “–” in the table.

Block Stacking Toy in Drawer Banana in Pot
Method SR↑ ATR↓ CON↓ SR↑ ATR↓ CON↓ SR↑ ATR↓ CON↓

GR00T-N1.5 [12]
TE [3] 0.55 28.27 – 0.60 23.19 – 0.60 29.57 –
RTC [6] 0.75 16.04 0.030 0.75 17.85 0.025 0.70 30.15 0.031
PAINT (Ours) 0.75 15.32 0.023 0.85 17.08 0.023 0.70 29.79 0.026

π0 [5]
TE [3] 0.20 58.35 – 0.15 53.27 – 0.10 63.20 –
RTC [6] 0.50 15.30 0.036 0.65 36.35 0.032 0.55 37.41 0.028
PAINT (Ours) 0.50 14.90 0.034 0.65 30.39 0.028 0.55 39.64 0.026

Towel Flinging Short Folding Part Placing
Method SR↑ ATR↓ CON↓ SR↑ ATR↓ CON↓ SR↑ ATR↓ CON↓

GR00T-N1.5 [12]
TE [3] 0.51 17.13 – 0.90 33.82 – 0.50 68.51 –
RTC [6] 0.76 6.98 0.028 0.90 18.79 0.027 0.70 18.28 0.030
PAINT (Ours) 0.79 7.44 0.023 0.95 19.77 0.025 0.70 17.32 0.021

π0 [5]
TE [3] 0.30 25.07 – 0.40 52.32 –
RTC [6] 0.54 17.04 0.039 0.65 29.64 0.028 N/A
PAINT (Ours) 0.80 15.16 0.027 0.70 30.54 0.027

vs. 213±4 ms), reflecting its core trade-off: replacing gradient-based correction with additional249

forward-only evaluations.250

6 Conclusion251

PAINT shows that asynchronous action-chunk execution can be addressed before generation begins,252

by selecting an initial noise that anchors the next chunk to the actions already executed. This avoids253

retraining and deployment-time gradient correction while preserving the base policy dynamics un-254

changed. Our experiments suggest that noise-space adaptation is a practical mechanism for improv-255

ing chunk-boundary consistency in flow-based robot policies. PAINT is most relevant in regimes256

where inference latency cannot be fully eliminated, a common setting in practice, arising whenever257

policies are served over a local network, run on shared GPU infrastructure, or require many denois-258

ing steps as in large VLA models. Because PAINT uses only forward model evaluations, it is also259

more naturally compatible with graph-compiled deployment pipelines such as TensorRT than meth-260

ods that require deployment-time vector-Jacobian products. More broadly, our results highlight the261

initial noise as a useful control interface [25, 26, 41, 42] rather than a passive random input, enabling262

real-time adaptation of generative robot policies without modifying the learned generative process.263

7 Limitations264

PAINT relies on two practical assumptions, each suggesting a direction for future work. First, it265

benefits from approximate locality between noise and action positions: changing the prefix region of266

the initial noise should mostly affect the prefix of the generated chunk. This locality is encouraged267

by optimal-transport flow matching, but may weaken for architectures with strong cross-position268

mixing or highly multimodal action distributions. Future work could quantify locality in deployed269

VLA backbones via noise-perturbation probes and, where it is weak, augment PAINT with a token-270

attention mask or a brief locality-preserving fine-tuning stage. Second, PAINT uses backward Euler271

inversion, which works well when the sampling trajectory is close to straight. This is reasonable272

for OT flow matching with a linear interpolant, but may be less accurate for variance-preserving273

diffusion models, whose probability paths are more curved. Extending PAINT to such models would274

likely require a dedicated inversion procedure (e.g., DDIM inversion or higher-order solvers such275

as DPM-Solver), possibly with a learned correction term for residual discretization error. Finally,276

our real-world evaluation uses a single natural inference-delay setting (d ≈ 3); evaluating a broader277

range of delays on physical hardware would further characterize robustness.278
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A Kinetix Benchmark401

Kinetix [37] is an open-ended, two-dimensional rigid-body physics benchmark designed for eval-402

uating generalist agents across a broad range of control problems. Each Kinetix environment is403

procedurally defined by a configuration of polygons, circles, joints, and thrusters governed by a 2D404

physics simulator, yielding a unified action and observation space across drastically different tasks.405

Each environment also defines a binary success criterion specified through colour-coded entities406

(e.g. green target circles, red obstacles to avoid) and goal joints that must be activated, so success407

is determined automatically by the simulator. This makes Kinetix particularly well-suited for eval-408

uating asynchronous inference methods: the same policy architecture and learning pipeline must409

operate over locomotion, manipulation, control, projectile dynamics without task-specific modifica-410

tions, and a single success metric is directly comparable across the entire benchmark. See Figure 6.411

Grasp Easy Catapult Cartpole Thrust Hard Lunar Lander

MJC Half Cheetah MJC Swimmer MJC Walker H17 Unicycle

Chain Lander Catcher V3 Trampoline Car Launch

Figure 6: The visualizer of 12 environments in Kinetix [37].

412

A.1 Baseline Details413

We compare PAINT against representative baselines for sync/asynchronous action-chunk execution.414

Unless otherwise stated, all methods use the same pretrained policy checkpoint and differ only in415

how action chunks are executed, filtered, or modified at chunk boundaries.416

Naive Async. The robot executes the current chunk while the next chunk is generated in parallel,417

and then switches directly to the new chunk as soon as it is fully available. Each query uses inde-418

pendently sampled initial noise, and no constraint is imposed between the executed actions and the419

prefix of the new chunk. This method is cheap and requires no retraining or gradients, but can create420

discontinuities at chunk boundaries.421
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Temporal Ensembling (TE) [3] averages overlapping action predictions across chunks, following422

the aggregation strategy of ACT. In recovery scenarios, older chunks may perpetuate the previous423

motion while newer ones attempt correction; averaging these conflicting predictions can bias the424

action toward an intermediate trajectory, slowing task completion.425

B-spline Refitting. We use only the post-hoc trajectory-refitting component inspired by ABPol-426

icy [21], without retraining the base policy or changing its action representation. The generated427

chunk is refit with a smooth B-spline to reduce abrupt transitions, testing whether smoothness alone428

is sufficient for asynchronous execution. Since the refitting does not condition generation on the429

executed prefix, it can reduce visual jerkiness while still creating a prefix mismatch.430

Bidirectional Decoding (BID) [9] samples multiple candidate chunks and selects one according to431

a consistency or scoring criterion. It requires no gradients or retraining, but increases inference cost432

because multiple chunks are generated per query. Unlike our method, BID addresses asynchronous433

mismatch by filtering generated outputs rather than modifying the denoising process or selecting the434

initial noise directly.435

Real-Time Chunking (RTC) [6] steers the denoising trajectory during generation to satisfy the436

prefix constraint. At each denoising step, it uses vector-Jacobian products (VJPs) to move the pre-437

dicted final chunk toward the executed prefix. RTC directly targets chunk-boundary consistency,438

but requires deployment-time backward operations through the policy, which may be expensive or439

unsupported in graph-compiled runtimes.440

Training-time RTC (TT-RTC) [7] modifies the policy during training so that the learned model441

becomes more tolerant to inference delay. It requires fine-tuning but does not require VJPs at de-442

ployment. We include TT-RTC to distinguish training-time adaptation from PAINT’s inference-time443

noise selection, and additionally evaluate TT-RTC + PAINT to test whether prefix-anchored noise444

selection can further improve a delay-aware policy.445

A2C2 [18] is an inference-time action-correction method that uses the recent execution context to446

improve chunk-boundary consistency without retraining the base policy. It operates in action space447

after generation, while PAINT acts earlier by selecting the initial noise. A2C2 + PAINT uses A2C2’s448

correction mechanism to chunks generated from PAINT’s prefix-anchored noise. The goal is to test449

whether noise-space anchoring and action-space correction provide complementary benefits.450

A.2 PAINT vs. Training-Time Methods451

A2C2 [18] and TT-RTC [7] improve asynchronous execution by modifying the policy during train-452

ing, whereas PAINT operates purely at inference time by selecting a prefix-anchored initial noise. We453

therefore evaluate PAINT on top of both trained policies to test whether inference-time noise selec-454

tion is complementary to training-time delay adaptation. As shown in Figure 7, PAINT substantially455

reduces prefix mismatch for both A2C2 and TT-RTC across all nonzero delays. Adding PAINT to456

TT-RTC decreases prefix consistency error (CON) from 0.11 to 0.08 at d = 4 while preserving457

or improving task success, and adding PAINT to A2C2 similarly reduces CON by approximately458

80%. In terms of task success, adding PAINT largely preserves A2C2’s performance across execu-459

tion horizons and delays, while TT-RTC+PAINT achieves comparable success at small delays and460

greater robustness at larger delays. These results indicate that PAINT is orthogonal to training-time461

adaptation: it can be applied on top of existing delay-aware policies to improve prefix consistency462

and, in some settings, high-delay robustness, without additional retraining.463

B Real-Robot Environment Details464

We evaluate PAINT on six real-world manipulation tasks spanning single-arm manipulation, biman-465

ual deformable-object manipulation, and humanoid part placement (see Figure 8). All methods are466

evaluated using the same policy checkpoint, robot hardware, camera observations, action horizon,467

and inference infrastructure; the only difference is the inference-time execution strategy.468
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Figure 7: PAINT v.s. training-time delay-aware methods on the Kinetix benchmark. We evaluate
PAINT on top of A2C2 [18] and training-time RTC (TT-RTC) [7] , measuring both consistency score
and task success rate under varying execution horizons and inference delays.

Hardware Setup. For ALOHA [39] experiments, the robot consists of two ViperX 6-DoF arms,469

each equipped with a parallel-jaw gripper, for a total of 14 controllable degrees of freedom (12 arm470

+ 2 gripper). We use a single-arm configuration (7 DoFs: 6 arm + 1 gripper) for rigid-object ma-471

nipulation tasks and the full bimanual configuration (14 DoFs) for deformable-object manipulation.472

For humanoid experiments, we use a robot with a single arm of 7 DoFs and a 6-DoF dexterous hand.473

The policy receives 640 × 480 RGB observations from 3 cameras, proprioceptive joint positions,474

and language/task conditioning when required by the base VLA.475

Control and Inference. The controller runs at 20Hz on a workstation equipped with an NVIDIA476

RTX 4070 (16GB), AMD Ryzen 9 7900X, and 64 GB RAM, running Ubuntu 24.04. Each policy477

call predicts an action chunk of horizon H , executed asynchronously while the next chunk is gen-478

erated, yielding a natural inference delay of d = ⌊δ/∆t⌋ where δ is the wall-clock inference time479

including network transfer.480

Evaluation Procedure. Each method-task pair is evaluated over 20 trials with random initial-state481

distributions. We report success rate (SR), average time for successful rollouts (ATR), and prefix482

consistency error (CON) when applicable. A trial is marked as failed if the robot violates the task483

success criterion, loses contact with the target object in an unrecoverable way, enters an unsafe484

configuration, or reaches the maximum episode length. We provide the task description in Table 2.485

C Inversion Methods486

We compare several ways to recover a prefix-anchored initial noise. All variants construct a target487

endpoint xtarget
1 by combining the executed prefix with a suffix generated from a naive forward pass.488

They differ only in how they recover the corresponding initial noise. The number of model calls in489

Table 3 refers to the inversion step alone; total PAINT inference cost (including the naive forward490

pass and final forward pass) is reported in Table 4.491

Backward Euler. The default PAINT implementation starts from xtarget
1 and integrates backward:492

xτ−∆τ = xτ −∆τ vθ(xτ , o, τ) . (7)

This requires N model evaluations and no gradients.493
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(a) Block Stacking

(b) Toy in Drawer

(c) Banana in Pot

(d) Towel Flinging

(e) Shorts Folding

(f) Part Placing

Figure 8: Examples of completed sequences in real-world tasks.

DPM2 / Midpoint Inversion. A higher-order solver reduces local truncation error by evaluating the494

vector field at an intermediate point. This can improve inversion accuracy when the vector field is495

curved, but approximately doubles the number of model evaluations.496

Single-step RFM Inversion. For flow matching with a linear interpolant, a single-step estimate can497

be obtained near τ = 1:498

x∗
0 ≈ xtarget

1 − vθ(x
target
1 , o, 1) . (8)

This is computationally attractive but can be inaccurate when the learned trajectory is nonlinear or499

when the target prefix lies in a high-curvature region of the action distribution.500

Optimization-based Inversion optimizes x0 directly:501

min
x0

∥∥πθ(x0, o)− xtarget
1

∥∥2
2
. (9)

This can produce accurate inversions but requires repeated forward passes and gradients through the502

policy, making it less suitable for latency-critical deployment.503
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Table 2: Real-world task descriptions.
Task Embodiment Task Description
Block Stacking Single-arm A precision pick-and-place task requiring the robot to

grasp a triangular block and stack it stably on top of a
square block.

Toy in Drawer Single-arm A multi-stage contact task involving drawer opening,
cube placement inside the drawer, and drawer closing.

Banana in Pot Single-arm A sequential object-manipulation task requiring the
robot to place a banana into a pot and then close the
pot with a lid.

Towel Flinging Bimanual A dynamic deformable-object manipulation task re-
quiring coordinated bimanual grasping, lifting, and
flinging to spread a towel flat on the table. Perfor-
mance is reported as a post-hoc score from 0 to 10; the
score measures the extent to which the towel covers
the table, with flatter configurations receiving higher
scores.

Shorts Folding Bimanual A bimanual deformable-object task requiring coordi-
nated folding of the shorts into a compact final config-
uration.

Part Placing Humanoid arm-hand A precision-alignment task requiring the humanoid
robot to place a part onto a two-pin jig with accurate
pose alignment.

Table 3: Comparison of inversion methods used in PAINT ablations. N denotes the number of flow-
matching solver steps.

Method Description Model Calls (inversion only) Gradients? Expected Behavior

Backward Euler Reverse ODE integration N No Stable, simple, good cost–quality trade-off
DPM2 / midpoint Higher-order reverse integration ≈ 2N No Lower discretization error, higher cost
Single-step RFM Linear-interpolant inverse at τ = 1 1 No Fast but less accurate for curved trajectories
Optimization Minimize endpoint reconstruction error ≫ N + grad. Yes Accurate but slow and deployment-unfriendly
Slide-Naive Shift stored noise and resample suffix ≈ 0 (amortized) No Cheap but accumulates stale-noise error

Slide-Naive shifts the stored initial noise forward by d positions and samples fresh noise for the504

suffix. This is inexpensive, but the shifted noise may become stale as the observation and action505

distributions evolve over time.506

D Invertibility, Discretization Error, and Stability507

PAINT relies on approximately inverting the learned flow dynamics from a target action chunk to an508

initial noise. For continuous-time flow matching, the ODE509

dxτ

dτ
= vθ(xτ , o, τ) , τ ∈ [0, 1] , (10)

admits a unique solution under standard regularity conditions, such as Lipschitz continuity of vθ in510

xτ and continuity in τ [36]. Under these conditions, the continuous flow map is invertible. However,511

practical policies are evaluated with finite-step numerical solvers, so the inverse recovered by PAINT512

is only approximate.513

Discretization Error. PAINT-Euler uses backward Euler integration:514

xτ−∆τ = xτ −∆τ vθ(xτ , o, τ) . (11)

This introduces a discretization error that depends on the step size ∆τ = 1/N , the local curvature515

of the learned vector field, and the numerical stability of the reverse integration. When N is small,516

the step size is large, and the recovered noise may deviate from the true inverse trajectory, increasing517

the prefix mismatch after the final forward pass. A larger N improves the inversion accuracy but518

increases the inference cost.519
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Stability Considerations. Reverse integration is stable when the solver step size is sufficiently small520

relative to the local Lipschitz constant of the vector field. If ∆τ is too large, the Euler inversion can521

overshoot in regions where vθ changes rapidly, especially for highly multimodal action distributions522

or architectures with strong cross-token mixing. In practice, we find that using the same number of523

reverse steps as the forward inference solver provides a good trade-off between stability and cost.524

Approximate Inversion in Practice. Our method does not require the discretized policy to be ex-525

actly invertible. It only requires that backward integration recovers an initial noise whose forward526

rollout produces a prefix sufficiently close to the executed prefix. PAINT should therefore be in-527

terpreted as an approximate inverse procedure for prefix anchoring, not as an exact inverse of the528

learned policy. Notably, all backward integration steps are gradient-free forward evaluations of vθ,529

making PAINT compatible with compiled inference runtimes such as TensorRT.530

E Inference Method Comparison531

Table 4 compares PAINT with representative inference-time and training-time approaches for asyn-532

chronous action-chunk execution. Model-call counts in this table refer to the full inference pipeline,533

including any naive forward pass, inversion, and final forward pass.534

Table 4: Comparison of asynchronous inference methods. N denotes the number of denoising or
flow-matching steps, B denotes the number of candidate chunks in rejection-sampling methods, and
VJP denotes vector-Jacobian product.

Method Retraining? Gradients? Approx. Model Evaluations Notes

Naive Async No No N Independent noise per chunk; no prefix enforcement
Temporal Ensembling No No N per query Dense re-querying with overlapping chunks
BID No No BN Rejection sampling over candidate chunks
RTC No Yes N (forward + VJP) Steers velocity field at each denoising step
TT-RTC Yes No N Trains policy to tolerate delay
PAINT-RFM No No N + 1 Single-step inverse, then final forward pass
PAINT-Euler No No 3N Naive forward, backward Euler inversion, final forward
PAINT-DPM2 No No ≈ 4N Higher-order inversion, higher cost
PAINT-Optim No Yes ≫ N + grad. Direct latent optimization; slow but diagnostic
PAINT-Slide-Naive No No ≈ N Reuses shifted noise after initial inversion

Deployment Implications. RTC and optimization-based inversion require gradients or VJPs535

through the policy during deployment. This may be difficult to support in graph-compiled infer-536

ence runtimes or systems optimized only for forward execution. In contrast, PAINT-Euler requires537

only forward evaluations of the velocity network, making it easier to integrate with deployment538

runtimes such as TensorRT or other graph-mode accelerators.539

Compute Trade-off. PAINT-Euler is more expensive than naive asynchronous inference in raw540

model calls, but avoids backpropagation and improves prefix consistency. PAINT-Slide provides541

a lower-cost variant by reusing and shifting the recovered noise across consecutive chunks, at the542

cost of possible noise staleness. This creates a practical trade-off between consistency, latency, and543

deployment simplicity.544

F Repainting Design545

The term repainting refers to replacing the prefix portion of the initial noise, not the suffix. The546

suffix noise xfree
0 [d :] is sampled from the prior N (0, I) at the very beginning and is never changed.547

What motivates the procedure is that a naive forward pass from xfree
0 produces a chunk xnaive

1 whose548

prefix does not satisfy the prefix constraint. Rather than discarding the entire noise and starting549

over, we keep the suffix noise intact — it already encodes a valid continuation under the current550

observation — and repaint only the prefix noise xfree
0 [: d] with the inverted x∗

0[: d] that anchors the551

output to the executed prefix. The final repainted noise is:552

xrepaint
0 =

[
x∗
0[: d]︸ ︷︷ ︸

repainted

, xfree
0 [d :]︸ ︷︷ ︸
original

]
. (12)
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Why Discarding x∗
0[d :]? The inverted suffix x∗

0[d :] was recovered from a target xtarget
1 whose553

prefix was manually replaced. Although it produces a valid reverse trajectory for this constructed554

target, it aligns too closely with the artificial target endpoint and reduces suffix diversity. Repainting555

the prefix with keeping xfree
0 [d :] instead preserves the stochastic continuation of the original policy556

while anchoring only the prefix.557

Why Keeping xfree
0 [d :] Rather Than Fresh Noise? The suffix noise was sampled from the correct558

prior and used to generate xnaive
1 [d :], which is also the free region of xtarget

1 that we inverted. The559

model already associates xfree
0 [d :] with a valid on-manifold continuation under observation o. Re-560

placing it with fresh noise ε ∼ N (0, I) introduces a discontinuity at position d: the token mixing561

layers of vθ propagate this mismatch between x∗
0[: d] and ε[d :] across all positions during the final562

forward pass, degrading prefix quality. Keeping the original suffix avoids this coupling error.563

G Evaluation Metrics564

Success Rate (SR) is the fraction of trials that satisfy the task-specific success criterion:565

SR =
#successful trials

#total trials
. (13)

Average Time for Successful Rollouts (ATR) is the mean completion time over successful trials:566

ATR =
1

|S|
∑
i∈S

Ti , (14)

where S is the set of successful trials and Ti is the completion time of trial i.567

Prefix Consistency Error (CON) measures how closely the newly generated chunk matches the568

actions already executed during inference:569

CON =
1

d

d−1∑
i=0

∥At[i]−At−1[s+ i]∥2 . (15)

For real-world experiments, actions are reported in joint-angle space (radians) without per-570

dimension weighting; rotational and translational dimensions are treated equally. Lower CON indi-571

cates better satisfaction of the prefix constraint.572
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