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Abstract

Some of the most performant reinforcement learning algorithms today can be1

prohibitively expensive as they use test-time scaling methods such as sampling2

multiple action candidates and selecting the best one. In this work, we propose3

FASTER, a method for getting the benefits of sampling-based test-time scaling of4

diffusion-based policies without the computational cost by tracing the performance5

gain of action samples back to earlier in the denoising process. Our key insight is6

that we can model the denoising of multiple action candidates and selecting the best7

one as a Markov Decision Process (MDP) where the goal is to progressively filter8

action candidates before denoising is complete. With this MDP, we can learn a9

policy and value function in the denoising space that predicts the downstream value10

of action candidates in the denoising process and filters them while maximizing11

returns. The result is a method that is lightweight and can be plugged into existing12

generative RL algorithms. Across challenging long-horizon manipulation tasks in13

online and batch-online RL, FASTER consistently improves the underlying policies14

and achieves the best overall performance among the compared methods. Applied15

to a pretrained VLA, FASTER achieves the same performance while substantially16

reducing training and inference compute requirements.17

Code: https://anonymous.4open.science/r/faster-C25018

1 Introduction19

Recent reinforcement learning (RL) methods have demonstrated strong performance using expressive20

policy backbones such as diffusion models which are widely used in domains such as image/video21

generation and robotics. However, some of the most performant of these algorithms are prohibitively22

expensive both during training and at test time. This is because many of these algorithms rely on23

sampling multiple candidate actions and selecting the best one, for example as determined by which24

one has the highest value. While effective, such approaches incur substantial computational costs.25

This is especially problematic for large models like modern Vision-Language-Action (VLA) models,26

which already operate near the limits of acceptable latency. A modest sample count of eight will27

multiply inference costs accordingly and can render these methods impractical in latency-sensitive or28

resource-constrained settings. In this work, we ask: can we recover the benefits of sampling-based29

test-time scaling without suffering its computational cost?30

This high computational cost comes from policies with generative models such as diffusion or flow31

matching that need to denoise all candidates. Prior works have shown that test-time scaling methods32

for generative models are performant. Methods such as best-of-N sampling and self-consistency33

sample multiple candidates and select the one that maximizes a given metric. While these methods34

are effective at maximizing performance, they scale poorly and require full denoising over all35

action candidates. Distillation-based approaches amortize this cost by training the policy to directly36

reproduce high-value behaviors, but require training a separate policy which can be expensive. The37

core difficulty underlying all of these approaches is that, without observing the fully denoised samples,38

it is hard to know which ones are worth executing since there is no direct supervision linking a given39

noise sample to its downstream outcome, and the mapping from noise to action is only defined40

implicitly through the denoising process.41
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Figure 1: Left: Overview of FASTER. Instead of denoising all N candidates and selecting the best action post-hoc (best-of-
N ), FASTER learns a denoise critic Qdn that scores action samples during denoising, often directly on the initial noise itself.
Right: Performance of FASTER compared with baseline averaged across tasks for π0.5. The FLOPs are normalized on the
x-axis against the amount of FLOPs needed for the baseline to converge.

In this work, our key insight is that we can model the denoising of multiple candidate samples and42

the selection of the best one as a Markov Decision Process (MDP) where the goal is to progressively43

filter candidates before denoising is complete. With this MDP, we can learn a denoise Q-function and44

policy with traditional temporal difference learning that decides which actions to keep and remove45

while maximizing the returns. To supervise the value function without requiring exhaustive rollouts,46

we use the value function over final actions as the reward of the action filtering MDP, enabling the47

model to propagate outcome information back to the denoising space without direct outcome labels48

for every candidate. Practically, we find that filtering candidates at the noise level—which is the49

cheapest instantiation computationally—achieves performance equivalent to fully denoising all action50

samples and selecting the highest value action. The computational cost of denoising—which is the51

dominant bottleneck at inference time—is thus reduced to that of a single rollout, regardless of the52

number of action candidates. The result is a lightweight, modular approach that decouples the benefits53

of broad action sample selection from the cost of full policy execution.54

Our main contribution is a framework for obtaining the performance gains of sampling and selecting55

the best of multiple actions of RL methods without the computational overhead of denoising all56

actions. Unlike approaches that operate on actions, our method operates directly on the denoising57

process to filter down candidates, making selection both cheap and modular. We evaluate our method58

on challenging manipulation benchmarks, including Robomimic and LIBERO, across algorithms and59

model capacities, demonstrating consistent gains over single-sample baselines and near-parity with60

best-of-N methods at a fraction of the computational overhead.61

2 Related Work62

Test-time scaling and best-of-N inference. Significant work has shown test-time scaling methods63

for generative models to be highly performant. These methods take several forms, including iterative64

refinement, but the most common involve sampling multiple candidates and performing filtering or65

refinement based on a group of samples. Best-of-N sampling is the most standard of such methods,66

with extensive use in many domains including in autoregressive language models [1, 2, 3], diffusion67

models [4], and policy learning [5, 6, 7, 8].68

Diffusion policies and value-guided sampling. Diffusion models have emerged as a strong policy69

class for a wide variety of domains because they can represent rich, multimodal data distributions [5,70

6, 9, 10, 11, 12, 13, 14]. Several recent works study how to improve these policies with value71

functions or reduce their inference cost. Value-Guided Policy Steering (V-GPS) re-ranks actions72

from frozen robot policies with a learned value function [15], RoboMonkey scales test-time sampling73

and verification for vision-language-action policies [16], and EXPO couples an expressive base74

policy with a lightweight edit policy and selects value-maximizing actions online [5]. Other work75

amortizes or changes the policy itself: One-Step Diffusion Policy distills multi-step denoising into a76

faster actor [17], while DSRL post-trains a behavior-cloned diffusion policy by running RL in its77

latent-noise space [18]. Compared to these approaches, our method learns a separate critic over which78
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actions to filter during denoising, enabling candidate selection before actions are denoised. As such,79

our method can be directly applied to methods that can benefit from sampling multiple actions.80

Initial-noise and noise-space methods for diffusion models. A rapidly growing body of literature81

shows that the initial seed of a diffusion model has a significant effect on generation quality. Prior82

work has shown that seed quality is linked to inversion stability [19, 20] and several methods explicitly83

optimize or learn better starting noises, including InitNO and FIND [21, 22], as well as plug-and-84

play noise refinement methods such as Golden Noise [23], NoiseRefine [24], and Noise-Level85

Guidance [25]. Noise Hypernetworks likewise seek to amortize test-time noise optimization into86

a learned auxiliary module [26]. More closely related, TTSnap [27] prunes candidate trajectories87

early by decoding intermediate estimates and scoring them with noise-aware reward models trained88

via self-distillation, allowing it to search over larger candidate sets. This is similar in spirit to our89

goal of recovering the benefits of best-of-N without denoising every candidate, but the mechanism is90

distinct. TTSnap still performs partial denoising and reward evaluation at selected timesteps, and91

is studied in text-to-image generation with image-reward objectives from pretrained models. By92

contrast, we frame the problem of filtering action candidates as an MDP and learn a state-conditioned93

critic that predicts downstream value directly from the initial noise of a diffusion policy in the context94

of reinforcement learning.95

3 Preliminaries96

We consider problems modeled as Markov decision processes (MDPs), each defined by a tuple97

{S,A, r, γ, T, ρ} where S is the state space, A is the action space, r : S × A → R is the reward98

function, T (s′|s, a) comprises the transition dynamics, γ ∈ [0, 1] is the discount factor, and ρ(s)99

is the initial state distribution. In this MDP, the RL agent observes state st at every timestep t and100

chooses action at from its policy π(at|st). The tuple of states, actions, rewards, and next states101

(s, a, r, s′) is appended to a replay buffer D for training. The goal of RL is to maximize the expected102

sum of discounted returns Eπ[
∑T

t=0 γ
tr(st, at)].103

In this paper, we study the setting where the policy π is a diffusion or flow policy that requires104

denoising. We further focus on algorithms that perform test-time scaling through sampling multiple105

action candidates. Given N initial noise seeds {ϵi}Ni=1, the policy denoises them into N actions106

{ai}Ni=1. The policy then selects the best action among the candidate set, for example by choosing107

i∗ = argmaxi Q(s, ai) and executing ai∗ . Our main goal is to capture the performance gain from108

these sampling-based test-time scaling approaches without the computational cost of denoising all N109

action candidates.110

4 FASTER111

To capture the benefits of test-time scaling without its computational overhead, we leverage a key112

insight: the sample variance that drives these gains can be traced to early in the denoising process.113

We introduce FASTER, a framework that models denoising as an MDP and learns a filtering policy to114

select promising actions before they are denoised. An overview is shown in Figure 1. We first define115

the filtering MDP (Section 4.1), then describe policy learning within this MDP (Section 4.2). In116

practice, we find that sample variance is largely determined by the initial noise, motivating a practical117

instantiation that filters at the noise level — the earliest and computationally cheapest point in the118

denoising chain. We describe this and further practical implementations in Section 4.3.119

4.1 Modeling Action Denoising as an MDP120

We want to select the best action candidates before denoising completes. To do so, we model the121

reverse diffusion process as a filtering MDP over N noise candidates {ϵi}Ni=1, ϵi ∼ N (0, I), where a122

policy progressively discards unpromising candidates at each denoising step. We illustrate this in123

Figure 2.124

States. A state st = (s, t, Ct, {a(t)i }i∈Ct) consists of the environment state s, the denoising timestep125

t ∈ {T, . . . , 1}, the surviving candidate set Ct ⊆ {1, . . . , N}, and the partially denoised intermediates,126

from pure noise a
(T )
i = ϵi to a clean action at t=1.127
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Algorithm 1 Learning procedure in FASTER

Require: s, πθ, Qdn, Qa, N
1: Sample {ϵi}Ni=1 with ϵi ∼ N (0, I)
2: i∗ ← argmaxi Q

dn(s, ϵi)
3: ai∗ ← πθ(s, ϵi∗)

4: Lreg =
∥∥Qdn(s, ϵi∗)− sg[Qa(s, ai∗)]

∥∥2
2

Algorithm 2 Inference procedure in FASTER

Require: s, πθ, Qdn, N
1: Sample {ϵi}Ni=1 with ϵi ∼ N (0, I)
2: i∗ ← argmaxi Q

dn(s, ϵi)
3: ai∗ ← πθ(s, ϵi∗)
4: Execute ai∗

Figure 2: Action Filtering MDP. We model
the process of denoising action candidates and
selecting the best one as an MDP where the goal
is to filter action samples during denoising while
maximizing returns.

Actions. At each step the policy retains or discards each128

candidate: mt,i ∈ {0, 1} for i ∈ Ct, with at least one re-129

tained (
∑

i mt,i ≥ 1). The surviving set becomes Ct−1 =130

{i : mt,i = 1}.131

Transitions. A denoising step is applied to each candidate,132

producing a
(t−1)
i . The episode ends when a single candi-133

date remains (|Ct−1| = 1) or denoising finishes (t = 1), at134

which point the highest-scoring survivor is executed. The135

episode may terminate at t > 1, in which case the remaining136

candidate is denoised until t = 1.137

Reward. Non-terminal steps receive zero reward. At138

termination the reward is Qa(s, ai∗), where ai∗ is the139

executed action.140

4.2 Learning the filtering policy141

To learn the filtering policy in the MDP above, we learn an142

action-value function over filtering decisions. Concretely,143

we learn the denoise critic Qdn(st,mt), where st = (s, t, Ct, {a(t)i }i∈Ct) is the filtering state and144

mt = {mt,i}i∈Ct is the filtering action with mt,i ∈ {0, 1} denoting whether candidate i is retained.145

We train Qdn with a temporal-difference (TD) objective.146

LTD = E(st,mt,st−1)

[(
Qdn(st,mt)−

[
rt + γ max

mt−1

Q̄dn(st−1,mt−1)

])2
]

(1)

where rt = 0 for non-terminal transitions and, at termination, rt = Qa(s, ai∗) for the executed action147

ai∗ induced by the final surviving candidate.148

At test time, we sample N noise candidates {ϵi}Ni=1 with ϵi ∼ N (0, I) and repeatedly apply the149

filtering policy induced by Qdn to choose filtering actions mt until a single candidate remains. Let150

i∗ denote the surviving candidate index. That survivor is then denoised to obtain the final action151

ai∗ = πθ(s, ϵi∗). Depending on the method (Section 4.3), we either use ai∗ as the final action or152

consider this alongside a proposal action from an edit policy.153

4.3 Practical implementation154

In our setting, we restrict the MDP to only filter at t = T , reducing the multi-step filtering process155

to a single decision. Since the filtering happens before any denoising, the state collapses to just the156

environment state s (the denoising timestep is fixed at T and there is no history of prior filtering steps),157

and the filtering “action” reduces to selecting a single candidate rather than producing a binary mask158

mt over survivors. Under this simplification, the joint Qdn(st,mt) from Section 4.2 decomposes159

into per-candidate scores: we learn a noise-level critic Qdn(s, ϵ) that maps an environment state s160

and a single noise sample ϵ ∼ N (0, I) to the expected return of denoising that sample. We denote161

the standard action-space critic as the action-level critic Qa(s, a), which provides the supervision162

signal. We use a greedy filtering policy which selects i∗ = argmaxi Q
dn(s, ϵi) and denoises ϵi∗ into163

ai∗ = πθ(s, ϵi∗).164

Because the MDP is now one step, the TD objective in Section 4.2 simplifies to a one-step regression165

against the action-level critic. We sample N noise candidates {ϵi}Ni=1 with ϵi ∼ N (0, I), select166
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the highest-scoring index i∗ = argmaxi Q
dn(s, ϵi), denoise ϵi∗ to obtain ai∗ = πθ(s, ϵi∗), and167

supervise Qdn by regressing to the action-level critic:168

Lreg =
∥∥Qdn(s, ϵi∗)− sg [Qa(s, ai∗)]

∥∥2
2
.

The regression-based learning and inference procedures are summarized in Algorithms 1 and 2. At169

test time, we select i∗ = argmaxi∈{1,...,N} Q
dn(s, ϵi) and denoise only the selected candidate ϵi∗ to170

obtain the final action ai∗ = πθ(s, ϵi∗).171

We evaluate FASTER with two sampling-based methods in our experiments.172

FASTER-EXPO. We implement FASTER on top of EXPO, a high-performing online RL method that173

leverages a diffusion base policy combined with a lightweight edit policy. In this case, the selected174

denoised action ai∗ serves as the base-policy proposal, and the downstream edit step follows EXPO175

unchanged.176

FASTER-IDQL. We implement FASTER on top of IDQL, which performs implicit action selection177

from a diffusion policy without an edit policy. In this case, the denoised action ai∗ is executed178

directly.179

4.4 Computational profile180

The key computational advantage of FASTER over best-of-N sampling is that it replaces N full181

denoising rollouts with N cheap noise-level critic evaluations followed by a single denoising rollout.182

Let T denote the number of denoising steps, N the number of candidates, and Factor, Fcritic the183

FLOPs for a single forward pass of the actor and critic, respectively. Standard best-of-N sampling184

denoises all N candidates for T steps each and then scores the resulting actions:185

CBoN = T ·N · Factor + N · Fcritic.

FASTER instead scores all N noise candidates with the noise critic and denoises only the top-scoring186

one:187

CFASTER = N · Fcritic + T · Factor.

The savings come from reducing the actor cost from O(TN) to O(T ), eliminating (N−1) full188

denoising passes. When T = N and Factor = Fcritic = F , the cost reduces from T (T+1) · F to189

2T · F—an approximate T/2× speedup.190

In practice, T typically ranges from 5 to 20 denoising steps. For example, EXPO [5] uses T=10191

and N=8. While one-step diffusion methods [28, 29] attempt to distill multi-step generations into192

a single-step process, state-of-the-art diffusion models in robotics, image generation, and video193

generation [30, 31, 32, 33] continue to use multi-step sampling in this range, making the cost194

reduction from FASTER broadly applicable.195

In our primary experiments, the actor and critic share the same architecture and FLOP count (Factor =196

Fcritic), consistent with baselines such as [5] and recent work on large-scale RL [34]. For our VLA197

experiments, the asymmetry is even more favorable: the critic has 20M parameters versus the actor’s198

3.3B, so Fcritic ≪ Factor and the N noise-level evaluations add negligible overhead.199

5 Experiments200

The goal of our experiments is to answer the following core questions:201

(Q1) How does FASTER perform compared to state-of-the-art RL methods in both the online setting202

and the batch-online setting?203

(Q2) Is FASTER able to recover the performance gains of test-time scaling while reducing the204

computational cost?205

(Q3) Can FASTER be applied to a pretrained Vision-Language-Action (VLA) model?206

(Q4) What components of FASTER are most important for performance?207

Environments. We evaluate FASTER on a set of 9 challenging manipulation tasks from Robomimic208

and LIBERO. All tasks feature a sparse reward indicating task completion. These environments209

involve controlling a 7-DoF robot arm to complete complex manipulation tasks. For Robomimic,210

we evaluate on Lift, Can, Square, and Tool Hang, which require picking up a block, picking up a211
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Figure 3: Top: Success rates of FASTER and baselines in the online settings. FASTER-EXPO outperforms strong baselines in
sample efficiency. Bottom: Compute comparisons of FASTER-EXPO and EXPO. FASTER eliminates extra denoising during
training and inference, yielding large FLOP reductions relative to the EXPO with comparable task performance.
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Figure 4: Success rate and compute comparisons of FASTER-IDQL and IDQL in the online setting. FASTER can be
applied to IDQL to eliminate extra denoising rollouts at inference while obtaining the same performance in success rates (see
Figure 3).

can and placing it, inserting a tool onto a square peg, and hanging a tool on a rack, respectively. For212

LIBERO, we start from the pretrained pi05_libero checkpoint from OpenPI [30], which is trained213

on libero_goal, libero_object, libero_spatial, and libero_10 but not libero_90; we214

then select all held-out libero_90 tasks on which the original policy achieves 40–60% success and215

run RL on those tasks without any offline data.216

Baselines. We compare our method to prior state-of-the-art methods for online and batch-online217

reinforcement learning [35].218

EXPO [5]. EXPO is an online RL method that jointly learns an expressive diffusion policy alongside219

a lightweight Gaussian edit policy that edits the actions sampled from the base policy toward a higher220

value distribution.221

IDQL [6]. IDQL trains an expressive diffusion policy via imitation learning and uses implicit policy222

extraction by performing best-of-N sampling, selecting the action that maximizes the Q-value.223

RLPD [36]. RLPD is a highly sample-efficient algorithm that leverages prior data and samples224

from it for learning. RLPD uses a simpler Gaussian policy and has been shown to outperform many225

offline-to-online methods even without pretraining. For both evaluation settings, we run RLPD226

without offline pretraining.227

QSM [14]. QSM is an online RL method that trains diffusion policies by matching the diffusion loss228

to action gradients. QSM aims to avoid instability of value propagation to the expressive policy by229

incorporating losses to guide the denoising process.230

DSRL [18]. DSRL is an online RL method that adapts a frozen diffusion-based behavior cloning231

policy by performing RL over the initial noise seed used for sampling. DSRL learns a clipped232

Gaussian policy that predicts the initial noise.233

QAM [37]. QAM is an online RL method that trains diffusion policies with adjoint matching. QAM234

aims to avoid instability of value propagation to the expressive policy by using action gradients to235

form a step-wise objective function that is free from unstable backpropagation.236
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Figure 5: Top: Success rate curves of FASTER-EXPO and EXPO in the batch-online setting. FASTER matches the
performance of EXPO in iterations. Bottom: Compute comparisons of FASTER-EXPO and EXPO in the batch-online setting.
Like in the online setting, in the batch-online setting FASTER-EXPO yields a large FLOP reduction compared to EXPO from
not needing to denoise all action samples.

FQL [12]. FQL uses a one-step flow policy to maximize the Q estimates learned with the standard237

TD objective. It also incorporates a behavioral regularization term toward a BC flow policy.238

5.1 How does FASTER perform compared to state-of-the-art RL methods in both the online239

setting and the batch-online setting?240

We present the main results in Figure 3 and Figure 5. Across both the online and batch-online241

settings, FASTER-EXPO achieves the strongest overall performance among all baselines. In the online242

setting, FASTER-EXPO significantly outperforms even highly sample-efficient methods such as RLPD.243

Methods that rely on action gradients to directly train an expressive policy, such as QSM and QAM,244

consistently struggle to match this performance. DSRL, which steers diffusion policies through245

the noise latent space, improves steadily but exhibits worse sample efficiency than methods that246

optimize directly in the action space. FQL, despite leveraging a one-step flow policy, consistently247

underperforms as behavioral regularization toward a BC policy can hinder exploration in the online248

setting. In the batch-online setting, FASTER-EXPO achieves the same performance as EXPO when249

comparing iterations, and outperforms EXPO in terms of compute efficiency. Overall, FASTER250

achieves state-of-the-art performance across all evaluated methods.251

5.2 Is FASTER able to recover the performance gains of test-time scaling while reducing the252

computational cost?253

We now evaluate whether the noise-level critic can identify high-quality noise seeds before denoising,254

avoiding the redundant computation of fully denoising all N candidates. We compare FASTER-EXPO255

and FASTER-IDQL against their unfiltered counterparts, EXPO and IDQL, which rely on best-of-N256

sampling at inference time. As shown in Figure 3 and Figure 4, both FASTER variants achieve task257

success rates within the margin of error of their respective baselines across the evaluation suite in258

the online setting, confirming that the noise-level critic effectively recovers the performance gains259

of test-time scaling. Crucially, this comes at a fraction of the computational cost: as detailed in260

Section 4.4 and shown empirically in Figure 3, Figure 4 and Figure 6, FASTER reduces inference-time261

actor forward passes fromO(TN) toO(T ) by replacing N full denoising rollouts with N lightweight262

critic evaluations followed by a single denoising pass. Concretely, the update step goes from 11.6 s to263

2.5 s and the inference step goes from 566ms to 335ms. These results demonstrate that the sample264

variance exploited by best-of-N selection is largely determined at the noise level, and that FASTER265

can capture this signal without incurring the cost of exhaustive denoising. We further discuss the266

computational tradeoffs between our methods and baselines in Section C.1.267
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Figure 7: FASTER-EXPO compared to EXPO on top of π0.5. Top: Performance with environment steps. FASTER-EXPO
is competitive in performance compared to EXPO. Bottom: Performance with FLOPs. FASTER-EXPO performs significantly
better than EXPO under the same compute as FASTER-EXPO chooses the best action sample without denoising all sampled
actions in inference and training.

5.3 Can FASTER be applied to a pretrained Vision-Language-Action (VLA) model?268
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Figure 6: Training and inference timing of FASTER-EXPO
compared to EXPO. FASTER-EXPO achieves 1.7x improvement
in inference time and 4.5x improvement in the update step time.

The computational burden of sampling-based269

methods is particularly acute as model scale in-270

creases; recent VLAs commonly reach 3B pa-271

rameters, making the cost of denoising N can-272

didates at every environment step prohibitive273

for both training and deployment. We there-274

fore evaluate whether FASTER can be applied275

to a pretrained VLA to recover the benefits276

of best-of-N sampling at substantially lower277

cost. Concretely, we apply FASTER-EXPO to278

the 3.3B-parameter pi05_libero checkpoint279

from OpenPI [30] and fine-tune it with online RL on 5 held-out libero_90 tasks, comparing against280

EXPO under identical conditions.281

Compute savings. As shown in Figure 6, FASTER-EXPO reduces the per-step update time by282

approximately 4.5× relative to EXPO, from roughly 11.6 s to 2.5 s. This speedup stems from the283

fact that FASTER only denoises a single candidate through the 3.3B-parameter actor during each284

training step, whereas EXPO must denoise all N candidates to score them with the env-level critic.285

At inference time, FASTER-EXPO reduces latency from 566ms to 335ms per action, a 1.7× speedup.286

The gains are even more pronounced in FLOPs: FASTER-EXPO requires 4.70×1012 inference FLOPs287

per step compared to 3.75× 1013 for EXPO—an 8× reduction (Figure 6). The theoretical tradeoff288

described in Section 4.4 is especially favorable in the VLA setting because the noise-level critic289

(20M parameters) is far smaller than the actor (3.3B parameters), so scoring N noise candidates adds290

negligible overhead relative to a single denoising pass.291

Task performance. Despite these substantial compute reductions, FASTER-EXPO matches EXPO on292

the majority of the 5 evaluated tasks (Figure 7, top). Across the task suite, FASTER-EXPO achieves293

comparable aggregate success rates to EXPO while requiring a fraction of the compute budget. These294

results demonstrate that FASTER scales naturally to large pretrained VLAs, enabling efficient online295

RL fine-tuning without sacrificing the performance benefits of sampling-based action selection.296

5.4 What components of FASTER are most important for performance?297

To better understand how different pieces of FASTER contribute to performance, we ablate over three298

key components: (1) the size of the denoise critic, (2) which step to filter with the denoise critic,299

and (3) learning the full filtering policy according to the MDP in Section 4.1. We present additional300

experiments on comparing FASTER against distilling the value maximizing distribution in Section A301

as another approach for reducing computational cost.302

How does the size of the denoise critic affect performance? We investigate whether the capacity303

of the denoise critic is a significant factor in performance. Specifically, we compare architectures304

ranging from a smaller network (128 hidden units × 3 layers, 300K params) to a medium network305
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Figure 8: Critic-size ablation for FASTER-EXPO on can
and square. We compare filtering critics Qdn with parame-
ter counts set to approximately 1.0×, 0.5×, and 0.25× that
of Qa. We find that Qdn can be substantially smaller than
Qa without degrading performance.
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Figure 9: Filtering step ablation. FASTER-EXPO
achieves similar performance across different filtering steps,
suggesting FASTER does not require precise selection of the
filtering step and filtering at the initial seed is effective.

(176 hidden units × 3 layers, 689K params) to a larger network (256 hidden units × 3 layers, 1.4M306

params) on the Robomimic Can and Square tasks. As shown in Figure 8, performance remains307

largely consistent across all configurations, suggesting that FASTER is robust to moderate variations in308

critic capacity and does not require careful tuning of this hyperparameter. Importantly, this suggests309

FASTER can be used with a smaller denoise critic compared to action critic, which can greatly reduce310

computational cost in the case of large critic networks.311
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Figure 10: Learned-filter ablation results. Filtering at the
initial seed performs comparably to learning the full filtering
policy in the MDP.

How does the choice of filtering step affect312

performance? In our experiments, we im-313

plement FASTER by filtering only at the initial314

noise. A natural question is whether the specific315

denoising timestep at which the critic filter is ap-316

plied has a meaningful impact on performance.317

We evaluate several choices of filtering step on318

the Robomimic Can and Square tasks. As re-319

ported in Figure 9, performance is consistent320

across the range of steps considered, indicating321

that FASTER does not require precise selection322

of the filtering timestep and is robust to this design choice; filtering at the initial seed achieves the323

best performance relative to the computation required.324

Policy learning with the full filtering MDP. The complete formulation of FASTER learns a filtering325

policy that can filter at any step of the denoising process. In our experiments, we reduce this multi-step326

filtering process to a single decision and implement filtering at the initial noise level, as this approach327

incurs minimal computational overhead while achieving performance on par with fully denoising328

all action candidates. Here, we present results for the general setting in which the filtering policy329

is learned to adaptively select the denoising step at which filtering occurs. In this case, γ implicitly330

encourages the policy to terminate at earlier timesteps to save compute. Evaluating on the Robomimic331

Can and Square tasks, we find that the learned adaptive policy performs comparably to fixed filtering332

at the initial noise level. This suggests the single-step simplification of filtering at the initial seed333

serves as a good proxy for solving the full MDP.334

6 Discussion335

In this work, we propose FASTER, a method for obtaining the benefits of sampling-based test-time336

scaling without incurring its computational cost. By framing the denoising of multiple action candi-337

dates as an MDP, FASTER learns a filtering policy that selects actions according to their downstream338

value. Despite these promising results, FASTER has limitations. First, while FASTER substantially339

improves upon its base algorithms in computational efficiency, it is not designed to improve sample340

efficiency. In our experiments, FASTER-EXPO achieves better sample efficiency relative to strong341

baselines, owing largely to the inherent sample efficiency of EXPO, but does not surpass EXPO itself342

in this regard. Improving the sample efficiency of filtering-based approaches is an interesting direction343

for future work. Furthermore, FASTER is designed for policy classes that use initial noise seeds,344

which encompass some of the most performant policy representations in contemporary reinforcement345

learning. Extending this to policy classes that lack such a seed structure is left to future work.346
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A Additional Experiments517

A natural question is whether the best-of-N sampling benefits observed in EXPO and IDQL can518

be recovered by a single policy trained via distillation. Concretely, an alternative to FASTER would519

proceed as follows: sample N noise candidates {ϵi}Ni=1 with ϵi ∼ N (0, I), denoise each to obtain520

actions ai = πθ(s, ϵi), select the highest-scoring index i∗ = argmaxi Q
a(s, ai), and distill the521

selected action ai∗ into a new policy π′
θ by supervising against ai∗ . We evaluate this distillation522

baseline in Figure 11 and find that it performs substantially worse than FASTER. We attribute this gap523

to the instability inherent in distillation: the distilled policy must continually chase a moving target524

defined by the Q-function, yielding a non-stationary training distribution that destabilizes learning.525

By contrast, FASTER operates directly in noise space, framing selection as an easier filtering problem526

that is more amenable to stable optimization.527
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Figure 11: Distillation ablation results. Distilling the value maximizing distribution into a policy performs significantly
worse compared to FASTER.

B Experiment Details528

Hyperparameter FASTER-EXPO FASTER-IDQL

Actor / critic learning rate 3× 10−4 / 3× 10−4 3× 10−4 / 3× 10−4

Batch size 256 256
Discount 0.99 0.99
Target update τ 0.005 0.005
UTD ratio 20 20
Candidates N 8 8
Candidates kept after filtering 1 1
Denoising steps T 10 100
Filter temperature mode z-score z-score
Expectile — 0.8
Edit scale 0.15 —

Table 1: Hyperparameters for the FASTER-EXPO and FASTER-IDQL variants on Robomimic.

Datasets and evaluation. For the Robomimic experiments, all tasks use sparse binary rewards and529

report success rate. In the online setting, we do not pretrain on offline data, but we retain the same task530

conventions used in prior work to define task difficulty: Lift uses a 10-episode subset of the original531

dataset to make it more challenging, Can uses the multi-human dataset, and Square and Tool Hang532

use the standard proficient-human split. In the batch-online setting, we initialize training from these533

same demonstration sources and then continue interaction online. For the batch-online setting, we use534

T = 10 denoising steps for Lift and Can, and T = 100 denoising steps for Square. For the final535

rerun FASTER-EXPO experiments, evaluation is performed every 50k environment steps on Lift,536

Can, and Square, and every 100k steps on Tool Hang; FASTER-IDQL uses the same evaluation537

protocol. Evaluation-time filtering with Qdn is greedy (temperature 0) for all Robomimic tasks,538

while at training time we sample candidates from a softmax over z-score–normalized Q-values with539

temperature 1.0 for Lift, Can, and Square, and 0.1 for Tool Hang. Unless otherwise specified,540

line plots report the mean success rate over three seeds and the shaded regions denote the max and541

min.542

14



VLA experiments. For the pretrained VLA experiments, we follow the held-out LIBERO protocol543

described in the main text and fine-tune entirely online, without mixing in offline data. We use a544

batch size of 32, UTD ratio 10, and 100k online training steps. We use N = 8 candidates, retain a545

single candidate after filtering for FASTER-EXPO, and denoise for T = 10 steps. The VLA predicts546

action chunks over 10 steps and we execute the entire chunk before replanning. Online optimization547

is performed at the episode level rather than every environment step: after each completed episode,548

we run three updates on newly sampled replay minibatches, with each update containing UTD 10549

critic updates. To best utilize the replay data, we train on all sliding window chunks. For this550

setting, the critic is lightweight relative to the actor, so the additional cost of evaluating multiple noise551

candidates remains small compared to a full multi-candidate denoising pass. Both training-time and552

evaluation-time candidate selection use greedy sampling (temperature 0), and we use an edit scale of553

0.2.554

Implementation Details. We run experiments on a mix of NVIDIA A40, L40S, and H100 GPUs.555

All timing experiments are conducted on L40S GPUs. For update step timing, we consider the556

time taken for a single critic update, with other parameters as described in the prior paragraph. For557

inference step timing, we report BS=1 inference.558

C Computational Profile559

C.1 Comparison to non-diffusion-based methods560

Our work focuses on capturing the benefits of sampling-based methods for diffusion models without561

incurring the costs of these approaches. Diffusion and flow-based models are the dominant policy562

class in robotics, particularly in the real-world with VLAs [40, 41] and WAMs [42, 43], hence our563

focus. Other methods, such as the Gaussian policies used in RLPD [36], are generally more efficient564

due to lower typical parameter counts and no iterative computation—i.e., only a single forward step at565

inference. However, their limited expressivity makes them ill-suited for many real-world applications.566

Thus, this work focuses on the performance of diffusion methods with the same parameter count,567

which we believe to be the most apt comparison.568
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