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Abstract

Some of the most performant reinforcement learning algorithms today can be
prohibitively expensive as they use test-time scaling methods such as sampling
multiple action candidates and selecting the best one. In this work, we propose

, amethod for getting the benefits of sampling-based test-time scaling of
diffusion-based policies without the computational cost by tracing the performance
gain of action samples back to earlier in the denoising process. Our key insight is
that we can model the denoising of multiple action candidates and selecting the best
one as a Markov Decision Process (MDP) where the goal is to progressively filter
action candidates before denoising is complete. With this MDP, we can learn a
policy and value function in the denoising space that predicts the downstream value
of action candidates in the denoising process and filters them while maximizing
returns. The result is a method that is lightweight and can be plugged into existing
generative RL algorithms. Across challenging long-horizon manipulation tasks in

online and batch-online RL, consistently improves the underlying policies
and achieves the best overall performance among the compared methods. Applied
to a pretrained VLA, achieves the same performance while substantially

reducing training and inference compute requirements.

Code: https://anonymous.4open.science/r/faster-C250

1 Introduction

Recent reinforcement learning (RL) methods have demonstrated strong performance using expressive
policy backbones such as diffusion models which are widely used in domains such as image/video
generation and robotics. However, some of the most performant of these algorithms are prohibitively
expensive both during training and at test time. This is because many of these algorithms rely on
sampling multiple candidate actions and selecting the best one, for example as determined by which
one has the highest value. While effective, such approaches incur substantial computational costs.
This is especially problematic for large models like modern Vision-Language-Action (VLA) models,
which already operate near the limits of acceptable latency. A modest sample count of eight will
multiply inference costs accordingly and can render these methods impractical in latency-sensitive or
resource-constrained settings. In this work, we ask: can we recover the benefits of sampling-based
test-time scaling without suffering its computational cost?

This high computational cost comes from policies with generative models such as diffusion or flow
matching that need to denoise all candidates. Prior works have shown that test-time scaling methods
for generative models are performant. Methods such as best-of-/N sampling and self-consistency
sample multiple candidates and select the one that maximizes a given metric. While these methods
are effective at maximizing performance, they scale poorly and require full denoising over all
action candidates. Distillation-based approaches amortize this cost by training the policy to directly
reproduce high-value behaviors, but require training a separate policy which can be expensive. The
core difficulty underlying all of these approaches is that, without observing the fully denoised samples,
it is hard to know which ones are worth executing since there is no direct supervision linking a given
noise sample to its downstream outcome, and the mapping from noise to action is only defined
implicitly through the denoising process.
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Figure 1: Left: Overview of . Instead of denoising all N candidates and selecting the best action post-hoc (best-of-
N), learns a denoise critic Q™ that scores action samples during denoising, often directly on the initial noise itself.
Right: Performance of compared with baseline averaged across tasks for mp.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 and
the selection of the best one as a Markov Decision Process (MDP) where the goal is to progressively
filter candidates before denoising is complete. With this MDP, we can learn a denoise Q-function and
policy with traditional temporal difference learning that decides which actions to keep and remove
while maximizing the returns. To supervise the value function without requiring exhaustive rollouts,
we use the value function over final actions as the reward of the action filtering MDP, enabling the
model to propagate outcome information back to the denoising space without direct outcome labels
for every candidate. Practically, we find that filtering candidates at the noise level—which is the
cheapest instantiation computationally—achieves performance equivalent to fully denoising all action
samples and selecting the highest value action. The computational cost of denoising—which is the
dominant bottleneck at inference time—is thus reduced to that of a single rollout, regardless of the
number of action candidates. The result is a lightweight, modular approach that decouples the benefits
of broad action sample selection from the cost of full policy execution.

Our main contribution is a framework for obtaining the performance gains of sampling and selecting
the best of multiple actions of RL methods without the computational overhead of denoising all
actions. Unlike approaches that operate on actions, our method operates directly on the denoising
process to filter down candidates, making selection both cheap and modular. We evaluate our method
on challenging manipulation benchmarks, including Robomimic and LIBERO, across algorithms and
model capacities, demonstrating consistent gains over single-sample baselines and near-parity with
best-of- N methods at a fraction of the computational overhead.

2 Related Work

Test-time scaling and best-of-/V inference. Significant work has shown test-time scaling methods
for generative models to be highly performant. These methods take several forms, including iterative
refinement, but the most common involve sampling multiple candidates and performing filtering or
refinement based on a group of samples. Best-of-/V sampling is the most standard of such methods,
with extensive use in many domains including in autoregressive language models [1, 2, 3], diffusion
models [4], and policy learning [5, 6, 7, 8].

Diffusion policies and value-guided sampling. Diffusion models have emerged as a strong policy
class for a wide variety of domains because they can represent rich, multimodal data distributions [5,
6,9, 10, 11, 12, 13, 14]. Several recent works study how to improve these policies with value
functions or reduce their inference cost. Value-Guided Policy Steering (V-GPS) re-ranks actions
from frozen robot policies with a learned value function [15], RoboMonkey scales test-time sampling
and verification for vision-language-action policies [16], and EXPO couples an expressive base
policy with a lightweight edit policy and selects value-maximizing actions online [5]. Other work
amortizes or changes the policy itself: One-Step Diffusion Policy distills multi-step denoising into a
faster actor [17], while DSRL post-trains a behavior-cloned diffusion policy by running RL in its
latent-noise space [18]. Compared to these approaches, our method learns a separate critic over which
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actions to filter during denoising, enabling candidate selection before actions are denoised. As such,
our method can be directly applied to methods that can benefit from sampling multiple actions.

Initial-noise and noise-space methods for diffusion models. A rapidly growing body of literature
shows that the initial seed of a diffusion model has a significant effect on generation quality. Prior
work has shown that seed quality is linked to inversion stability [19, 20] and several methods explicitly
optimize or learn better starting noises, including InitNO and FIND [21, 22], as well as plug-and-
play noise refinement methods such as Golden Noise [23], NoiseRefine [24], and Noise-Level
Guidance [25]. Noise Hypernetworks likewise seek to amortize test-time noise optimization into
a learned auxiliary module [26]. More closely related, TTSnap [27] prunes candidate trajectories
early by decoding intermediate estimates and scoring them with noise-aware reward models trained
via self-distillation, allowing it to search over larger candidate sets. This is similar in spirit to our
goal of recovering the benefits of best-of- N without denoising every candidate, but the mechanism is
distinct. TTSnap still performs partial denoising and reward evaluation at selected timesteps, and
is studied in text-to-image generation with image-reward objectives from pretrained models. By
contrast, we frame the problem of filtering action candidates as an MDP and learn a state-conditioned
critic that predicts downstream value directly from the initial noise of a diffusion policy in the context
of reinforcement learning.

3 Preliminaries

We consider problems modeled as Markov decision processes (MDPs), each defined by a tuple
{8, A,r,v,T,p} where S is the state space, A is the action space, r : S x A — R is the reward
function, T'(s'|s, a) comprises the transition dynamics, v € [0, 1] is the discount factor, and p(s)
is the initial state distribution. In this MDP, the RL agent observes state s; at every timestep ¢ and
chooses action a; from its policy m(a¢|s;). The tuple of states, actions, rewards, and next states
(s,a,r,s") is appended to a replay buffer D for training. The goal of RL is to maximize the expected

sum of discounted returns E [ZtT:o Yir(se, ar)].

In this paper, we study the setting where the policy 7 is a diffusion or flow policy that requires
denoising. We further focus on algorithms that perform test-time scaling through sampling multiple
action candidates. Given N initial noise seeds {¢;}¥,, the policy denoises them into N actions
{a;}}_,. The policy then selects the best action among the candidate set, for example by choosing
i* = argmax; Q(s, a;) and executing a;~. Our main goal is to capture the performance gain from
these sampling-based test-time scaling approaches without the computational cost of denoising all N
action candidates.

4 FASTER

To capture the benefits of test-time scaling without its computational overhead, we leverage a key
insight: the sample variance that drives these gains can be traced to early in the denoising process.
We introduce , a framework that models denoising as an MDP and learns a filtering policy to
select promising actions before they are denoised. An overview is shown in Figure 1. We first define
the filtering MDP (Section 4.1), then describe policy learning within this MDP (Section 4.2). In
practice, we find that sample variance is largely determined by the initial noise, motivating a practical
instantiation that filters at the noise level — the earliest and computationally cheapest point in the
denoising chain. We describe this and further practical implementations in Section 4.3.

4.1 Modeling Action Denoising as an MDP

We want to select the best action candidates before denoising completes. To do so, we model the
reverse diffusion process as a filtering MDP over N noise candidates {¢;} Y ;, €; ~ N(0, I), where a
policy progressively discards unpromising candidates at each denoising step. We illustrate this in
Figure 2.

States. A state s; = (s,t,Cy, {agt)}iect) consists of the environment state s, the denoising timestep
t € {T,...,1}, the surviving candidate set C; C {1,..., N}, and the partially denoised intermediates,

from pure noise agT) = ¢; to a clean action at t=1.
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Algorithm 1 Learning procedure in Algorithm 2 Inference procedure in

Require: s, 7y, Qd" QY N Require: s, 7y, Qd" N

1: Sample {e;}¥, with e; ~ N(0,1) 1: Sample {e;}, with e; ~ N(0,1)

2: i* < argmax; Q%" (s, ¢;) 2. i* < arg max; QM (s, ;)

3 @ (—7’1’9(8,61‘*) 30 g (—Wg(S,Ei*)

4: Ereg = Han (Sa 61*) - Sg[Qa(S’ Qj* )] ||§ 4 Execute ;-
Actions. At each step the policy retains or discards each Action Filtering MDP
candidate: m,; € {0,1} for ¢ € C;, with at least one re- .
tained (Y, my,; > 1). The surviving set becomes C;_ = filter at each step
{Z cMyq = 1

eps .. . . . €1 € €

Transitions. A denoising step is applied to each candidate, .
producing agtfl). The episode ends when a single candi- : =]
date remains (|C;—1| = 1) or denoising finishes (¢t = 1), at EN
which point the highest-scoring survivor is executed. The
episode may terminate at ¢ > 1, in which case the remaining denoise reward
candidate is denoised until ¢ = 1.
Reward. Non-terminal steps receive zero reward. At € —-—-- 3 Qa( s,a)

termination the reward is Q%(s,a;+), where a;« is the
executed action.
Figure 2: Action Filtering MDP. We model

4.2 Learning the filtering policy the process of denoising action candidates and
selecting the best one as an MDP where the goal

To learn the filtering policy in the MDP above, we learn an s to filter action samples during denoising while
action-value function over filtering decisions. Concretely, Mmaximizing returns.

we learn the denoise critic Q%" (s;, m;), where s; = (s,t,Cy, {az(-t)}iect) is the filtering state and
m; = {my ; }icc, is the filtering action with m, ; € {0, 1} denoting whether candidate ¢ is retained.
We train Q" with a temporal-difference (TD) objective.

2
£TD = E(st,mt,st_l) (an (St> mt) - |:Tt + Y max an (Stflu mtl):| ) (1)

m:_1

where r; = 0 for non-terminal transitions and, at termination, r = Q°(s, a;« ) for the executed action
a;+ induced by the final surviving candidate.

At test time, we sample N noise candidates {¢; }¥; with ¢, ~ N(0, I) and repeatedly apply the
filtering policy induced by Q" to choose ﬁlterlng actions m, until a single candidate remains. Let
1" denote the surviving candidate index. That survivor is then denoised to obtain the final action
a;~ = 7e(s, €;+). Depending on the method (Section 4.3), we either use a;« as the final action or
consider this alongside a proposal action from an edit policy.

4.3 Practical implementation

In our setting, we restrict the MDP to only filter at ¢ = T, reducing the multi-step filtering process
to a single decision. Since the filtering happens before any denoising, the state collapses to just the
environment state s (the denoising timestep is fixed at 7" and there is no history of prior filtering steps),
and the filtering “action” reduces to selecting a single candidate rather than producing a binary mask
m; over survivors. Under this simplification, the joint Q%" (s;, m;) from Section 4.2 decomposes
into per-candidate scores: we learn a noise-level critic Q™" (s, ¢) that maps an environment state s
and a single noise sample € ~ A (0, I) to the expected return of denoising that sample. We denote
the standard action-space critic as the action-level critic Q%(s, a), which provides the supervision
signal. We use a greedy filtering policy which selects i* = arg max; Q%" (s, ¢;) and denoises ¢;- into
Q;x = 7T9(S, 61-*).

Because the MDP is now one step, the TD objective in Section 4.2 simpliﬁes to a one-step regression
against the action-level critic. We sample N noise candidates {¢;} 2, with ¢; ~ N(0, ), select
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the highest-scoring index i* = argmax; Q" (s, ¢;), denoise ¢;- to obtain a;~ = 7g(s, € ), and
supervise Q" by regressing to the action-level critic:

Lrog = @7 (5, 0) — 5 [Q (5,021 [

The regression-based learning and inference procedures are summarized in Algorithms 1 and 2. At
test time, we select i = argmax;cy1,... N} Q9" (s, ¢;) and denoise only the selected candidate €;+ to
obtain the final action a;+ = ma(s, €;+ ).

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

. We implement on top of EXPO, a high-performing online RL method that
leverages a diffusion base policy combined with a lightweight edit policy. In this case, the selected
denoised action a;~ serves as the base-policy proposal, and the downstream edit step follows EXPO
unchanged.

. We implement on top of IDQL, which performs implicit action selection
from a diffusion policy without an edit policy. In this case, the denoised action a;« is executed
directly.

4.4 Computational profile

The key computational advantage of over best-of-N sampling is that it replaces /N full
denoising rollouts with N cheap noise-level critic evaluations followed by a single denoising rollout.
Let T" denote the number of denoising steps, /N the number of candidates, and Fj,ctor, Feritic the
FLOPs for a single forward pass of the actor and critic, respectively. Standard best-of-N sampling
denoises all N candidates for 71" steps each and then scores the resulting actions:

CVBON = T'N'Factor + N'Fcritic~

instead scores all N noise candidates with the noise critic and denoises only the top-scoring
one:
C(FASTER = N- Fcritic + T- Factor-

The savings come from reducing the actor cost from O(T'N) to O(T'), eliminating (N —1) full
denoising passes. When T' = N and Fyctor = Feritic = F, the cost reduces from T(T+1) - F to
2T - F—an approximate T'/2x speedup.

In practice, T typically ranges from 5 to 20 denoising steps. For example, EXPO [5] uses T'=10
and N=8. While one-step diffusion methods [28, 29] attempt to distill multi-step generations into
a single-step process, state-of-the-art diffusion models in robotics, image generation, and video
generation [30, 31, 32, 33] continue to use multi-step sampling in this range, making the cost
reduction from broadly applicable.

In our primary experiments, the actor and critic share the same architecture and FLOP count (F,ctor =
Fiiitic), consistent with baselines such as [5] and recent work on large-scale RL [34]. For our VLA
experiments, the asymmetry is even more favorable: the critic has 20M parameters versus the actor’s
3.3B, s0 Firitic < Factor and the IV noise-level evaluations add negligible overhead.

S Experiments

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

(Q1) How does perform compared to state-of-the-art RL. methods in both the online setting
and the batch-online setting?

(Q2) Is able to recover the performance gains of test-time scaling while reducing the
computational cost?

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

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

Environments. We evaluate on a set of 9 challenging manipulation tasks from Robomimic
and LIBERO. All tasks feature a sparse reward indicating task completion. These environments
involve controlling a 7-DoF robot arm to complete complex manipulation tasks. For Robomimic,
we evaluate on Lift, Can, Square, and Tool Hang, which require picking up a block, picking up a
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Figure 3: Top: Success rates of and baselines in the online settings. outperforms strong baselines in
sample efficiency. Bottom: Compute comparisons of and EXPO. eliminates extra denoising during

training and inference, yielding large FLOP reductions relative to the EXPO with comparable task performance.

Inference FLOPs Lift can Square

BN IDQL [ FASTER IDQL

2830409
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Success Rate

2 50 75 100 2 50 75 100 25 50 75 100
Env Steps (x1000) Env Steps (x1000) Env Steps (x1000)

0.0x
Inference Step

FASTER IDQL  —— IDQL

Figure 4: Success rate and compute comparisons of and IDQL in the online setting. 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. For
LIBERO, we start from the pretrained pi05_libero checkpoint from OpenPI [30], which is trained
on libero_goal, libero_object, libero_spatial, and 1libero_10 but not 1ibero_90; we
then select all held-out 1ibero_90 tasks on which the original policy achieves 40-60% success and
run RL on those tasks without any offline data.

Baselines. We compare our method to prior state-of-the-art methods for online and batch-online
reinforcement learning [35].

EXPO [5]. EXPO is an online RL method that jointly learns an expressive diffusion policy alongside
a lightweight Gaussian edit policy that edits the actions sampled from the base policy toward a higher
value distribution.

IDQL [6]. IDQL trains an expressive diffusion policy via imitation learning and uses implicit policy
extraction by performing best-of- /N sampling, selecting the action that maximizes the ()-value.

RLPD [36]. RLPD is a highly sample-efficient algorithm that leverages prior data and samples
from it for learning. RLPD uses a simpler Gaussian policy and has been shown to outperform many
offline-to-online methods even without pretraining. For both evaluation settings, we run RLPD
without offline pretraining.

QSM [14]. QSM is an online RL method that trains diffusion policies by matching the diffusion loss
to action gradients. QSM aims to avoid instability of value propagation to the expressive policy by
incorporating losses to guide the denoising process.

DSRL [18]. DSRL is an online RL method that adapts a frozen diffusion-based behavior cloning
policy by performing RL over the initial noise seed used for sampling. DSRL learns a clipped
Gaussian policy that predicts the initial noise.

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

aims to avoid instability of value propagation to the expressive policy by using action gradients to
form a step-wise objective function that is free from unstable backpropagation.
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Figure 5: Top: Success rate curves of and EXPO in the batch-online setting. matches the
performance of EXPO in iterations. Bottom: Compute comparisons of and EXPO in the batch-online setting.
Like in the online setting, in the batch-online setting 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 standard
TD objective. It also incorporates a behavioral regularization term toward a BC flow policy.

5.1 How does perform compared to state-of-the-art RL methods in both the online
setting and the batch-online setting?

We present the main results in Figure 3 and Figure 5. Across both the online and batch-online
settings, achieves the strongest overall performance among all baselines. In the online
setting, significantly outperforms even highly sample-efficient methods such as RLPD.
Methods that rely on action gradients to directly train an expressive policy, such as QSM and QAM,
consistently struggle to match this performance. DSRL, which steers diffusion policies through
the noise latent space, improves steadily but exhibits worse sample efficiency than methods that
optimize directly in the action space. FQL, despite leveraging a one-step flow policy, consistently
underperforms as behavioral regularization toward a BC policy can hinder exploration in the online
setting. In the batch-online setting, achieves the same performance as EXPO when
comparing iterations, and outperforms EXPO in terms of compute efficiency. Overall,
achieves state-of-the-art performance across all evaluated methods.

52 Is able to recover the performance gains of test-time scaling while reducing the
computational cost?

We now evaluate whether the noise-level critic can identify high-quality noise seeds before denoising,
avoiding the redundant computation of fully denoising all N candidates. We compare

and against their unfiltered counterparts, EXPO and IDQL, which rely on best-of- N
sampling at inference time. As shown in Figure 3 and Figure 4, both variants achieve task
success rates within the margin of error of their respective baselines across the evaluation suite in
the online setting, confirming that the noise-level critic effectively recovers the performance gains
of test-time scaling. Crucially, this comes at a fraction of the computational cost: as detailed in
Section 4.4 and shown empirically in Figure 3, Figure 4 and Figure 6, reduces inference-time
actor forward passes from O(T'N) to O(T) by replacing N full denoising rollouts with IV lightweight
critic evaluations followed by a single denoising pass. Concretely, the update step goes from 11.6s to
2.5 s and the inference step goes from 566 ms to 335 ms. These results demonstrate that the sample
variance exploited by best-of- NV selection is largely determined at the noise level, and that

can capture this signal without incurring the cost of exhaustive denoising. We further discuss the
computational tradeoffs between our methods and baselines in Section C.1.
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Figure 7 compared to EXPO on top of 79.5. Top: Performance with environment steps.

is competitive in performance compared to EXPO. Bottom: Performance with FLOPs. performs significantly
better than EXPO under the same compute as chooses the best action sample without denoising all sampled
actions in inference and training.

5.3 Can be applied to a pretrained Vision-Language-Action (VLA) model?

‘Wall-clock time FLOPs

The computational burden of sampling-based
methods is particularly acute as model scale in-
creases; recent VLAs commonly reach 3B pa-
rameters, making the cost of denoising N can-
didates at every environment step prohibitive
for both training and deployment. We there-
fore evaluate whether can be applied
to a pretrained VLA to recover the benefits Fi e . -

. . igure 6: Training and inference timing of
of best-of-IV sampling at substantially lower compared to EXPO. achieves 1.7x improvement
cost. Concretely, we apply tO0  in inference time and 4.5x improvement in the update step time.
the 3.3B-parameter pi05_libero checkpoint
from OpenPI [30] and fine-tune it with online RL on 5 held-out 1ibero_90 tasks, comparing against
EXPO under identical conditions.

Normalized to EXPO

188
6.6%

Pr
less)

Update Step Inference Step Update Step Inference Step

BB EXPO =3 FASTER EXPO

Compute savings. As shown in Figure 6, reduces the per-step update time by
approximately 4.5x relative to EXPO, from roughly 11.6s to 2.5s. This speedup stems from the
fact that only denoises a single candidate through the 3.3B-parameter actor during each
training step, whereas EXPO must denoise all N candidates to score them with the env-level critic.
At inference time, reduces latency from 566 ms to 335 ms per action, a 1.7 x speedup.
The gains are even more pronounced in FLOPs: requires 4.70 x 10'2 inference FLOPs
per step compared to 3.75 x 103 for EXPO—an 8 x reduction (Figure 6). The theoretical tradeoff
described in Section 4.4 is especially favorable in the VLA setting because the noise-level critic
(20M parameters) is far smaller than the actor (3.3B parameters), so scoring N noise candidates adds
negligible overhead relative to a single denoising pass.

Task performance. Despite these substantial compute reductions, matches EXPO on
the majority of the 5 evaluated tasks (Figure 7, top). Across the task suite, achieves
comparable aggregate success rates to EXPO while requiring a fraction of the compute budget. These
results demonstrate that scales naturally to large pretrained VLAs, enabling efficient online
RL fine-tuning without sacrificing the performance benefits of sampling-based action selection.

5.4 What components of are most important for performance?

To better understand how different pieces of contribute to performance, we ablate over three
key components: (1) the size of the denoise critic, (2) which step to filter with the denoise critic,
and (3) learning the full filtering policy according to the MDP in Section 4.1. We present additional
experiments on comparing against distilling the value maximizing distribution in Section A
as another approach for reducing computational cost.

How does the size of the denoise critic affect performance? We investigate whether the capacity
of the denoise critic is a significant factor in performance. Specifically, we compare architectures
ranging from a smaller network (128 hidden units x 3 layers, 300K params) to a medium network
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Figure 8: Critic-size ablation for oncan  Figure 9: Filtering step ablation.
and square. We compare filtering critics Q4" with parame- achieves similar performance across different filtering steps,
ter counts set to approximately 1.0, 0.5x, and 0.25x that suggesting does not require precise selection of the

of Q. We find that Q9™ can be substantially smaller than filtering step and filtering at the initial seed is effective.
Q* without degrading performance.

(176 hidden units x 3 layers, 689K params) to a larger network (256 hidden units x 3 layers, 1.4M
params) on the Robomimic Can and Square tasks. As shown in Figure 8, performance remains
largely consistent across all configurations, suggesting that is robust to moderate variations in
critic capacity and does not require careful tuning of this hyperparameter. Importantly, this suggests

can be used with a smaller denoise critic compared to action critic, which can greatly reduce
computational cost in the case of large critic networks.

How does the choice of filtering step affect can . Square
performance? In our experiments, we im- —_—
plement by filtering only at the initial 3., o

Success Rate

noise. A natural question is whether the specific

denoising timestep at which the critic filter is ap- - o2

plied has a meaningful impact on performance. 7% & % % % 7 % & % ®

We evaluate several choices of filtering step on e e

the Robomimic Can and Square tasks. Asre-

ported in Figure 9, performance is consistent .Fl.g.ure 10: Learned-filter ablation results. Filtering at the

across the range of steps considered, indicating m1t‘1a1 geed performs comparably to learning the full filtering
. . . policy in the MDP.

that does not require precise selection

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

best performance relative to the computation required.

—— gamma=0.25 FASTER EXPO

Policy learning with the full filtering MDP. The complete formulation of learns a filtering
policy that can filter at any step of the denoising process. In our experiments, we reduce this multi-step
filtering process to a single decision and implement filtering at the initial noise level, as this approach
incurs minimal computational overhead while achieving performance on par with fully denoising
all action candidates. Here, we present results for the general setting in which the filtering policy
is learned to adaptively select the denoising step at which filtering occurs. In this case, v implicitly
encourages the policy to terminate at earlier timesteps to save compute. Evaluating on the Robomimic
Can and Square tasks, we find that the learned adaptive policy performs comparably to fixed filtering
at the initial noise level. This suggests the single-step simplification of filtering at the initial seed
serves as a good proxy for solving the full MDP.

6 Discussion

In this work, we propose , a method for obtaining the benefits of sampling-based test-time
scaling without incurring its computational cost. By framing the denoising of multiple action candi-
dates as an MDP, learns a filtering policy that selects actions according to their downstream
value. Despite these promising results, has limitations. First, while substantially
improves upon its base algorithms in computational efficiency, it is not designed to improve sample
efficiency. In our experiments, achieves better sample efficiency relative to strong
baselines, owing largely to the inherent sample efficiency of EXPO, but does not surpass EXPO itself
in this regard. Improving the sample efficiency of filtering-based approaches is an interesting direction
for future work. Furthermore, is designed for policy classes that use initial noise seeds,
which encompass some of the most performant policy representations in contemporary reinforcement
learning. Extending this to policy classes that lack such a seed structure is left to future work.
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A Additional Experiments

A natural question is whether the best-of-/N sampling benefits observed in EXPO and IDQL can
be recovered by a single policy trained via distillation. Concretely, an alternative to would
proceed as follows: sample N noise candidates {¢; }Y, with ¢; ~ N(0, I), denoise each to obtain
actions a; = my(s,€;), select the highest-scoring index i* = argmax; Q°(s, a;), and distill the
selected action a;- into a new policy 7y by supervising against a;-. We evaluate this distillation
baseline in Figure 11 and find that it performs substantially worse than . We attribute this gap
to the instability inherent in distillation: the distilled policy must continually chase a moving target
defined by the Q-function, yielding a non-stationary training distribution that destabilizes learning.
By contrast, operates directly in noise space, framing selection as an easier filtering problem
that is more amenable to stable optimization.
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Figure 11: Distillation ablation results. Distilling the value maximizing distribution into a policy performs significantly
worse compared to

B Experiment Details

Hyperparameter
Actor / critic learning rate 3x107%/3x107* 3x107*/3x107*
Batch size 256 256
Discount 0.99 0.99
Target update 7 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 and variants on Robomimic.

Datasets and evaluation. For the Robomimic experiments, all tasks use sparse binary rewards and
report success rate. In the online setting, we do not pretrain on offline data, but we retain the same task
conventions used in prior work to define task difficulty: Lift uses a 10-episode subset of the original
dataset to make it more challenging, Can uses the multi-human dataset, and Square and Tool Hang
use the standard proficient-human split. In the batch-online setting, we initialize training from these
same demonstration sources and then continue interaction online. For the batch-online setting, we use
T = 10 denoising steps for Lift and Can, and T' = 100 denoising steps for Square. For the final
rerun experiments, evaluation is performed every 50k environment steps on Lift,
Can, and Square, and every 100k steps on Tool Hang; uses the same evaluation
protocol. Evaluation-time filtering with Q%" is greedy (temperature 0) for all Robomimic tasks,
while at training time we sample candidates from a softmax over z-score—normalized )-values with
temperature 1.0 for Lift, Can, and Square, and 0.1 for Tool Hang. Unless otherwise specified,
line plots report the mean success rate over three seeds and the shaded regions denote the max and
min.

14



543
544
545
546
547
548
549
550
551
552
553
554

555
556
557
558

559

560

562
563
564
565
566
567
568

VLA experiments. For the pretrained VLA experiments, we follow the held-out LIBERO protocol
described in the main text and fine-tune entirely online, without mixing in offline data. We use a
batch size of 32, UTD ratio 10, and 100k online training steps. We use /N = 8 candidates, retain a
single candidate after filtering for , and denoise for T' = 10 steps. The VLA predicts
action chunks over 10 steps and we execute the entire chunk before replanning. Online optimization
is performed at the episode level rather than every environment step: after each completed episode,
we run three updates on newly sampled replay minibatches, with each update containing UTD 10
critic updates. To best utilize the replay data, we train on all sliding window chunks. For this
setting, the critic is lightweight relative to the actor, so the additional cost of evaluating multiple noise
candidates remains small compared to a full multi-candidate denoising pass. Both training-time and
evaluation-time candidate selection use greedy sampling (temperature 0), and we use an edit scale of
0.2.

Implementation Details. We run experiments on a mix of NVIDIA A40, L40S, and H100 GPUs.
All timing experiments are conducted on L40S GPUs. For update step timing, we consider the
time taken for a single critic update, with other parameters as described in the prior paragraph. For
inference step timing, we report BS=1 inference.

C Computational Profile

C.1 Comparison to non-diffusion-based methods

Our work focuses on capturing the benefits of sampling-based methods for diffusion models without
incurring the costs of these approaches. Diffusion and flow-based models are the dominant policy
class in robotics, particularly in the real-world with VLAs [40, 41] and WAMs [42, 43], hence our
focus. Other methods, such as the Gaussian policies used in RLPD [36], are generally more efficient
due to lower typical parameter counts and no iterative computation—i.e., only a single forward step at
inference. However, their limited expressivity makes them ill-suited for many real-world applications.
Thus, this work focuses on the performance of diffusion methods with the same parameter count,
which we believe to be the most apt comparison.
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NeurlIPS Paper Checklist

¢ Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s

contributions and scope?

Answer: [Yes]

Justification: The claims we make are supported by the empirical results. We demonstrate across

multiple algorithms and settings that our method achieves better compute efficiency compared to

baselines.

Guidelines:

¢ The answer [N/A| means that the abstract and introduction do not include the claims made in the
paper.

* The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A or [N/A] answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: The paper discusses the limitations of the method which include not improving upon

sample efficiency and of being designed for policy classes that use initial seeds such as diffusion or

flow-based policies.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means that the
paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate “Limitations” section in their paper.

 The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how they
scale with dataset size.

* Ifapplicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a

complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not include theoretical results.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.
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 All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

 The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experi-

mental results of the paper to the extent that it affects the main claims and/or conclusions of the

paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the algorithm and practical implementation of our method fully, provide

detailed hyperparameters in the appendix, and include an anonymous repository.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived well by
the reviewers: Making the paper reproducible is important, regardless of whether the code and
data are provided or not.

« If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
* If the contribution is primarily a new algorithm, the paper should make it clear how to reproduce

that algorithm.

* If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

* If the contribution is a new model (e.g., a large language model), then there should either be
a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

* We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of closed-
source models, it may be that access to the model is limited in some way (e.g., to registered
users), but it should be possible for other researchers to have some path to reproducing or
verifying the results.

Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to

faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: We provide an anonymous repository containing the code.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://neurips.cc/public/
guides/CodeSubmissionPolicy) for more details.
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* While we encourage the release of code and data, we understand that this might not be possible,
SO is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

* The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,

how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: We present all training and test details necessary to understand and replicate the

results

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental material.

Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate

information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We include confidence intervals for plots in the paper.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence intervals,
or statistical significance tests, at least for the experiments that support the main claims of the
paper.

* The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error of the mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g., negative error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer

resources (type of compute workers, memory, time of execution) needed to reproduce the experi-

ments?

Answer: [Yes]
Justification: We describe the compute resources used to run the experiments in the appendix.
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Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS

Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms to the NeurIPS code of ethics.

Guidelines:

¢ The answer [N/A] means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer , they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal

impacts of the work performed?

Answer: [N/A]

Justification: The work is a new algorithm for faster reinforcement learning on diffusion and flow-

matching models which does not pose specific societal impacts beyond improving the efficiency of

general reinforcement learning algorithms.

Guidelines:
» The answer [N/A] means that there is no societal impact of the work performed.
e If the authors answer [N/A] or , they should explain why their work has no societal impact

or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate Deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of

data or models that have a high risk for misuse (e.g., pre-trained language models, image generators,

or scraped datasets)?

Answer: [N/A]

Justification: The paper poses no such risks.

Guidelines:
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* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,

properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: We cite all papers, code, data, models we used, including in the code repository.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation

provided alongside the assets?

Answer: [Yes]

Justification: New assets introduced in the paper are well documented

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their submissions
via structured templates. This includes details about training, license, limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include

the full text of instructions given to participants and screenshots, if applicable, as well as details

about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or research with human subjects

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with human
subjects.

* Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

* Institutional review board (IRB) approvals or equivalent for research with human subjects
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Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?
Answer: [N/A]

Justification: The paper does not involve crowdsourcing or research with human subjects.

Guidelines:

* The answer [N/A ]| means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and locations,
and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for their
institution.

* For initial submissions, do not include any information that would break anonymity (if applicable),
such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard

component of the core methods in this research? Note that if the LLM is used only for writing,

editing, or formatting purposes and does not impact the core methodology, scientific rigor, or
originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as important,

original, or non-standard components.

Guidelines:

e The answer [N/A] means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not be
described.
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