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Abstract. Di!usion and flow-matching models dominate conditional
image generation, yet inference-time scaling for these models is far less
developed than for autoregressive language models. Because final qual-
ity is highly sensitive to the initial noise seed, many approaches spend
extra compute on seed search or resampling under a black-box reward,
but typically maintaining a constant memory footprint throughout in-
ference. We show that relaxing this constraint enables an underexplored
inference-time scaling axis: by front-loading exploration, evaluating many
seeds early, and pruning aggressively, we can use a fixed compute budget
more e!ectively. Progressive Seed Pruning (PSP) scores intermediate de-
noised estimates and progressively narrows the candidate set so that only
promising trajectories are fully denoised, while keeping the total num-
ber of model evaluations fixed. Across di!usion and flow-matching back-
bones, PSP consistently improves reward-guided selection and achieves
higher GenEval scores (automated) and better human evaluation on
prompt-alignment than best-of-N , importance-sampling, and tree-search
baselines at matched compute. Project page: vision.caltech.edu/psp.
Code: github.com/rogerioagjr/psp

Keywords: Di!usion models · flow matching · inference-time scaling ·
reward-guided generation · prompt alignment · particle filtering

1 Introduction

Di!usion [16, 36, 38] and Flow Matching models [25, 26] have become the de-
fault engines for conditional image and video generation. At the same time,
a central lesson from large language models is that inference-time scaling can
be as important as training-time scaling: additional compute at test time, via
search, sampling, and verification, can yield large quality gains [2, 8, 40, 47, 48].
For di!usion-style generators, the dominant knob has been to increase denoising
steps, but this is often an ine"cient way to spend extra compute.

A growing body of work points to a di!erent lever: for modern text-to-image
systems, the random seed (initial noise) can strongly influence generation quality
[30,45]. This motivates inference-time strategies that treat generation as search
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Fig. 1: Examples of image generation improvement with PSP. SDXL genera-
tions using a standard sampler and three gradient-free inference-time scaling strategies
under a fixed compute multiplier N̄ = 4: BoN, FK-Steering (importance-sampling
based), and our PSP. We show examples from GenEval prompts in which PSP im-
proves on BoN and FK-Steering, satisfying prompt constraints (full results in Tab. 1).

over seeds guided by a black-box reward model. Early work showed that Best-
of-N (BoN) already scales better than using more timesteps [27], but it fully
denoises many candidates that are unlikely to win.

Recent methods use intermediate reward signals to allocate compute more
e"ciently, via importance sampling [34] or tree search [23, 28, 50]. These ap-
proaches are gradient-free and require no backbone finetuning, but typically
enforce a fixed number of parallel samples (constant memory) throughout the
trajectory. In contrast, particle filtering has long studied variable particle counts
and early pruning [14], but this idea has not been thoroughly stress-tested for
modern di!usion-style image generation.

In this paper we revisit a simple question: if we relax the constant-memory
constraint, how should we allocate compute over the denoising process? Interme-
diate reward estimates often become informative relatively early. That suggests
a straightforward strategy: begin with a large pool of seeds, advance them only
until reward signals become meaningful, prune them progressively, and reserve
the remaining denoising budget for a shrinking set of promising candidates.

We study a simple instantiation of this idea, Progressive Seed Pruning (PSP).
PSP begins from a large pool of noise seeds, scores intermediate denoised es-
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timates, and prunes on a predetermined schedule so that only promising tra-
jectories receive the remaining denoising budget. This front-loads exploration
and improves reward-guided selection over prior inference-time scaling baselines
while keeping the total number of model evaluations fixed. Using a fixed sched-
ule also aligns with deployment: predetermined prune points and survivor counts
make each interval’s memory footprint and runtime predictable, facilitating al-
location on its ideal setting: multi-GPU servers with elastic. Taken together,
our results suggest that variable particle populations are a simple, general, and
deployment-friendly design principle for inference-time scaling in modern gener-
ative models.

Contributions.

1. We identify constant-memory inference as an unnecessary restriction
and show that time-varying particle counts are a strong inference-time
scaling principle for di!usion/flow models under black-box rewards when
used to front-load compute and consider a larger pool of initial noise seeds.

2. We demonstrate consistent gains of PSP over BoN, importance-sampling,
and tree-search baselines at matched compute across di!usion and flow-
matching backbones on both automated metrics and human evalu-
ation, and show that performance scales with compute.

3. We show that determinism enables o!ine schedule search: pruning sched-
ules can be simulated from cached intermediate rewards without rerunning
the generator, enabling rapid per-task adaptation.

2 Related Work

2.1 Using Rewards to Steer Di"usion

A common way to use rewards for conditional generation is gradient-based guid-
ance [1, 7], which backpropagates gradients of a di!erentiable objective to bias
the sampling trajectory or the initial noise [39] towards higher reward. While
e!ective, this requires di!erentiable rewards and adds significant inference over-
head due to gradient computation and extra evaluations, making it less practical
when rewards are black-box or expensive.

Another option is to directly finetune the generative backbone to maximize a
reward with Reinforcement Learning [4,46] or preference objective [41]. This can
improve default sampling without requiring inference-time search, but it comes
at the cost of additional training of large generative models and the associated
engineering overhead. In contrast, PSP is training-free and gradient-free, making
it straightforward to apply o!-the-shelf across rewards and across both di!usion
and flow-matching backbones.

2.2 Scaling Inference Compute with Gradient-Free Rewards

Recent methods use intermediate signal from black-box reward functions to scale
compute at inference time e"ciently by running multiple samples in parallel
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allocating compute to the most promising ones. FK-Steering [34] views di!usion
inference through the lens of a Feynman–Kac interacting particle system [5, 9]
and generalizes importance-sampling approaches, like TDS [42] and SVDD [24].
It maintains a population of particles and periodically reweights and resamples
them using potentials derived from intermediate reward estimates.

Another prominent line of work casts inference-time sample selection as a
tree search over the denoising trajectory [23, 31, 50]. We choose DSearch [23] as
their main representative in our fixed-budget per generation setting. It performs
a beam-style search over partial trajectories, shrinking the beam over time while
increasing branching (multiple children per candidate) to better estimate value
from intermediate states.

Other related approaches pursue a di!erent objective by allocating adap-
tive per-prompt compute, revisiting earlier steps for refinement and extending
inference until a stopping rule indicates the generation is satisfactory [22,50].

A shared assumption in both FK-Steering and DSearch is a constant mem-
ory budget during inference: the maximum number of simultaneously explored
samples per step is kept roughly fixed. Our work departs from this design choice
by relaxing the constant-memory constraint and instead using early pruning to
spend more compute on considering a larger set of initial seeds.

2.3 Adaptive Particle Counts in Particle Filtering and Pruning

In classical particle filtering and sequential Monte Carlo, it is common to propa-
gate a fixed number of particles at every time step, even though the complexity
of the target distribution can vary significantly over time. A long-standing line
of work therefore studies adaptive particle counts to allocate computation where
it is most needed. KLD-sampling adapts the number of particles to satisfy a pre-
scribed approximation-quality bound measured via a Kullback–Leibler criterion,
using more particles in ambiguous phases and fewer once the posterior concen-
trates [14]. More recent “adaptive N ” particle filters adjust particle counts based
on online predictive statistics and provide guarantees showing how error bounds
track these updates over time [11]. In parallel, the Multi-Armed Bandit liter-
ature heavily relies on Successive Halving [17, 19], an algorithm that optimally
distributes a fixed compute budget by evaluating a massive pool of configura-
tions and iteratively discarding the worst-performing half. This is similar to our
default pruning schedule (Sec. 4.6), but PSP is more flexible and allows for
searching for optimal schedules for a given task, rewards, and prompts.

Our work can be seen as a simple application of these adaptive-particle and
early-pruning ideas to reward-guided inference for di!usion image generation.
Although the particle-filtering literature explores richer adaptive strategies, we
show that a fixed, predetermined pruning schedule already captures much of the
benefit of adaptive particle counts for conditional image generation.

The allocation principle itself is classical, yet prior reward-guided di!usion
methods largely fix parallelism (or require stochastic branching). The closest
exception is the adaptive sampler of [20], termed rollover budget forcing, which
spends compute unevenly over the course of inference. However, they allocate
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Fig. 2: Compute allocation profiles for inference-time scaling. Top: example
reward trajectories (ImageReward) over denoising progress for multiple candidates.
Bottom: compute allocated per candidate as a function of progress. Left: BoN runs N
full trajectories and selects the best final reward. Middle: importance-sampling-style
methods (e.g., FK-Steering) maintain a constant particle count and periodically resam-
ple based on intermediate rewards (red crosses indicate discarded samples). Right:
PSP starts with more candidates and prunes low-reward trajectories early, concen-
trating the remaining denoising budget on a shrinking survivor set. In this illustration,
PSP considers twice as many initial seeds as the other methods under the same total
number of denoising steps.

in the opposite direction to us: instead of considering a larger pool of seeds
early, they conserve budget early and resample more heavily later. For tasks
like prompt alignment, this misplaces compute where it matters least, since
the important features are coarse and thus largely fixed early in the generative
process. Therefore, their adaptive sampler alone gains little over other sampling
and search methods. By contrast, we show that relaxing constant memory to
expand the pool of initial seeds early and prune over time is a surprisingly
strong baseline for modern di!usion and flow-matching generators.

3 Progressive Seed Pruning

3.1 Preliminaries

Di"usion and Flow-Matching Models We consider conditional generative
models that transform noise into a sample through a sequence of updates, con-
ditioned on c (e.g., a text prompt).

Di!usion models. In di!usion [16, 36, 38], a forward noising process defines
q(xt | x0) for t → {1, . . . , T}, and a learned model parametrizes a reverse pro-
cess pω(xt→1 | xt, t, c). In common ω-prediction parameterizations, the network
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predicts ωω(xt, t, c) and a sampler (e.g., DDIM [37]) uses it to produce xt→1.
Importantly, the same network output yields a denoised estimate of the clean
sample,

x̂0(xt, t, c) ↑ E[x0 | xt, t, c], (1)
which is routinely computed inside samplers and can be reused for intermediate
scoring.

Flow-matching models. Flow matching models [25, 26] learn a time-dependent
velocity field vω(x, t, c) that defines an ODE (or SDE) transporting noise to data.
Sampling typically integrates the ODE from a high-noise state to a clean sample
using a numerical solver (e.g., Euler Discrete [12, 13]), yielding discrete states
{xt} at a chosen set of noise levels. With standard parameterizations used in
practice, the same velocity prediction can be used to form a clean estimate via
a one-step “extrapolation” to the zero-noise endpoint,

x̂0(xt, t, c) = xt ↓ εt vω(xt, t, c), (2)

where εt denotes the current noise scale in the solver schedule. As with di!usion,
this estimate is already implicit in the solver update and can be extracted at
negligible additional model cost.

Setup and Assumptions We assume a conditional generator like di!usion or
flow mathing pω that produces a sample by iterating discrete transitions pω(xt→1 |
xt, t, c) for t → {T, . . . , 1} from a known noise distribution. (Continuous-time
solvers are handled by discretizing and applying pruning at discrete solver steps.)
We also assume a black-box reward function r(x, c) defined on clean samples
(e.g., an aesthetic or preference model). Our goal is to maximize reward under
a fixed inference compute budget.

Intermediate Reward Estimates PSP relies on a cheap intermediate proxy
for the final sample. At each step, we compute a denoised estimate x̂0(xt, t, c)
and score it:

st = r(x̂0(xt, t, c), c). (3)
Crucially, computing x̂0 reuses quantities already produced by the generator
(noise prediction or velocity prediction), so PSP does not require extra generator
forward passes beyond those used for denoising.

3.2 Progressive Seed Pruning (PSP)

Algorithm 1 describes PSP. The method begins from a large pool of kT i.i.d.
noise seeds and maintains a survivor set S of partial trajectories. At each step,
PSP: (i) forms a denoised estimate x̂0 for each survivor; (ii) scores survivors
using a black-box reward on x̂0; (iii) prunes to the top kt→1 survivors; and (iv)
advances only survivors to the next step. By pruning early, PSP spends more
of its total budget on evaluating more initial seeds, while still completing full
denoising for the most promising trajectories.
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Algorithm 1 Progressive Seed Pruning (PSP)

Input: Generator pω, reward r(·, c), condition c, steps T , schedule {kt}Tt=0 with kT
initial candidates and k0 final survivors.
Return: Final survivors {xi

0}k0
i=1

Sample xi
T → N (0, I) for i ↑ [kT ]

S ↓ {xi
T }

kT
i=1

for t ↑ {T, . . . , 1} do
Predict clean: x̂i,t

0 ↓ x̂0(x
i
t, t, c) for each xi

t ↑ S
Score: sit ↓ r(x̂i,t

0 , c)
Prune: S ↓ TopK

(
S, kt→1

)
by scores {sit}

Denoise: sample xi
t→1 → pω(xt→1 | xi

t, t, c) for each xi
t ↑ S

Update: S ↓ {xi
t→1}

end for
Output: return S

Pruning intervals. In practice, we prune only at a small set of predetermined
steps and keep the batch size constant between prune points. This is motivated
by (a) smoothness of intermediate reward rankings across adjacent steps, and
(b) systems considerations: fixed prune points with fixed survivor counts yield
predictable memory usage and runtime per interval, simplifying scheduling in
distributed inference.

3.3 Compute Budget and the E"ective Multiplier

We measure inference compute in denoising steps. If an inference procedure
propagates kt concurrent trajectories at step t, the total number of generator
updates is

C =

T∑

t=1

kt. (4)

A standard single-sample inference run has C = T . We therefore report the
e!ective compute multiplier N̄ = C/T , which means that an inference procedure
has the same compute as sampling N̄ times from the regular sampler.

During inference we must both advance trajectories and compute intermedi-
ate scores. For di!usion and flow-matching models, the generator forward pass
already produces the quantities needed to compute x̂0, so intermediate scoring
does not add additional generator evaluations. Furthermore, we achieve our re-
sults with guidance from ImageReward [44], a lightweight model already used as
guidance by FK-Steering [34] that adds minimal overhead to di!usion inference
(see Tab. 2.
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4 Experiments

4.1 Backbone Models

We evaluate on Stable Di!usion v1.5 [32] and Stable Di!usion XL [29] as di!usion
models, and Stable Di!usion 3.5 (Large) [12] as a flow matching model. We
use widely available implementations from HuggingFace with T = 64 steps for
SD v1.5/SDXL and T = 32 solver steps for SD 3.5.

For BoN and PSP, we use deterministic solvers: DDIM [37] with ϑ = 0 for
di!usion models and Euler Discrete [12, 13] for SD 3.5. Thus, all randomness
arises from the initial noise seed, matching the intended use of PSP as seed
search.

FK-Steering relies on stochastic trajectories: in a deterministic setting, re-
sampling generates identical children and wastes compute. For SD v1.5 and
SDXL, we follow FK-Steering authors and use DDIM with ϑ = 1 to inject
noise [34]. For SD 3.5, however, strong stochasticity can noticeably degrade sam-
pling quality under rectified-flow training, and the default stochastic setting in
the public implementation yields poor FK-Steering performance. We therefore
use a controlled-noise solver (Sec. S4) that injects Gaussian perturbations with
a tunable scale, and we set this scale to the largest value that does not hurt
baseline (non-resampled) generation quality.

4.2 Baselines and Main Comparison

Tab. 1 compares gradient-free inference-time scaling strategies under matched
compute. We evaluate on GenEval prompts [15] and report: (i) the guidance re-
ward (ImageReward [44]) of the selected output, (ii) HPSv2 [43] as an automated
metric for human preference (iii) GenEval [15] as a reward-agnostic measure of
prompt alignment using detector-based checks, and (iv) human evaluation of
prompt-alignment. Results are averaged over 3 random seeds.

BoN runs N̄ independent full trajectories and selects the highest-reward re-
sult (Fig. 2, left). As an importance sampling baseline, we use FK-Steering [34]
(Fig. 2, middle) with the authors’ recommended hyperparameters (ϖ = 10,
K = 4) and resampling schedule (20%, 40%, 60%, 80% and last step of in-
ference progress). As a tree-search baseline, we use DSearch [23] with beam and
tree width set to 2 to match the compute of other methods. We also ran ex-
periments with other inference-time compute-scaling methods under a matched
computational budget (Noise Trajectory Search (NTS) [31], Rollover Budget
Forcing (RBF) [20], Breadth-First Search (BFS) [50], and SVDD [6]) but, given
the cost of human studies, we report only automated metrics for these and re-
serve human evaluation for the main comparisons. For PSP, we use a simple
fixed schedule (Fig. 2, right): start with 2N̄ seeds, prune to N̄ at 25% progress,
and prune again to N̄/2 at 50% progress.

Across all backbones, PSP improves over standard inference and outperforms
all other methods at the same compute in prompt alignment, as measured by
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Table 1: Main results under matched compute. We compare standard sam-
pling (N̄ = 1), BoN, our main importance sampling (FK-Steering) and tree-search
(DSearch) baselines, other relevant methods for inference-time compute scaling in dif-
fusion (Noise Trajectory Search (NTS), Rollout Budget Forcing (RBF), Breadth-First
Search (BFS), SVDD), and PSP. All results are from our experiments using the public
implementation of those methods and selecting parameters to match computational
budget and same reward guidance: ImageReward. We report the guidance reward (Im-
ageReward), HPS, GenEval, and human evaluation scores on final images generated
from GenEval prompts. PPS achieves the best results in prompt-alignment as mea-
sured by automated scores (GenEval) and human evaluation

Model Sampler T N̄ IR ↔ HPS ↔ GenEval ↔ Human ↔

SD v1.5 Standard 64 1 -0.159 0.257 0.434 0.431
SD v1.5 Best-of-N 64 4 0.655 0.273 0.542 0.594
SD v1.5 FK-Steering [34] 64 4 0.640 0.261 0.531 0.569
SD v1.5 DSearch [23] 64 4 0.783 0.275 0.506 0.514
SD v1.5 NTS [31] 64 4 0.485 0.272 0.478 -
SD v1.5 RBF [20] 64 4 0.670 0.274 0.520 -
SD v1.5 BFS [50] 64 4 0.820 0.263 0.564 -
SD v1.5 SVDD [6] 64 4 0.731 0.272 0.489 -

SD v1.5 PSP 64 4 0.827 0.278 0.574 0.624

SDXL Standard 64 1 0.431 0.275 0.529 0.531
SDXL Best-of-N 64 4 1.098 0.290 0.629 0.682
SDXL FK-Steering [34] 64 4 1.189 0.284 0.627 0.676
SDXL DSearch [23] 64 4 1.186 0.301 0.589 0.649
SDXL NTS [31] 64 4 0.967 0.298 0.580 -
SDXL RBF [20] 64 4 1.133 0.302 0.618 -
SDXL BFS [50] 64 4 1.247 0.285 0.636 -
SDXL SVDD [6] 64 4 0.682 0.287 0.556 -

SDXL PSP 64 4 1.224 0.294 0.645 0.713

SD 3.5 Standard 32 1 1.045 0.297 0.713 0.787
SD 3.5 Best-of-N 32 4 1.336 0.304 0.747 0.831
SD 3.5 FK-Steering [34] 32 4 1.294 0.284 0.742 0.837
SD 3.5 DSearch [23] 32 4 1.144 0.297 0.704 0.824
SD 3.5 NTS [31] 32 4 1.086 0.295 0.699 -
SD 3.5 RBF [20] 32 4 1.253 0.296 0.738 -
SD 3.5 BFS [50] 32 4 1.343 0.285 0.747 -
SD 3.5 SVDD [6] 32 4 1.113 0.294 0.719 -

SD 3.5 PSP 32 4 1.380 0.306 0.747 0.841

GenEval score and human evaluation. Furthermore, although BFS [50] outper-
forms PSPin reward maximization with the SDXL backbone, PSP still out-
performs BFS and all methods in GenEval and human scores. This shows that
PSP is less susceptible to reward hacking [35], since it focuses on seed selection
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but does not interfere during the inference process with resampling aimed at in-
creasing reward. Supplemental experiments using HPS for reward guidance are
available in Tab. S1, but IR generally leads to better generalization to GenEval,
making it the best reward guidance to use in practice.

The SD 3.5 results also highlight a practical weakness of resampling methods:
they require stochasticity to generate diverse children, but stochasticity can de-
grade flow matching generation, with BoN performing better than FK-Steering.
In contrast, PSP remains e!ective with deterministic solvers because it allocates
compute to seed exploration and early elimination, not to stochastic branching.

4.3 Human Evaluation

The human evaluation results in Tab. 1 were obtained from online annotators
from Prolific with prior AI-evaluation experience. They answered the question
“Does the image align with the prompt?” on the images generated from GenEval
prompts that were also evaluated with the automated metrics, but a single seed
was used per prompt/method/backbone triplet. To our knowledge this is the first
human evaluation of these methods for text-to-image. 249 annotators evaluated
8,295 images (553 per method/backbone pair, the number of GenEval prompts).
Each image got 3 evaluations (24,885 ratings total) and majority vote was used to
determine if an individual image aligned with its prompt. Annotator agreement
was 80.3%. PSP was the best evaluated method on all three backbones.

We closesely followed the protocol of [18], in which the authors use a similar
study to assess di!erences in human and GenEval evaluations. In their study,
they use only the standard samplers and the scores they obtained for them on
backbones shared across studies closely match (SDXL: 0.531 vs. 0.566; SD 3.5:
0.787 vs. 0.770), reproducing their results validating the protocol.

4.4 Scaling with Compute

To test how e!ectively PSP uses additional compute, we scale N̄ up to 16 by
doubling the number of initial seeds and survivor counts while keeping the same
fractional prune points. Fig. 3 (left) shows that PSP continues to improve with
increasing N̄ and consistently outperforms BoN at matched compute.

Because PSP starts from 2N̄ deterministic trajectories, its best possible out-
put is upper-bounded by the best fully-denoised sample among those 2N̄ seeds.
Pruning introduces regret relative to this upper bound when the final best seed
is mistakenly discarded early. Fig. 3 (middle) shows that this regret decreases
as compute increases, indicating that intermediate rankings become su"ciently
reliable for pruning and that PSP approaches the 2N̄ -seed upper bound using
only the compute of N̄ full trajectories.

Finally, Fig. 3 (right) illustrates that inference-time scaling can change the
model-compute tradeo!: smaller backbones with larger N̄ can outperform larger
models at comparable total FLOPs, highlighting PSP as a practical knob for
deployment-time quality scaling.
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Fig. 3: Scaling behavior of PSP. Left: final guidance reward versus compute mul-
tiplier N̄ , comparing PSP to BoNat matched compute. Middle: regret of PSP rel-
ative to BoN with double compute that would select the best seed among all 2N̄
candidates after full denoising; regret decreases with N̄ , indicating pruning becomes
increasingly safe at larger budgets. Right: reward versus approximate FLOPs, showing
that inference-time scaling can allow smaller models with larger N̄ to match or surpass
larger backbones under similar compute.

4.5 Computational Overhead

PSP adds computational overhead over BoN because its intermediate samples
must be decoded by the VAE and the intermediate samples must be scored
by the reward model. We quantify this overhead on a single H200 in Tab. 2,
comparing PSP, equivalent BoN (N=4), and double compute BoN(N=8) under
the same setup as Tab. 1. Across all backbones, PSP adds under little runtime
over BoN (N=4) and is close to 2↔ faster than BoN (N=8). Relative overhead
also diminishes with model size, as each di!usion step becomes proportionally
more expensive. Regarding Peak VRAM usage, the built-in VAE slicing option,
which decodes images sequentially through the VAE instead of in parallel. This
was used in Tab. 2, adding less than 0.15 s of runtime and bringing PSP’s peak
VRAM close to BoN(N=4) on SD v1.5 and SD 3.5. SDXL is the one case where
it remains noticeably higher, because its VAE is proportionally larger. In e!ect,
PSP(N̄=4) considers a BoN(N=8)-sized seed pool at near-BoN(N=4) cost.

Table 2: Computational overhead of PSP over BoN.

Model Runtime (s) Peak VRAM (GiB)

BoN

(N̄ = 4)
PSP

(N̄ = 4)
BoN

(N̄ = 8)
BoN

(N̄ = 4)
PSP

(N̄ = 4)
BoN

(N̄ = 8)

SD v1.5 2.65 2.99 4.70 4.29 5.30 5.31
SDXL 12.48 13.74 23.90 8.28 13.27 10.79
SD 3.5 35.97 37.59 71.71 29.85 34.85 33.86
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Fig. 4: Tuning the pruning strategy improves PSP. Left. We compare our de-
fault, o!-the-shelf schedule (solid) to the best schedule found by grid search under the
same compute budget (hatched). We search on prompts from the IR Benchmark and
report results on prompts from GenEval, using IR as guidance signal. Right. Visual-
ization of all schedules in the grid search colored by their performance on Benchmark
IR. Better schedules above and jitter added for better visualization, with best and
default schedules highlighted.

4.6 Tuning PSP Schedule

So far we used a simple default schedule motivated by compute matching. For
large enough T , since

∑k
i=0

1

2i
= 2 ↓ 1

2k
, a geometric halving schedule lets us

evaluate an arbitrarily large number of initial seeds with e!ective cost multiplier
N̄ = 2. Scaling the schedule by a factor m (multiplying the number of particles
at every stage by m) yields N̄ = 2m. Concretely, there is a tradeo! as larger k
requires pruning to start earlier at less informative stages, so our default sched-
ule (Fig. 2, right) has two pruning points, which allows considering 2N̄ initial
seeds with compute multiplier N̄ (double the seeds of BoN), and uses m = 2

(thus N̄ = 4), matching compute settings used in [34]. This choice makes PSP

immediately usable o!-the-shelf and enables a fair baseline comparison in Tab. 1
without hyperparameter tuning.

However, PSP has a rich design space: the number of initial candidates, the
timing of prune points, and the survivor counts can all be varied while maintain-
ing the same total budget. We therefore perform a grid search over schedules that
preserve N̄ = 4 for each model and reward choice, select schedules that maximize
reward on a held-out prompt set (Benchmark IR; details in Sec. S5), and test on
prompts from GenEval. The left panel in Fig. 4 shows that tuned schedules show
little to no improvement over our default schedule on guidance rewards, HPS,
and GenEval scores for this task. The right panel shows all schedules searched
colored by their performance on IR benchmark, highlighting the optimal cho-
sen schedule and the default schedule we used before without tuning. We can
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Table 3: PSP complements reward-based finetuning. PSP on a non-finetuned
model exceeds standard sampling on a DPO-finetuned model, and applying PSP to a
DPO-finetuned model yields further gains over BoN.

Model DPO Sampler T N IR ↔ GenEval ↔

SD v1.5 ↭ Standard 64 1 -0.022 0.454
SD v1.5 ↭ Best-of-N 64 4 0.751 0.562

SD v1.5 ↔ PSP 64 4 0.827 0.574
SD v1.5 ↭ PSP 64 4 0.907 0.593

SDXL ↭ Standard 64 1 0.894 0.581
SDXL ↭ Best-of-N 64 4 1.300 0.657

SDXL ↔ PSP 64 4 1.224 0.645
SDXL ↭ PSP 64 4 1.365 0.667

see that they are not dramatically di!erent, so our default halving strategy can
be considered a good o!-the-shelf configuration. Di!erences mostly lie in that
tuned strategies tend to give up one sample close to the end in order to develop
3 samples beyond 50% of the inference process.

A key practical advantage is that when sampling is deterministic, this tuning
can be done cheaply. We precompute trajectories and intermediate rewards for
each prompt across a pool of initial seeds. Because the outcome of PSP is fully
determined by the schedule and the precomputed trajectories, we can simulate
many schedules without rerunning the generator, enabling rapid per-task tuning
in domains where the default schedule might be far from the optimal one.

Fig. S2 (left) shows positive correlation between tuning (Benchmark IR) and
test set (GenEval) performance across schedules, indicating that better schedules
tend to generalize across prompt sets. For our default schedule, the distribution
of final IR is also very similar across the two datasets (Fig. S2, middle). Fig. S2
(right) shows diminishing returns of IR on GenEval: beyond a high-IR regime,
further IR gains translate weakly to GenEval, explaining the smaller GenEval
improvements for strong backbones such as SD 3.5. PSP optimizes whatever
guidance signal is provided, and can directly benefit from stronger reward models
as they become available.

4.7 Comparison to Finetuned Models

Reward models can also be used to finetune generators, amortizing reward opti-
mization across many future inference calls. We compare against DPO-finetuned
backbones [41] trained on the Pick-a-Pic dataset [21]. Tab. 3 shows two take-
aways. First, PSP applied to a non finetuned backbone with a modest com-
pute multiplier outperforms standard inference on a finetuned backbone. Second,
PSP and finetuning are complementary: applying PSP on a finetuned backbone
yields further improvements and outperforms BoN under similar compute. Thus,
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Table 4: Searching over di!erent prompts with fixed initial seeds. PSP can
optimize over any discrete set of initial conditions, including a set of prompts.

Model Sampler T N IR ↔ GenEval ↔

SD v1.5 Standard 64 1 -0.230 0.391
SD v1.5 Best-of-N 64 4 0.641 0.512

SD v1.5 PSP 64 4 0.782 0.533

SDXL Standard 64 1 0.471 0.501
SDXL Best-of-N 64 4 1.256 0.598

SDXL PSP 64 4 1.319 0.604

whenever additional inference-time compute is available, PSP remains beneficial
even in the presence of finetuned models.

4.8 PSP over Multiple Prompts

Although our primary focus is seed search, PSP applies to any discrete pool of
candidates available at inference time. A practical example is prompt selection:
modern systems often rewrite user prompts [3, 10, 12] to expand it and add de-
tail, and di!erent rewrites can substantially change the quality of the outcome.
Quantitatively, analysis from previous work [18] has shown that prompt rewrit-
ing can bring large gains in GenEval score. We therefore apply PSP to select
among multiple prompt rewrites for a fixed noise seed. Tab. 4 shows that PSP

outperforms BoN at equal compute in this setting.
In our implementation, we generate prompt rewrites once per prompt with

ChatGPT 5.2 [33] (details in Sec. S6) and treat them as the initial candidate
set. This highlights another practical advantage of PSP over resampling-based
methods: importance sampling over prompts would require developing a stochas-
tic “prompt mutation” kernel that generates children prompts repeatedly during
inference and also incur the additional cost of sampling from a LLM multiple
times, whereas PSP only requires a fixed candidate set once per inference.

5 Discussion

We study inference-time scaling for di!usion and flow-matching models under
black-box rewards. Our main contribution is showing that if we relax the con-
straint of constant-memory during inference, as is natural in the distributed
systems that host most generative models today, then even a very simple early-
pruning strategy can be more compute-e"cient than stronger baselines. Across
di!usion and a flow-matching backbones, PSP consistently improves reward-
guided selection and achieves higher GenEval scores than BoN tree-search, and
importance-sampling methods at matched compute, and continues to scale as
compute increases.
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A practical implication of this design is that PSP does not require stochastic-
ity. Resampling-based approaches rely on stochastic samplers to generate diverse
children from the same intermediate state. Without it, resampling collapses to
repeated children and that o!ers no benefit over BoN. In contrast, PSP uses
compute to consider more initial seeds and increasing its chances of retaining a
good one. Our strong results suggest that in some tasks this is a more important
and compute-e"cient lever for di!usion inference than repeatedly “improving”
the current best candidates via resampling. This determinism is also well aligned
with the growing adoption of flow-matching over di!usion, where deterministic
samplers are the standard. Moreover, because PSP is deterministic given the
initial seeds, intermediate scores can be precomputed once, enabling e"cient of-
fline search over pruning schedules tailored to a specific task, reward, and prompt
distribution without rerunning the generative model for each candidate schedule.

PSP has two main limitations. First, it presumes a scalar reward, so multi-
objective or hard-to-quantify settings (e.g. ControlNet-style [49] constrained gen-
eration, where the signal must jointly balance text alignment with strict spatial
consistency) are less natural to express as the single ranking PSP prunes on. In
practice this is often surmountable: many strict-spatial tasks admit scalar per-
ceptual losses (e.g. IoU, OKS) that PSP can rank on directly, and at matched
compute it could still outperform other search/resampling methods. The deeper,
shared limitation of such selection methods is the lack of directional guidance in
space, which alternatives supply only with tradeo!s: ControlNet adds training,
while gradient-based guidance requires a di!erentiable reward and far larger in-
ference cost for backpropagation. Second, PSP’s advantage stems from when its
target features are decided. For prompt alignment, the salient features are coarse
and fixed early in sampling, so outcomes hinge on the initial seed and front-
loading a larger seed pool pays o!. For objectives dominated by fine-grained de-
tail generated late in the trajectory, such as aesthetic quality, early seed selection
matters less, and the gains shrink accordingly. This is visible in the compara-
tively lower HPS (which also reflects aesthetics) for SDXL in Tab. 1.

Our novelty is the finding that maintaining variable particle counts dur-
ing inference is a strong, underexplored inference-time scaling knob for di!usion
and flow-matching generators in settings where the constant-memory constraint
is not binding, as is typical in production deployments, where inference runs on
multi-GPU servers and memory is allocated elastically. Empirically, this alloca-
tion consistently beats stronger constant-memory baselines at matched genera-
tor compute and enables o#ine schedule tuning under deterministic sampling.
Taken together, our results provide a simple but powerful design principle for
inference-time scaling in modern generative models.
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