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Abstract. Inference-time scaling for text-to-image generation has pro-
gressed from simple Best-of-N (BoN) sampling to guided search meth-
ods that verify and steer candidate trajectories at intermediate denoising
steps. These approaches focus on when and how often to verify during
denoising but largely treat the cost of generation itself as fixed. More-
over, the standard practice of comparing methods by number of function
evaluations (NFEs) counts only denoising forward passes and ignores ver-
ifier overhead, which can distort e!ciency rankings. We show that under
wall-clock evaluation, simple BoN already matches or outperforms sev-
eral guided search techniques, suggesting that compute is better spent on
broader exploration than on repeated intermediate verification. This mo-
tivates Flash-BoN, which generates a large pool of inexpensive draft can-
didates by combining three complementary acceleration knobs: timestep
truncation, layer skipping, and activation proxies into a single config-
uration optimized once per model. An e!cient multi-stage verification
procedure then identifies the most promising draft, which is refined at full
quality. Across three benchmarks and three model scales, Flash-BoN con-
sistently outperforms all baselines under fixed wall-clock budgets, with
gains that grow at larger model scales (+8% AUC). We further show
that our strategy combines well and improves existing orthogonal tech-
niques such as reflection-based prompt optimization (+16% AUC). The
gains correlate with increased candidate diversity, which also enables
draft-guided selection to accelerate RL post-training convergence.

Keywords: Inference-time scaling · Text-to-image generation · Di"u-
sion models

1 Introduction

Inference-time scaling has become a powerful lever for improving large language
models [36], where allocating additional compute at test time enables exploration
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Fig. 1: [T2I Model: Wan2.1 1.3B] Comparison under matched NFE and matched
wall-clock budgets. Left: At a fixed NFE budget, Breadth-First Search (BFS) is
marginally best at high NFEs. Right: Under equal runtime, the trend reverses. Dashed
vertical lines mark the wall-clock time each method needs to reach 4k NFEs (the maxi-
mum NFE shown on the left). Methods with frequent verifier calls take longer to reach
the same NFE budget, reducing exploration within a fixed runtime. Consequently,
BoN-style approaches outperform under realistic latency constraints.

of multiple solution candidates and selection of the best one. Di!usion-based
text-to-image (T2I) models have begun to adopt analogous techniques [21, 26,
43,45], but existing methods primarily vary when and how often to verify candi-
dates during intermediate denoising timesteps to assess the potential of ongoing
trajectories and prune, guide, or backtrack accordingly. This focus on verifica-
tion scheduling overlooks an important axis: the cost of generation itself, which
we find can be substantially reduced by exploiting redundancies in layer-level
computation within and across denoising timesteps.

Inference-time scaling for T2I involves two components: generation, which
produces candidates via the denoising process, and verification, which scores
them to select the best output. Best-of-N (BoN) sampling sits at one extreme,
investing nearly all compute in generation, producing full trajectories from dif-
ferent seeds and invoking the verifier only once at the end. Guided search tech-
niques sit at the other extreme, invoking the verifier at intermediate timesteps to
prune or steer trajectories [26,43]. This introduces additional design choices such
as branching frequency, pruning thresholds, and modifications to the sampling
process (e.g., converting deterministic ODE solvers to SDEs). Neither approach
questions the per-trajectory generation cost, which raises a natural question:
what is the most e!cient way to allocate a fixed compute budget to verify many
potential trajectories and produce the final output for the most promising ones?

Answering this allocation question in practice depends critically on how we
measure compute. Prior work typically compares inference-time scaling meth-
ods using the Number of Function Evaluations (NFEs) as a hardware-agnostic
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proxy [21, 26, 43]. However, NFEs only count denoising forward passes and of-
ten ignore verifier costs entirely. This matters because the allocation question is
fundamentally about generation versus verification: if the verifier is unaccounted
for, methods that verify more frequently appear e"cient even when they are not,
especially since the verifier step is often more compute intensive than a single
denoising step [18]. In fact, once compute is adjusted to account for all forward
passes, even simple Best-of-N (BoN) can outperform many sophisticated guided
techniques. As illustrated in Fig. 1, BFS appears marginally better under a fixed
NFE budget, but this trend reverses under a strict wall-clock budget. Because
methods like BFS require frequent intermediate verifier calls, they take sub-
stantially longer time to the same NFE limit, sharply reducing the number of
candidates they can explore under realistic latency constraints.

This motivates Flash-BoN, which combines the strengths of guided search
and Best-of-N . Instead of spending the budget on repeated intermediate verifi-
cation, it generates a large pool of inexpensive draft candidates, performs a single

verification step to select the promising ones, and refines only those at full qual-
ity. Our key insight is that several acceleration techniques previously explored in
isolation to reduce generation latency while maintaining quality can be combined
and repurposed for a di!erent objective: expanding the set of explored candidates

under a fixed wall-clock budget. Concretely, we combine three complementary ac-
celeration knobs: timestep truncation, layer skipping, and activation proxies into
a unified draft-generation configuration that jointly determines the speed fidelity
trade-o!. We formalize this design as a discrete optimization problem over the
configuration space and solve it once per model to find the fastest configuration
that preserves su"cient fidelity for verifier preferences to transfer after refine-
ment. The resulting drafts are optimized for wall-clock e"ciency by design and
require no per-prompt tuning at inference time.

Generating a large pool of drafts is only useful if we can reliably identify the
one worth refining. Pointwise scoring with an o!-the-shelf VLM is e"cient but
often poorly calibrated, with compressed score ranges that make top candidates
hard to distinguish [35,41]; fully pairwise comparison provides stronger signal but
incurs quadratic cost. We introduce a multi-stage selection procedure that com-
bines both: fast pointwise scoring prunes the pool, then targeted pairwise com-
parisons refine the ranking among a small subset of top candidates, yielding sub-
stantially better selections than pointwise alone at a fraction of the pairwise cost.

Together with the multi-stage selection procedure, Flash-BoN forms a com-
plete inference-time scaling pipeline. Across three benchmarks and three model
scales, it consistently outperforms all baselines. Our main contributions are:

1. NFE vs. Wall-clock analysis. NFE comparisons often undercount verifier
overhead, distorting method rankings; under wall-clock evaluation, simple
BoN already matches or exceeds guided search (Fig. 1).

2. Draft generation and verification. We show that di!erent acceleration
knobs are complementary and formalize their joint configuration as a discrete
optimization problem, yielding a draft policy solved once per model. We also
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introduce a multi-stage verification procedure that pairs fast pointwise prun-
ing with targeted pairwise comparisons to reliably identify the best draft.

3. Consistent gains across scales and benchmarks. Flash-BoN leads across
model–benchmark combinations (Tab. 1), with margins that grow at larger
model scales (+8% AUC: area under the score-vs-wall-clock curve).

4. Modular combination with orthogonal scaling techniques. The Flash
draft strategy functions as a drop-in module that can be layered onto existing
methods (such as Reflection-Tuning [45]), improving AUC by 6–16%.

5. Diversity analysis & RL post-training. Performance gains correlate with
increased candidate diversity (Pearson r=0.75), and the draft-guided selection
principle transfers to RL: Flash-Flow-GRPO matches baseline convergence
in 10→ fewer gradient steps.

2 Related Works

Recent work has studied allocating additional compute at inference time [40]
to improve di!usion model performance. Broadly, existing approaches either
search for better trajectories [13, 14, 17, 42] or steer sampling using a verifier
or reward model without retraining the generator [11, 30]. Ma et al . [21] for-
malize inference-time scaling as a search over noise space guided by learned
verifiers such as ImageReward [39], and show that increasing compute can yield
consistent gains. Singhal et al . [26] introduce Feynman–Kac (FK) steering, a
particle-based framework that resamples intermediate di!usion states according
to reward-defined potentials under deterministic schedulers such as DDIM [27].
Zhang et al . [43] connect inference-time scaling to classical tree search, combin-
ing local refinement with global exploration via breadth-first search (BFS) or
depth-first search (DFS) over denoising trajectories. Other works extend scaling
along additional axes: SANA 1.5 [38] studies joint training- and inference-time
scaling with best-of-N selection, and ReflectionFlow [45] performs iterative self-
refinement through textual feedback.

Despite their di!erences, these methods share two characteristics: they mea-
sure compute primarily via NFEs or FLOPs, abstracting away verifier and
control-logic costs; and they use techniques such as timestep truncation or ar-
chitectural simplifications to reduce latency while preserving baseline quality.
In contrast, we treat wall-clock time as the primary constraint and repur-
pose these e"ciency techniques for a di!erent goal: expanding the set of ex-
plored candidates under a fixed runtime budget by combining complementary
draft-generation strategies, jointly optimized once per model without repeated
intermediate verification.

3 Problem Setup

Let Dε denote a pre-trained text-to-image di!usion model with parameters ω.
Given a text x ↑ X , standard sampling follows an iterative denoising trajec-
tory through S discrete timesteps {tS , tS→1, . . . , t1, t0}, starting from Gaussian
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Fig. 2: [T2I Model: Wan2.1 1.3B] Acceleration strategies for draft generation: (1)
activation proxies exploit redundancies in activations across timesteps, (2) layer skip-
ping omits redundant layers within a timestep, and (3) early stopping truncates the
denoising trajectory. The bottom row compares drafts that over-index on each strategy
with our Flash-BoN draft (far right), which combines all three through a learned con-
figuration ω→. The balanced Flash-BoN draft preserves substantially more structure,
enabling reliable verification and refinement.

noise zT ↓ N (0, I) and progressively denoising to produce the final image:
y = Dε(zT , x, {ti}Si=1). Each denoising step zti→1 = fε(zti , x, ti) applies a neural
network fε, typically a U-Net [25] or DiT [24] architecture, consisting of L se-
quential blocks {B1, B2, . . . , BL}. While we describe our method in the context
of di!usion models for clarity, it applies equally to flow-matching models, which
we also evaluate in our experiments.

Given a prompt x ↑ X and a wall-clock time budget T ↑ R+, our goal is to
return an image y↑ that maximizes a verifier score V (y, x), where V serves as a
proxy for a downstream benchmark-specific evaluation metric E(y, x). Inference-
time scaling methods therefore generate a pool of candidate images {yj}Nj=1 and
select

y↑ = argmax
y↓{yj}N

j=1

V (y, x) s.t. Ttotal({yj}
N
j=1, x) ↔ T, (1)

where Ttotal encompasses all generation, verification, and (when applicable) data
reading/loading costs incurred by the method.

4 Flash-BoN

Flash-BoN builds on the observation that promising candidates can often be
identified without full-cost generation. Rather than relying solely on early timestep
truncation as in prior work, we define a draft configuration ε that combines three
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acceleration knobs: (i) early timestep stopping, (ii) layer skipping, and (iii) sub-
stituting full layer computation with activation proxies. We precompute ε once
per model via discrete optimization to obtain ε↑ that is fast while preserving
su"cient fidelity. Flash-BoN operates in three stages:

1. Draft Generation: Generate M cheap candidates {ỹ1, . . . , ỹM} using ε↑.
2. Verification: Score all previews with verifier V and select the best draft ỹ↑.
3. Refinement: Resume generation from ỹ↑ with full computation to obtain

final output y↑.

4.1 Acceleration Knobs & Precomputing ω→

To generate cheap previews, we must decide which shortcuts to apply without
degrading quality. We consider three complementary acceleration techniques:

(1) Early Timestep Stopping. Instead of running all S denoising steps, we
generate previews using only the first S↔ < S steps, inspired by [16, 32]. Let
zt ↑ Rd denote the latent at timestep t. The full denoising trajectory is:

zti→1 = fε(zti , x, ti) for i = S, S ↗ 1, . . . , 1, (2)

where fε is the denoising network. Early stopping truncates this to i = S, . . . , S↗
S↔ + 1.

(2) Activation Proxies. We can reduce computation by using activation prox-

ies computed from cached features at previously visited timesteps [1,6,12]. Since
denoising proceeds from high to low timesteps (tS ↘ t0), when processing step
i the activations at ti+1, ti+2, . . . are already available. Following Liu et al . [18],
we forecast the activation h(ϑ)

ti for layer ϑ via a second-order Taylor expansion
anchored at these cached values. Let ϖt = ti ↗ ti+1. We estimate temporal
derivatives from cached features:

ḣ(ϑ)
ti+1

≃
h(ϑ)
ti+1

↗ h(ϑ)
ti+2

ti+1 ↗ ti+2
, (3)

and

ḧ(ϑ)
ti+1

≃
h(ϑ)
ti+1

↗ 2h(ϑ)
ti+2

+ h(ϑ)
ti+3

(ti+1 ↗ ti+2)2
, (4)

and then form the activation proxy:

h̃(ϑ)
ti = h(ϑ)

ti+1
+ϖtḣ

(ϑ)
ti+1

+
1

2
ϖ2

t ḧ
(ϑ)
ti+1

, (5)

which is used as the layer output in place of a full forward computation.
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(3) Layer Skipping. While activation proxies exploit redundancy across timesteps

within a layer, we can also leverage redundancy across layers within a sin-
gle timestep [5, 44]. To do this, we selectively skip a subset of layers Lskip ⇐

{1, . . . , L} during denoising. At timesteps where skipping is applied, if layer ϑ is
skipped, we simply propagate the previous activation:

h(ϑ)
ti = h(ϑ→1)

ti (6)

instead of computing the full block output:

h(ϑ)
ti = Bϑ(h

(ϑ→1)
ti , x, ti), (7)

where Bϑ denotes the ϑ-th block of the denoising network.
Configuration Space. The three knobs above define a joint configuration
ε = (S↔, nskip, ϑstart, ϑend, ffull), where S↔ is the number of denoising steps for
previews, nskip is the number of initial timesteps before layer skipping begins,
ϑstart, ϑend ↑ [1, L] specify the contiguous range of layers to skip that is Lskip =
{ϑstart, . . . , ϑend}, and ffull controls how frequently full (non-proxied) computa-
tion is performed. Each ε induces a di!erent speed–fidelity trade-o! for draft
generation; Fig. 2 illustrates how over-indexing on any single knob degrades
quality compared to a balanced combination at the same speedup.
Precomputing ε↑. We select an optimal configuration ε↑ once per model by
solving a black-box discrete optimization problem that jointly maximizes wall-
clock speedup and perceptual similarity (LPIPS) to full-compute outputs, evalu-
ated on a held-out calibration set of 120 prompts. We use dual annealing [29,37]
as the optimizer and select ε↑ from the resulting Pareto frontier by maximizing
speedup subject to a minimum similarity constraint. The optimization runs for
200 iterations; the resulting ε↑ is then reused across all prompts and benchmarks
at inference time. This step is important as the same knobs in a random config-
uration produce drafts too degraded for the verifier to rank, falling below BoN
(App. B.4). Full details of the objective, optimizer comparisons, calibration set
design, and the Pareto frontier are provided in Appendix C.

4.2 Flash-BoN Stages

Stage 1: Draft Generation. Using the precomputed configuration ε↑, we
generate a pool of M preview candidates {ỹ1, . . . , ỹM} by sampling di!erent
random seeds. Each preview is generated as:

ỹj = Dε(z
(j)
T , x,ε↑), z(j)T ↓ N (0, I), (8)

where Dε(·, ·,ε↑) denotes the model with acceleration configuration ε↑ applied.

Stage 2: Verification and Selection. Given M draft candidates {ỹj}Mj=1, the
simplest selection strategy is pointwise scoring : apply an o!-the-shelf verifier Vpw
independently to each candidate and retain the highest-scoring one,

j↑ = argmax
j↓[M ]

sj , sj = Vpw(ỹj , x) ↑ {1, . . . , 10}. (9)
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This is cheap and fully parallelizable, but often unreliable: VLM-based veri-
fiers are noisy and poorly calibrated as absolute scorers [35], and integer-valued
outputs compress resolution at the top ranks. In practice, over 80% of prompts
produce tied highest scores, with roughly 30% having 20+ candidates sharing the
same top score, making selection e!ectively random (Appendix B.3). Pairwise

comparison, where the verifier judges two candidates head-to-head, avoids score
compression and is better calibrated for relative quality, but incurs prohibitive
O(M2) cost when applied exhaustively.

Multi-stage selection with Elo ranking. We combine both views in a
progressive filter that maintains Elo ratings [7] throughout. Let ϱk ↑ (0, 1] be
the retention ratio at stage k and ς ⇒ 0 the average sparse pairwise comparisons
per survivor.

1. Pointwise pruning + Elo seeding. Score all M candidates and retain the
top-ϱ1 fraction. Each candidate’s Elo rating is initialized from its pointwise
score via r(0)j = 1500 + (sj ↗ 5) · 100, seeding subsequent stages with an
informed prior:

S1 = Top↗ϖ1M↘
(
{r(0)j }

M
j=1

)
, M1 := |S1|. (10)

2. Sparse pairwise (adjacent comparisons). Sort S1 by Elo and form C2 =
⇑ςM1⇓ pairs between adjacent entries, concentrating comparisons where the
ranking is most uncertain. Each outcome updates both ratings via Elo with
a confidence-weighted K-factor.3 Retain the top-ϱ2 fraction:

S2 = Top↗ϖ2M1↘
(
{rj}j↓S1

)
, M2 := |S2|. (11)

3. Dense pairwise tournament. Run all
(M2

2

)
comparisons within S2, update

ratings, and select:

ỹ↑ = ỹj↑ , j↑ = argmax
j↓S2

rj . (12)

With our defaults (ϱ1=ϱ2=0.5, ς=1.5), the procedure uses roughly 3
2M ver-

ifier calls compared to the 1
2M

2 required by exhaustive pairwise ranking. We
ablate alternative ranking algorithms (Swiss tournaments, knockout brackets,
and full pairwise Elo), and e!ect of varying ϱ1, ϱ2,ς in Appendix B.3.

We distinguish the verifier V used at inference time from the evaluation

metric E used for reporting. The verifier guides candidate selection and is typi-
cally an o!-the-shelf VLM or reward model, while E denotes benchmark-facing
metrics such as programmatic checkers or evaluation-tuned VLMs. Using the
same model for both conflates selection with evaluation and risks metric overfit-
ting [21]. We provide qualitative examples for this in Fig. 8.

3 The pairwise verifier returns a confidence level (high/medium/low), scaling K by
1.2/1.0/0.7 respectively.
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Stage 3: Selective Refinement. After selecting the best candidate ỹ↑, we
resume generation from its cached latent state and perform the remaining de-
noising steps with full computation (i.e., no skipping or proxying). Let S↔ denote
the number of steps used during draft generation. We complete the rest of the
trajectory as:

y↑ = Dε(z
↑
tS↓ , x,εfull), (13)

where z↑tS↓ is the latent at the draft truncation point and εfull corresponds to
the standard, unaccelerated configuration. This is valid because the di!usion
sampling process is Markovian: future outputs depend only on the current latent,
not on how it was produced. The cached state comprises the latent tensor ztS↓ ,
optionally the layer activations {h(ϑ)

tS↓ }
L
ϑ=1 for warm-starting activation proxies,

and the random seed for reproducibility. To limit GPU memory usage during
draft generation, we o#oad cached tensors to CPU and transfer only the selected
candidate back for refinement. This data-transfer overhead is absent from NFE
accounting but fully captured by our wall-clock evaluation; despite it, Flash-BoN
still outperforms BoN and BFS in end-to-end runtime.

5 Experiments

We compare Flash-BoN against four baselines: Best-of-N (BoN), Breadth-First
Search (BFS), Depth-First Search (DFS) [43], and Zeroth-Order Search (ZOS) [21].
Together these cover the main families of inference-time scaling, from simple
global exploration to guided trajectory search. For flow-based models (FLUX.1-
dev), which use deterministic ODE solvers, we convert to an SDE to enable
trajectory branching (Appendix A.1). We evaluate on GenAI-Bench [15] (300
prompts), GenEval [9] (full), and UniGenBench [34] (300 prompts). For GenAI-
Bench and UniGenBench, we uniformly subsample from the evaluation set, as
running all methods for 300 s per prompt on the full benchmarks would be
computationally prohibitive (details in Appendix A.2). Experiments span three
model scales: Wan 2.1 1.3B, Wan 2.1 14B [31], and FLUX.1-dev [4]. All methods
run on NVIDIA H200 GPUs with end-to-end wall-clock timing covering gener-
ation, verification, refinement, and data transfer4.

Performance under wall-clock constraints. Fig. 3 extends the single-model
comparison from Fig. 1 to three architectures spanning an order of magnitude in
parameter count: Wan2.1 1.3B, Wan2.1 14B, and FLUX.1-dev. Across all three
models, BoN-style approaches that prioritize broad exploration consistently out-
perform guided search methods that invest compute in intermediate verification.
BFS, DFS, and ZOS produce modest gains on the smaller 1.3B model but scale
poorly to larger architectures; on Wan2.1 14B and FLUX.1-dev their curves are
nearly flat, indicating that repeated verifier calls leave little room for additional
candidates as per-image cost grows. Flash-BoN improves upon BoN across nearly

4 We incorporated warming up of the system to reduce variance.
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Fig. 3: GenAI-Bench under fixed wall-clock budgets. Performance versus total
runtime (seconds). All methods are evaluated under identical hardware and end-to-end
time accounting. Best-of-N (BoN) consistently outperforms guided search baselines
across models. Flash-BoN achieves the strongest performance at all time budgets, with
gains that persist and widen at larger scales.

Table 1: Normalized AUC (→) comparison of inference-time search techniques across
benchmarks and models. Best results per column are bold.

GenAI-Bench GenEval UniGenBench

Method Wan 1.3B Wan 14B FLUX Wan 1.3B Wan 14B FLUX Wan 1.3B Wan 14B FLUX

ZOS 0.52 0.57 0.57 0.29 0.36 0.37 0.45 0.52 0.49
DFS 0.55 0.50 0.51 0.36 0.37 0.35 0.47 0.46 0.45
BFS 0.50 0.43 0.44 0.31 0.28 0.29 0.43 0.39 0.38
BoN 0.65 0.60 0.60 0.43 0.42 0.42 0.54 0.53 0.54

Flash-BoN 0.66 0.68 0.68 0.45 0.49 0.47 0.57 0.60 0.61

the entire runtime range, with gains that widen as the budget increases and per-
sist across model sizes. Table 1 summarizes these trends via AUC/Time, the area
under the score-versus-wall-clock curve normalized by total time, and shows that
Flash-BoN leads in every model–benchmark combination across GenAI-Bench,
GenEval, and UniGenBench. The advantage over the next best baseline, BoN,
is most pronounced on larger models (Wan2.1 14B and FLUX.1-dev), where
higher per-image generation cost makes inexpensive drafts particularly e!ec-
tive for expanding exploration within a fixed budget. A practical implication is
that Wan2.1 1.3B with Flash-BoN at 300 s reaches GenAI-Bench scores com-
parable to Wan2.1 14B at 120–150 s, suggesting that inference-time scaling can
partially substitute for model size under deployment constraints. Additionally,
we break down each knob’s contribution in App. B.4, and show in App. B.5
that the draft-and-select approach still pays o! on few-step distilled models like
FLUX.1-schnell, where the per-step budget is already small.

Performance across di!erent prompt categories. Fig. 4 breaks down per-
formance on Wan2.1 1.3B by GenAI-Bench prompt category. Flash-BoN leads
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Fig. 4: Per-category GenAI-Bench scores on Wan2.1 1.3B under wall-clock time bud-
gets. Flash-BoN leads across all ten categories.

in every category, with the largest gains on compositional prompts (Spatial Re-
lation, Comparison, Part Relation), where the primary failure mode is incorrect
layout or missing structure; a broader draft pool increases the chance of sam-
pling a valid composition. The gap narrows for fine-grained categories such as
Attribute and Counting, where relevant distinctions are harder to resolve from
draft-quality previews. Among guided search methods, BFS is most competi-
tive on Counting and Attribute, where partially formed images already carry
informative signal. On holistic categories such as Universal and Negation, where
correctness depends on full image context, intermediate verification provides less
actionable information and the overhead dominates. Fig. 5 compares the best
candidates selected by each method across a range of prompts.

Combining Flash drafts with existing scaling methods. The draft strat-
egy can be layered onto existing inference-time scaling algorithms (Fig. 6). We
demonstrate this on two representative methods: Reflection-Tuning [45] and
BFS [43]. Reflection-Tuning iteratively generates an image, critiques it via a
VLM, and revises the text prompt accordingly; each cycle requires a full im-
age generation. In Flash-Reflection-Tuning, the critique loop operates on draft
images instead, and a full-quality generation is produced only after the prompt
converges, substantially reducing the cost per cycle. BFS prunes trajectories via
intermediate verification; in Flash-BFS, we accelerate the steps between veri-
fication points using drafts, reverting to full computation only after the final
pruning decision (see Appendix A.3 for implementation details). To summarize
performance across all time budgets in a single number, we report AUC/Time,
the area under the score-versus-wall-clock curve normalized by total time.

Flash-Reflection-Tuning improves AUC from 0.46 to 0.62, a large gain be-
cause cheaper cycles enable more prompt revisions within the same budget.
Flash-BFS improves more modestly, from 0.49 to 0.55: faster intermediate steps
allow more candidates, but BFS searches locally and cannot escape to distant
regions of noise space where compositionally correct solutions may lie. The con-
trast is instructive: methods that expand the e!ective search space benefit most
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Fig. 5: Qualitative comparison across methods. Each row shows the best image
selected by each technique under a fixed 300 s wall-clock budget. Prompts span spatial
relations, negation, counting, and complex scene composition. Flash-BoN consistently
produces images that more faithfully satisfy the prompt.

from cheaper drafts, while those that refine within a fixed region see diminishing
returns.

Why does broader exploration help? A diversity analysis. The results
above show that exploring more seeds under a fixed budget consistently im-
proves quality. A natural question is whether this simply reflects more lottery
tickets or whether e!ective methods cover a genuinely more diverse region of the
output space. To examine this, we measure the diversity of each method’s can-
didate pool using the Vendi Score [8], defined as VS(K) = exp

(
↗
∑

i φ̂i log φ̂i

)

with φ̂i = φi/tr(K), where K is a pairwise similarity matrix computed from DI-
NOv2 [23] features. Intuitively, VS equals 1 for n identical images and n for n per-
fectly distinct ones. We compute it over all candidates generated within the 300 s
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Fig. 6: Combining the Flash draft
strategy with existing inference-
time scaling methods on Wan2.1
1.3B (GenAI-Bench). We report
AUC/Time, the area under the score-vs-
wall-clock curve normalized by total time,
as a summary e!ciency metric. Applying
Flash drafts to Reflection-Tuning yields
a large improvement (0.46 to 0.62), while
the gain on BFS is more modest (0.49 to
0.55).

Fig. 7: Candidate pool diversity
vs. final GenAI-Bench performance
across three models. Diversity is mea-
sured using the Vendi Score. Each point
is one method averaged over all prompts;
color indicates technique, shape indicates
model. Dashed line shows the linear cor-
relation fit. Methods that explore more
diverse candidates consistently achieve
higher quality (Pearson r=0.75).

budget for each method–model–prompt combination. As shown in Fig. 7, diver-
sity and final quality are positively correlated (Pearson r=0.75). Guided search
methods cluster in the low-diversity, lower-performance region, while Flash-BoN
consistently sits at the high-diversity end, suggesting that inexpensive drafts en-
able not only more candidates but also meaningfully di"erent ones (qualitative
examples in Appendix D.3).

E!ect of verifier and evaluation metric. Next, we examine how inference-
time scaling interacts with the choice of verifier and eval. metric. For each veri-
fier V and metric E, we report the percent improvement of Flash-BoN over the
no-scaling baseline (Fig. 9). Gains are largest along the diagonal, where veri-
fier matches evaluator, but the magnitude varies strikingly: ImageReward shows
270% improvement versus 40% for HPSv3 and 26% for VQAScore. We hypothe-
size that ImageReward is particularly susceptible to reward over-optimization: its
no-scaling baseline is low relative to the post-scaling score, yet once even a small
candidate pool is available, scores plateau almost immediately and remain flat
(Appendix B.2), suggesting the model locks onto a narrow preference and stops
discriminating. This is consistent with findings that holistic preference models
tend to favor aesthetic outputs even when they deviate from the prompt [10,39].
We share qualitative examples of this failure mode in Appendix D.1.

More broadly, no evaluation metric is bias-free: learned preference models
are constrained by their training data and annotation protocols [22, 39], and
optimizing against any single metric risks exploiting its blind spots, producing
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Fig. 8: Failure modes when verifier and evaluator coincide (Wan 2.1 1.3B).
Left two columns: the evaluator incorrectly accepts flawed outputs (false positives).
Right two columns: the evaluator incorrectly rejects valid outputs (false negatives).
When the same model serves both roles, inference-time scaling may exploit these biases,
influencing scores without genuine quality improvement.

artifacts not present in the prompt [22]. Fig. 8 illustrates this: when the same
model acts as both verifier and evaluator, scaling selects for that model’s biases
rather than true quality. A distinct proxy verifier avoids this loop: in our setup,
general VLM verifiers produce consistent gains across all evaluation metrics
(6–14%), even without topping any single matched column, indicating stronger
cross-metric generalization. Our multi-stage verification further improves over
pointwise scoring across all three metrics, supporting our selection design.

Application to RL post-training. The draft-and-select strategy also ap-
plies beyond inference-time scaling. In RL post-training methods such as Flow-
GRPO [19], the model generates a group of G rollout trajectories per prompt,
scores them with a reward model, and updates the policy via group-relative ad-
vantage estimation. Sampling these rollouts is both memory and time intensive,
so trajectories are typically drawn at random. For di"cult prompts, this makes
it unlikely that any rollout in a small group will produce a strong positive exam-
ple, leaving the optimizer with limited signal. In Flash-Flow-GRPO, we replace
random sampling with draft-guided selection: generate 2G=16 inexpensive draft
rollouts, score them, and retain the top 6 and bottom 2 candidates for gra-
dient computation, performing full forward passes only on these G=8 selected
trajectories. The broader draft pool increases the probability of encountering
informative positive and negative examples. All hyperparameters are identical
to the baseline except for rollout selection and a slightly higher KL penalty to
account for the draft-selected distribution (Appendix A.4).

Fig. 10 shows results on Wan2.1 1.3B. Flash-Flow-GRPO opens a clear gap
within the first 60 steps and maintains it throughout training, reaching 0.699 vs.
0.692 for the baseline. Notably, Flash-Flow-GRPO at step 60 already matches
the baseline’s final performance, suggesting roughly 10→ faster convergence. We
show qualitative examples for the same in Appendix D.2.
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Fig. 9: Percent improvement over
no-scaling baseline (Wan 2.1 1.3B).
Each cell reports relative improvement
when using a given verifier (rows)
and evaluating with a specific metric
(columns). Diagonal entries, where veri-
fier matches evaluation metric, show the
largest gains, while o"-diagonal entries re-
flect cross-metric generalization.

Fig. 10: RL post-training with
Flash-BoN rollouts. GenAI-Bench
(VQAScore) during Flow-GRPO training
on Wan2.1 1.3B. Flash-Flow-GRPO con-
verges faster and maintains a consistent
advantage throughout training.

6 Discussion

We introduced Flash-BoN, an inference-time scaling method that generates a
large pool of inexpensive draft candidates, identifies the most promising one via
an e"cient multi-stage verification procedure, and refines only that candidate
at full quality. Across multiple benchmarks and models, Flash-BoN consistently
outperforms baselines under fixed wall-clock budgets, with gains that grow at
larger model scales. These improvements are driven by genuinely broader and
more diverse exploration (Pearson r=0.75), combine well with orthogonal tech-
niques such as Reflection-Tuning, and transfer to RL post-training, where Flash-
Flow-GRPO matches baseline convergence while requiring 10→ fewer gradient
steps. While our results show strong improvements, several open questions re-
main for future work, such as, extending draft-and-refine scaling to text-to-video
with policies that retain temporal consistency and verifiers trained specifically
to compare draft-quality images to improve reliability.
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