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Figure 1: We propose Evolutionary Search (EvoSearch), a novel, generalist, and compute-optimal
test-time scaling framework applicable to both image and video generation tasks. EvoSearch signifi-
cantly enhances sample quality through strategic computation allocation during inference, enabling
Stable Diffusion 2.1 to be comparable to GPT4o, and Wan 1.3B to outperform Wan 14B model
and Hunyuan 13B model with 10× fewer parameters.

Abstract
As the marginal cost of scaling computation (data and parameters) during model
pre-training continues to increase substantially, test-time scaling (TTS) has emerged
as a promising direction for improving generative model performance by allocating
additional computation at inference time. While TTS has demonstrated significant
success across multiple language tasks, there remains a notable gap in under-
standing the test-time scaling behaviors of image and video generative models
(diffusion-based or flow-based models). Although recent works have initiated
exploration into inference-time strategies for vision tasks, these approaches face
critical limitations: being constrained to task-specific domains, exhibiting poor
scalability, or falling into reward over-optimization that sacrifices sample diversity.
In this paper, we propose Evolutionary Search (EvoSearch), a novel, generalist,
and efficient TTS method that effectively enhances the scalability of both image
and video generation across diffusion and flow models, without requiring addi-
tional training or model expansion. EvoSearch reformulates test-time scaling for
diffusion and flow models as an evolutionary search problem, leveraging principles
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from biological evolution to ef�ciently explore and re�ne the denoising trajectory.
By incorporating carefully designed selection and mutation mechanisms tailored
to the stochastic differential equation denoising process, EvoSearch iteratively
generates higher-quality offspring while preserving population diversity. Through
extensive evaluation across both diffusion and �ow architectures for image and
video generation tasks, we demonstrate that our method consistently outperforms
existing approaches, achieves higher diversity, and shows strong generalizability to
unseen evaluation metrics.

1 Introduction

Generative models have witnessed remarkable progress across various �elds, including language [1,
34, 25], image [16, 40], and video generation [7, 38, 79], demonstrating powerful capabilities to
capture complex data distributions. The central driver of this success is their ability to scale up
during training by increasing data volumes, computational resources, and model sizes. This scaling
behavior during the training process is commonly described as Scaling Laws [31, 35]. Despite these
advancements, further scaling at training time is increasingly reaching its limits due to the rapid
depletion of available internet data and increasing computational costs. Post-training alignment [72]
has been proven to be effective in addressing this challenge. For diffusion and �ow models, these
approaches typically include parameter tuning via reinforcement learning [6, 19] or direct reward
gradient backpropagation [11, 53]. However, they suffer from reward over-optimization due to
their mode-seeking behavior, high computational costs, and requirement of direct model weight
access. Alternative methods [2, 95] propose directly optimizing initial noise, as some lead to better
generations than others, but demand specialized training and struggle with cross-model generalization.

Recent advances in large language models (LLMs) have expanded to test-time scaling (TTS) [8, 84],
showing promising results to complement traditional training-time scaling law. TTS [93] allocates
additional computation budget during inference, offering a novel paradigm for improving generation
quality without additional training. However, diffusion and �ow models present unique challenges
for test-time scaling, since they must navigate the complex, high-dimensional state space along
the denoising trajectory, where existing methods in LLMs struggle to transfer effectively. Current
approaches of test-time scaling for diffusion and �ow models include (i) best-of-N sampling [49, 45],
which, despite its simplicity, suffers from severe search inef�ciency in high-dimensional noise
spaces; and (ii) particle sampling [37, 62], which, while enabling search across the entire denoising
trajectory, compromises both exploration capability and generation diversity due to its reliance on
initial candidate pools. These simple heuristic designs lack fundamental adaptability to the complex
generation pathways, leading to sample diversity collapse and inef�cient computation.

In this paper, we aim to address the above critical challenges and develop a general and ef�cient
test-time scaling method that is versatile for both image and video generation across diffusion and
�ow models without parameter tuning or gradient backpropagation. To enable test-time scaling of
�ow models, we transform their deterministic sampling process (ODE) into a stochastic process
(SDE), thereby broadening the generation space, which paves the way for a uni�ed framework
for inference-time optimization. Through systematic analysis of latent spaces along the denoising
trajectory, including both starting Gaussian noises and intermediate states, we �nd that neighboring
states in the latent space exhibit similar generation qualities, suggesting that high-quality samples
are not solely isolated. Based on this insight, we proposeEvolutionarySearch(EvoSearch), a novel
test-time scaling method inspired by biological evolution. EvoSearch reframes test-time scaling of
image and video generation as an evolutionary search problem, incorporating selection and mutation
mechanisms speci�cally designed for the denoising process in both diffusion and �ow models. At each
generation, EvoSearch �rst selects high-reward parents while preserving population diversity, and
then generates new offspring through our designed denoising-aware mutation mechanisms to explore
new states, enabling iterative improvement in sample quality. The key insight of EvoSearch is to
actively explore high-reward particles through evolutionary mechanisms, overcoming the limitations
of previous search methods that are con�ned to a �xed candidate space. To optimize computational
ef�ciency, we dynamically search along the denoising trajectory, progressing from Gaussian noises
to states at larger denoising steps, thereby continuously reducing computational costs as we approach
the terminal states. Through extensive experiments on both text-conditioned image generation and
video generation tasks, we �nd that EvoSearch achieves substantial improvements in sample quality
and human-preference alignment as test-time compute increases.

We summarize our key contributions as follows: (i) We propose EvoSearch, a novel, generalist, and
ef�cient TTS framework which enhances generation quality by allocating more compute during
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inference, unifying optimization for both diffusion and �ow generative models. (ii) Based on our
observations of latent space structure, we design specialized selection and mutation mechanisms
tailored to the denoising process, effectively enhancing exploration while maintaining diversity. (iii)
Extensive experiments show that EvoSearch effectively improves generative model performance by
scaling up inference-time compute, outperforming competitive baselines across both image and video
generation tasks. Notably, EvoSearch enables SD2.1 [13] to be comparable to GPT4o, and allows the
Wan 1.3B model [79] to achieve competitive performance with the10� larger Wan 14B model. Our
project is available at the anonymous websiteevosearch.github.io .

2 Preliminary

Diffusion Models and ODE-to-SDE Transformation of Flow Models. Both diffusion models
and �ow models map the source distribution, often a standard Gaussian distribution, to a true data
distributionp0. A forward diffusion process progressively perturbing data to noise, de�ned as
x t = � t x 0 + � t " , where" 2 N (0; I ) is the added noise at timestept 2 [0; T], and (� t ,� t ) denote
the noise schedule. To restore from diffused data, diffusion models naturally utilize an SDE-based
sampler during inference [70, 67], which introduces stochasticity at each denoising step as follows:
x t � 1 =

p
� t � 1

�
(x t �

p
1 � � t " � (x t ; t))=

p
� t

�
+

p
1 � � t � 1 � � 2

t " � (x t ; t) + � t " t :

In contrast, �ow models learn the velocityut 2 Rd, which enables sampling ofx 0 by solving the �ow
ODE [70] backward fromt = T to t = 0 : x t � 1 = x t + ut (x t )dt, leading allx t � 1 drawn fromx t
identical. This restricts the applicability of test-time scaling search methods like particle sampling and
our proposed EvoSearch in �ow models [36], since the sampling process lacks stochasticity beyond
initial noise. To address this limitation, we transform the deterministic Flow-ODE into an equivalent
SDE process. Following previous works [3, 48, 52, 36, 61], we rewrite the ODE sampling process

by dx t =
�

ut (x t ) � � 2
t

2 r logpt (x t )
�

dt + � t dw, where the scorelogpt (x t ) can be computed by
velocityut (see Eq. (13) in [61]), anddw injects stochasticity at each sampling step.

Evolutionary Algorithms. Evolutionary algorithms (EAs) [39, 9] are biologically inspired, gradient-
free methods that found effective in optimization [22, 24, 76], algorithm search [12, 56], and neural
architecture search [55, 89, 66]. The key idea of EAs is mimicking the process of natural evolution [4],
by maintaining a population of solutions that evolve over generations. EAs involve initializing
random solutions, evaluating �tness, selecting parents, and applying genetic operators (crossover
and mutation) to create offspring that constitute the next generation. Due to the diversity within
populations and the mutation operations, EAs excel at global optimization and solving multimodal
problems compared to traditional local search methods.

3 Related Work

Alignment for Diffusion and Flow Models. Aligning pre-trained diffusion and �ow generative mod-
els can be achieved by guidance [13, 70] or �ne-tuning [41, 18], which aim to enhance sample quality
by steering outputs towards a desired target distribution. Guidance methods [30, 68, 10, 5, 69, 27]
rely on predicting clean samples from noisy data and differentiable reward functions to calcu-
late guidance. Typical �ne-tuning methods involve supervised �ne-tuning [41, 18, 83], RL �ne-
tuning [6, 19, 20], DPO-based policy optimization [78, 88, 44, 47, 92], direct reward backpropaga-
tion [11, 86, 53],stochastic optimization [14, 90], and noise optimization [2, 95, 71, 26, 17]. These
methods require additional dataset curation and parameter tuning, and can distort alignment or reduce
sample diversity due to their mode-seeking behavior and reward over-optimization. In contrast,
our proposed EvoSearch method offers signi�cant advantages through its universal applicability
across any reward function and model architecture (including �ow-based, diffusion-based, image and
video models) without requiring additional training. Moreover, EvoSearch complements existing
�ne-tuning methods, as it can be applied to any �ne-tuned model to further enhance reward alignment.

Test-Time Scaling in Vision.Several test-time scaling (TTS) methods have been proposed to extend
the performance boundaries of image and video generative models. These methods fundamentally
operate as search, with reward models providing judgments and algorithms selecting better candidates.
Best-of-N generates N batches of samples and selects the one with the highest reward, which has
been validated effective for both image and video generation [49, 45]. More advanced search method
for diffusion models is particle sampling [62, 43, 42, 60, 37], which resamples particles over the full
denoising trajectory based on their importance weights, demonstrating superior results than naive
BoN. Video-T1 [45] and other recent works [87, 85, 50, 45] propose leveraging beam search [65]
for scaling video generation. However, in the context of diffusion and �ow models, we remark
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that beam search represents a specialized case of particle sampling with a predetermined beam size,
as both methodologies iteratively propagate high-reward samples while discarding lower-reward
ones in practice. Furthermore, Video-T1 is constrained to autoregressive video models, limiting its
applicability to more advanced diffusion and �ow generative models. All existing search methods
rely heavily on the quality of the initial candidates, failing to explore new particles actively, while
our proposed method, EvoSearch, leverages the idea of natural selection and evolution, enabling the
generation of new, higher-quality offspring iteratively. EvoSearch is also a generalist framework with
superior scalability and extensive applicability across both diffusion and �ow models for image and
video generation, contrary to previous methods that are constrained to speci�c models or tasks.

4 Proposed Method

4.1 Problem Formulation

In this work, we investigate how to ef�ciently harness additional test-time compute to enhance the
sample quality of image and video generative models. Given a pre-trained �ow-based or diffusion-
based model and a reward function, our objective is to generate samples from the following target
distribution [73, 43, 81, 74]:

ptar := arg maxp0Ex 0 � p0[r (x 0)] � � DKL [p0jppre
0 ]; (1)

which optimizes the reward functionr while preventingptar from deviating too far from pre-trained
distributionppre

0 , with � controlling this balance. The target distributionptar can be re-written as:

ptar =
1
Z

ppre
0 (x 0) exp

�
r (x 0)

�

�
; (2)

whereZ denotes a normalization constant [54, 73]. Notably, directly sampling from the target
distribution is infeasible: the normalization factorZ requires integrating over the entire sample space,
making it computationally intractable for high-dimensional spaces in diffusion and �ow models.

4.2 Limitations of Existing Approaches

Test-time approaches to sampling from the target distributionptar in Eq. (2) employ importance
sampling [51], which generatesk particlesx i

0 � ppre
0 (x 0) and then resamples the particles based on

the scoresexp(r (x 0)=� ). A straightforward implementation of this concept is best-of-N sampling,
which simply generates multiple samples and selects the one with the highest reward. A more
sophisticated approach, called particle sampling [63, 37], searches across the entire denoising
path� = f x T ; � � � ; x k ; � � � ; x 0g, guiding samples toward trajectories that yield higher rewards.
However, both of these methods suffer from fundamental limitations in their ef�ciency and exploration
capabilities. Best-of-N only resamples at the �nal step (t = 0 ), taking the entire distribution
ppre

0 (x 0) =
RQ

t f ppre
t (x t � 1jx t )gdx 1:T as its proposal distribution. This passive �ltering approach

is computationally wasteful, as it expends a large amount of computation generating complete
trajectories for samples that ultimately yield low rewards. In contrast, particle sampling can search
and resample at each intermediate step along the denoising path, usingppre

t (x t � 1jx t ) as its proposal
distribution at each stept. However, it is still constrained by the �xed initial candidate pool, struggling
to actively explore and generate novel states beyond those proposed byppre

0 during the search process.
This limitation becomes increasingly restrictive as the search progresses, which leads to restricted
performance due to limited exploration and reduced diversity.

Figure 2: Visualization of a test-time alignment experiment. We train a diffusion model with3-
layer MLP on Gaussian mixtures (pre-trained distribution), with the goal to capture multimodal
unseen target distribution, where rewardr (X; Y ) = �j X 2 + Y 2 � 4j. EvoSearch achieves superior
performance, capturing all the modes with the highest reward (-0.74).

To better understand these inherent limitations more concretely, we visualize the behavior of different
approaches in Fig. 2. As shown, re-training methods, including RL (DDPO [6]) and reward backprop-
agation [11], struggle to generalize to the unseen target distribution, largely due to their heavy reliance
on pre-trained models and mode-seeking behavior. While test-time search methods (best-of-N and
particle sampling) achieve higher rewards than re-training methods, they still fail to capture all modes
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Figure 3: Overview of our method. EvoSearch progressively moves forward along the denoising
trajectory to re�ne and explore new states.
of the multimodal target distribution, converging to limited regions of the solution space. These
�ndings highlight the need for a novel test-time scaling framework capable of effectively balancing
between exploitation and exploration while maintaining computational ef�ciency for scaling up.
In the following sections, we introduce how our EvoSearch method overcomes these fundamental
limitations, which achieves the highest reward with comprehensive mode coverage as shown in Fig. 2.

4.3 Evolutionary Search

We proposeEvolutionarySearch(EvoSearch), a novel evolutionary framework that reformulates the
sampling from the target distributionptar in Eq.(2) at test time as an active evolutionary optimization
problem rather than passive �ltering. EvoSearch introduces a uni�ed way for achieving ef�cient and
effective test-time scaling across both diffusion and �ow models for image and video generation
tasks. The overview of our method is provided in Fig. 3. Our algorithm is summarized in Alg 1&2.
EvoSearch introduces a novel perspective that reinterprets the denoising trajectory as an evolutionary
path, where both the initial noisex T and the intermediate statex t can be evolved towards higher-
quality generation, actively expanding the exploration space beyond the constraints of the pre-trained
model's distribution. Different from classic evolutionary algorithms that optimize a population set
in a �xed space [9], EvoSearch considers dynamically moving forward the evolutionary population
along the denoising trajectory starting fromx T (i.e., Gaussian noises). Below, we introduce the core
components of our EvoSearch framework.

Evolution Schedule. For a typical sampling process in diffusion and �ow models, the change
betweenx t � 1 andx t is not substantial. Therefore, performing EvoSearch at every sampling step
would be computationally wasteful. To address this ef�ciency problem, EvoSearch de�nes an
evolution scheduleT = f T; � � � ; tm ; � � � ; tn g that speci�es the timesteps at which EvoSearch should
be conducted. Concretely, EvoSearch �rst thoroughly optimizes the starting noisex T to identify
high-reward regions in the Gaussian noise space, establishing a strong initialization for the subsequent
denoising process. After a high-qualityx T is obtained, EvoSearch progressively applies our proposed
evolutionary operations to intermediate statesx t i at predetermined timestepst i 2 T . This cascading
way enables each subsequent generation beginning directly from the cached intermediate statex t i

obtained from the previous generation, instead of repeatedly denoising fromx T , eliminating the
redundant denoising computations fromx T ! x t i . In practice, we implement this evolution schedule
using uniform intervals between timesteps, which signi�cantly reduces computational overhead.

Population Initialization. Following the evolution scheduleT , we introduce a corresponding popu-
lation size scheduleK = f kT ; � � � ; km ; � � � ; kn g, where eachki speci�es the population size for the
generation at timestept i . This adaptive approach enables �exible trade-offs between computational
cost and exploration of the state space (please �nd Appendix B.1 for further analysis on ablation of
K). The initial generation of EvoSearch begins withkT randomly sampled Gaussian noisesf x i

T gkT
i =1

at timestept = T, which serve as the �rst-generation parents for the subsequent evolutionary process.

Fitness Evaluation. To guide the evolutionary process, EvoSearch evaluates the quality of each
parent using an off-the-shelf reward model at each evolution timestept i :

R(x t i ) = Ex 0 � p0 (x 0 j x t i ) [r (x 0)jx t i ] ; (3)

where the reward modelr can correspond to various objectives, including human preference
scores [86, 82, 29] and vision-language models [45, 28]. Note that previous methods typically
rely on either lookahead estimators [50, 42] or Tweedie's formula [15, 10] to predictx 0 from noisy
data for reward calculation in Eq.(3), which can induce signi�cant prediction inaccuracies and
approximation errors. In contrast, we evaluate the reward directly on fully denoisedx 0 (e.g., clean
image or video), thereby obtaining high-�delity reward signals.
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Selection.To propagate high-quality candidates across generations while maintaining population
diversity, EvoSearch employs tournament selection [23] to sample parents from the population of
sizeki through cycles. Speci�cally, each cycle picks a tournament ofb < k i candidates at random
and selects the best candidate in the tournament as a parent.

Mutation. Recent works [95, 2] have shown that different initial noises yield varying generation
quality. Intuitively, this property extends naturally to intermediate denoising states. While this
phenomenon serves as a basis for making best-of-N and particle sampling useful, it raises a more
fundamental question:do these noises and intermediate states possess other exploitable patterns or
structural regularities that can be leveraged to enhance inference-time generation quality?

To investigate this critical question, we visualize the latent states at different denoising steps using
t-SNE [75]. Our �ndings, as shown in Fig. 4, reveal that neighboring states in the latent space exhibit
similar generation qualities, suggesting that high-quality samples are not solely isolated. Building
upon this discovery, we develop a specialized mutation strategy that leverages this exploitable
structure in the reward landscape of diffusion and �ow models. Speci�cally, we preservem elite
parents (those with top �tness scores) at each generation to ensure convergence, wherem � ki . For
the remainingki � m parents, we mutate them to explore the neighborhoods around selected parents
to discover higher-quality samples. This approach avoids premature convergence to a narrow region
of the denoising state space, facilitating effective exploration of novel regions while maintaining
population diversity. To align with the characteristics of the underlying SDE sampling process, we
develop different mutation operations for initial noises and intermediate denoising states.

Figure 4: t-SNE Visualization of latentx t from SD2.1 model at different steps, colored by their
corresponding ImageReward scores. At denoising step 0,x t is Gaussian noises.
� Initial noise mutation. For the initial noisex T , which is sampled from a Gaussian distribution, the
corresponding mutation operation is designed to preserve the Gaussian nature of the noise based on

x child
T =

p
1 � � 2x parent

T + �" T ; "T � N (0; I ); (4)

where� is a hyperparameter that controls the strength of added stochasticity to the parents. The �rst
term ensures that the mutated children preserve the high-reward region density, while the second term
encourages exploration.
� Intermediate denoising state mutation.For intermediate statesx t , the mutation operation de�ned
in Eq.(4) is not applicable sincex t is no longer Gaussian due to the denoising process. To synthesize
meaningful variations while preserving the intrinsic structure of the latent statex t , we propose an
alternative mutation operator inspired by the reverse-time SDE:

x child
t � 1 = x parent

t � 1 + � t " t ; " t � N (0; I ); (5)

where� t is the diffusion coef�cient de�ned in reverse-time SDE, controlling the level of injected
stochasticity. This mutation operation effectively generates novelx t � 1, enabling exploration of an
expanded state space while preserving the inherent distribution established during the denoising
process. The theoretical validation of the proposed mutation strategies is provided in the Appendix A.2.
In the next generation of EvoSearch, we samplex 0 � p0(x 0jx child

t ) based on the new offspring
x child

t , and repeat the above evolutionary search process, including evaluation, selection, and mutation.
We highlight that EvoSearch provides a uni�ed framework that encompasses both best-of-N and
particle sampling as special cases.

5 Experiments

In this section, we evaluate the ef�cacy of EvoSearch through extensive experiments on large-scale
text-conditioned generation tasks, encompassing both image and video domains.

5.1 Experiment Setup

Image Generation.(i) Tasks and Metrics.We adopt DrawBench [58] for evaluation, which consists
of 200 prompts spanning 11 different categories. We utilize multiple metrics to evaluate generation
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quality, including ImageReward [86], HPSv2 [82], Aesthetic score [59], and ClipScore [29]. Im-
ageReward and ClipScore are employed as guidance rewards during search. Please refer to evaluation
details in Appendix A.3. (ii)Models. We employ two different text-to-image models to evaluate
EvoSearch and baselines, which are Stable Diffusion 2.1 [57] and Flux.1-dev [40], respectively.
SD2.1 is a diffusion-based text-to-image model with 865M parameters, while Flux-dev is a recti�ed
�ow-based model with 12B parameters. For both models, we use 50 denoising steps with a guidance
scale of 5.5, with other hyperparameters remaining as the default.

Video Generation. (i) Tasks and Metrics.We take the recently released VideoReward [46] as the
guidance reward to provide feedback during search. VideoReward, built on Qwen2-VL-2B [80],
evaluates generated videos on multiple dimensions: visual quality, motion quality, and text alignment.
To measure the generalization performance to unseen rewards, we utilize both automatic metrics
and human assessment for comprehensive evaluation. For automatic evaluation, we employ multiple
metrics from VBench [33] and VBench2 [94], which encompass 625 distinct prompts distributed
across six fundamental dimensions, includingdynamic, semantic, human �delity, composition,
physics, andaesthetic. For human evaluation, we hire annotators to evaluate videos on 200 prompts
sampled from VideoGen-Eval [91]. Evaluation details are in Appendix A.3. (ii)Models. To evaluate
the scalability and performance of baselines, we utilize two widely adopted video generative models:
HunyuanVideo [38] and Wan [79]. Given the computational intensity of video generation compared
to image generation, we speci�cally use the 1.3B parameter variant of Wan for practical evaluation.
Each video comprises 33 frames, with other hyperparameters following default con�gurations.

Baselines. As we evaluate the scalability of both diffusion and �ow models across image and
video generation tasks, we benchmark EvoSearch against two widely-used search methods that are
applicable to our experimental settings: (i)Best of Nsamples multiple random noises at beginning,
assign reward values to them via denoising and evaluation, and choose the candidate yielding the
highest reward. (ii)Particle Sampling follows the implementation of FK-Steering [62], which
maintains a set of candidates along the denoising process, called particles, and iteratively propagates
high-reward samples while discarding lower-reward ones. Implementation details of EvoSearch and
baselines are provided in Appendix A.1. To ensure fair comparison, we employ the same random
seeds to generate videos/images for each method.

5.2 Results Analysis

(a) (b)

Figure 5: Scaling behavior of EvoSearch and
baselines as inference-time computation in-
creases on DrawBench.Top: SD2.1.Bottom:
Flux.1-dev. (a) and (b) use ImageReward and
ClipScore as guidance rewards, respectively.

To evaluate EvoSearch's versatility and practical per-
formance, we include image generation on diffusion
model (SD2.1) and �ow model (Flux.1-dev), video
generation on �ow models (HunyuanVideo and Wan)
for comprehensive analysis. In addition to comparing
the NFEs, we provide a wall-clock time compari-
son in the Appendix B.2 to further demonstrate the
computational ef�ciency of our method, wherein the
advantages of EvoSearch become even more evident.

Question 1. Can EvoSearch consistently yield per-
formance improvement with scaled inference-time
computation?

We measure the inference time computation by the
number of function evaluations (NFEs). As shown
in Fig. 5, where we evaluate performance using both
ImageReward and ClipScore, EvoSearch exhibits
monotonic performance improvements with increas-
ing inference-time computation. Notably, for the
Flux.1-dev model (12B parameters), EvoSearch con-
tinues to demonstrate performance gains as NFEs increase, whereas baseline methods plateau after
approximately1e4 NFEs. Qualitative results in Fig. 1 show that both SD2.1 and Flux.1-dev generate
images with progressively improved prompt alignment as inference computation increases.

Question 2.How does EvoSearch compare to baselines for scaling image and video generation at
inference time?

For image generation tasks, as evidenced in Fig. 5 and Fig. 7, EvoSearch demonstrates consistent
superior performance over all baseline methods across varying computational budgets, for both
diffusion-based SD2.1 and �ow-based Flux.1-dev models. The results on other benchmarks like
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Figure 6: VideoRewards on
VBench & VBench2.0 (top)
and VideoGen-Eval [91]
(bottom).

Figure 7: EvoSearch can generalize to unseen metrics.Top row:
DrawBench results on SD2.1.Bottom row: DrawBench results on
Flux.1-dev.

Figure 8: A qualitative example showing that EvoSearch generates videos with superior visual quality,
enhanced background consistency, and improved semantic alignment with the input text prompts.

GenEval [21] and DPGBench [32] are provided in Appendix B.3. For video generation tasks where
VideoReward serves as the guidance reward, EvoSearch continues to obtain the highest score across
different generative models compared to the baselines. Quantitative results in Fig. 6 (top row) show
that for the Wan 1.3B model, EvoSearch outperforms best-of-N and particle sampling by 32.8% and
14.1%, respectively. When applied to the larger HunyuanVideo 13B model, EvoSearch demonstrates
improvements of 23.6% and 20.6% over best-of-N and particle sampling, respectively. Results on the
prompts sample from Videogen-Eval [91], as illustrated in Fig. 6 (bottom row), further corroborate
these �ndings, with EvoSearch showing improvements of 22.8% and 18.1% compared to best-of-N
and particle sampling, respectively. Qualitative assessment in Fig. 8 reveals that only EvoSearch
successfully generates images with both background consistency and accurate text prompt alignment.
In contrast, particle sampling fails to comprehend the complex text prompt, while best-of-N produces
results of inferior visual quality. More qualitative results are provided in Appendix B.4. The superior
performance of EvoSearch can be attributed to its active exploration and re�nement within the
denoising state space, whereas best-of-N and particle sampling are limited to a local candidate pool.

Table 1: Evaluation results across multiple metrics from both Vbench and VBench2.0.

Methods Dynamic Semantic Fidelity
Human Composition Physics Aesthetic Average

Wan 1.3B 13.18 16.83 82.98 38.08 64.44 64.01 46.59
+Best of N 15.38" +2.2 13.67# � 3.16 87.58" +4.6 44.71" +6.63 56.10# � 8.34 64.84" +0.83 47.04" +0.45

+Particle Sampling 13.18" +0.0 12.67# � 4.16 86.13" +3.15 39.43" +1.35 56.41# � 8.03 64.54" +0.53 45.39# � 1.2
+EvoSearch (Ours) 16.48" +3.3 15.51# � 1.32 86.84" +3.86 51.57" +13.49 57.5# � 6.9 64.35" +0.34 48.71" +2.12

HunyuanVideo 13B 8.79 16.11 90.28 47.89 56.10 66.31 47.58
+Best of N 6.59# � 2.2 12.84# � 3.27 91.31" +1.03 50.53" +2.64 47.62# � 8.48 66.28# � 0.03 45.86# � 1.72

+Particle Sampling 6.59# � 2.2 11.00# � 5.11 93.17" +2.89 36.67# � 11.22 54.29# � 1.81 65.55# � 0.76 44.55# � 3.03
+EvoSearch (Ours) 7.69# � 1.1 14.92# � 1.19 94.63" +4.35 51.37" 3.48 61.54" +5.44 66.75" +0.44 49.48" +1.90

Question 3.How does EvoSearch generalize to unseen reward functions (metrics)?

As demonstrated in a recent work [49], reward hacking [64] can signi�cantly impair test-time scaling
performance, where the model exploits �aws or ambiguities in the reward function to obtain high
rewards. Such mode-seeking behavior results in reduced population diversity and ultimately leads
to mode collapse as the computation increases. However, our method, EvoSearch, can mitigate
the reward hacking problem to some extent since it maintains higher diversity through the search
process, effectively capturing multimodal modes from target distributions. We evaluate the generation
performance on unseen (out-of-distribution) metrics in Fig. 7, where ClipScore is used as the guidance
reward. EvoSearch still showcases superior scalability and performance across different models and
metrics. For o.o.d. metric Aesthetic, which is not aligned with ClipScore (as demonstrated in Fig. 8
of [49]), EvoSearch shows less performance degradation compared to particle sampling.
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