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Abstract

Inference-time scaling has recently gained attention as an effective strategy for im-
proving the performance of generative models without requiring additional training. Al-
though this paradigm has been successfully applied in text and image generation tasks, its
extension to video diffusion models remains relatively underexplored. Indeed, video gen-
eration presents unique challenges due to its spatiotemporal complexity, particularly in
evaluating intermediate generated samples, a procedure that is required by inference-time
scaling algorithms. In this work, we systematically investigate the role of the verifier: the
scoring mechanism used to guide sampling. We show that current verifiers, when applied
at early diffusion steps, face significant reliability challenges due to noisy samples. We
further demonstrate that fine-tuning verifiers on partially denoised samples significantly
improves early-stage evaluation and leads to gains in generation quality across multiple
inference-time scaling algorithms, including Greedy Search, Beam Search, and a new
Successive Halving baseline, which we adapt for the inference-time scaling setting.
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Figure 1: Visualization of intermediate videos during the generation on Latte [23] and Cog-
VideoX [43]. These videos are extracted at intermediate inference timesteps expressed in
percentages over a total of 50 steps.

1 Introduction
The introduction of diffusion models [33] has markedly enhanced video synthesis, yield-
ing samples of greater visual fidelity and diversity relative to earlier GAN-based [34, 37]
frameworks. Nevertheless, generation failures persist, manifesting as degraded video qual-
ity, implausible motion dynamics, or inadequate adherence to the user’s prompt that, when
taking into account the high computation cost required for sampling, can cause damage to
the reliability of the system. While AI-scaling laws [11] posit that increasing dataset size
and model capacity may mitigate these shortcomings, different solutions should be investi-
gated. For instance, recent developments in NLP research demonstrate that smaller models
can surpass larger counterparts without additional fine-tuning [32], by reallocating compu-
tational resources at inference time and employing a verifier (or reward model) to guide
generation. This paradigm, called inference-time scaling [32], has been recently adapted to
diffusion models [22] in both image [22, 39] and video generation [24]. Indeed, due to the
stochasticity of the diffusion process, it is possible to generate multiple intermediate samples
(i.e., particles) through the generation trajectory. These particles can then be evaluated by
a verifier, typically a pre-trained model designed to assess the quality of generated outputs.
This enables the selection of the most promising sample, supporting informed choice among
candidates and contributing to the improvement of the overall quality of the final output.

The efficacy of this strategy, however, depends critically on the capacity of a verifier to
score partially generated content, illustrated in Figure 1, that lies outside its original training
distribution of fully synthesized videos. Further, while for image generation a verifier has
only to take into account the visual quality of the image, in video generation the verifier must
also consider the temporal coherence of the generated content necessitating a more complex
understanding of the underlying dynamics of video data, as well as the ability to assess the
quality of motion and temporal alignment between frames.

Despite these shortcomings, the role of verifiers in guiding inference-time scaling algo-
rithms remains underexplored. In particular, there is limited understanding of how verifier
scores evolve throughout the progress of the sampling trajectory, how these verifiers can
be optimized for partially generated content, and whether improvements in verifier quality
directly translate to gains in inference-time performance. To this end, we conduct an empir-
ical study on two state-of-the-art video diffusion models: Latte [23] and CogVideoX [43].
Our findings show that verifier scores on intermediate samples correlate weakly with final-
output scores during the initial 30% of the timesteps in Latte and 10% in CogVideoX. Fur-
thermore, fine-tuning the verifier on a small corpus of 1,000 intermediate video samples
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markedly improves this alignment. For example, when employing a fine-tuned verifier (e.g.,
VideoReward [20]), correlations increase by 0.41 in Pearson, 0.39 in Spearman, and 0.27
in Kendall correlation scores when applied on samples at 15% of the generated diffusion
trajectory compared to the zero-shot verifier. Furthermore, these improvements transfer to
inference-time scaling algorithms. For instance, when applying Beam Search [24] with the
fine-tuned verifier on early sampling steps, and using Latte under a fixed compute budget of
1,200 function evaluations, we observe significant gains in VideoReward scores: +1.13 on
MSR-VTT [42], and +0.59, +0.25, and +0.31 on the DEVIL [19] Static, Medium, and High
prompt sets, respectively. These results underscore the potential of verifier fine-tuning for
improving the effectiveness of inference-time scaling on video generation.

2 Related Works
Text-to-Video Generative Models. Following the emergence of diffusion models [6, 33],
early work primarily targeted text-to-image generation [27, 28, 30]. More recently, signifi-
cant efforts have aimed to extend the diffusion framework to video generation. For example,
Video LDM [2] modifies the standard U-Net [29] by alternating spatial and temporal atten-
tion layers, enabling effective cross-frame information exchange during denoising. Simi-
larly, with the introduction of the Diffusion Transformer (DiT) [25], different approaches
have been proposed to extend this architecture for video generation.

In this context, Latte [23] explores several strategies for integrating spatial and tempo-
ral attention mechanisms into the DiT framework, enabling generation sequences of up to
16 frames. Building on this, CogVideoX [43] introduces a refined latent representation ob-
tained through joint spatial-temporal compression using a 3D-VAE. This compression allows
CogVideoX to compute simultaneously spatial and temporal attention, generating sequences
containing up to 49 frames. Further refinements in 3D-VAE compression techniques have
been investigated in recent works, including OpenSora [26] and Cosmos [1].

Inference-Time Scaling. Inference-time scaling [32] refers to a set of techniques applied
during inference that enhance model performance without requiring additional training.
These methods operate by increasing computational resources during inference, with the
objective of maximizing performance within a fixed computational budget. Inference-time
scaling has been widely applied in the context of text generation [9, 32] and, more recently,
to image [16, 22, 31, 39] and video [24] generation, by scaling the number of function
evaluations (i.e., the number of denoising diffusion operations). All inference-time scaling
methods comprehend two fundamental components: the algorithm and the verifier. The for-
mer defines how the budget is allocated, while the latter is the scoring mechanism used for
the decision-making (e.g., selecting the best output) throughout the process.

The most naive algorithm is the Best-of-N [35, 39], where the model generates N variants
of an output, and then selects the best one given a verifier. Differently, diffusion models
have explored particle sampling, maintaining a set of candidate samples (i.e., particles) and
iteratively propagating high-reward samples while discarding lower-reward ones. In image
generation, CoDe [31] performs iterative Best-of-N steps, generating new particles from top-
scoring ones, while SVDD [18] applies greedy search by selecting the best particle at each
step. For video generation, a recent work [24] introduces a beam search strategy to navigate
the particle space. Although recent efforts have primarily focused on algorithmic design,
relatively little attention has been paid to the role of the verifier, particularly its reliability
and influence during the early, noisier stages of generation.
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Video Generation Quality Assessment. Given the inherent complexity and richer dimen-
sionality of videos compared to static images, video quality assessment methodologies typ-
ically partition evaluation into multiple distinct dimensions. Recently, several approaches
have leveraged Multimodal Large Language Models (MLLMs) [4] to facilitate compre-
hensive video evaluation. For instance, VideoReward [20] employs a fine-tuned variant of
Qwen2-VL [38], trained to align the score with human preference data. The final score is
a sum of three sub-scores: (i) visual quality, which assesses static frame quality; (ii) mo-
tion quality, which captures temporal dynamics such as smoothness and consistency; and
(iii) text alignment, which evaluates the semantic consistency of the video with the user’s
prompt. During training, the model processes a couple of videos and is optimized to predict
which video is better on each of the three axes, via a Bradley-Terry loss [3]. Conversely,
VisionReward [41] employs an MLLM that evaluates generated videos by answering pre-
defined binary (i.e., Yes/No) questions, and subsequently aggregates these responses via a
linear layer to produce an overall evaluation score. Differently, VBench [13] dissects video
quality into 16 disentangled evaluation dimensions, and assesses each one independently.

While these models are typically employed for evaluating fully generated videos, the pri-
mary challenge in the context of inference-time scaling involves accurately assessing noisy
video estimation obtained during the diffusion process. In our analysis, we quantitatively in-
vestigate the degree of alignment between evaluation scores assigned to partially generated
videos and those corresponding to the completed video generations.

3 Background
This section provides the necessary background for the concepts analyzed in this work. We
begin by introducing diffusion models and then review recent inference-time scaling strate-
gies applied to video generation.
Diffusion Models. Denoising Diffusion Probabilistic Models (DDPMs) [6, 33] are genera-
tive probabilistic frameworks that approximate a target distribution by learning to invert a T -
step Gaussian Markov noising process. For computational reason, recent work on image [28]
and video [23, 43] generation, adopt latent diffusion: an autoencoder E :X →Z compresses
the visual signal to a lower-dimensional latent space [7, 17], resulting in z = E(x) where x is
a video in our case. The diffusion process is solved entirely in Z , and a decoder D :Z→X
reconstructs the final output [7, 17].

Further, to fasten the generation process, Denoising Diffusion Implicit Models
(DDIMs) [34] make the sampling non-Markovian and parametrized by a variance coefficient
σt ∈ [0,1]:

zt−1 =
√

αt−1 ẑ0
t +

√
1−αt−1 −σ2

t εθ (zt , t)+σt εt , εt ∼N (0,I), (1)

where ẑ0
t consists of an approximation to the final result at the current timestep t, and it is

defined as ẑ0
t =

zt−
√

1−αt εθ (zt ,t)√
αt

, αt is a noise scheduling parameter, and εθ (zt , t) is the noise

predicted from the diffusion model. Decoding ẑ0
t provides an early estimate of the final video

in pixel space x̂0
t . Inference-time scaling verifiers can exploit this proxy to guide the reverse

diffusion trajectory toward higher-quality samples.
Inference-Time Scaling on Video Diffusion Models. Inference-time scaling for diffusion
models can be viewed as an optimization-oriented search over the space of noise sam-
ples [22]. The framework is centered on two essential components: (i) an algorithm that
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proposes candidate noise sequences and (ii) a verifier V that assesses the quality of the cor-
responding generated samples, where V :X→R. On the algorithmic side, recent work adopts
particle-generation techniques [16, 22, 24, 31, 39] that, given a budget expressed in number
of function evaluations (NFEs), perturb the DDIM sampling (cf. Eq. 1) with stochastic noise
εt , producing a set of alternative diffusion trajectories that the verifier can subsequently rank.

A simple baseline is the Best-of-N algorithm, which starts from N different generation
seeds and scores each sample at t = 0, resulting in {vi

0}N
i=1, subsequently choosing the max-

scoring element. A different solution is to embed Beam Search into the sampling loop [24].
Let b denote the number of beams and k the number of noise perturbations explored per
beam. At each time step t, the DDIM sampling is executed k times for every beam, using
independent noise vectors

{
εεε
( j,i)
t

}
with j = 1, . . . ,b and i = 1, . . . ,k to produce bk latent pro-

posals
{

z( j,i)
t−1

}
. Each proposal is deterministically rolled out to t = 0 via DDIM sampling

to obtain an approximate reconstruction x̂0( j,i)
t−1 = D(ẑ0( j,i)

t−1 ), which is decoded to a video and

evaluated by a verifier V
(
x̂0( j,i)

t−1

)
producing a score v(i, j)t−1 . The top-b candidates according to

the verifier score are retained as beams for the next time step, and the procedure is repeated
until t = 0. The highest-scoring video at the final step is returned as the output. When b = 1,
the algorithm always selects at each timestep the best-scoring sample, resulting in a Greedy
Search algorithm. However, it is important to note that both Beam and Greedy Search strate-
gies require the generative model to permit stochasticity via noise injection. Consequently,
these algorithms are not directly applicable to models lacking such stochastic mechanisms,
including flow-based models [21] and diffusion variants such as CogVideoX [43].

Concerning the verifier, in [24] an ensemble of embedding metrics tested in VBench [13]
is proposed for evaluating video generation. In detail, it integrates the DINO [5], RAFT [36],
LAION aesthetic predictor, MUSIQ [15], and ViCLIP [40] metrics, aggregating their outputs
using learned coefficients chosen to maximize Pearson’s correlation with a GPT/Gemini-
based scorer. In the following, we refer to this verifier as the VBench ensemble.

4 Experimental Analysis
To better understand the role of verifiers in inference-time scaling for video diffusion models,
we analyze how these components behave across the generation process. Recent works [24]
integrate a verifier at every diffusion timestep, scoring the approximate reconstructions, x̂0

t .
However, in the early phases of inference, these reconstructions remain highly corrupted by
noise. As a result, the verifier is often required to assess inputs that lie far outside its training
distribution, potentially compromising the reliability of its guidance. To systematically study
this issue, we pose the following research questions:
• RQ1: How consistent are the scores of multimodal verifiers across intermediate steps of

the diffusion process?

• RQ2: How can we train verifiers to more effectively score intermediate video samples?

• RQ3: Does improving the verifier enhance inference-time scaling performance?

4.1 Temporal Coherence of Verifier Scores
To address RQ1, we investigate the consistency of verifier scores throughout the reverse
diffusion process. Specifically, we study how well intermediate scores, computed at early
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Figure 2: Temporal coherence of the verifiers on Latte (left) and CogVideoX (right). The
correlation is measured between the verifier scores at intermediate diffusion steps (indicated
as percentages of the total number of steps) and the score on the final output video.

timesteps, correlate with the final score assigned to the generated video. We define this
property as the temporal coherence of a verifier. Although the raw scores at early diffusion
steps are expected to be lower due to high noise levels, our primary concern lies in their
association with the final evaluation, not their absolute values. This focus stems from the
fact that inference-time scaling algorithms (e.g., Beam Search) operate by identifying local
maxima of verifier scores across the sampling trajectory. For such approaches to be effective,
verifier outputs must exhibit consistent relative ranking even under partially denoised inputs.

Experimental Setup. We generate intermediate video reconstructions x̂0
t at selected

timesteps t ∈ Tchosen during inference, and collect the corresponding verifier scores vt . The
degree of alignment between these intermediate scores and the final score v0 is quantified
using three rank and value-based correlation metrics: Pearson’s ρ , Spearman’s ρs, and
Kendall’s τ . We analyze three scoring models: VideoReward [20], VisionReward [41], and
the VBench ensemble [13] following prior work [24]. Generation is performed using two
state-of-the-art text-to-video diffusion models: Latte [23] and CogVideoX [43], with infer-
ence steps fixed at T = 50. Prompts are sampled from the VideoFeedback dataset [10], and
we compute scores at ∼5-90% of the diffusion steps1.

Results. Figure 2 summarizes the results. Across both generators, correlation coefficients
rise monotonically with diffusion progress, mirroring the gradual denoising and refinement

1Specifically, we compute scores at Tchosen = {2, 5, 7, 10, 12, 15, 20, 22, 25, 27, 30, 32, 35, 40, 45}.
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Figure 3: Temporal coherence of VideoReward zero-shot (left) and VideoReward after fine-
tuning (right) on Latte.

0.
05

0.
1

0.18

0.62

Pearson
(VideoReward Zero-Shot)

0.17

0.5

Spearman
(VideoReward Zero-Shot)

0.11

0.35

Kendall
(VideoReward Zero-Shot)

0.47

0.69

Pearson
(VideoReward Fine-Tuned)

0.46

0.58

Spearman
(VideoReward Fine-Tuned)

0.31

0.4

Kendall
(VideoReward Fine-Tuned)

Figure 4: Temporal coherence of VideoReward zero-shot (left) and VideoReward after fine-
tuning (right) on CogVideoX.

of the generated sequences. Additionally, for the Latte generator, intermediate scores be-
come strongly predictive of final quality scores beyond the 50% mark of the generation
trajectory. For example, VideoReward achieves correlation coefficients of 0.91 (Pearson),
0.89 (Spearman), and 0.73 (Kendall) at 50%, indicating a high degree of consistency with
the final output evaluations. Comparable trends are observed with the VBench ensemble
and VisionReward metrics, further proving the predictive reliability of intermediate scores
in the second half of the generation process. For CogVideoX, predictive correlations emerge
even earlier. High correlation values are achieved from ∼30% of the generation process,
indicating that denoising advances more rapidly than in Latte.

For both generators, VideoReward consistently shows stronger early-stage correlations
than the other verifiers. For example, at 20% of Latte’s sampling, VideoReward achieves a
Pearson’s correlation of 0.43, compared to 0.25 and 0.27 for VisionReward and VBench. A
similar trend holds for CogVideoX, where VideoReward leads by margins of 0.12 (Pearson)
at 10% of the diffusion trajectory, highlighting its effectiveness in the early stages.

Discussion. These results indicate that verifier scores become more informative as reverse
diffusion progresses, and that the choice of verifier strongly affects early-stage coherence.
While VideoReward offers the strongest early signals, all verifiers show limited reliability
within the first 30% of steps for Latte and the first 10% for CogVideoX, potentially limiting
their effectiveness in inference-time scaling. Motivated by this limitation, we next examine
whether targeted fine-tuning can improve verifier performance in early-stage sampling.

4.2 Improving Verifier Training for Intermediate Representations
To address RQ2, we investigate whether verifiers can be trained to more effectively evaluate
intermediate video samples. Unlike existing video quality metrics that rely on human an-
notations, our study aims to enhance the scorer by relying solely on automated supervision.
To this end, we treat the predicted scores assigned to generated videos (at final timesteps) as
proxy ground-truth labels and perform fine-tuning on intermediate video representations.

Experimental Setup. Given the superior performance of VideoReward, we adopt it as the
base model for fine-tuning. In light of the Bradley-Terry loss [3] employed by VideoReward,
we construct pairs of videos generated by the same model (i.e., Latte or CogVideoX) using
identical textual prompts but different random seeds. Specifically, our experimental setup
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Figure 5: Schematic illustration of inference-time scaling algorithms. Circle size corre-
sponds to the verifier score, with larger circles indicating higher scores.

comprises 1,000 video pairs, each composed of their respective early-stage generations. For
Latte, early generations are sampled at {5%,10%,15%,20%,25%,30%} of the full genera-
tion process, whereas for CogVideoX, we consider {5%,10%}.

For each evaluation dimension defined by VideoReward (i.e., visual quality, motion qual-
ity, and text alignment), we automatically select the preferred video in each pair based on
predicted scores for the final outputs. The model is then fine-tuned on the corresponding
intermediate video pairs, with the goal of aligning the intermediate predictions with the pref-
erences inferred from the final outputs. We adopt LoRA [12] for efficient fine-tuning on
this small data collection. After fine-tuning, we calculate the correlations of the zero-shot
VideoReward model compared to the fine-tuned one on the validation set (composed of 120
samples). Additional experimental details are provided in the supplementary materials.

Results. Figure 3 and Figure 4 compare the fine-tuned verifier against the original (zero-
shot) model, respectively for the Latte and CogVideoX generators. Across both settings, we
observe a consistent improvement in correlation coefficients when comparing the fine-tuned
verifier to its zero-shot counterpart, proving the effectiveness of the proposed training strat-
egy. For example, on Latte, at 15% of the generation, we obtain a 0.41 increase in Pearson,
0.39 in Spearman, and 0.27 in Kendall with the fine-tuned model, compared to the zero-
shot one. Similarly, when comparing results on CogVideoX there is a marked improvement
across all correlation metrics. Indeed, at 5% of the generation process we obtain an increase
0.29, 0.29 and 0.20 on respectively Pearson, Spearman, and Kendall correlations.

Discussion. These results confirm that a verifier can be fine-tuned to better capture qual-
ity signals in early-stage generations. The resulting improvement in temporal coherence
suggests that the verifier can now provide more reliable guidance earlier in the diffusion pro-
cess. Therefore, we next investigate whether these improvements in intermediate prediction
quality translate into performance gains when integrated into inference-time scaling.

4.3 Do Better Verifiers Yield Better Inference-Time Scaling?

To address RQ3, we assess whether improvements in intermediate verifier predictions can
translate into better performance for inference-time scaling in video generation. Building on
prior work [24], we evaluate the impact of fine-tuned verifiers across different inference-time
scaling algorithms applied to both the Latte and CogVideoX.

Inference-Time Scaling Algorithms. We consider three established algorithms: Best-of-
N sampling [39], Greedy Search, and Beam Search [24]. In addition, we introduce a new
baseline, Successive Halving, adapted from its use in hyperparameter optimization [8, 14].

Citation
Citation
{Hu, Shen, Wallis, Allen-Zhu, Li, Wang, Wang, Chen, et~al.} 2022

Citation
Citation
{Oshima, Suzuki, Matsuo, and Furuta} 2025

Citation
Citation
{Xie, Chen, Zhao, Yu, Zhu, Lin, Zhang, Li, Chen, Cai, et~al.} 2025

Citation
Citation
{Oshima, Suzuki, Matsuo, and Furuta} 2025

Citation
Citation
{Feurer and Hutter} 2019

Citation
Citation
{Jamieson and Talwalkar} 2016



L. BARALDI ET AL.: VERIFIER MATTERS IN VIDEO DIFFUSION MODELS 9

MSR-VTT DEVIL Static DEVIL Medium DEVIL High

Method FT 500 1200 2000 500 1200 2000 500 1200 2000 500 1200 2000

Latte [23] ( -1.91 ) ( -2.20 ) ( -1.82 ) ( -2.68 )

Best-of-N [39] -1.14 -0.88 -0.66 0.21 -0.09 0.02 -1.16 -0.85 -0.71 -1.54 -1.33 -1.24

Successive Halving -1.66 -1.54 -1.46 -1.18 -0.68 -0.5 -1.54 -1.58 -1.22 -2.26 -2.04 -2.02
Successive Halving ✓ -1.67 -1.25 -1.21 -1.54 -0.88 -0.68 -1.54 -1.18 -1.28 -2.17 -1.95 -1.94

Greedy Search [24] -0.86 -0.35 -0.32 -0.42 0.06 0.31 -1.14 -0.83 -0.52 -1.71 -1.43 -1.58
Greedy Search [24] ✓ -0.37 -0.33 0.13 -0.14 0.43 0.51 -0.59 -0.61 -0.50 -1.63 -1.33 -1.19

Beam Search [24] -0.38 0.15 0.42 -0.29 -0.14 1.12 -0.61 -0.34 0.15 -1.50 -1.21 -0.87
Beam Search [24] ✓ -0.21 1.18 0.83 -0.10 0.45 0.95 -0.66 -0.09 0.28 -1.25 -0.90 -0.72

Table 1: Inference-time scaling algorithms applied to the Latte [23] generator, using Video-
Reward (zero-shot or our fine-tuned version) as verifier. Latte baseline runs at 50 NFEs.

MSR-VTT DEVIL Static DEVIL Medium DEVIL High

Method FT 100 200 300 100 200 300 100 200 300 100 200 300

CogVideox [43] ( 0.69 ) ( 1.47 ) ( 0.79 ) ( -0.41 )

Best-of-N [39] 1.27 1.65 1.77 2.05 2.43 2.80 1.15 1.56 1.71 0.07 0.42 0.82

Successive Halving 1.19 1.73 1.81 1.93 2.3 2.77 1.35 1.71 1.99 0.13 0.23 0.29
Successive Halving ✓ 1.52 2.03 2.23 2.17 2.49 2.69 1.37 1.94 2.15 0.12 0.31 0.53

Table 2: Inference-time scaling algorithms applied to the CogVideoX [43] generator, using
VideoReward (zero-shot or our fine-tuned version) as verifier. CogVideoX baseline runs at
50 NFEs.

In our adaptation, we start with N independently sampled noisy latents. At regular intervals
of ∆t diffusion steps (every 5% in our implementation), each sample is evaluated by the
verifier, and only the top 50% based on scores are retained until a single sample remains.
The selected trajectory is then completed to the final timestep, and its corresponding score is
reported as the final output. An overview of the employed algorithms is shown in Figure 5.

Experimental Setup. Following the evaluation protocol in [24], we assess model perfor-
mance using prompts drawn from two benchmark datasets: MSR-VTT [42] and DEVIL [19],
which include subsets of varying motion complexity (i.e., Static, Medium, High). For Latte,
we consider budgets of 500, 1,200, and 2,000 NFEs, while for CogVideoX, we use 100, 200,
and 300 NFEs. These budget choices reflect the higher computational cost associated with
each diffusion step in the CogVideoX model. When using the fine-tuned verifier, we restrict
its application to the early stages of generation, consistent with its training. Specifically, the
fine-tuned verifier is applied during the initial 30% of diffusion steps for Latte and 10% for
CogVideoX. The original (zero-shot) verifier is used for the remaining steps.

Results. Table 1 reports results for Latte across the evaluated inference-time scaling al-
gorithms. As expected, Best-of-N sampling (2000 NFEs) significantly outperforms naive
generation (N = 1), with VideoReward gains of 1.25, 2.22, 1.11, and 1.44 on MSR-VTT,
DEVIL Static, Medium, and High, respectively. Both Greedy Search and Beam Search sur-
pass Best-of-N across all budgets and datasets. For example, at 1,200 NFEs, Greedy Search
yields improvements of 0.55, 0.52, and 0.24 on MSR-VTT, DEVIL Static, and Medium. In
contrast, Successive Halving does not outperform Best-of-N in this setting, due to low align-
ment of VideoReward scores during the early 50% of the generation process (cf. Sec. 4.1).
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Incorporating the fine-tuned verifier consistently improves performance. When used with
Beam Search (budget 1,200), it yields VideoReward gains of 1.13, 0.59, 0.25, and 0.31 across
MSR-VTT and the three DEVIL subsets. These gains suggest that fine-tuning the verifier
improves the reliability of early-step evaluations, thereby enabling more effective trajectory
selection during sampling. This trend is further confirmed by similar improvements observed
with Greedy Search. For instance, with budget 2,000 we obtain 0.45, 0.20, 0.02, and 0.39
increases on VideoReward metrics on MSR-VTT and the three DEVIL subsets.

Similar trends are observed for CogVideoX, as presented in Table 2. In particular, Suc-
cessive Halving combined with the fine-tuned verifier consistently improves performance
across nearly all settings. At 200 NFEs, we observe gains of 0.30, 0.19, 0.23, and 0.08 on
MSR-VTT and the three DEVIL subsets compared to the zero-shot verifier. Moreover, due
to the generally stronger temporal coherence exhibited by CogVideoX, Successive Halving
with a fine-tuned verifier outperforms Best-of-N in nearly all tested configurations. These
results highlight its potential as a competitive and computationally efficient baseline for
inference-time scaling in video generation.

5 Conclusions
In this study, we have explored the role of verifiers in inference-time scaling for video gener-
ation, with a focus on their ability to evaluate partially denoised samples during the diffusion
process. We have shown that fine-tuning the verifier on intermediate representations sig-
nificantly enhances the alignment between intermediate predicted scores and the final ones.
Finally, our results demonstrate that integrating a fine-tuned verifier into inference-time scal-
ing algorithms leads to consistent improvements in overall generation performance, resulting
in higher-quality video outputs across multiple settings and datasets.
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