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Abstract

Video generation models have achieved remarkable progress,
particularly excelling in realistic scenarios; however, their
performance degrades notably in imaginative scenarios.
These prompts often involve rarely co-occurring concepts
with long-distance semantic relationships, falling outside
training distributions. Existing methods typically apply test-
time scaling for improving video quality, but their fixed
search spaces and static reward designs limit adaptability to
imaginative scenarios. To fill this gap, we propose Imagery-
Search, a dynamic test-time scaling law strategy inspired by
imagery that adaptively adjusts the inference search space and
rewards guided by prompts, effectively enhancing generation
quality in imaginative scenarios. Furthermore, we introduce
LDT-Bench, the first benchmark targeting long-distance se-
mantic prompts, designed to evaluate the creativity of video
generation models. It comprises 2,839 challenging concept
pairs from diverse recognition datasets and incorporates an
automatic evaluation protocol to assess creative capacity.
Extensive experiments on LDT-Bench demonstrate that our
approach consistently outperforms general generation mod-
els and test-time scaling approaches. Additionally, Imagery-
Search achieves strong performance on VBench, confirming
its effectiveness in improving video generation quality under
diverse conditions.

Code — https://github.com/AMAP-ML/ImagerySearch

1 Introduction
Imagine describing a surreal scene–“a panda playing violin
on Mars during a sandstorm”–and instantly seeing it come
to life as a video. Text-to-video generation turns language
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into dynamic, vivid worlds. Recent video generation mod-
els have made significant progress in generating realistic
scenes (Yang et al. 2024; Peng et al. 2025; OpenAI 2025;
Wan Team et al. 2025); however, their performance drops
sharply when handling subjectively imaginative scenarios,
hindering the advancement of truly creative video genera-
tion. Why is imagination so hard to generate?

This limitation arises from two primary factors. (1) The
model’s semantic dependency: Generative models exhibit
strong semantic dependency constraints on long-distance se-
mantic prompts, making it difficult to generalize to imag-
inative scenarios beyond the training distribution (Fig. 1).
(2) The scarcity of imaginative training data: Mainstream
video datasets (Huang et al. 2024b; Liao et al. 2025; Ling
et al. 2025) predominantly contain realistic scenarios, offer-
ing limited imaginative combinations characterized by long-
distance semantic relationships (Fig. 3(d)). Recent test-time
scaling approaches (Liu et al. 2025a; He et al. 2025a) alle-
viate data scarcity by sampling multiple candidates and se-
lecting the most promising one. However, their predefined
sampling spaces and static reward functions constrain adapt-
ability to the open-ended nature of creative generation.

The Imagery Construction theory (Pylyshyn 2002) posits
that humans create mental scenes for imaginative scenar-
ios by iteratively refining visual imagery in response to lan-
guage. Motivated by this principle, we introduce Imagery-
Search, a test-time search strategy that enhances prompt-
based visual generation. ImagerySearch comprises two core
components: (i) Semantic-distance-aware Dynamic Search
Space (SaDSS), which adaptively modulates sampling gran-
ularity according to the semantic span of the prompt; and (ii)
Adaptive Imagery Reward (AIR), which incentivizes out-
puts that align more closely with the intended semantics.

To evaluate models’ imaginative capability, we propose
LDT-Bench, the first benchmark designed for long-distance
semantic prompts. It comprises 2,839 challenging concept
pairs, constructed by maximizing semantic distance across
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(b) Long-distance Semantic Prompt: " The camel packs its belongings with care." 

(a) Normal Distance Semantic Prompt: " The camel walks on the desert."
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Figure 1: The motivation of ImagerySearch. Left: The distance depicts the corresponding strength of prompt tokens during
the denoising process. LDT-Bench consists of imaginative scenarios with long-distance semantics. Right: Wan2.1 performs
well on short-distance semantics but fails under long-distance. Test time scaling methods (e.g., Video T1 (Liu et al. 2025a),
Evosearch (He et al. 2025a)) also struggle. However, ImagerySearch generates coherent, context-aware motions (orange box).

object–action and action–action dimensions from diverse
recognition datasets (e.g., ImageNet-1K (Deng et al. 2009),
Kinects-600 (Carreira et al. 2018)). In addition, LDT-Bench
includes an automatic evaluation protocol, ImageryQA,
which quantifies creative generation with respect to element
coverage, semantic alignment, and anomaly detection.

Extensive experiments reveal that general models (e.g.,
Wan14B (Wan Team et al. 2025), Hunyuan-13B (Kong et al.
2024), CogVideoX (Yang et al. 2024)) and TTS-based mod-
els (e.g., VideoT1 (Liu et al. 2025a), EvoSearch (He et al.
2025a)) suffer from significant degradation in video quality
and semantic alignment when conditioned on long-distance
semantics. In contrast, our framework consistently improves
generation fidelity and alignment, demonstrating superior
capability in handling long-distance semantic prompts.

Our contributions can be summarized as follows:

• We propose ImagerySearch, a dynamic test-time scaling
law strategy inspired by mental imagery that adaptively
adjusts the inference search space and reward according
to prompt semantics.

• We introduce LDT-Bench, a benchmark for video gen-
eration from long-distance semantic prompts, with 2,839
prompts and an automatic framework to evaluate creativ-
ity in imaginative scenarios.

• Extensive experiments reveal that our approach consis-

tently improves imaging quality and semantic alignment
under long-distance semantic prompts.

2 Related Work
Text-to-Video Generation Models. With increased training
resources, large-scale T2V models (OpenAI 2025; Zheng
et al. 2024a; Peng et al. 2025; Genmo Team 2024; Kong
et al. 2024; Wan Team et al. 2025) have emerged, capable
of generating coherent videos, understanding physics, and
generalizing to complex scenarios. But they require massive
data, and collecting enough long-range semantic prompts
is impractical (Chu, Li, and Wang 2025). Although fine-
tuning (Wallace et al. 2024) and post-training (Luo et al.
2023; Li et al. 2024a,b) methods mitigate data requirements
to some extent, the extreme scarcity of long-distance se-
mantic videos still hinders effective training. In contrast, the
Test-Time Scaling (TTS) methods (Oshima et al. 2025; Xie
et al. 2025; Yang et al. 2025; Liu et al. 2025a; He et al.
2025a) require no additional training and achieve strong per-
formance through a highly general approach.
Test-Time Scaling in T2V Models. TTS improves perfor-
mance by using rewards to select better outputs. In T2V gen-
eration, TTS are primarily explored in two aspects: selection
strategies and reward strategies. Selection strategies mainly
include Best-of-N, particle sampling, and beam search. The
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Figure 2: Overview of our ImagerySearch. The prompt is scored by the Constrained Semantic Scorer (producing D̄sem) and
simultaneously fed to the T2V backbone (Wan2.1). At every step t specified by the imagery scheduler, we sample a set of
candidate clips, rank them with a reward function conditioned on D̄sem, and retain only a D̄sem-controlled subset. The loop
repeats until generation completes. The figure shows the result after a single denoising step at t = 5.

Best-of-N (Ma et al. 2025; Liu et al. 2025a) selects the top N
outputs from multiple generations. Particle sampling (Singh
et al. 2025; Sunwoo Kim 2025) improves upon this by per-
forming importance-based sampling across the denoising
process. Beam search (Liu et al. 2025a; Yang et al. 2025;
Liu et al. 2025a; He et al. 2025b) keeps multiple candi-
dates at each step, expanding the sequence set over time.
Reward strategies are based on various evaluation metrics,
such as VisionReward (Xu et al. 2024), ImageReward (Xu
et al. 2023), Aesthetic score (Schuhmann et al. 2022), which
guide the selection process by quantifying the quality of gen-
erated output. Current TTS methods optimize search and re-
ward strategies for general T2V generation. Here, we ex-
plore how TTS can improve performance on long-distance
semantic prompts.
Evaluation of Video Generative Models. Early video-
generation metrics are simplistic: some diverged from hu-
man judgment (Chen et al. 2025), while others reused real-
video tests unsuited to synthetic clips (Soomro, Zamir, and
Shah 2012; Xu et al. 2016). Later, studies (Liu et al. 2024;
Huang et al. 2024c; Sun et al. 2025; Zheng et al. 2025) such
as VBench (Huang et al. 2024b) evaluated AI-generated
videos from a comprehensive, multi-dimensional perspec-
tive. Several studies (Yuan et al. 2025; Ling et al. 2025) re-
fine evaluation along single dimensions such as frame real-
ism or temporal coherence. Current benchmarks struggle to
evaluate long-distance semantic prompts, which are crucial
for advancing video generation.

3 ImagerySearch

We cast text-to-video generation as a search over noise in-
puts in diffusion sampling, structured by reward functions
and search algorithms to improve video quality.

3.1 Preliminaries
In standard diffusion frameworks, sampling starts from
Gaussian noise xT ∼ N (0, I), and the model iteratively
denoises the latent through a learned network fθ. As a
widely used sampling paradigm, DDIM performs the fol-
lowing step-wise denoising update:

xt−1 = ζt−1(
xt − σtfθ(xt, t, c)

ζt
) + σt−1fθ(xt, t, c), (1)

Where ζt−1, ζt, σt−1 denote predefined schedules.
Prior test-time scaling approaches (Liu et al. 2025a; He

et al. 2025a; Yang et al. 2025) operate within a fixed noise
search space and use static reward functions to rank candi-
dates. By contrast, our framework supports flexible reward
design and adaptive noise selection, substantially improving
both sample efficiency and generation quality.

3.2 Dynamic Search Space
Inspired by imagery cognitive theory–which posits that hu-
mans expend more effort to construct mental imagery for
semantically distant concepts–we adapt the candidate-video
search space to a prompt’s semantic distance: shrinking it
for short-distance prompts to boost test-time efficiency, and
enlarging it for long-distance prompts to explore a broader
range of possibilities. Therefore, we propose a Semantic-
distance-aware Dynamic Search Space (SaDSS). As shown
in Fig. 2, this adaptive resizing is driven by a Constrained
Semantic Scorer, which dynamically modulates the search
space. Specifically, we define semantic distance as the av-
erage embedding distance between key entities (objects and
actions) extracted from the prompt. Given a prompt p, we
extract its compositional units {pi}ni=1 and compute:

D̄sem(p) =
1

|E|
∑

(i,j)∈E

∥ϕ(pi)− ϕ(pj)∥2 , (2)
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Figure 3: Overview of+ LDT-Bench. Upper: (a) LDT-Bench is built by first extracting meta-information from existing recog-
nition datasets; (b) GPT-4o is then used to generate candidate prompts, which are filtered jointly by DeepSeek and humans to
obtain the final prompt set; (c) We design a set of three MLLM-based QA tasks that serve as the creativity metric. Lower: (d)
Compared with other benchmarks, LDT-Bench covers far richer categories. (e) its prompts also exhibit a semantic-distance dis-
tribution that is shifted toward substantially longer ranges. Note that “ASD” denotes the average semantic distance of prompts.

where ϕ(·) denotes the embedding function (e.g., T5 en-
coder), and E is the set of key entity pairs in the prompt.

At inference time, we adapt the sampling procedure based
on D̄sem. Specifically, the search space dynamically adapts
based on semantic distance. Formally, the number of candi-
dates Nt at timestep t is dynamically adjusted as:

Nt = Nbase ·
(
1 + λ · D̄sem(p)

)
, (3)

where Nbase is the base number of samples, and λ is a scaling
factor that controls the sensitivity to semantic distance. In
this work, we set λ = 1.

By tailoring the search scope to the inherent difficulty of
the prompt, SaDSS encourages the model to explore more
diverse visual hypotheses when needed, improving visual
plausibility under challenging conditions, without incurring
unnecessary computational costs for simple prompts.

3.3 Adaptive Imagery Reward
Based on our observations, adjacent denoising steps alter the
latent video only marginally, so we invoke ImagerySearch
at a few key noise levels S = {5, 10, 20, 45}, termed the
Imagery Schedule (see App. A). As shown in Fig. 2, given a
partially denoised latent representation xt conditioned on c,
We perform a single ODE (Ordinary Differential Equation)
denoising step:

x̂0 =
1

ζt

(
xt − σtfθ(xt, t, c)

)
, (4)

The reward assessment is then conducted on this one-step
denoised output, enabling us to analyze the impact of differ-
ent denoising progress stages on the final video quality.

To enhance semantic alignment between generated videos
and prompts with long-distance semantics, we introduce an
Adaptive Imagery Reward (AIR) that modulates evaluation
feedback based on the prompt’s semantic difficulty. Specif-
ically, we incorporate the semantic distance as a soft re-
weighting factor into the reward formulation. The reward
RAIR(x̂0) for each candidate video x0 is defined as:

RAIR(x̂0) = (α·MQ+β ·TA+ γ ·VQ+ω ·Rany)·D̄sem(x̂0),
(5)

where α, β, γ, and ω are scaling factors that adjust the re-
ward based on the prompt semantic distance D̄sem. MQ,
TA, and VQ follow VideoAlign (Liu et al. 2025b), and Rany
denotes an extensible reward (e.g., VideoScore (He et al.
2024), VMBench (Ling et al. 2025)).

4 LDT-Bench
We introduce LDT-Bench from two perspectives: the con-
struction of the prompt suite and the design of evaluation
metrics. The core components are illustrated in Fig. 3.

4.1 Prompt Suite
Meta-information Extraction. Considering that objects
and actions are the main entities in text prompts, we con-
struct our prompts using the following two structural types.
(1) Object–Action: An object combined with an uncommon
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Figure 4: Visualization of examples. Upper: Results from general models. Lower: ImagerySearch versus other test-time scaling
methods. Ours produces more vivid actions under long-distance semantic prompts.

or incompatible action. (2) Action–Action: Two semanti-
cally distant or even contradictory actions.

To cover a wide range of objects and actions, we
build our object and action sets from representative large-
scale datasets. Specifically, the object set is derived from
ImageNet-1K (Deng et al. 2009) and COCO (Lin et al. 2014)
(covering 1,938 objects), while the action set is collected
from ActivityNet (Caba Heilbron et al. 2015), UCF101
(Soomro, Zamir, and Shah 2012), and Kinetics-600 (Car-
reira et al. 2018) (covering 901 actions). These collections
serve as the foundation for subsequent prompt generation.

We first encode each object and action element texti us-
ing a pretrained T5 text encoder (Raffel et al. 2020), obtain-
ing a high-dimensional textual feature hi ∈ Rd. These em-
beddings are then projected into a shared 2D semantic space
via Principal Component Analysis (PCA):

zi = PCA(hi) = PCA(T5(texti)), zi ∈ R2, (6)

where zi represents the semantic position of the i-th element
in the 2D space. T5 can be replaced with other encoders,
such as CLIP (Radford et al. 2021) (App. B.1).

To measure semantic divergence, we compute the Eu-
clidean distance between each pair of elements as a criterion
for selecting long-distance semantic prompts. We then form
two candidate sets: pairing each object with its most distant
action (1,938 object–action pairs) and matching each action
with its most distant counterpart (901 action–action pairs).

From each set, we select the 160 most distant pairs, result-
ing in 320 high-distance prompts that challenge the model
with long-distance semantic combinations. For more analy-
sis of the prompt suite, please refer to App. B.2.
Long-distance Prompt Generation. Based on the obtained
text element pairs, we employ a large language model, i.e.,
GPT-4o (Hurst et al. 2024), to generate fluent and com-
plete text prompts by filling in necessary sentence compo-
nents. Subsequently, each prompt is double-checked by both
DeepSeekR1 (Guo et al. 2025) and human annotators to en-
sure quality, resulting in our final prompt suite. The genera-
tion process and examples are shown in Fig. 3(b).

4.2 Imagery Evaluation Metrics
We design three core metric dimensions to quantitatively
evaluate video generation under long-distance semantics.
Questions are generated from text prompts, and semantically
strong MLLMs are used to analyze the generated videos and
produce quantitative scores (Chu et al. 2025; Cho et al. 2023;
Feng et al. 2025).
ElementQA. Because our prompts focus on objects and ac-
tions, ElementQA primarily consists of targeted questions
revolving around these elements. For example, given the
prompt “The traffic light is dancing.”, we can generate two
questions: “Does the traffic light appear in the video?” and
“Is the traffic light performing a dancing action?”
AlignQA. In addition to the basic semantic information cov-
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ered by ElementQA, we also evaluate the generated videos
in terms of visual quality and aesthetics (Murray, March-
esotti, and Perronnin 2012). Given the challenging and in-
herently subjective nature of this assessment, we employ re-
cently developed MLLMs that have been specifically opti-
mized for alignment with human perception to perform the
evaluation (Huang et al. 2024a; Wu et al. 2023).
AnomalyQA. We have observed that video generation mod-
els frequently produce anomalous outputs. Consequently,
we leverage MLLMs to analyze the generated frames and
answer targeted questions aimed at detecting anomalies.
Implementation Details. For ElementQA, we employ
Qwen2.5-VL-72B-Instruct (Bai et al. 2025) as the underly-
ing MLLM, whereas for AlignQA we adopt Q-Align (Wu
et al. 2023), a model specifically optimized for rating visual
quality and aesthetics. Given the broader generalization re-
quired by AnomalyQA, we utilize the more powerful GPT-
4o (OpenAI 2024) for evaluation. We refer to these three
components as ImageryQA. Details are in App. B.3.

5 Experiments
5.1 Experimental Setup
Datasets & Metrics. To assess the imaginative capacity of
video-generation models, we evaluate them on both LDT-
Bench and VBench (Huang et al. 2024b), using each bench-
mark’s full prompt suite and associated metrics.
Compared Models. We compare two categories of mod-
els: (1) General models: Hunyuan (Kong et al. 2024),
Wan2.1 (Wan Team et al. 2025), Open-Sora (Zheng et al.
2024b), CogVideoX (Yang et al. 2024); (2) TTS methods:
Video-T1 (Liu et al. 2025a) and EvoSearch (He et al. 2025a).
We use Wan2.1 as the base model and generate 33-frame
clips with the default settings (see App. C for details).
Experimental Environment. All experiments are run on a
server equipped with 8 × NVIDIA H20 GPUs (96 GB each),
an Intel Xeon Gold 6348 CPU (32 cores, 2.6 GHz), and 512
GB of RAM, under Ubuntu 20.04 LTS (kernel 5.15). We
used Python 3.9 with PyTorch 2.5.1 (CUDA 12.4, cuDNN
9.1), torchvision 0.20.1, and Transformers 4.50.3.

5.2 Comparison with Other Generation Models
Performance on LDT-Bench. As shown in Tab. 1, we adopt
Wan2.1 as the base model. Our method achieves a significant
improvement of 8.83%. Furthermore, compared to other
test-time scaling approaches, ImagerySearch also delivers
consistently superior performance. These results highlight
the effectiveness of our method in long-distance semantic
prompts and its robustness in imagination scenarios.
Performance on VBench. For balanced evaluation on
VBench, we compare general generators (upper rows of
Tab. 2) with test-time scaling methods (lower rows). All
models are evaluated on prompts from LDT-Bench using the
VBench metrics. ImagerySearch achieves the best overall
score, indicating its strong ability to preserve prompt fidelity
under wide semantic gaps. Fig. 4 illustrates this strength: Im-
agerySearch accurately reproduces both the specified sub-
jects (e.g., bear, controls) and their associated actions (e.g.,
uses). App. D examples further show its robustness.

LDT-Bench (%) ↑
Model ElementQA AlignQA AnomalyQA ImageryQA (All)

Wan2.1 1.66 31.62 15.00 48.28

Video-T1 1.91 38.16 14.68 54.75
Evosearch 1.92 36.10 16.46 54.48

Ours 2.01 36.82 18.28 57.11

Table 1: Quantitative comparison on LDT-Bench. Imagery-
Search achieves the best average performance.
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Figure 5: (a) Effect of semantic distance across different
models. (b) Effect of reward weight.

Robustness Analysis Across Semantic Distances. As
shown in Fig. 5(a), our method keeps VBench scores stable,
whereas others fluctuate markedly. This stability highlights
the superior robustness of our model across a wide range of
semantic distances. Error analysis is in App E.

5.3 Test-time Scaling Law Analysis
We measure the inference-time computation by the number
of function evaluations (NFEs). As shown in Fig. 6(a–d),
where performance is assessed with the MQ, TA, and
VQ metrics from VideoAlign (Liu et al. 2025b), Imagery-
Search exhibits monotonic performance improvements as
inference-time computation increases. Notably, on Wan2.1
(Wan Team et al. 2025), ImagerySearch continues to gain
as NFEs grow, whereas baseline methods plateau at roughly
1 × 103 NFEs (corresponding to the 30th timestep). More-
over, our method achieves a clear advantage in the overall
VideoAlign score, as illustrated in Fig. 6(d).

5.4 Ablation Study
Effect of SaDSS and AIR. As shown in Tab. 3, adding
either the SaDSS or the AIR module individually already
surpasses the baseline, while combining SaDSS with AIR
achieves the best performance, confirming the complemen-
tary nature of semantic guidance and adaptive selection.
Effect of Search Space Size. The SaDSS–static weight rows
in Tab. 3 compare fixed and dynamic search-space configu-
rations. With static weights of 0.5, and 0.9, performance im-
proves gradually, reaching a VBench score of 81.22%. In
contrast, the dynamic approach attains a markedly higher
score of 83.48%, demonstrating its superior ability to op-
timize the search space and thus boost model performance.
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VBench (%) ↑
Model Aesthetic

Quality
Background
Consistency

Dynamic
Degree

Imaging
Quality

Motion
Smoothness

Subject
Consistency Average

Wan2.1 (Wan Team et al. 2025) 50.50 91.80 82.85 58.25 97.50 90.25 78.53
Opensora (Peng et al. 2025) 48.80 95.25 73.15 61.35 99.05 92.95 78.43
CogvideoX (Yang et al. 2024) 48.80 95.30 47.20 65.05 98.55 94.65 74.93

General

Hunyuan (Kong et al. 2024) 50.45 92.65 85.00 59.55 95.75 90.55 78.99

Video-T1 (Liu et al. 2025a) 57.20 95.65 54.05 60.25 99.30 94.80 76.88
Evosearch (He et al. 2025a) 55.55 94.80 80.95 68.90 97.70 94.55 82.08TTS
ImagerySearch (Ours) 57.70 96.00 84.05 69.20 98.00 95.90 83.48

Table 2: Quantitative comparison of video generation models on VBench. ImagerySearch achieves the best average perfor-
mance across multiple metrics, indicating better alignment and generation quality.
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Figure 6: (a-d) Our AIR consistently delivers superior performance. Scaling behavior of ImagerySeach and baselines as
inference-time computation increases. From left to right, the y-axes represent the score changes for MQ, TA, VQ, and Overall.

VBench (%)

Model Aesthetic
Quality

Background
Consistency

Dynamic
Degree

Imaging
Quality

Motion
Smoothness

Subject
consistency Average

Baseline Wan2.1 (Wan Team et al. 2025) 50.50 91.80 82.85 58.25 97.50 90.25 78.53

w/o AIR 56.25 94.60 81.85 68.05 97.50 94.40 82.11Modules w/o SaDSS 55.35 95.10 77.20 68.00 97.60 94.55 81.30

0.5 57.25 96.15 70.00 70.75 97.45 95.45 81.18SaDSS-static
weight 0.9 57.40 96.05 70.00 70.80 97.55 95.50 81.22

BON (Ma et al. 2025) 57.40 95.00 83.01 68.10 97.70 94.63 82.64
Particle Sampling (Ma et al. 2025) 56.51 93.52 81.72 67.04 96.18 93.38 81.39Search
ImagerySearch (Ours) 57.70 96.00 84.05 68.50 97.65 94.70 83.10

Table 3: Ablation Study. “Baseline” is the plain backbone; “Modules” successively add our two novel modules; “SaDSS-static
weight” denotes the performance when the selection space is kept at a fixed size; “Search” swaps in alternative search strategies.

Effect of Search Strategy. The Search rows in Tab. 3 com-
pare different search strategies (e.g., BON, Particle Sam-
pling (Ma et al. 2025)). The experimental results demon-
strate that our search strategy delivers the best performance.
Effect of Reward Dynamic Adjustment Mechanism.
Fig. 5(b) demonstrates the impact of varying reward weights
on VBench scores across different models (MQ, TA, VQ).
As weights change from 0.2 to 1.2, TA shows notable im-
provement while MQ and VQ maintain relatively stable per-
formance. The dashed line indicates the consistent superior-
ity of our method, validating the effectiveness of dynamic
reward adjustment under varying weights.

6 Conclusion
In this study, we propose ImagerySearch, an adaptive test-
time search method that improves video-generation qual-
ity for long-distance semantic prompts drawn from imag-
inative scenarios. Additionally, we present LDT-Bench,
the first benchmark designed to evaluate such challeng-
ing prompts. ImagerySearch achieves state-of-the-art perfor-
mance on LDT-Bench and VBench, highlighting its effec-
tiveness for long-range semantic text-to-video generation. In
future work, we will explore more flexible reward mecha-
nisms and search strategies to further improve video gener-
ation performance.
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