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Figure 1: Overview of the LoCoT2V-Bench. LoCoT2V-Bench comprehensively evaluates the
generated long videos from five dimensions: static quality, text-video alignment, temporal quality,
content clarity and Human Expectation Realization Degree (HERD). We obtain our prompts from
collected real-world videos via MLLMs and leverage multiple tools to execute our assessment.

ABSTRACT

Recently text-to-video generation has made impressive progress in producing
short, high-quality clips, but evaluating long-form outputs remains a major chal-
lenge especially when processing complex prompts. Existing benchmarks mostly
rely on simplified prompts and focus on low-level metrics, overlooking fine-
grained alignment with prompts and abstract dimensions such as narrative co-
herence and thematic expression. To address these gaps, we propose LoCoT2V-
Bench, a benchmark specifically designed for long video generation (LVG) under
complex input conditions. Based on various real-world videos, LoCoT2V-Bench
introduces a suite of realistic and complex prompts incorporating elements like
scene transitions and event dynamics. Moreover, it constructs a multi-dimensional
evaluation framework that includes our newly proposed metrics such as event-
level alignment, fine-grained temporal consistency, content clarity, and the Human
Expectation Realization Degree (HERD) that focuses on more abstract attributes
like narrative flow, emotional response, and character development. Using this
framework, we conduct a comprehensive evaluation of nine representative LVG
models, finding that while current methods perform well on basic visual and tem-
poral aspects, they struggle with inter-event consistency, fine-grained alignment,
and high-level thematic adherence, etc. Overall, LoCoT2V-Bench provides a com-
prehensive and reliable platform for evaluating long-form complex text-to-video
generation and highlights critical directions for future method improvement.

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

Table 1: Comparison of benchmarks in terms of sample scale, average length and complexity of their
used prompts. We use the number of words to measure the prompt length and leverage DeepSeek-
V3.1(Liu et al., 2024a) to score complexity of prompts from each benchmark. Details about the
prompt template for complexity scoring could be seen in Appendix C.1.

Benchmarks Samples Avg. Prompt Length Complexity
Semantic Structure Control Avg.

EvalCrafter (Liu et al., 2024b) 700 12.33 3.88 3.05 4.27 3.73
VBench-Long (Huang et al., 2024b) 946 7.64 2.75 2.11 2.76 2.54
VBench 2.0-Complex Plot (Zheng et al., 2025) 60 117.15 8.80 8.30 6.95 8.02
VBench 2.0-Complex Landscape (Zheng et al., 2025) 30 142.10 7.73 8.80 8.50 8.34
VMBench (Ling et al., 2025) 1050 26.23 5.96 5.36 4.39 5.24
FilMaster-Complex (Huang et al., 2025) 10 95.70 9.00 8.00 7.20 8.07

LoCoT2V-Bench (ours) 240 236.66 9.01 8.98 8.25 8.75

1 INTRODUCTION

In recent years, the rapid advancement of AI-Generated Content (AIGC) and the popularity of short-
form video platforms have accelerated research on text-to-video generation. Current mainstream
video generation models are able to produce short clips with high quality (OpenAI, 2024; Run-
way AI, 2025; DeepMind, 2025; MiniMax, 2025; Kuaishou, 2025; Kong et al., 2024; Wan et al.,
2025). However, they struggle to generate long-form and complex videos, which we define in this
work as videos longer than 30 seconds and typically under 60 seconds. To overcome this limitation,
some works optimize model architectures and training strategies for longer sequences (He et al.,
2022; Lu et al., 2024; Henschel et al., 2025; Chen et al., 2025a), while others leverage Large Lan-
guage Models (LLMs) to plan scripts and orchestrate multiple tools for multi-shot or story-level
video creation (Long et al., 2024; Zhuang et al., 2024; Xie et al., 2024; Zheng et al., 2024). These
efforts have pushed the frontier of long video generation (LVG) forward.

Although recent advances have enabled more flexible approaches to long video generation, evalu-
ating their performance under complex text inputs remains an open challenge. Researchers have
made some progress in benchmarking video generation models (Huang et al., 2024a; Liu et al.,
2024b; Ling et al., 2025; Han et al., 2025; Zheng et al., 2025). These work have proposed com-
prehensive evaluation framework via delicate prompt construction methodology and well-designed
multi-dimensional metrics. However, most of them primarily target the evaluation of short videos.
Their dependence on specific prompt construction strategies further limits their applicability to com-
plex input scenarios, particularly when assessing longer videos in real-world settings. Moreover,
existing benchmarks mainly emphasize visual quality, temporal consistency and prompt adherence,
while overlooking higher-level aspects such as thematic expression and event-level coherence. This
limitation becomes even more pronounced when evaluating long-form videos with richer content.

To address these gaps, we introduce LoCoT2V-Bench, a benchmark specifically designed for evalu-
ating text-to-video generation under complex prompts and extended durations. The key contribu-
tions of this work are as follows:

• We construct a challenging prompt suite derived from diverse real-world videos, curated into
240 samples across 18 themes. Using powerful Vision-Language Models (VLMs) (Madaan
et al., 2023), we generate longer and more complex prompts than existing benchmarks as shown
in Table 1, explicitly incorporating scene transitions, camera motion, and event dynamics.

• We design a multi-dimensional evaluation framework that extends beyond conventional metrics
such as visual fidelity, temporal consistency, and prompt adherence. Our framework introduces
higher-level dimensions like thematic expression and novel event-level adherence, enabling
fine-grained assessment of long-form video generation.

• We evaluate nine open-source LVG methods on five major dimensions composed of 26 sub-
dimensions. Results show that while existing models excel in visual quality and overall consis-
tency, they struggle with inter-event coherence, fine-grained prompt adherence, and narrative
flow, etc. These findings provide actionable insights for future model development.

In summary, LoCoT2V-Bench provides the first systematic benchmark tailored for complex and
long-form text-to-video generation. By combining realistic prompts, multi-dimensional metrics,
and thorough empirical evaluation, it establishes a robust foundation for advancing LVG research.
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Figure 2: Statistics of Collected Videos. The two images demonstrate some statistics of our col-
lected videos. left: Distribution of video quantity under different themes. right: Duration distribu-
tion of collected videos.

2 RELATED WORKS

Long Video Generation Long video generation requires models to generate videos longer than
10 seconds and it has always been an essential field in video generation area. Some of existing
methods are mainly based on diffusion models (He et al., 2022; Wang et al., 2023; Lu et al., 2024;
Ouyang et al., 2024; Song et al., 2025; Henschel et al., 2025). These studies introduce carefully
designed modules and training strategies for extending short video generation models to longer
video generation. Other methods use autoregressive models for LVG (Ge et al., 2022; Villegas et al.;
Chen et al., 2024; Weng et al., 2024; Yin et al., 2025; Chen et al., 2025a; Teng et al., 2025). Due
to autoregressive generation paradigm they could support variable length and even ultra-long video
generation. While these investigations are capable of generating long videos with high quality, most
of them are limited to single-scene video generation, narrowing their application scope.

Another type of long video, multi-scene video, has also achieved significant advance in recent
years (Lin et al., 2023; Zhu et al., 2023; Long et al., 2024; Zhuang et al., 2024; Zheng et al., 2024).
The considerable potential of LLM-driven agents towards tackling complex real-world problem has
also brought some new thought into this area. For instance, (Xie et al., 2024; Wu et al., 2025b)
utilize powerful multi-agent collaboration to simulate film production procedure in reality, enabling
more attractive and complex multi-scene video generation.

Video Generation Evaluation. The great progress of video generation triggers the development of
benchmarks for evaluating these methods. Traditional evaluation approaches focus on frame-level
image quality and diversity, such as FID (Heusel et al., 2017), FVD (Unterthiner et al., 2019) and
Inception Score (IS) (Salimans et al., 2016). CLIP-Score (Hessel et al., 2021) is also used to evaluate
prompt adherence of generated videos. However, given that video evaluation inherently involves
multiple factors, these metrics remain limited in scope and lack more comprehensive assessment.

To fully evaluate the quality of the generated videos, a series of benchmarks have been proposed
recently (Huang et al., 2024a; Liu et al., 2024b; Ling et al., 2025; Qi et al., 2025; Yang et al.,
2025). These works design prompt suites and leverage various tools to construct multi-dimensional
evaluation metrics. While such efforts have led to comprehensive evaluation frameworks for video
generation, they typically employ prompts describing a single scene with limited content and mainly
target short video evaluation. For long-form and complex text-to-video generation, (Huang et al.,
2024b) extends VBench (Huang et al., 2024a) to support longer videos, and (Zheng et al., 2025)
further complements the evaluation suite with complex plot and landscape generation. However, the
former still relies on simplified prompts, while the latter is constrained by the limited amount and
complexity of its prompts. (Bugliarello et al., 2023; Zhuang et al., 2025) assesses videos from multi-
prompt or multi-shot inputs primarily focus on story visualization rather than video generation.
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Figure 3: A demonstration of the example-based workflow for prompt generation and evalua-
tion integration: We first use a powerful MLLM with self-refine (Madaan et al., 2023) to draft the
prompt, which are then checked and corrected by experienced human verifiers based on the video
source. HERD evaluation results are extracted from ground-truth videos by an MLLM. Finally we
employ a strong LLM to merge them and enrich the integrated prompt result.

3 LOCOT2V-BENCH

3.1 PROMPT SUITE CONSTRUCTION

As shown in Fig. 1, our prompt suite is constructed through a three-stage process comprising video
collection, prompt generation, and evaluation information integration. We also provide an example
for the last two stages to demonstrate the actual process as presented in Fig. 3.

Video Collection. To align our evaluation more closely with real-world video production, we col-
lected thousands of short-form videos (30–60 seconds) from YouTube using yt-dlp1 , guided by 18
predefined thematic keywords. We then manually filtered out invalid samples affected by subtitle
or watermark occlusion, degraded visual quality, or misalignment between content and theme. As
illustrated in Fig. 2, the final dataset consists of 240 videos, evenly distributed across 18 themes.

Prompt Generation. Given that more and more MLLM have demonstrated strong video under-
standing capacities (Bai et al., 2025; Zhang et al., 2025; Zhu et al., 2025; Guo et al., 2025), we em-
ploy them directly to generate raw prompts from the collected videos, rather than relying on human
annotation. To ensure the quality of these prompts, we carefully design the generation instructions
and adopt the self-refine (Madaan et al., 2023) paradigm for iterative optimization. In addition, we
manually review each generated prompt and correct factual inaccuracies when necessary.

Evaluation Information Integration. To enable assessment along high-level aspects of video qual-
ity, we first introduce seven kinds of requirements: emotional response, narrative flow, character
development, visual style, themes, interpretive depth and overall impression. These aspects will
naturally compose one of our evaluation dimensions presented in the following section 3.2.5. And
detailed descriptions of these dimensions are provided in Appendix B.8. Then we employ Seed1.5-
VL (Guo et al., 2025) to evaluate each collected video across these dimensions. The resulting
evaluations would be subsequently integrated into our previously generated raw prompts to obtain
the final test prompts. As shown in Fig. 5 in the Appendix B.2 our prompts cover multiple elements
such as light, camera and some spatial relationships (e.g. beneath) and mostly range from 200-300
words in length, ensuring their content richness.

1https://github.com/yt-dlp/yt-dlp
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3.2 EVALUATION DIMENSION SUITE CONSTRUCTION

As shown in Fig. 1, we divide our evaluation dimensions into five categories partially inspired by
some of the existing benchmarks (Huang et al., 2024a; Liu et al., 2024b): static quality, text-video
alignment, temporal quality, content clarity and Human Expectation Realization Degree (HERD).

3.2.1 STATIC QUALITY (SQ)

Static quality focuses on frame-level image quality which is often separated into two parts: aesthetic
quality and technical quality.

Aesthetic Quality (AQ). Aesthetic quality refers to the artistic and beauty value perceived by hu-
mans. We evaluate aesthetic quality of a generated video using the Aesthetic Predictor V2.52, a
SigLIP-based (Zhai et al., 2023) predictor that assesses the aesthetics of an image on a scale from
1 to 10. Since videos consist of continuous frames, we sample one frame per second rather than
scoring all frames, which substantially enhances evaluation efficiency. For normalization we take a
more reasonable upper bound through the methods described in Appendix B.5.

Technical Quality (TQ). Technical quality refers to visual imperfections such as noise, blur, over-
exposure, and other artifacts that may degrade the viewing experience. We evaluate it using
DOVER++ (Wu et al., 2023), a widely used model for user-generated video quality assessment
(UGC-VQA). Given that DOVER was trained primarily on short videos with an average duration of
approximately 10s, we segment each input long video into clips shorter than 10s and compute their
average score as the technical quality score of the sample, ensuring more reliable results.

3.2.2 TEXT-VIDEO ALIGNMENT (TVA)

Text-video alignment measures the adherence and faithfulness of the video content to the input text
prompt. Considering the complexity of our prompts, we evaluate this dimension in a coarse-to-fine
manner. Therefore, we divide text-video alignment into overall alignment and event-level alignment.

Overall Alignment (OA). Overall alignment assesses the global consistency between video and text.
Existing benchmarks mostly rely on CLIP-based methods (Huang et al., 2024a; Liu et al., 2024b;
Qi et al., 2025; Wu et al., 2025a). However, these methods are limited by CLIP’s original design for
learning image-text alignment features (Radford et al., 2021), which restricts their ability to handle
more complex video-text evaluation. To address this, we leverage recent MLLMs with strong video
understanding capability, together with embedding models that excel at encoding rich and complex
textual semantics. Specifically we employ Qwen2.5-VL-7B (Bai et al., 2025) to generate a detailed
description of the video and then compute the semantic similarity between this description and the
prompt content of the video (See our used prompt for description in Appendix C.2). Note that we
use the prompt base defined in Section 3.1, rather than the raw input prompt, to avoid interference
from evaluation-related content. The resulting semantic similarity score serves as our final score.

Event-level Alignment (EA). Event-level alignment targets at assessing more fine-grained consis-
tency between generated video and prompt text. We define an event as a combination of event
description, subject, setting, action, and camera motion. As described in Section 3.1, we utilize
DeepSeek-V3.1 (Liu et al., 2024a) to extract ground-truth events from the prompt base (See extrac-
tion prompt in Appendix C.3). Similarly, we extract event-level information from the detailed video
description obtained in overall alignment and compute event-level similarity. Concretely, we first
match generated and ground-truth events based on the semantic similarity of their event descriptions.
Since the numbers and the relative positions of events that extracted from generated videos may vary
significantly, we formulate this as a maximum-weight bipartite matching problem and solve it using
the Hungarian algorithm (Kuhn, 1955). For each matched pair, we calculate both the overall seman-
tic similarity of the event descriptions and the average field-level similarity across subject, setting,
action, and camera motion. Their product serves as the event score.

To further incorporate temporal coherence, we penalize the score according to the disorder in event
order. Specifically, let I denote the number of inversions in the matched sequence and Imax the

2https://github.com/discus0434/aesthetic-predictor-v2-5
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maximum possible inversions. The final event-level alignment score is defined as

Sevent-align =
(
1− I

Imax

)
· 1

N

N∑
i=1

(
S
(i)
semantic ×

1
4

∑
f∈F

S
(i)
f

)
, F = {subj, set, act, cam}, (1)

where N is the number of matched event pairs. This formulation ensures that the score reflects both
the fidelity of individual events and the correctness of their temporal order.

3.2.3 TEMPORAL QUALITY (TQ)

Temporal quality refers to the perceptual aspects of video in the time domain, emphasizing mo-
tion smoothness, frame-to-frame consistency, and the absence of temporal artifacts such as flicker,
ghosting, or judder. In our work, we consider multiple aspects of temporal quality, including dy-
namic degree, motion smoothness, human action, and transition smoothness.

Dynamic Degree & Motion Smoothness. These two metrics were originally introduced in
VBench (Huang et al., 2024a). The former judges whether the video contains significant motions to
evaluate the degree of dynamics, while the latter assesses whether the motion in the generated video
is smooth and consistent with physical laws in the real world. Given their universality and effect as
demonstrated in the original paper, we directly adopt them for our evaluation.

Human Action. This metric aims to detect whether the preset human actions occur accurately and
naturally in the video. We first employ LLMs with strong reasoning ability to identify whether
human actions are present in each prompt and to extract detailed information such as subjects and
action descriptions. Different from previous works that rely on action recognition models to detect
specific action types (Huang et al., 2024a; Liu et al., 2024b), we adopt a multi-modal large language
model (MLLM) with strong video understanding capability to evaluate both the occurrence and the
smoothness of all actions (All used prompts are provided in Appendix C.4). This approach enables
the evaluation of more complex actions and better aligns with our prompt settings.

Temporal Flickering. Temporal flickering refers to the instability of local regions or high-frequency
details across consecutive frames, which leads to a perceivable flicker effect. For this dimension,
we perform evaluation following the protocol of VBench (Huang et al., 2024a), which compute the
mean absolute difference across static frames as final scores.

Transition Smoothness. Transition smoothness measures how gradual a scene change is. It is
particularly important for multi-scene videos, yet has been rarely explored in prior work. To compute
it, we first locate transition points using PySceneDetect3 . Around each transition, we extract a
temporal window and evaluate the similarity of frames based on pixel-level, structural, feature, and
motion cues. The abruptness of each transition is then quantified as the variance of this similarity
sequence, and the final video-level score is obtained by averaging over all detected transitions. The
full formulation and implementation details are provided in Appendix B.6.

Warping Error & Semantic Consistency. These two metrics focus on temporal consistency of
videos. Warping error measures pixel-level inconsistencies between consecutive frames after opti-
cal flow alignment, revealing temporal artifacts such as flickering or misalignment, while semantic
consistency captures the stability of high-level semantics across frames, reflecting whether objects
and scene meanings remain consistent over time. We employ the same evaluation methods as pro-
posed in EvalCrafter (Liu et al., 2024b) for more reliable results.

Intra- and Inter-event Temporal Consistency. For assessing temporal consistency, we only con-
sider Subject Consistency (SC) and Background Consistency (BC). They are designed to evaluate
whether visual elements remain stable throughout a video. To make the assessment more fine-
grained, we leverage the event structure introduced in our alignment evaluation (Section 3.2.2).
Concretely, we first extract event clips using Time-R1-7B (Wang et al., 2025) and obtain frame-level
subject crops and background regions with Grounded-SAM-24. Intra-event consistency measures
the similarity of the same element (subject or background) across frames within a single event, re-
flecting stability during continuous actions. Inter-event consistency measures the similarity of the
same element across different events, reflecting stability under temporal gaps and scene changes.

3https://github.com/Breakthrough/PySceneDetect
4https://github.com/IDEA-Research/Grounded-SAM-2
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For each video, we average the scores across all subjects or background regions to obtain overall
intra- and inter-event consistency. Further implementation details are provided in Appendix B.7.

3.2.4 CONTENT CLARITY (CC)

Video generation often suffers from semantic inconsistencies, abrupt transitions, and thematic inco-
herence, motivating the need for a structured evaluation of content clarity. Therefore, we propose
content clarity to assesses the semantic coherence and narrative quality of generated videos, with an
emphasis on how effectively they convey meaningful information to viewers.

We propose a multi-dimensional assessment framework grounded in MLLMs with advanced video
understanding capabilities. This framework is composed of four complementary dimensions:
Theme Clarity (TC) to judge whether a central message is explicitly conveyed, Logical Struc-
ture (LS) to test temporal and causal coherence of scene progression, Information Completeness
(ICP) to measure adequacy of visual context for comprehension, and Information Consistency
(ICS) to assess coherence and alignment across shots.

For each video, the MLLM is prompted multiple times with controlled randomness to simulate
diverse judgments like mean-of-score (MOS). Our used evaluation prompt could be found in Ap-
pendix C.5. Then each evaluation produces a structured output containing a score (0–4) and concise
textual rationale for each evaluation dimension. The raw scores are normalized by the maximum
scale and averaged across repeated trials to mitigate variance introduced by randomness. Finally the
content clarity score for a video is computed as follows:

S(v) =
1

D

D∑
d=1

sd(v), sd(v) =
1

R

R∑
i=1

s
(i)
d (v)

4
, (2)

where s(i)d (v) denotes the raw score assigned to video v on dimension d at trial i, R is the number
of evaluation rounds, and D = 4 is the number of dimensions.

3.2.5 HUMAN EXPECTATION REALIZATION DEGREE (HERD)

Current benchmarks for video generation struggle to evaluate high-level dimensions such as emo-
tional response and thematic expression. To address this limitation, we propose the Human Ex-
pectation Realization Degree (HERD), a framework that quantifies how well generated videos meet
human expectations across these dimensions. As described in Section 3.1, we have incorporated
multi-dimensional assessment information into our test prompts. Based on this information, we
then generate multiple binary, content-specific questions for HERD evaluation of each dimension.
Details about generation of these questions are provided in Appendix B.8.

The polarity of binary question matters as mentioned in FingER (Chen et al., 2025b), so we annotate
the polarity of each question. Specifically, a question is labeled as ”positive” if answering ”yes”
contributes positively to the final score, and ”negative” if answering ”no” does so. For example,
”Did the video make you feel tense and claustrophobic?” is positive, whereas ”Did the characters
lack depth and have unclear relationships?” is negative. After that, each question is posed to a
MLLM in a few-shot VQA setting, where the model responds with ”yes”, ”no”, or ”unclear”. For
scoring, only ”yes” and ”no” responses are considered. The HERD score is defined as the proportion
of polarity-consistent responses (i.e., ”yes” for positive questions or ”no” for negative ones) over the
total number of valid (yes/no) responses, while ”unclear” being treated invalid. This polarity-aware
design ensures that the resulting scores more reliably reflect alignment with human expectations.

4 RESULTS & ANALYSIS

4.1 PERFORMANCE ON LOCOT2V-BENCH

To comprehensively demonstrate the capabilities of current long video generation methods, we select
nine representative open-source methods as our baselines and perform evaluation on their generated
videos. Detailed introduction and implementations about these methods are in Appendix B.1.

As shown in Table 2 and Fig. 8 in the Appendix B.10, existing LVG methods exhibit great perfor-
mance in frame-level static quality. Nevertheless, they remain limited in the other four dimensions
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Table 2: Performance results of all baseline methods evaluated over the five major dimensions.
Scores for each dimension are obtained by averaging the scores of its corresponding sub-dimensions.
Sub-dimension scores of temporal quality and HERD are presented in Table 3 and 4 perspectively.
Note that all values are expressed as percentages to improve readability and conserve space.

Methods Static Quality Text-Video Alignment Temporal
Quality

Content Clarity HERD Avg.
AQ TQ Avg. OA EA Avg. TC LS ICP ICS Avg.

FreeNoise (Qiu et al., 2023) 65.38 71.34 68.36 63.28 47.17 55.23 73.26 71.32 72.36 71.53 80.38 73.90 50.00 64.15
MEVG (Oh et al., 2024) 41.75 18.33 30.04 64.66 49.13 56.90 66.70 45.38 45.59 46.67 55.45 48.27 47.54 49.89
FreeLong (Lu et al., 2024) 58.31 55.99 57.15 69.10 52.97 61.04 66.57 56.67 59.17 59.38 67.29 60.63 57.65 60.61
FIFO-Diffusion (Kim et al., 2024) 65.72 62.09 63.91 59.32 45.27 52.30 75.58 79.03 79.97 78.02 86.25 80.82 49.76 64.47
DiTCtrl (Cai et al., 2025) 54.27 62.13 58.20 71.70 54.42 63.06 70.77 59.90 63.09 60.87 69.27 63.28 60.72 63.21
CausVid (Yin et al., 2025) 62.44 89.54 75.99 73.30 59.64 66.47 69.84 57.43 60.14 61.42 68.33 61.83 63.55 67.54
SkyReels-V2 (Chen et al., 2025a) 67.20 80.18 73.69 70.98 46.33 58.66 79.49 71.39 72.71 71.18 79.20 73.62 62.74 69.64
Vlogger (Zhuang et al., 2024) 49.16 78.91 64.04 65.78 23.68 44.73 66.07 45.17 46.22 49.17 55.42 49.00 58.59 56.48
VGoT (Zheng et al., 2024) 85.50 96.79 91.15 67.07 42.83 54.95 71.21 78.92 78.13 77.78 84.31 79.79 63.74 72.17
Ground-Truth 61.93 59.58 60.76 78.79 57.50 68.15 71.90 64.38 67.15 65.17 72.19 67.22 66.92 66.99

Table 3: Performance results of all baseline methods on sub-dimensions of temporal quality. Note
that all values are expressed as percentages to improve readability and conserve space. Abbrevia-
tion Explanations: ”ITAE” refers to ”Intra-event”, ”ITRE” refers to ”Inter-event”, ”SC” refers to
”Subject Consistency” and ”BC” refers to ”Background Consistency”.

Method Dynamic
Degree

Motion
Smoothness

Warping
Error

Semantic
Consistency

Temporal
Flickering

Transition
Smoothness

Human
Action

Event-level Consistency Avg.
ITAE SC ITAE BC ITRE SC ITRE BC

FreeNoise (Qiu et al., 2023) 27.64 96.84 91.41 98.13 95.65 78.90 28.63 95.60 97.82 43.15 52.09 73.26
MEVG (Oh et al., 2024) 8.72 99.35 99.33 98.96 99.20 25.71 23.30 97.88 98.95 35.50 46.80 66.70
FreeLong (Lu et al., 2024) 23.30 98.41 94.85 98.50 98.07 18.24 31.59 91.16 98.34 37.41 42.40 66.57
FIFO-Diffusion (Kim et al., 2024) 62.21 96.29 88.92 97.44 94.23 73.49 23.61 94.37 97.22 45.93 57.72 75.58
DiTCtrl (Cai et al., 2025) 32.26 99.23 99.11 98.83 98.92 24.96 44.61 97.07 98.76 38.05 46.65 70.77
CausVid (Yin et al., 2025) 40.67 98.90 97.45 99.29 98.41 10.76 48.15 96.51 99.22 35.58 43.26 69.84
SkyReels-V2 (Chen et al., 2025a) 77.41 98.10 92.99 98.22 96.06 79.28 47.91 95.44 98.03 40.32 50.60 79.49
Vlogger (Zhuang et al., 2024) 36.70 95.35 81.54 96.12 94.27 27.03 37.46 90.31 96.48 34.28 37.20 66.07
VGoT (Zheng et al., 2024) 33.86 99.12 97.70 99.43 98.47 27.25 43.15 96.66 99.37 39.89 48.44 71.21

Ground-Truth 70.89 98.51 97.59 92.16 97.33 22.14 54.53 95.79 98.70 24.09 39.14 71.90

due to degradation in specific sub-dimensions. For example, their scores on event-level alignment
are much lower than on overall alignment, indicating difficulty in capturing fine-grained semantic in-
formation. Apparently these methods could well preserve short-term temporal stability considering
their excellent performance on some metrics like semantic consistency or intra-event consistency.
However, they struggle to maintain long-term temporal consistency, as reflected by their low scores
on inter-event consistency or transition smoothness. This may result from their weak capacities to
model long-term context. In addition, their performance on high-level adherence remains unsatisfac-
tory: they encounter substantial challenges in dimensions such as character development, narrative
flow, and interpretive depth in HERD. These results suggest that current methods still lack the ability
to generate complete and coherent long-form video content as expected by humans.

4.2 DOES VIDEO CONTENT TYPE IMPACT EVALUATION?

As shown in Fig. 2, we group the 18 prompt themes into three major categories to examine whether
different methods exhibit significant performance variations across them. The results in Fig. 9 in
the Appendix B.11 report the performance of these categories along the five evaluation dimensions
introduced earlier. Overall, the differences across theme categories are minor, which aligns to some
extent with the findings of EvalCrafter (Liu et al., 2024b), and further demonstrates the robust-
ness of our evaluation framework to diverse content types. Nevertheless, several interesting patterns
emerge. For example, methods achieve slightly higher text–video alignment scores on the nature ex-
ploration category. As shown in Fig. 6, prompts in this category are the shortest and of intermediate
complexity among all themes, which may partly explain this observation.

4.3 ARE VIDEOS WITH HIGHER STATIC QUALITY PREFERRED?

A natural intuition is that higher static quality indicates better visual fidelity, which generally makes
videos more visually appealing and easier to interpret. This advantage, however, may also influence
the preference for certain video samples, thereby affecting the evaluation outcomes. To examine
whether such bias occurred in our evaluation, we collected the scores of each test sample across the
five dimensions and computed the linear correlations between static quality and each of the other
four dimensions. The results are presented in Fig. 4 and Table 5.
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Table 4: Performance results of all baseline methods evaluated on sub-dimensions of HERD. Note
that all values are expressed as percentages to improve readability and conserve space.

Method Emotional Response Narrative Flow Character Development Visual Style Themes Interpretive Depth Overall Impression Avg.
FreeNoise (Qiu et al., 2023) 65.28 21.94 31.04 72.99 49.31 35.56 73.89 50.00
MEVG (Oh et al., 2024) 58.82 19.24 22.99 83.82 46.18 27.99 73.75 47.54
FreeLong (Lu et al., 2024) 74.31 25.83 33.06 84.03 64.37 37.92 84.03 57.65
FIFO-Diffusion (Kim et al., 2024) 68.68 24.58 28.75 73.89 45.62 34.10 72.71 49.76
DiTCtrl (Cai et al., 2025) 75.56 32.92 37.01 86.46 67.01 38.33 87.78 60.72
CausVid (Yin et al., 2025) 80.07 31.81 39.44 88.33 72.57 42.57 90.07 63.55
SkyReels-V2 (Chen et al., 2025a) 77.57 35.49 41.46 88.82 68.47 38.19 89.17 62.74
Vlogger (Zhuang et al., 2024) 71.32 28.54 34.58 90.35 68.26 29.37 87.71 58.59
VGoT (Zheng et al., 2024) 82.22 25.83 48.13 88.47 72.08 41.11 88.33 63.74

Ground-Truth 79.86 42.50 47.15 89.17 74.37 42.01 93.40 66.92

From this figure, we can see that static quality shows no strong linear correlation with the other
four dimensions, suggesting that frame-level image fidelity exerts only a limited impact on metrics
unrelated to visual quality. Notably, while text–video alignment is almost independent of static
quality, content clarity exhibits the highest degree of correlation, which partly confirms our initial
intuition. In addition, some sub-dimensions of temporal quality and HERD are inherently related
to static quality, and their observed correlations are therefore reasonable. Overall, these results
imply that potential biases introduced by static quality are controlled and limited, ensuring that the
evaluation outcomes remain robust and representative.

Figure 4: Visualization of correlation between static quality and other four dimensions. We display
the results as four scatter plots and their regression lines. Note that ”SQ” here refers to Static Quality.

4.4 ENTANGLEMENT BETWEEN EVENT-LEVEL ALIGNMENT AND TEMPORAL CONSISTENCY

As discussed in Section 3.2.2 and Section 3.2.3, we evaluate both event-level prompt adherence and
temporal consistency for fine-grained assessment. This requires extracting clips for each event or re-
trieving images of individual subjects from generated videos. However, when the generated content
fails to satisfy the input prompt, the corresponding subjects or events may not appear at all, which
inevitably impact the measured temporal consistency. Such cases suggest a potential entanglement
between event-level alignment and temporal consistency. Therefore, we further investigate whether
this entanglement is present in our results.

As shown in Table 5, event-level alignment scores of all test samples exhibit low linear correla-
tions with event-level temporal consistency, particularly when compared with inter-event subject
and background consistency. This outcome can be explained by the different characteristics of the
models used in these evaluation dimensions. Even when a VLM determines that certain generated
videos are poorly aligned with their prompts, the TVG models and the semantic segmentation mod-
els may still successfully extract clips related to the event description or images corresponding to the
described subject. These extracted images can remain highly coherent across consecutive frames of
retrieved clips, leading to relatively low alignment scores but high consistency scores.

4.5 HOW DOES COMPLEXITY OF PROMPTS INFLUENCE EVALUATION?

Given that our evaluation scenario involves input prompts that are generally longer and more com-
plex than typical cases, we further investigate how evaluation outcomes vary with different levels
of prompt complexity. Specifically, we analyze the relationships between three types of complexity
(semantic, structural, and control) and the five evaluation dimensions across all test samples gener-
ated by nine baseline methods. The results are shown in Fig. 10 in the Appendix B.12.
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Table 5: Correlation results across evaluation metrics. Three representative methods are used to
assess linear correlations between pairs of metrics based on sample-level score sequences.

Metric 1 Metric 2 Pearson’s r Spearman’s ρ Kendall’s τ

Static Quality

Temporal Quality 0.2942 0.2924 0.1937
Text-Video Alignment 0.0841 0.1093 0.0701
Content Clarity 0.4977 0.4853 0.3401
HERD 0.2136 0.1958 0.1328

Event-level Alignment

Intra-event Subject Consistency 0.1933 0.2381 0.1619
Intra-event Background Consistency 0.3386 0.2769 0.1901
Inter-event Subject Consistency 0.0121 0.0097 0.0048
Inter-event Background Consistency 0.0110 -0.0008 0.0011

We observe that prompt complexity indeed affects evaluation outcomes. In particular, methods
tend to perform worse with higher semantic complexity, indicating their difficulty in understanding
complex semantics. Similar trends are found with structural complexity. By contrast, the effect
of control complexity is less pronounced. We attribute this to the fact that baseline methods are
generally less sensitive to stylistic, technical, dynamic, and consistency-related control elements,
and often fail to meet such requirements. Moreover, we find that certain dimensions—such as static
quality and text–video alignment—are less influenced by prompt complexity, suggesting that they
may better reflect the inherent capability of generation methods.

5 CONCLUSION

We introduced LoCoT2V-Bench, a benchmark specifically designed for long-form and complex
text-to-video generation. By constructing prompts from real-world videos and developing a multi-
dimensional evaluation suite composed of five representative dimensions, our framework enables
fine-grained and holistic assessment beyond existing benchmarks. Extensive experiments on nine
representative methods reveal that while current approaches perform well in visual fidelity and short-
term temporal stability, they struggle with fine-grained event alignment, long-range temporal coher-
ence, and high-level narrative adherence. Analyses of content types, prompt complexity, and metric
entanglement further highlight both the robustness of LoCoT2V-Bench and the challenges faced by
current models. We envision our benchmark as a foundation for rigorous evaluation and as guidance
for future research toward generating long-form videos that are not only visually compelling but
also coherent, controllable, and aligned with human expectations.

6 ETHICAL STATEMENT

All video data in LoCoT2V-Bench are collected from YouTube using yt-dlp in compliance with the
platform’s terms of service and copyright regulations. A rigorous filtering process, combining auto-
matic checks and manual review, was applied to exclude invalid or harmful content. Prompts were
generated and refined using VLMs and LLMs under strict instructions prohibiting PII, offensive,
violent, or otherwise inappropriate material, with additional human verification to ensure factual
accuracy and ethical compliance. During our evaluation, no private or sensitive data were used and
all procedures adhere to relevant ethical guidelines for AIGC research, ensuring LoCoT2V-Bench
promotes safe and responsible development of long-form text-to-video generation technology.

7 REPRODUCIBILITY STATEMENT

We will release the prompt data, evaluation code, and benchmark results of LoCoT2V-Bench at
[https://anonymous.4open.science/r/LoCoT2V-Bench-1518/]. An initial draft of the constructed
prompt suite in JSON format has already been provided. Due to the current complexity of the
project structure, the full release will be made after code reorganization and thorough verification to
ensure correctness and usability in a timely manner.
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Boyuan Chen, Diego Martı́ Monsó, Yilun Du, Max Simchowitz, Russ Tedrake, and Vincent Sitz-
mann. Diffusion forcing: Next-token prediction meets full-sequence diffusion. Advances in
Neural Information Processing Systems, 37:24081–24125, 2024.

Guibin Chen, Dixuan Lin, Jiangping Yang, Chunze Lin, Junchen Zhu, Mingyuan Fan, Hao Zhang,
Sheng Chen, Zheng Chen, Chengcheng Ma, et al. Skyreels-v2: Infinite-length film generative
model. arXiv preprint arXiv:2504.13074, 2025a.

Rui Chen, Lei Sun, Jing Tang, Geng Li, and Xiangxiang Chu. Finger: Content aware fine-grained
evaluation with reasoning for ai-generated videos. arXiv preprint arXiv:2504.10358, 2025b.

Google DeepMind. Veo: Our state-of-the-art video generation model. https://deepmind.google/
models/veo/, 2025. Accessed: 2025-09-07.

Zhengcong Fei, Debang Li, Di Qiu, Jiahua Wang, Yikun Dou, Rui Wang, Jingtao Xu, Mingyuan
Fan, Guibin Chen, Yang Li, et al. Skyreels-a2: Compose anything in video diffusion transformers.
arXiv preprint arXiv:2504.02436, 2025.

Yu Gao, Haoyuan Guo, Tuyen Hoang, Weilin Huang, Lu Jiang, Fangyuan Kong, Huixia Li, Jiashi Li,
Liang Li, Xiaojie Li, et al. Seedance 1.0: Exploring the boundaries of video generation models.
arXiv preprint arXiv:2506.09113, 2025.

Songwei Ge, Thomas Hayes, Harry Yang, Xi Yin, Guan Pang, David Jacobs, Jia-Bin Huang, and
Devi Parikh. Long video generation with time-agnostic vqgan and time-sensitive transformer. In
European Conference on Computer Vision, pp. 102–118. Springer, 2022.

Dong Guo, Faming Wu, Feida Zhu, Fuxing Leng, Guang Shi, Haobin Chen, Haoqi Fan, Jian Wang,
Jianyu Jiang, Jiawei Wang, et al. Seed1. 5-vl technical report. arXiv preprint arXiv:2505.07062,
2025.

Hui Han, Siyuan Li, Jiaqi Chen, Yiwen Yuan, Yuling Wu, Yufan Deng, Chak Tou Leong, Hanwen
Du, Junchen Fu, Youhua Li, et al. Video-bench: Human-aligned video generation benchmark.
In Proceedings of the Computer Vision and Pattern Recognition Conference, pp. 18858–18868,
2025.

Yingqing He, Tianyu Yang, Yong Zhang, Ying Shan, and Qifeng Chen. Latent video diffusion
models for high-fidelity long video generation. arXiv preprint arXiv:2211.13221, 2022.

Roberto Henschel, Levon Khachatryan, Hayk Poghosyan, Daniil Hayrapetyan, Vahram Tadevosyan,
Zhangyang Wang, Shant Navasardyan, and Humphrey Shi. Streamingt2v: Consistent, dynamic,
and extendable long video generation from text. In Proceedings of the Computer Vision and
Pattern Recognition Conference, pp. 2568–2577, 2025.

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A
reference-free evaluation metric for image captioning. arXiv preprint arXiv:2104.08718, 2021.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrium. Advances in
neural information processing systems, 30, 2017.

11

https://deepmind.google/models/veo/
https://deepmind.google/models/veo/


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Kaiyi Huang, Yukun Huang, Xintao Wang, Zinan Lin, Xuefei Ning, Pengfei Wan, Di Zhang,
Yu Wang, and Xihui Liu. Filmaster: Bridging cinematic principles and generative ai for auto-
mated film generation. arXiv preprint arXiv:2506.18899, 2025.

Ziqi Huang, Yinan He, Jiashuo Yu, Fan Zhang, Chenyang Si, Yuming Jiang, Yuanhan Zhang, Tianx-
ing Wu, Qingyang Jin, Nattapol Chanpaisit, et al. Vbench: Comprehensive benchmark suite for
video generative models. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 21807–21818, 2024a.

Ziqi Huang, Fan Zhang, Xiaojie Xu, Yinan He, Jiashuo Yu, Ziyue Dong, Qianli Ma, Nattapol Chan-
paisit, Chenyang Si, Yuming Jiang, et al. Vbench++: Comprehensive and versatile benchmark
suite for video generative models. arXiv preprint arXiv:2411.13503, 2024b.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint
arXiv:2410.21276, 2024.

Jihwan Kim, Junoh Kang, Jinyoung Choi, and Bohyung Han. Fifo-diffusion: Generating infinite
videos from text without training. Advances in Neural Information Processing Systems, 37:
89834–89868, 2024.

Weijie Kong, Qi Tian, Zijian Zhang, Rox Min, Zuozhuo Dai, Jin Zhou, Jiangfeng Xiong, Xin Li,
Bo Wu, Jianwei Zhang, et al. Hunyuanvideo: A systematic framework for large video generative
models. arXiv preprint arXiv:2412.03603, 2024.

Kuaishou. Kling ai — ai image & video maker (text-to-video model). https://app.klingai.com/
cn/, 2025. Accessed: 2025-09-07.

Harold W Kuhn. The hungarian method for the assignment problem. Naval research logistics
quarterly, 2(1-2):83–97, 1955.

Wei-Sheng Lai, Jia-Bin Huang, Oliver Wang, Eli Shechtman, Ersin Yumer, and Ming-Hsuan Yang.
Learning blind video temporal consistency. In Proceedings of the European conference on com-
puter vision (ECCV), pp. 170–185, 2018.

Chenyang Lei, Yazhou Xing, and Qifeng Chen. Blind video temporal consistency via deep video
prior. Advances in Neural Information Processing Systems, 33:1083–1093, 2020.

Han Lin, Abhay Zala, Jaemin Cho, and Mohit Bansal. Videodirectorgpt: Consistent multi-scene
video generation via llm-guided planning. arXiv preprint arXiv:2309.15091, 2023.

Xinran Ling, Chen Zhu, Meiqi Wu, Hangyu Li, Xiaokun Feng, Cundian Yang, Aiming Hao, Jiashu
Zhu, Jiahong Wu, and Xiangxiang Chu. Vmbench: A benchmark for perception-aligned video
motion generation. arXiv preprint arXiv:2503.10076, 2025.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437, 2024a.

Yaofang Liu, Xiaodong Cun, Xuebo Liu, Xintao Wang, Yong Zhang, Haoxin Chen, Yang Liu,
Tieyong Zeng, Raymond Chan, and Ying Shan. Evalcrafter: Benchmarking and evaluating large
video generation models. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 22139–22149, 2024b.

Fuchen Long, Zhaofan Qiu, Ting Yao, and Tao Mei. Videostudio: Generating consistent-content
and multi-scene videos. In European Conference on Computer Vision, pp. 468–485. Springer,
2024.

Yu Lu, Yuanzhi Liang, Linchao Zhu, and Yi Yang. Freelong: Training-free long video genera-
tion with spectralblend temporal attention. In The Thirty-eighth Annual Conference on Neural
Information Processing Systems, 2024.

12

https://app.klingai.com/cn/
https://app.klingai.com/cn/


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri
Alon, Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, et al. Self-refine: Iterative refinement
with self-feedback. Advances in Neural Information Processing Systems, 36:46534–46594, 2023.

Jiawei Mao, Xiaoke Huang, Yunfei Xie, Yuanqi Chang, Mude Hui, Bingjie Xu, and Yuyin Zhou.
Story-adapter: A training-free iterative framework for long story visualization. arXiv preprint
arXiv:2410.06244, 2024.

MiniMax. Hailuo ai: Ai video generation platform. https://hailuoai.com/, 2025. Accessed:
2025-09-07.

Gyeongrok Oh, Jaehwan Jeong, Sieun Kim, Wonmin Byeon, Jinkyu Kim, Sungwoong Kim, and
Sangpil Kim. Mevg: Multi-event video generation with text-to-video models. In European Con-
ference on Computer Vision, pp. 401–418. Springer, 2024.

OpenAI. Sora: Creating video from text. https://openai.com/sora, 2024. Accessed: 2025-09-
07.

Yichen Ouyang, Hao Zhao, Gaoang Wang, et al. Flexifilm: Long video generation with flexible
conditions. arXiv preprint arXiv:2404.18620, 2024.

Chenyang Qi, Xiaodong Cun, Yong Zhang, Chenyang Lei, Xintao Wang, Ying Shan, and Qifeng
Chen. Fatezero: Fusing attentions for zero-shot text-based video editing. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pp. 15932–15942, 2023.

Zelu Qi, Ping Shi, Shuqi Wang, Chaoyang Zhang, Fei Zhao, Zefeng Ying, Da Pan, Xi Yang, Zheqi
He, and Teng Dai. T2veval: Benchmark dataset and objective evaluation method for t2v-generated
videos. arXiv preprint arXiv:2501.08545, 2025.

Haonan Qiu, Menghan Xia, Yong Zhang, Yingqing He, Xintao Wang, Ying Shan, and Ziwei
Liu. Freenoise: Tuning-free longer video diffusion via noise rescheduling. arXiv preprint
arXiv:2310.15169, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PmLR, 2021.

Inc. Runway AI. Introducing runway gen-4. https://runwayml.com/research/
introducing-runway-gen-4, 2025. Runway Research; accessed 2025-09-07.

Tim Salimans, Ian Goodfellow, Wojciech Zaremba, Vicki Cheung, Alec Radford, and Xi Chen.
Improved techniques for training gans. Advances in neural information processing systems, 29,
2016.

Haoyuan Shi, Yunxin Li, Xinyu Chen, Longyue Wang, Baotian Hu, and Min Zhang. Ani-
maker: Multi-agent animated storytelling with mcts-driven clip generation. arXiv preprint
arXiv:2506.10540, 2025.

Kiwhan Song, Boyuan Chen, Max Simchowitz, Yilun Du, Russ Tedrake, and Vincent Sitzmann.
History-guided video diffusion, 2025. URL https://arxiv.org/abs/2502.06764.

Zachary Teed and Jia Deng. Raft: Recurrent all-pairs field transforms for optical flow. In European
conference on computer vision, pp. 402–419. Springer, 2020.

Hansi Teng, Hongyu Jia, Lei Sun, Lingzhi Li, Maolin Li, Mingqiu Tang, Shuai Han, Tianning
Zhang, WQ Zhang, Weifeng Luo, et al. Magi-1: Autoregressive video generation at scale. arXiv
preprint arXiv:2505.13211, 2025.

Michael Tschannen, Alexey Gritsenko, Xiao Wang, Muhammad Ferjad Naeem, Ibrahim Alabdul-
mohsin, Nikhil Parthasarathy, Talfan Evans, Lucas Beyer, Ye Xia, Basil Mustafa, et al. Siglip 2:
Multilingual vision-language encoders with improved semantic understanding, localization, and
dense features. arXiv preprint arXiv:2502.14786, 2025.

13

https://hailuoai.com/
https://openai.com/sora
https://runwayml.com/research/introducing-runway-gen-4
https://runwayml.com/research/introducing-runway-gen-4
https://arxiv.org/abs/2502.06764


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Thomas Unterthiner, Sjoerd Van Steenkiste, Karol Kurach, Raphaël Marinier, Marcin Michalski,
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A APPENDIX

Main Content of the Appendix:

1. B Supplementary Details about LoCoT2V-Bench Implementations

2. C Prompt Template Used in Some Evaluation Methods

3. D Numerical Results

4. E Case Study

5. F Detailed LLM Usage in Our Work

B SUPPLEMENTARY DETAILS ABOUT LOCOT2V-BENCH IMPLEMENTATIONS

B.1 BASELINE METHODS INTRODUCTION

For a comprehensive evaluation of current long video generation techniques, we select nine repre-
sentative open-source methods based on their availability, popularity in the community, and diver-
sity in modeling strategies. The selected methods are listed as follows. Given that some of them
rely on multi-prompt input such as MEVG and FreeNoise, we leverage DeepSeek-V3.1(Liu et al.,
2024a) to generate event-level prompt based on original prompt and extracted events mentioned in
Section 3.2.2. These event-level prompts are then used for multi-prompt input.

• FreeNoise (Qiu et al., 2023) proposes a tuning-free paradigm for longer video genera-
tion with pretrained diffusion models by rescheduling initial noise to maintain long-range
temporal coherence, plus a motion-injection trick to support multi-prompt conditioning,
achieving superior quality.

• MEVG (Oh et al., 2024) is a training-free pipeline that turns a pre-trained T2V diffusion
model into a multi-prompt storyteller. It uses an LLM prompt generator to split a long story
into single-event captions and injects dynamic noise and last-frame inversion to initialize
each new clip from the previous last frame, then applies structure-guided sampling to keep
frames within a clip coherent.
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• FreeLong (Lu et al., 2024) proposes a training-free SpectralBlend Temporal Attention
mechanism: it fuses the low-frequency parts of global features (for overall coherence) with
the high-frequency parts of local features (for fine detail) via 3-D FFT, enabling a 16-frame
diffusion model to generate 128-frame videos with better consistency and fidelity.

• FIFO-Diffusion (Kim et al., 2024) enables a pretrained short-clip diffusion model to gen-
erate endless videos without retraining by performing diagonal denoising in a small FIFO
frame queue, where noise increases toward the tail while the clean head is popped and new
noise is pushed. To bridge the gap with uniform-noise training and reduce memory usage,
it further introduces latent partitioning and lookahead denoising, achieving high-quality,
temporally coherent long video generation.

• DiTCtrl (Cai et al., 2025) proposes a tuning-free approach for long video generation from
multiple text prompts based on the MM-DiT architecture. By analyzing and leveraging
its attention mechanism, it achieves smooth transitions and consistent motion via a novel
KV-sharing strategy and latent blending.

• CausVid (Yin et al., 2025) is a fast autoregressive video diffusion model distilled from
a slow bidirectional teacher using asymmetric distribution matching distillation (DMD),
reducing generation latency from 219 s to 1.3 s and enabling streaming 9.4 FPS video on
one GPU while maintaining state-of-the-art quality.

• SkyReels-V2 (Chen et al., 2025a) synergizes an MLLM-based captioner, multi-stage pre-
training, motion-specific reinforcement learning, and a diffusion-forcing framework to gen-
erate infinite-length, cinematic-quality videos while achieving state-of-the-art prompt ad-
herence and motion fidelity. We use its 540P version in our practice.

• Vlogger (Zhuang et al., 2024) proposes an LLM-directed pipeline that decomposes a long
vlog into four stages—Script, Actor, ShowMaker, Voicer—and introduces a new diffusion
model (ShowMaker) that conditions on both text and actor images to generate coherent,
variable-length scenes. It can produce 5-minute vlogs from open-world text without extra
long-video training, setting a new zero-shot baseline for long video generation.

• VGoT (Zheng et al., 2024) is a training-free modular framework for multi-shot video gen-
eration. It decomposes the process into four collaborative modules: script generation,
keyframe creation, shot-level video synthesis, and cross-shot smoothing. It ensures nar-
rative coherence and visual consistency across shots using structured cinematic prompts
and identity-preserving embeddings.

B.2 PROMPT SUITE STATISTICS

Here we give some basic statistics about our constructed prompt suite. We illustrate the general
content of the prompts in LoCoT2V-Bench through a word cloud figure and display the length
distribution plot as well. The results can be seen in Fig. 5.

Figure 5: Prompt Suite Statistics. The two graphs demonstrate some statistics of our prompt
suite. left: the word cloud to visualize word distribution of our prompts. right: the prompt length
distribution of our prompt suite measured by the number of words.
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B.3 PROMPTS FROM DIFFERENT THEME CATEGORIES

As mentioned in Section 4.2, we assume that the variation of prompt complexity among different
prompt content types may lead to the performance difference on assessment of text-video alignment.
To verify this assumption, we display the average length and complexity of prompts in different
themes. Results are shown in Fig. 6.

Figure 6: Length and complexity of prompts from different theme categories. We use 500 as the
upper bound for average length while 10 for complexity and execute normalization based on them.

B.4 MEASURING THE COMPLEXITY OF EACH PROMPT

As shown in Table. 1 we provide a complexity score composed of three dimensions. The complexity
score of each prompt is directly obtained by DeepSeek-V3.1 (Liu et al., 2024a) with the following
definitions for three dimensions. The prompt we used for scoring is provided in Appendix C.1.

• Semantic Complexity pertains to the semantic elements within a prompt, including entities
and the relationships among them. This dimension necessitates that models accurately
interpret the events and interactions specified in the prompt.

• Structural Complexity mainly focuses on the manner where prompts convey their con-
tent, facilitating diverse textual expressions and structured organization. Such complexity
challenges models’ capacity to process and adapt to flexible inputs.

• Control Complexity concentrates on constraints imposed on the outputs of generative
models. Users may, for instance, specify requirements regarding visual style, camera mo-
tion, or the presence of specific objects. As such, this dimension is intended to capture
these elements in prompts and assess whether models are able to fulfill these requirements.

B.5 DERIVING THE UPPER BOUND OF THE AESTHETIC QUALITY SCORE

Although Aesthetic Predictor V2.5 can effectively assess the aesthetic quality of images and provide
reasonable scores, its preset upper bound (10.0) is rarely attainable in practice. Even high-resolution
images with strong visual appeal typically receive scores around 8, as shown in Fig. 7, which moti-
vates us to establish a more appropriate reference upper bound. To this end, we introduce a Relative
Reference Upper Bound (RR-UB), derived from high-quality image datasets rather than relying on
an arbitrary fixed maximum.
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Figure 7: Examples of images corresponding to different aesthetic scores predicted by Aesthetic
Predictor V2.5. The images are extracted from the data 1024 10K subset of the Text-to-Image-2M
dataset. For clarity, scores are rounded to two decimal places in the figure.

Specifically, we use the Text-to-Image-2M5 dataset to compute RR-UB. This dataset consists of
approximately 2 million curated text–image pairs designed for fine-tuning text-to-image models.
It includes two subsets: data 512 2M, composed of several high-quality image collections, and
data 1024 10K, containing 10K images generated by Flux-dev6 with GPT-4o (Hurst et al., 2024)
prompts. We adopt the latter subset as the basis for RR-UB, assigning scores to each image and
computing the mean of the top 10% as the final reference value. In this way, we can more reliably
evaluate how closely the frame-level visuals of generated videos align with high-quality images, and
provide a more appropriate upper bound than the default maximum score of 10.

B.6 COMPUTING TRANSITION SMOOTHNESS

Here we give a more detailed explanation about how we compute transition smoothness score for
a video. As we first obtain transition points ti via PySceneDetect, we then consider a temporal
window of 2k + 1 frames, from ti − k to ti + k. For each frame fj in the window, we compute a
similarity score sj as a weighted sum of four normalized features:

sj = α1ŝmae + α2ŝssim + α3ŝsiglip + α4ŝmc, α1 + α2 + α3 + α4 = 1, (3)

where ·̂ denotes feature-wise normalization within the window, smae is pixel-level mean absolute
error, sssim is structural similarity, ssiglip is feature similarity, and smc is motion consistency esti-
mated with RAFT (Teed & Deng, 2020). This gives a similarity sequence {sj}2kj=1. We define the
transition abruptness at ti as the normalized variance of the sequence:

A(ti) =
Var(S(ti)) ∗ b

Var(S(ti)) ∗ b+ c
, S(ti) = {ŝj |j = 1, ..., 2k}, (4)

where ŝj = sj/
∑2k

j=1{sj}, b is a scaling factor, and c is a small constant to stabilize the denomi-
nator. Finally, the transition smoothness is defined as:

S(ti) = 1−A(ti). (5)

Finally, to obtain a video-level score, we aggregate transition smoothness across all detected transi-
tions. Given a set of transition points {ti}N1

i=1, the overall smoothness is defined as the average of
individual transition scores:

Scorets =
1

N1

N1∑
i=1

S(ti). (6)

B.7 IMPLEMENTATION DETAILS ABOUT EVENT-LEVEL TEMPORAL CONSISTENCY

Here we demonstrate how we compute event-level temporal consistency scores through a mathemat-
ical description. Let the video be partitioned into K events E = {e1, . . . , eK}, where each event e
contains a set of frames Fe = {fe,1, . . . , fe,Te}. For each frame fe,t we apply Grounding-SAM-2 to

5https://huggingface.co/datasets/jackyhate/text-to-image-2M
6https://huggingface.co/black-forest-labs/FLUX.1-dev
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extract subject masks {Ms
e,t}, and obtain subject crops Cs

e,t (masked regions of the original frame).
We then compute unit-normalized visual feature vectors:

ϕse,t = norm
(
Encoder(Cs

e,t)
)
∈ Rd, ∥ϕse,t∥2 = 1, (7)

Intra-event Subject Consistency. Suppose subject s appears in event e at frame indices

Te,s = {t1 < t2 < · · · < tn}. (8)

The intra-event consistency is defined as the average similarity between consecutive frames in the
sequence. Let

Ae,s = {(tk, tk+1) | k = 1, . . . , n− 1}. (9)
If n ≥ 2, then

C intra
e,s =

1

|Ae,s|
∑

(u,v)∈Ae,s

sim
(
ϕse,u, ϕ

s
e,v

)
. (10)

We use the cosine similarity function as the sim(·). The event-level score is the mean across all
subjects in the event:

C intra
e =

1

|Se|
∑
s∈Se

C intra
e,s , (11)

and the video-level score is obtained by averaging across events (with optional weighting by event
length):

C intra
video =

1∑
e we

∑
e

we C
intra
e . (12)

Inter-event Subject Consistency. Let subject s appear in m different events Es = {e1, . . . , em},
with frame sets Tei,s. We define the cross-event similarity between two events as

Ss
ei,ej =

1

|Tei,s| |Tej ,s|
∑

t∈Tei,s

∑
u∈Tej,s

sim
(
ϕsei,t, ϕ

s
ej ,u

)
. (13)

The inter-event consistency of subject s is the average across all event pairs:

C inter
s =

2

m(m− 1)

∑
1≤i<j≤m

Ss
ei,ej . (14)

The video-level score averages across all subjects that appear in at least two events:

C inter
video =

1

|S ′|
∑
s∈S′

C inter
s . (15)

Background Consistency. Background consistency is computed analogously to the subject case.
For each frame, subject regions are removed using the masks {Ms

e,t} (optionally dilated to avoid
residual edges), yielding

Be,t = fe,t ⊙
(
1−

⋃
s

Ms
e,t

)
. (16)

This approach is consistent with that adopted in SkyReels-A2 (Fei et al., 2025). We then extract
normalized features ψe,t = norm(Encoder(Be,t)) and compute intra- and inter-event background
consistency by replacing ϕ with ψ in the above definitions.

B.8 HERD DIMENSION CONSTRUCTION AND EVALUATION

Here we explain the whole process of how we construct and evaluate proposed HERD dimension.
We first give an introduction about all dimensions included in HERD metrics as follows:

• Emotional Response assesses the emotional impact of the video—whether it evokes cu-
riosity, tension, inspiration, or confusion—and examines how effectively it engages view-
ers’ feelings and maintains their emotional attention throughout.
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• Narrative Flow examines the clarity and coherence of the storyline, including scene tran-
sitions and pacing, focusing on whether the narrative unfolds smoothly, feels rushed, or
allows moments for reflection.

• Character Development evaluates the depth, authenticity, and consistency of characters,
as well as the evolution of their relationships, emphasizing how these elements contribute
to audience engagement and narrative believability.

• Visual Style analyzes the use of cinematography, color palette, lighting, and framing in
establishing mood, atmosphere, and tone, considering how visual choices enhance story
immersion and emotional resonance.

• Themes reflects on the underlying ideas, messages, or social commentary, assessing
whether they are clearly expressed, thought-provoking, and meaningfully integrated with
the video’s overall narrative and intent.

• Interpretive Depth considers the degree of ambiguity, symbolism, and openness to mul-
tiple interpretations, evaluating whether the video encourages reflection, discussion, and a
deeper engagement beyond the surface narrative.

• Overall Impression captures the lasting effect of the video, considering its overall impact,
memorability, and appeal, and reflecting on its entertainment, educational, or emotional
value for a broad range of audiences.

HERD Questions Generation To obtain target information for evaluating these dimensions with
respect to each test prompt, we employ Qwen2.5-VL-72B (Bai et al., 2025) to generate dimension-
wise assessment results based on the real-world videos collected in Section 3.1. Subsequently,
DeepSeek-V3.1 (Liu et al., 2024a) is used to generate corresponding questions from these results. To
mitigate randomness and format preference issues inherent to LLMs, we design multiple questions
per dimension and, in practice, set six questions for each dimension of HERD.

HERD Questions Polarity Annotation While the generated outcomes are generally satisfac-
tory, we observe that our initial scoring method—simply calculating the proportion of “yes” re-
sponses—introduces bias. Specifically, a positive answer may, in some cases, correspond to a nega-
tive contribution in the intended dimension. To correct this, we prompt DeepSeek-V3.1 to annotate
the polarity of each question with respect to the evaluation requirements. During scoring, a “yes”
response increases the score only when it aligns with the annotated polarity. This adjustment en-
sures that the HERD scores are more robust and reliable. Details about prompts that input into
DeepSeek-V3 to get our expected results are provided in Appendix C.6.

B.9 SUPPLEMENTARY EXPLANATION FOR EVALUATION METRICS FROM EXISTING WORKS

As a matter of fact we do adopt some metrics from existing video generation benchmarks. There-
fore, we provide more detailed description for these metrics as follows to serve as complementary
information of the corresponding parts in the main body:

• Dynamic Degree This metric, introduced in VBench (Huang et al., 2024a), evaluates
whether a generated video contains observable motion. It utilizes RAFT (Teed & Deng,
2020) to estimate optical flow between consecutive frames and computes the mean of the
top 5% flow magnitudes to classify videos as dynamic or static. The dynamic degree is
then defined as the proportion of generated videos that are non-static.

• Motion Smoothness Originating from VBench (Huang et al., 2024a), this metric evaluates
the temporal smoothness of generated video motion. It leverages the motion prior of video
frame interpolation models, which assume short-term real-world motion to be approxi-
mately linear or quadratic. Given a frame sequence of a generated video [f1, f2, . . . , f2n],
all odd-indexed frames are removed to form a low-frame-rate sequence, and an interpola-
tion model is used to reconstruct the missing frames [f̂1, f̂2, . . . , f̂2n−1]. The mean absolute
error (MAE) between reconstructed and original frames is then computed and normalized
as

SMAE−norm =
255− SMAE

255
. (17)

The resulting score lies in [0, 1] with higher values indicating smoother, more physically
consistent motion.
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• Warping Error This metric stems from EvalCrafter (Liu et al., 2024b) and measures the
temporal consistency between consecutive frames. Following prior blind temporal consis-
tency method (Lai et al., 2018; Lei et al., 2020; Qi et al., 2023), it first estimate the optical
flow between each pair of adjacent frames using a pre-trained optical flow network (Teed &
Deng, 2020). The earlier frame is then warped to the later frame according to the estimated
flow. Temporal inconsistency is quantified as the pixel-wise difference between the warped
frame and the actual subsequent frame. The final warping error is obtained by averaging
these differences over all frame pairs, where lower values indicate better temporal consis-
tency. However, we use its negative logarithmic value as the final result to make the scores
positively correlated with model performance.

• Semantic Consistency Also proposed in EvalCrafter (Liu et al., 2024b), this metric fo-
cuses on semantic consistency between adjacent frames. It consider the cosine similarity
of the semantic features of each two consecutive frames (feat(ft), feat(ft+1)) and take
the average as the final score. We utilize the SigLIP2 (Tschannen et al., 2025) instead of
CLIP (Radford et al., 2021) in the original paper to obtain better features of each frame.

B.10 VISUALIZATION FOR MAIN RESULTS

To better illustrate the performance gaps among different baseline methods across five major dimen-
sions, we provide radar figures based on the numerical results in Table 2, 3 and 4.

Figure 8: Evaluation results of all baselines on LoCoT2V-Bench. Results of five main dimensions
and their sub-dimensions are presented together.

B.11 VISUALIZATION RESULTS FROM DIFFERENT THEME CATEGORIES

In this section, we present evaluation results of the samples, which are grouped into three theme-
based categories and assessed along five major dimensions. The results are illustrated using three
parallel radar plots in Fig. 9, each corresponding to one theme category.
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Figure 9: Evaluation results of samples from different prompt content theme categories.

B.12 CORRELATIONS BETWEEN PROMPT COMPLEXITIES AND EVALUATION RESULTS

Here we provide our experiment results mentioned in Section 4.5. As shown in Fig. 10, we illustrate
our results in the form of 15 violin plots and omit the scatters for better visualization effect. Each
row corresponds to the relationship between a prompt complexity type and different evaluation di-
mensions, and each column corresponds to the relationship between a given evaluation dimension
and different types of prompt complexity.

Figure 10: Correlation results between three types of prompt complexities mentioned in Table 1 and
evaluation results on five dimensions. Scatters of samples are omitted for better visualization.

C PROMPT TEMPLATE USED IN SOME EVALUATION METHODS

C.1 COMPLEXITY SCORING PROMPT

Complexity Scoring Prompt

You are an expert evaluator of prompts used for image or video generation.
Your task is to analyze the complexity of a given prompt in detail.
Return the output strictly as a JSON object in the following nested dictionary
structure:
{
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"semantic_complexity": {
"score": <integer 1-10>,
"explanation": "<short explanation>"

},
"structural_complexity": {

"score": <integer 1-10>,
"explanation": "<short explanation>"

},
"control_complexity": {

"score": <integer 1-10>,
"explanation": "<short explanation>"

}
}

### Evaluation criteria ###

1. Semantic complexity:
- Number of entities (subjects, objects, characters).
- Number of attributes or modifiers.
- Abstract or metaphorical concepts.
- Relationships or interactions between entities.

2. Structural complexity:
- Prompt length and density.
- Nested or hierarchical descriptions.
- Logical relations (conditions, causality, comparisons).
- Scene richness (multiple settings or sub-elements).

3. Control complexity:
- Artistic or stylistic constraints (anime, cyberpunk, Van Gogh, etc.).
- Technical constraints (camera angle, lens type, lighting).
- Temporal dynamics (video actions, transitions).
- Consistency requirements (identity or object continuity).
- Explicit numeric or technical parameters.

### Few-shot examples ###

**Example 1 (simple prompt):**
[Example 1]

**Example 2 (moderately complex prompt):**
[Example 2]

**Example 3 (highly complex prompt):**
[Example 3]

### Now evaluate the following prompt:
{prompt_text}

C.2 OVERALL DESCRIPTION GENERATION PROMPT

Overall Description Generation Prompt

## System ##
You are a highly capable visual understanding assistant, skilled in analyzing and
summarizing video content with precision and clarity.

## Task ##
Your goal is to produce a coherent and clear paragraph that accurately summarizes
the content of a given video.
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Please follow these steps internally (do not output intermediate results):

1. **Event Detection**: Identify all major events in the video and arrange them in
chronological order.
2. **Visual Element Analysis**: For each event, identify and deeply analyze the key
visual components by specifying their attributes and visual characteristics:

- Subjects: Identify each subject (e.g., person, animal, object) and describe
their appearance (e.g., clothing, facial expression, posture, size, color,
design).
- Environments: Describe the setting in detail, including lighting conditions,
spatial layout, textures, atmosphere, and any notable background elements.
- Actions: Detail the actions with clarity-specify how movements are performed
(e.g., slow vs. rapid, smooth vs. abrupt), gestures, and interaction between
subjects or with objects.
- Camera Dynamics: Describe how the camera behaves visually-note the type, speed,
and purpose of camera movements (e.g., a slow pan to build suspense, a sudden
zoom to highlight surprise), including angle perspectives and focal changes.

3. **Event Description**: Describe each event accurately, incorporating the visual
elements identified.
4. **Summary Composition**: Integrate all event descriptions into a single,
well-structured paragraph that captures the full sequence and essence of the video.

## Output Format ##
Only output the final summary paragraph. Do not include any intermediate steps,
bullet points, or reasoning process.

C.3 EVENT EXTRACTION PROMPT

Event Extraction Prompt

You are an event extraction assistant. You will be given a textual description of a
video. Your task is to extract all the key events from the description in the order
they occur.

Each event should be represented as a JSON object with the following five fields:

- "event": A natural-language description of the event as a whole. Ensure the
descriptions are contextually coherent with each other and reflect a consistent
narrative flow across the video.
- "subject": Who or what is involved in the event. If there is no clear visual
subject (e.g., a landscape or object), use an empty string "" as default
- "setting": Where the event takes place
- "action": What happens during the event
- "camera motion": How the camera moves or is positioned (e.g., static, panning,
zoom-in, tracking). If not explicitly stated, infer it or use "static"

Make sure the events together form a continuous and coherent sequence, as if
telling a consistent visual story from beginning to end. Avoid treating them as
isolated incidents.

When describing each event, feel free to refer back to earlier subjects or settings
if the video appears to maintain continuity.

Please only output a **JSON array** of all events in the order they occur as
response, and do not include any irrelevant information:

```json
[

{
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"event": "...",
"subject": "...",
"setting": "...",
"action": "...",
"camera motion": "..."

},
...

]
```

Here is the video description:
{description_text}

C.4 PROMPTS RELATED TO HUMAN ACTION EXTRACTION

Human Action Extraction Prompt

You are an assistant that analyzes video generation prompts.
Your task is to detect whether the prompt contains any *human action* (a human
subject performing a specific action).

## Output format ##

* Always output a list.
* Each element in the list is a JSON object with two fields:

* `"subject"`: the human subject
* `"action"`: the action performed

* If no human action is detected, return `[]`.

## Examples ##

**Example 1**
[Example 1]

**Example 2**
[Example 2]

**Example 3**
[Example 3]

Now, analyze the following prompt:
{prompt_text}

Human Action Detection Prompt

You are an action verification assistant. Your task is to answer questions about
whether a specific action happens in a video. You must always respond strictly with
"Yes" or "No". Do not provide any explanation, reasoning, or additional words. If
you are unsure, answer "No".

Here are some examples as output format reference:

**Example 1**
Question: Did the man run in the video?
Answer: Yes

**Example 2**
Question: Did the woman jump in the video?
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Answer: No

**Example 3**
Question: Does the dog chase a ball in the video?
Answer: Yes

Now analyze the given video:

Question: {question_text}
Answer:

Human Action Smoothness Evaluation Prompt

You are an action smoothness evaluation assistant. Your task is to answer binary
questions about how smoothly an action is performed in a video. You must always
respond strictly with "Yes" or "No". Do not provide any explanation, reasoning, or
additional words. If you are unsure, answer "No".
Now here is the action and question.
Action: {action_text}
Question: {question_text}

# The following part does not occur in original prompts
# Preset questions are as follows:
# [
# "Was the action continuous without abrupt interruptions?",
# "Did the action appear natural and not stiff?",
# "Did the action maintain fluid transitions from start to finish?"
# ]

C.5 CONTENT CLARITY EVALUATION PROMPT

Content Clarity Evaluation Prompt

You are a **vision-language evaluator**. Your task is to **watch the input video**
and evaluate how well it communicates a coherent and meaningful narrative.

Evaluate across **four dimensions** (score **0-4**):

* **0 = Very Poor**
* **1 = Poor**
* **2 = Acceptable**
* **3 = Good**
* **4 = Excellent**

For each dimension, output a JSON object with:

* `"score"`: the numeric score
* `"reason"`: 1-2 sentences citing what is visible in the video that justifies the
score

**Dimensions:**

1. **Theme Clarity** - Is there a clear central theme or message?
2. **Logical Structure** - Do scenes flow coherently?
3. **Information Completeness** - Is enough visual context provided to understand
the video?
4. **Information Consistency** - Are visual elements consistent across shots?
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Use the following examples only as **format references**. Do **not** align your
scoring with them.

---

### Example 1 (low range)
[Example 1]

### Example 2 (mid range)
[Example 2]

### Example 3 (high range)
[Example 3]

C.6 PROMPTS RELATED TO HERD EVALUATION

HERD Evaluation Prompt

Please extract some key information from text about someone's feeling after watch a
video and merge these key information into a json format data. I'll give you an
example as format reference. You should consider from the following aspects:

1. Emotional Response: Describe how the video made you feel curious, tense,
inspired, confused, etc.
2. Narrative Flow: Analyze how the story unfolds and whether the pacing feels
smooth or rushed.
3. Character Development: Evaluate how well the characters are developed and how
their relationships evolve.
4. Visual Style: Comment on the use of visuals, color and cinematography to create
atmosphere.
5. Themes: Reflect on the core ideas or social commentary presented in the video.
6. Interpretive Depth: Consider whether the video leaves room for multiple
interpretations or unanswered questions.
7. Overall Impression: Give your overall impression and suggest whether it's worth
watching, and for whom.

If any of them is not mentioned in the input paragraph, you could remain the
default value in the given template.

## Input Text ##
{evaluation_text}
## Ouput Format Reference ##
```json
{

"Emotional Response": "",
"Narrative Flow": "",
"Character Development": "",
"Visual Style": "",
"Themes": "",
"Interpretive Depth": "",
"Overall Impression": ""

}
```
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HERD Questions Generation Prompt

Given a multi-dimensional evaluation of a video, generate one closed-ended question
(answerable with only "yes" or "no") for each dimension.

Each question should:
* Accurately reflect the key message or implication of the original description.
* Use clear and natural phrasing.
* Remain faithful to the tone and nuance of the source content (e.g., themes,
pacing, emotion).
* Be specific enough to elicit a meaningful "yes" or "no" answer.

## Input Format ##
A JSON object, where each key is a dimension and each value is its evaluation.

## Output Format ##
A JSON object where each key is the same dimension, and each value is a yes/no
question derived from the evaluation. Demonstrated as follows:
```json
{

"Emotional Response": "",
"Narrative Flow": "",
"Character Development": "",
"Visual Style": "",
"Themes": "",
"Interpretive Depth": "",
"Overall Impression": ""

}
```

## Explanation of Each Dimension ##
1. Emotional Response: Describe how the video made you feel curious, tense,
inspired, confused, etc.
2. Narrative Flow: Analyze how the story unfolds and whether the pacing feels
smooth or rushed.
3. Character Development: Evaluate how well the characters are developed and how
their relationships evolve.
4. Visual Style: Comment on the use of visuals, color and cinematography to create
atmosphere.
5. Themes: Reflect on the core ideas or social commentary presented in the video.
6. Interpretive Depth: Consider whether the video leaves room for multiple
interpretations or unanswered questions.
7. Overall Impression: Give your overall impression and suggest whether it's worth
watching, and for whom.

## Input ##
```json
{evaluation_text}
```

## Ouput ##

HERD Questions Polarity Judgment Prompt

You are given a list of evaluative questions about a video.
Each question is designed to check whether the video meets or fails human
expectations in different aspects.
Your task is to classify each question as **positive** or **negative**, based on
the following principle:
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- If the question asks whether the video achieved or matched an intended/expected
effect, then the question is **positive**.

(In this case, a "Yes" answer indicates the video met expectations.)

- If the question asks whether the video failed to achieve or lacked something that
is expected, then the question is **negative**.

(In this case, a "Yes" answer indicates the video did not meet expectations.)

Output only "positive" or "negative" for each question.

Question: {question_text}
Answer:

D NUMERICAL RESULTS

D.1 PERFORMANCE RESULTS OF SAMPLES FROM DIFFERENT THEME CATEGORIES

In order to examine performance variations across different content themes, we summarize the
grouped evaluation results in Table 6. Here, prompts are divided into three categories, and the
corresponding results across all five dimensions are reported per group, offering further insights into
the strengths and weaknesses of each baseline under diverse conditions.

Table 6: Performance results of all baseline methods on five evaluation dimensions. Samples are
grouped into three categories according to prompt content themes, and the performance of each
group is reported for every method. Note that all values are expressed as percentages to improve
readability and conserve space.

Theme Methods Static Quality Text-Video Alignment Temporal Quality HERD Content Clarity Avg.

Human Real Life

FreeNoise 68.23 54.67 74.04 51.70 72.25 64.18
MEVG 30.65 54.58 67.29 43.62 48.78 48.98
FreeLong 57.09 59.63 67.41 57.44 61.23 60.56
FIFO-Diffusion 64.15 52.20 76.52 51.97 78.95 64.76
DiTCtrl 59.22 62.23 70.97 57.09 61.61 62.22
CausVid 76.99 65.10 70.15 64.67 64.54 68.29
SkyReels-V2 77.74 59.78 80.51 64.07 75.65 71.55
Vlogger 65.26 44.24 66.50 59.17 53.76 57.79
VGoT 91.30 54.66 72.46 65.33 80.80 72.91
Ground-Truth 60.94 69.08 71.25 66.88 68.81 67.39

Nature Exploration

FreeNoise 69.06 59.80 72.38 56.10 75.68 66.60
MEVG 30.49 65.14 66.14 59.13 55.49 55.28
FreeLong 61.45 69.08 66.15 64.59 67.35 65.72
FIFO-Diffusion 65.32 55.77 74.49 55.41 83.56 66.91
DiTCtrl 66.43 71.40 70.32 65.97 68.98 68.62
CausVid 78.00 72.77 69.58 68.62 69.58 71.71
SkyReels-V2 75.76 60.57 79.42 66.06 74.47 71.26
Vlogger 63.20 52.23 66.74 65.84 52.16 60.03
VGoT 91.67 56.30 70.06 68.48 85.08 74.32
Ground-Truth 68.06 75.25 69.20 68.24 66.84 69.51

Virtual Entertainment

FreeNoise 67.24 51.39 73.06 40.35 74.78 61.36
MEVG 28.23 53.51 66.42 43.82 40.20 46.44
FreeLong 52.48 56.02 65.73 56.69 53.66 56.92
FIFO-Diffusion 61.79 48.71 75.37 39.90 78.94 60.74
DiTCtrl 50.39 58.94 70.97 63.45 58.90 60.13
CausVid 73.86 63.75 69.63 59.97 50.84 63.61
SkyReels-V2 66.13 55.76 77.99 61.26 71.17 66.46
Vlogger 62.61 39.75 64.63 53.67 38.96 51.12
VGoT 89.52 56.35 70.60 60.75 74.72 70.39
Ground-Truth 54.37 59.77 70.37 65.49 65.19 63.03
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E CASE STUDY

E.1 EXAMPLES GENERATED BY BASELINE METHODS

We provide some evaluation cases as follows to demonstrate how our evaluation framework per-
form on test samples and compare the capabilities of different methods in a more perceptive aspect.
Specifically, we illustrate the prompt base (i.e. description text to derive the prompt mentioned in
Section 3.1), scores in five major evaluation dimensions and frame sequence in which frames are
uniformly sampled from corresponding generated videos. The chosen samples are ”food 3” gener-
ated by FIFO-Diffusion (Kim et al., 2024) and DiTCtrl (Cai et al., 2025) (Fig. 11), ”minivlog 9”
generated by VGoT (Zheng et al., 2024) and MEVG (Oh et al., 2024) (Fig. 12) and ”pets 8” gen-
erated by CausVid (Yin et al., 2025) and SkyReels-V2 (Chen et al., 2025a) (Fig. 13). In this way
we might grasp more explicit understanding of our evaluation framework mechanism and intuitively
feel the gaps between the videos generated by different models.

E.2 EXAMPLES GENERATED BY PROPRIETARY METHODS

Proprietary models such as Gen4 (Runway AI, 2025), Veo3 (DeepMind, 2025), and Kling-
2.0 (Kuaishou, 2025) currently represent the state of the art in video generation. However, these
models still struggle to produce long-form videos with multiple scenes, especially those exceeding
30 seconds. To evaluate the performance of these powerful proprietary systems on our LoCoT2V-
Bench, we design a workflow that integrates story visualization models with closed-source Image-
to-Video (I2V) models to generate the target videos. Following (Shi et al., 2025), we adopt Story-
Adapter (Mao et al., 2024) together with Seedance-1.0-pro (Gao et al., 2025) to construct this
pipeline, which we refer to as SA-SD for brevity.

Although the constructed workflow can demonstrate the performance of proprietary models on our
benchmark to some extent, it incurs substantial financial costs. Specifically, even though LoCoT2V-
Bench contains only 240 test samples, using the event information in the prompt suite requires
generating more than 1700 video clips, each of which is expensive. Therefore, instead of reporting
full benchmark results, we present the scores of selected examples produced by SA-SD. The IDs of
chosen samples are ”film 17” (Fig. 14), ”soap opera 4” (Fig. 15) and ”wildlife 3” (Fig. 16). These
examples offer a partial yet informative glimpse into the capabilities of proprietary models.

Figure 11: Case 1. Evaluation sample ”food 3” of generated by FIFO-Diffusion and DiTCtrl.
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Figure 12: Case 2. Evaluation sample of ”minivlog 9” generated by VGoT and MEVG.

Figure 13: Case 3. Evaluation sample of ”pets 8” generated by CausVid and SkyReels-V2.

F DETAILED LLM USAGE IN OUR WORK

We mainly use LLMs to support our writing process. Specifically, we first draft text manually and
then prompt LLMs to help polish the language. We carefully check and revise any unexpected
content generated by the models, sometimes through multiple rounds of refinement. In addition, we
use LLMs to assist in generating complex LaTeX code, particularly for displaying intricate plots or
tables. These constitute the primary ways in which we employ LLMs.
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Figure 14: Case 4. Evaluation sample of ”film 17” generated by SA-SD.

Figure 15: Case 5. Evaluation sample of ”soap opera 4” generated by SA-SD.

Figure 16: Case 6. Evaluation sample of ”wildlife 3” generated by SA-SD.
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