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This paper proposes the synthetic long-video meta-
evaluation (SLVMEval), a benchmark to perform meta-
evaluations of text-to-video (T2V) evaluation systems. The
proposed SLVMEval benchmark focuses on assessing these
systems on videos of up to 10,486 s (approximately 3 h). The
benchmark targets a fundamental requirement, i.e., whether
the systems can accurately assess video quality in settings
that are easy for humans to assess. We adopt a pairwise
comparison-based meta-evaluation framework. Building
on dense video-captioning datasets, we synthetically de-
grade source videos to create controlled “high-quality ver-
sus low-quality” pairs across 10 distinct aspects. Then, we
employ crowdsourcing to filter and retain only those pairs in
which the degradation is clearly perceptible, thereby estab-
lishing an effective final testbed. Using this testbed, we as-
sess the reliability of existing evaluation systems in ranking
these pairs. Experimental results demonstrate that human
evaluators can identify the better long video with 84.7%—
96.8% accuracy, and in nine of the 10 aspects, the accuracy
of these systems falls short of the human assessment, which
reveals weaknesses in text-to-long video evaluation.

1. Introduction

In contemporary society, much of the video content we
consume daily, especially movies and TV series, is long-
form content typically spanning tens of minutes to several
hours. Despite recent advances in text-to-video (T2V) mod-
els [4, 9], their outputs remain limited to a few minutes, and
generating videos at movie scale length faces technical chal-
lenges. In response, systems that can, in principle, generate
arbitrarily long videos have recently emerged [5, 42], high-
lighting long-form video generation as the next frontier.
Despite the momentum in text-to-long video (T2LV) re-
search, validation of functional evaluation metrics for T2LV
is lacking. Currently, researchers frequently employ the
VideoScore [11] metrics to evaluate T2LV results. How-
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Figure 1. Overview of proposed SLVMEval benchmark. We
construct human-validated pairs of original and aspect (specifi-
cally degraded long videos), and we test various automatic eval-
uation systems. Human evaluators reliably pick the better video;
however, all current automatic evaluation systems lag behind hu-
man performance from most perspectives, revealing critical weak-
nesses in T2LV evaluation.

ever, such metrics were originally designed for short videos
lasting only a few seconds to tens of seconds; thus, the
T2LV results may not be evaluated appropriately due to a
mismatch in video length. In addition, even if we attempt
to validate whether such mismatch occurs using human-
annotated datasets, e.g., VBench [15] and UVE [28], these
datasets cannot reliably assess the evaluation metrics used
for T2LV because they focus exclusively on short videos.
From this perspective, developing a meta-evaluation bench-
mark for T2LV is a crucial step toward advancing T2LV
research.

To this end, we propose the synthetic long-video meta-
evaluation (SLVMEval) benchmark for T2LV. The proposed
benchmark is designed to meta-evaluate how effectively
evaluation systems satisfy the minimum requirements for
assessing long videos, specifically whether they can pro-
duce evaluations that are similar to those made by hu-
mans. An overview of the proposed SLVMEval benchmark
is shown in Figure 1. The SLVMEval benchmark comprises
pairs of high-quality and low-quality videos. Here, the
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high-quality videos are sampled from existing dense video-
captioning datasets, and the low-quality videos are synthe-
sized by degrading them with respect to specific aspects
and then filtered manually. The resulting videos range from
several minutes to several hours, which is well beyond the
length of video generated by current T2V models. In this
study, we employed the proposed SLVMEval benchmark to
evaluate several baseline automatic evaluation systems, e.g.,
VLM-as-a-judge and CLIPScore. Furthermore, in human
evaluations, crowdworkers distinguished the high-quality
video from the low-quality video at 84.7%—-96.8% accuracy.
In contrast, existing evaluation systems lag human evalua-
tors in nine of the ten aspects. This gap is particularly large
for evaluation aspects requiring semantic and temporal con-
sistency between the video and the prompt. In addition, for
nearly all automatic evaluation systems, we observed a de-
crease in accuracy as the duration of the video increased,
which suggests that existing evaluation systems are limited
when evaluating long videos.

When we compared the evaluation results on the
SLVMEval benchmark obtained with and without applying
crowdworker-based filtering to the test data, we observed
a strong correlation between them. This suggests that our
methodology can be employed to construct and extend the
benchmark without always relying on expensive manual
data filtering processes.

2. Related work

Text-to-video generation. Recently, research on T2V
models has attracted increasing attention. Generally, T2V
models can be categorized into two main approaches, i.e.,
those based on diffusion models [10, 17] and those based
on autoregressive transformers [7]. Among the diffusion-
based T2V models, Sora [4] supports video generation up
to a duration of 60 s, and Kling [20] supports up to 2 min.
In addition, by constructing a pipeline that generates videos
autoregressively in chunk-based units, StreamingT2V [12]
enables the generation of highly consistent videos exceed-
ing 2 min. Phenaki [42] is an autoregressive transformer-
based T2V model that takes discretized video tokens as in-
put and outputs them in an autoregressive manner. By pre-
dicting the next video token, Phenaki is theoretically ca-
pable of generating videos of arbitrary lengths. However,
only 1.4-s videos are used to train this model, which high-
lights that generating coherent, long videos remains a sig-
nificant challenge. Our framework aims to construct an en-
vironment that evaluates automatic evaluation systems in
advance, which will be required to develop effective T2LV
models in the future.

Meta-evaluation of T2V evaluation systems. Numerous
benchmarks have been proposed to evaluate T2V mod-
els [15, 26-28]. For example, VBench [15] provides fine-

grained human annotations along dimensions, e.g., object
fidelity, aesthetics, and technical quality. Its successors,
VBench++ [16] and VBench2 [51], extend this coverage
to additional aspects and families of models. In contrast,
UVE-Bench [28] focuses on language model-based evalu-
ation, offering human pairwise comparison data to evaluate
the alignment between automatic judges and human pref-
erence. Despite their merits, these methods are limited to
clips of approximately 10 s. To address this limitation, we
construct a meta-evaluation testbed for long videos, i.e., up
to several hours, which enables the development of auto-
matic metrics that are suitable for future T2V systems.

Long-video understanding with VLMs. One goal of
VLMs is to understand long-video content that humans
watch daily, and their ability to process such videos is ad-
vancing [44]. For example, InternVideo2.5 [6] can process
videos of several minutes to hours. The long-video un-
derstanding capabilities of these VLMs are predominantly
evaluated through visual question answering tasks [30, 38,
44, 46, 52]. The MLVU [52] benchmark evaluates content
understanding abilities on long videos, including movies,
surveillance footage, and first-person view videos, through
a wide range of tasks, including inference, anomaly de-
tection, and summarization. This benchmark has demon-
strated that VLM performance on long videos deteriorates
significantly as the duration increases. For example, the
performance of Video-LLaMA-2 [50] is reduced to chance
level when videos are extended from 3 to 10 min. How-
ever, these long-video benchmarks focus on content un-
derstanding rather than meta-evaluating automatic evalua-
tion systems for T2V generation. Furthermore, they do
not evaluate whether such systems can detect controlled
quality degradations that are easily recognized by humans.
In contrast, the proposed SLVMEval benchmark utilizes
controlled high-quality versus low-quality” pairs to assess
whether automatic evaluation systems for T2V models can
reliably judge both video quality and video-text consistency
on long videos.

3. Meta-evaluation framework

In this study, we adopt a pairwise comparison approach
for the meta-evaluation framework, following both VBench
and UVE [15, 28].

3.1. Evaluation system

Here, P and V denote the set of textual prompts and the
set of all possible videos, respectively. Then, we consider
a T2V model as a mapping g : P — V. For any prompt
p € P, an evaluation system e receives the pair of videos
{up,vp} = {9(p), ¢ (p)} produced by two T2V models g
and ¢’, and the system returns the video it determines to



be of higher quality, i.e., e(p, {up,vp}) = 2, where z €
{up, vp}.
3.2. Meta-evaluation criteria

As a metric for pairwise comparison, we measure an eval-
uation system’s reliability with accuracy, the proportion
of video pairs for which the system selects the better
video. To compute this metric, we build a test set D =
{(pi, {v;};, v, })}/L . where each prompt p; has two gener-
ated videos: vz‘; (higher quality) and v,,, (lower quality).

acc(e,D):i| > e v, v ) =], (D

|D
(p,{vy vy })ED

where 1[] is the indicator function that returns 1 when the
evaluation system selects vl‘f and 0 otherwise. A higher ac-
curacy indicates that the evaluation system is better at judg-
ing video quality from a particular aspect.

4. Dataset construction

The goal of this study is to meta-evaluate whether exist-
ing evaluation systems satisfy the minimum requirements
to correctly assess the quality of generated videos. To this
end, we construct synthetic video pairs that differ in terms
of only one specified quality aspect. The synthetic pairs are
then used to build a test set for fine-grained pairwise evalu-
ation.

4.1. Dataset definition

We construct a synthetic test set D that probes whether an
evaluation system can correctly assess video quality rela-
tive to several fundamental aspects. Beginning with a man-
ually curated prompt-video corpus Dgc = {(ps, v;),) }L.
for each aspect a, we generate a degraded counterpart for
each original video and construct the corresponding aspect-

specific dataset Dy:

D, ={(p, {U;F,’U; )| (p7U;r) € Dyre}s 2
- 1
where v, = O (p,v;]).
Here, the function ®!°% takes a pair (p, v; ) and returns a
degraded video v, € V for the aspect a. Note that we apply
a different function and construct a separate test set for each
aspect. Additional details about the degrading operation are
presented in Section 4.3.

4.2. Dataset source

In this study, we selected the Vript dataset [48] as the source
dataset. We selected the Vript dataset because it comprises
humanmade long videos that align with the purpose of our
study. In addition, the Vript dataset is designed for the
dense video-captioning task [19]; thus, each video in the

Algorithm 1 Overview of ®!°%

Require: Promptp € P, Video v, € V
Ensure: v,
1: S < SAMPLEIDX(M,,, 5)
F ]
for m < 0 to M,, — 1do
clip < cy,m
if m € S then
F + F UDEGRADECLIP(clip, py,)
else
F«+ FuUclip
end if
end for
: v, < CONCAT(F)
: return v,

> random sample 5 clips
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dataset is segmented into semantically coherent clips and
annotated with descriptive captions. For evaluation, we
sample each video at 1 fps and resize each frame such that
its longer side measures 512 pixels.

Here, v € V denotes a video with 1" frames, and
fu,t denotes the t-th frame of the video. If the video is
split into M clips, we represent the m-th clip as ¢, =
(fo,t)t€ltm tmsr)> Where t, and t,, 11 mark the first frames
of the m-th and (m + 1)-th clips, respectively. We then as-
sign a caption p,, to each clip ¢, ,, and define the prompt
for v as the concatenation p = py @ p2 D - - - D pus.

4.3. Degrading operations

Following prior work, we define multiple evaluation as-
pects. However, systems to generate long videos are in
their early stages; thus, it is difficult to identify these as-
pects solely from the failure modes observed in such videos.
Therefore, using benchmarks for short videos as references,
we define 10 evaluation aspects grouped into the video
quality and video-text consistency categories. Using these
aspects, we meta-evaluate whether an evaluation system
possesses at least the minimal capabilities required for ef-
fective T2LV evaluation.

This categorization is inspired by comprehensive bench-
marks, e.g., VBench [15]; however, in this study, we also
adapted aspects of long-range temporal alignment, e.g.,
temporal flow and comprehensiveness, to probe the spe-
cific challenges associated with T2LV generation. For each
aspect, we independently invoke DEGRADECLIP (Algo-
rithm 1, line 6) to create a degraded video v, . Examples
of the degraded outputs are shown in Figure 2. In the fol-
lowing, we introduce each aspect and explain the associated
degrading operation.'

I'See the supplementary material for additional implementation details.
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Caption : They walk from one side of the frame to the other, crossing a small yard with
a traditional. The scene conveys a sense of collaboration and preparation for cooking.

Figure 2. Viewpoints and aspect-specific degrading operations in the proposed SLVMEval benchmark. We organize the benchmark into
two groups, i.e., video quality and video-text consistency, and define 10 aspects. For each aspect, we construct paired videos by applying a
controlled synthetic degradation to the original long video while keeping all other factors unchanged. The right panels show example pairs.
These controlled pairs enable precise meta-evaluation of whether an automatic evaluation system can reliably identify the high-quality
video under each viewpoint. Additional example pairs are provided in the supplementary material.

4.3.1. Video Quality

This category includes four aspects, i.e., aesthetics, techni-
cal quality, appearance style, and background consistency,
which are used to evaluate the visual appearance.
Aesthetics. We assess whether the evaluation system can
judge frame-level aesthetic quality [15]. Here, we reduce
the contrast of the selected clips in the original video to cre-
ate the degraded video v, .

Technical quality. We assess whether the evaluation sys-
tem can detect low-resolution artifacts [28]. Here, we
downscale the resolution of the selected clips from the orig-
inal video to create v, .

Appearance style. We assess whether the evaluation sys-
tem can detect an unnatural video style. Here, to create vy,
we convert all frames in the selected clips to a different style
(e.g., oil painting, manga, watercolor, or sketch) using the
style-transfer API in OpenCV [3].

Background Consistency. We assess whether the evalua-
tion system can determine if the background remains visu-
ally stable across frames. Here, to create v, , We remove
the original backgrounds using rembg [8] and replace them
with randomly sampled landscape images from the nature-
dataset [29].

4.3.2. Video-text consistency

This category covers aspects that are dependent on video
semantics. Here, we consider six aspects, i.e., temporal
flow, comprehensiveness, object integrity, spatial relation-
ship, dynamics degree, and color, which test whether the
evaluation system can assess consistency between the video
and the corresponding text prompt.

Temporal flow. We assess whether the evaluation system
can follow the order of events in a video. We create v, by
moving five consecutive clips to random positions, thereby
breaking the temporal order of events in the original video.
Comprehensiveness. We assess whether the evaluation
system can verify that a video fully covers the prompt.

Here, we randomly remove five clips from the original
video to create v,, .

Object integrity. We assess whether the evaluation sys-
tem can recognize the presence of prompt-specified ob-
jects. To create v, we first extract object names from each
prompt p,,, using Qwen3-8B [39] and localize them using
Grounding DINO [25]. Finally, we erase them via Stable-
Diffusion-Inpainting [34].

Spatial relationship. We assess whether the evaluation sys-
tem can determine if the spatial relations specified in the
prompt (left/right) match each frame. Here, to create v,
we first employ Qwen3-8B to identify clips whose captions
mention left/right relations for some object, and then we
horizontally flip all frames in the identified clips.
Dynamics degree. We assess whether the evaluation sys-
tem can determine if the amount of motion specified in the
target prompt is appropriate. To create v, we first employ
Qwen3-8B to identify clips whose captions mention object
motion, and then we replace each frame in the identified
clips with the middle frame of the clip, effectively produc-
ing a static clip without motion.

Color. We assess whether the evaluation system can judge
if the colors specified in the prompt match the content of
the generated video. For this assessment, we employ Qwen-
Image-Edit-2509 [45] to modify the colors of objects in all
frames of the relevant clips to create v, . We use Qwen3-8B

to identify which clips mention an object’ s color.

4.4. Human-Annotated Dataset Filtering

To ensure the quality and validity of the synthesized de-
graded video pairs, we apply human annotations and filter
the dataset accordingly. The goal of this process is to verify
that each degradation is applied as intended and is clearly
perceptible to human observers.

Annotation Rules. In this study, we showed the crowd-
workers the target aspect, the paired videos {v,", v, }, and



Table 1. Statistics of existing and proposed benchmarks. VBench-Long [16] only provides a framework for automatic evaluation (it does
not include human annotations of video quality). It supplies prompts as inputs to T2V models, assuming generated videos of approximately

1 min [14].
Human Annotation Aspects Videos Unique Prompts Max Duration (sec) Avg. Prompt Length (chars)
UVE-Bench [28] v 15 1,045 293 6.1 73.68
VBench [15] v 16 21,110 968 33 41.32
VBench Long [16] 16 N/A 944 N/A 41.00
SLVMEval (ours) v 10 3,932 1,461 10,486.0 57,883.52

a description of the applied degradation. For each pair,

five crowdworkers rated the success of the degradation on a

three-point A/B/C scale.

A. The degradation clearly succeeds in all selected clips.

B. The degradation succeeds in at least one but not all se-
lected clips, or the effect is weak.

C. The degradation fails in all selected clips.

Dataset filtering. Based on the ratings provided by the
five crowdworkers, we selected samples to include in the
final test set (i.e., those deemed to have been degraded suc-
cessfully). Here, we used the following success conditions.
1. No C votes. We excluded the samples for which any
crowdworker judged the degradation a complete failure.
2. Votes for A exceed votes for B. We retained only the
samples for which the crowdworker agreement leaned
toward “clear success” rather than “partial success.”
This filtering process ensured that each sample exhibited
degradation that humans could clearly agree on.”

4.5. Dataset statistics

For each evaluation aspect, we binned all candidate videos
by duration in 100-s increments and randomly sampled up
to 20 videos from each bin. Then, we performed manual
filtering and retained only the videos in which the degrada-
tion worked as intended. In total, 3,932 videos remained.
The resulting clips averaged 1141 s (~ 19 min) in length,
with the longest being 10,486 s (~ 2 h and 54 min). Fur-
thermore, we confirmed that the dataset spanned 15 distinct
content categories in a balanced manner. °

Table 1 compares the dataset constructed in this study
with existing meta-evaluation datasets. Compared with
manually annotated resources, e.g., VBench [I5] and
UVE [28], our dataset features significantly longer prompts
and considerably longer videos, providing a more challeng-
ing testbed for the evaluation of long videos.

2The supplementary material details the annotation platform (Ya-
hoo! Crowdsourcing), compensation, and quality control.

3The detailed distributions for both video duration and content cate-
gories are presented in the supplementary material.

5. Baseline automatic evaluation systems
5.1. Pairwise VLM-as-a-judge

Recently, several studies have proposed using VLMs as
evaluation systems [22, 23]. To assess their effectiveness for
T2LV evaluation, we implemented two variants of VLM-
as-a-judge, i.e., a video-based evaluation variant and a
text-based evaluation variant. For both systems, we em-
ployed the GPT-5 and GPT-5-mini [31] as proprietary mod-
els, and we employed the Qwen3-VL-235B [1, 2, 39, 43] as
an open-weight model.

Video-based evaluation. In the video-based evaluation,
given a prompt p and two candidate videos u,, v, € V, the
VLM predicts which video is better in terms of aspect a.
Formally, this process is performed as follows:

up, if VLM(a, p, up, v,) ="first”,

3
Up, if VLM(a, p, up, vp) ="second”. )

ea(pv{upvvp}):{

Here, VLM takes the prompt p, the videos u, and vy,
and the evaluation aspect a as input, and it outputs either
“first” or “second” to indicate which video is preferred.

Text-based evaluation. In the text-based evaluation, the
VLM first generates captions caption,,, and caption,,, for
uy, and vy, respectively. Then, a language model (LM) com-
pares these captions with the prompt p and selects the cap-
tion that aligns more closely with the prompt. The corre-
sponding video is then returned as the final output. For-
mally, this process is performed as follows:

d = LM(a,p, VLM ap(a, up), VLMcap(a, vp)),

up, if d = “first”, @
€alD; \Up, U = 3
(P {tp, vp}) {vp, if d = “second”.

Here, VLM_,,;, is a video-captioning model that gener-
ates a caption for the input video relative to aspect a. LM
takes the prompt p and the generated captions caption,,,
and caption,,, as input, and it returns a decision d €
{ “first” , “second” } indicating which caption better



matches the prompt. For VLM_,;,, we employed the GPT-
5-mini and Qwen3-VL-235B in the closed and open-weight
settings, respectively. Note that this approach can be con-
sidered a form of roundtrip evaluation [36], and similar met-
rics are employed in BLIP-BLEU and the EvalCrafter base-
line system [27]. We expect that projecting a video into text
space can make aspects that are difficult to evaluate from
raw frame sequences easier to assess.

For the GPT-5 family, context-length limits prevented us
from inputting all frames to the model. Thus, we automat-
ically detected clip boundaries using FFmpeg [41] and ex-
tracted the center frame from each clip. These frames were
then input to the VLM as a concise summary of the video.*
Furthermore, to mitigate LM-specific biases, e.g., position
bias [40], we evaluated each pair twice by swapping the or-
der of u, and v,.’

5.2. CLIPScore

In this study, we used CLIPScore [13] as an existing evalu-
ation system CLIPScore is an automatic evaluation system
based on the similarity between text and visual content, and
it is widely used in T2V tasks [35, 37].

The CLIPScore-based system is defined as follows in our
framework:

N{
e(p, {up, vp}) = argmax i, Z CLIPScore ( S‘fliid,p)

s€{up,vp}t *Vs ;1

;liid = fS,Lti+ti+1J. (5)

2

where

Here, N, ; denotes the number of clips detected in video s.
We employed FFmpeg to segment the videos (Section 5.1).
Here, CLIPScore ( ;Tfiid, p) is the CLIPScore between the
center frame of the i-th detected clip and the prompt p. We
employed Jina CLIP v2 [18] as the base model because it

can handle text inputs of up to 8192 tokens.

5.3. VideoScore

We used VideoScore-v1.1 [11] as one of our baseline eval-
uation systems.

VideoScore extends a pretrained VLM by adding a re-
gression head, and it is further fine-tuned on the VideoFeed-
back dataset [11], which contains human video quality rat-
ings. VideoScore can assign a quality score to a video from
five aspects. Note that the aspects defined in this study dif-
fer from those defined by VideoScore; thus, we established
a mapping between our aspects and those in VideoScore.”
In our framework, we define the VideoScore-based system

4The source dataset also includes clip-boundary annotations. However,
we did not use these annotations in the current study because ground truth
boundaries are not available in practical T2V model evaluation scenarios.
5The evaluation prompts are listed in the supplementary material.
The mapping rules are defined in the supplementary material.

as follows:

eq(p, {up,vp}) = argmax VideoScore,(s,p).  (6)
SG{’U,F,’UP}

Here, VideoScore, (s, p) denotes the VideoScore for video
s and prompt p under aspect a. VideoScore can handle at
most 48 frames; thus, as in experiments with the the GPT-5
family, we provided the central frame of each scene split by
FFmpeg as a representative frame to VideoScore. Here, if
the sequence length was still exceeded, we randomly sam-
pled up to 48 frames from each video.

6. Experiments

Our experiment aims to evaluate the robustness of current
evaluation systems when they are applied to long videos.

6.1. Experimental setup

Here, we evaluated the eight evaluation systems described
in Section 5, i.e., pairwise VLM-as-a-judge (video-based
and text-based), CLIPScore, and VideoScore. Furthermore,
we used accuracy (defined in Section 3.2) as the meta-
evaluation metric. Here, accuracy was calculated as the
proportion of video pairs where a system correctly identi-
fied the original video as having higher quality.

As a comparison to automatic evaluation systems, we
also measured the performance of humans tasked with judg-
ing video quality. Here, using the same interface employed
for the evaluation systems, each worker was shown a pair of
videos and the corresponding prompt, and they were asked
which video they considered to be higher quality. Then, we
computed their accuracy in the same manner.’

6.2. Results and discussion

In this section, we discuss the observations and insights we
draw from our comprehensive evaluation experiments.

Benchmark validity. As shown in Table 2, the hu-
man evaluators achieved 84.7%—-96.8% accuracy across all
10 aspects, which indicates that the differences between
“high-quality” and “low-quality” videos, as defined by
SLVMEval, are easily perceptible to humans. Thus, the
SLVMEval benchmark has an appropriate difficulty to test
our core question, i.e., whether an evaluation system satis-
fies the basic capabilities required to assess video quality.

Overall trends. As shown in Table 2, the existing eval-
uation systems compared in this study lag behind human
evaluators by 6.3% and 43.2% on nine of the 10 aspects.
Although these tasks are easy for humans, current systems
struggle to assess long videos on many aspects. Within the

7 Additional details about the experimental setup (e.g., human evalua-
tion processes) are described in the supplementary material.



Table 2. Accuracy (%) of each baseline system on SLVMEval. Numbers are accuracy % =+ 95% CI (percentage points). Blue bold = best

per aspect; green = second best. The chance level is 50%.

Video Quality Video-Text Consistency
Aesthetics Technical  Appearance Background Object Color Dynamics  Comprehen- Spatial Temporal
Quality Style Consistency Integrity Degree siveness Relationship Flow
Video-based
GPT-5 90.1+25 85.8+42 88.9+25 98.9+03 72.0+62 84.3435 35.3+36 51.3+45 59.7+44 50.3+4.1
GPT-5-mini  84.0+30 48.1+6.1 78.0+32 95.2+16 66.5+65 69.4+45 31.5+35 45.7+45 51.1+45 43.7+41
Qwen3 55.7+4.1 51.9+6.1 553439 49.7437 38.5+67 48.8+4.9 50.0+3.8 52.6+45 51.7+45 50.2+4.1
Text-based
GPT-5 74.8+36 46.2+6.1 81.1+3.1 83.8+27 68.0+65 68.9+45 43.1+38 50.6+45 47.0+45 43.5+4.1
GPT-5-mini  75.0+3.6 53.8+6.1 79.6+32 81.1+209 65.5+6.6 T1.8+44 43.8+338 50.6+45 51.1+45 41.2+40
Qwen3 51.6+4.1 50.0+6.1 72.4+35 73.0+33 51.0+6.9 61.0+47 52.7+38 51.7+45 50.2+45 55.6+4.1
CLIPScore 56.4+53 72.3+77 53.2+55 68.6+438 76.0+8.4 66.2+65 51.7+54 57.4+63 55.1+63 50.5+558
VideoScore 52.5+538 33.8+3.1 65.7+53 T1.2+47 66.0+93 33.8+65 48.6+54 34.5+6.1 49.6+64 46.3+538
Human 96.5+2.1 91.8+47 9521424 95.0+23 86.6+6.7 96.8+2.4 95.9+2.1 84.7+46 88.2+4.1 86.6+4.0
Aesthetics Technical Quality Appearance Style Background Consistency Object Integrity
——— 100
>80
oV
2607
] Q 4] — O i §4Ot
<201 ps=—02574 | 207 ps=—0.1701 | £207 ps=—03128 | £207
0 T — T T 0 T T —T T T 0 T T T T 0 T T T
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Video Duration (min) Video Duration (min) Video Duration (min) Video Duration (min) Video Duration (min)
Color Dynamics Degree Comprehensiveness Spatial Relationship Temporal Flow
100 == S 100 === 100 100 1007
>80 K 804 T >80 >80 \ i
B60fg Ny T C601R A muen. | S60RGEa—_ . | S60JaMg v—._ ..
§40_ T g g §40: ey §40i P bt §40: A = ‘P___,_Ez
<20+ ps=—0.3976 | <207 ps = +0.0084 | £207 ps=—02145 | £207 ps=—0.1124 | <207 s = —0.2603
0o+——T1——T1 o+t Oo0+—FF O04+——F—71 0o4+——T1——T1—
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Video Duration (min) Video Duration (min) Video Duration (min) Video Duration (min) Video Duration (min)
—sa— GPT-5 (Video-based) >~ GPT-5-mini (Video-based) —+- Qwen3-VL-235B (Video-based) VideoScore Human
GPT-5 (Text-based) —-<- GPT-5-mini (Text-based) +—- Qwen3-VL-235B (Text-based) CLIPScore

Figure 3. Relationship between video duration and accuracy. First, we sorted the dataset by video duration, divided it into four bins
(intervals), and computed the accuracy within each bin. The x-axis and y-axis represents the average video duration in each bin and the
corresponding accuracy, respectively. For each aspect and automatic evaluation system (excluding the human evaluators), we computed
the Spearman rank correlation coefficient ps between video duration and accuracy. Here, we sorted the samples by video duration, divided
them into 50 bins, computed the accuracy within each bin, and then measured Spearman’ s pg using these 50 accuracy values. The per-
aspect Spearman’ s pg values and associated p-values for each automatic evaluation system are reported in the supplementary material.

video quality category, GPT-5 (video-based evaluation) ex-
ceeded 85% accuracy for all aspects, indicating a strong
ability to detect surface-level degradations (e.g., frame-level
visual issues or stylistic shifts); however, it still falls short
of human performance. In contrast, for the video-text con-
sistency category, which requires both semantic alignment
and temporal consistency between the prompt and the video
content, the accuracy values were lower than in the Video
Quality category. These results suggest that even the strong
proprietary models face difficulties with semantic alignment
and temporal consistency in long videos. For the text-based
evaluation, Qwen3 obtained higher scores than in the video-
based evaluation, with gains of 23.3 points in background
consistency, 17.1 points in appearance style, and 12.5 points
in object integrity. These results suggest that text-based

evaluation may be an effective option for improving eval-
uation performance for certain models and aspects. In ad-
dition, the CLIPScore ranked second only to the human
judgments in terms of object integrity and comprehensive-
ness. We attribute this to CLIP" s contrastive pretraining,
which yields strong text—image alignment and makes it es-
pecially sensitive when objects or clips explicitly mentioned
in the prompt are missing. In contrast, CLIPScore processes
frames independently; thus, it remains at near chance level
for aspects that require reasoning over adjacent frames, e.g.,
the dynamics degree and temporal flow aspects, which fol-
lows from the system’ s design. We found that VideoScore
fell below the chance level for some aspects. Here, we sus-
pect this occurred because its five predefined criteria do not
align with our aspects in a one-to-one manner, thereby lead-
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Figure 4. Relationship between accuracy values before and after filtering on the degraded SLVMEval data. For each aspect, we plot the
accuracy of each evaluation system before versus after filtering and compute the Pearson correlation coefficient pp from these points. Each
marker corresponds to one evaluation system. The horizontal axis and vertical axis show the accuracy on the unfiltered data and the filtered
test set, respectively. The solid line is the fitted linear regression line visualizing the correlation.

ing to inconsistent judgments.

Sensitivity to video duration. Figure 3 shows how each
system’ s accuracy on SLVMEval varied with video dura-
tion for each aspect. Here, we partitioned the dataset into
subsets based on the video duration and computed the accu-
racy within each subset. We then computed the Spearman
rank correlation coefficient pg between video duration and
accuracy. We found that, for all aspects (except dynam-
ics degree), the accuracy values of most evaluation systems
tended to decrease as the video duration increased. Note
that this trend was particularly evident for the background
consistency and color aspects. In contrast, for aspects on
which all systems performed poorly (e.g., dynamics de-
gree), the correlation between accuracy and video duration
was relatively weak because the systems frequently failed
even on short videos. As a result, the p-values (averaged
over aspects and systems) do not indicate statistical signifi-
cance at the 0.05 level. Thus, these results should be inter-
preted as describing only a general tendency rather than a
strong effect.”

Necessity of data cleaning. Figure 4 shows the Pearson
correlation coefficient pp between the accuracy values ob-
tained when evaluating each model on SLVMEval bench-
mark with and without manual data filtering. These results
suggest that, within the scope of our degradation operations,
our procedure can produce reasonably reliable video pairs
for evaluation even without costly manual filtering. In turn,
this implies that manual filtering is not strictly necessary for

8The correlation coefficients and p-values for all systems and aspects
are shown in the supplementary material.

our degradation types when constructing domain-specific
evaluation benchmarks or further extending the proposed
benchmark, highlighting the scalability of our benchmark
construction method built on the degrading operations.

7. Conclusion

This paper introduced the SLVMEval meta-evaluation
benchmark to assess T2LV evaluation systems. SLVMEval
adopts a pairwise comparison framework to evaluate videos.
To create this benchmark, we begin with a dense video-
captioning dataset and synthetically generate high-quality
and low-quality video pairs. During the meta-evaluation
process, for each pair of videos and the specified aspect,
the target evaluation system judges which video is higher
quality. As a baseline, we performed meta-evaluations us-
ing existing evaluation systems. The results demonstrated
that these systems underperformed humans in nine out of
10 aspects, despite the task being easy for humans. In addi-
tion, the findings of this study suggest that the performance
of evaluation systems tends to decline as video duration in-
creases, pointing to the limitations of existing systems in
assessing T2LV. Furthermore, a comparison of the evalu-
ation results on SLVMEval benchmark with and without
manual filtering suggests that such filtering is not strictly re-
quired for our degradation operations. In turn, this indicates
that our approach can serve as a scalable method to expand
the benchmark. Finally, the focus of the proposed bench-
mark is to measure whether a system possesses the mini-
mum capabilities required of an effective T2LV evaluation
system. We hope that future research on T2LV evaluation
systems will consider achieving human-level performance
on the proposed benchmark as an initial target.
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SLVMEval: Synthetic Meta Evaluation Benchmark
for Text-to-Long Video Generation

Supplementary Material

A. Human annotation and quality control

This section provides details of the crowdsourced annota-
tion described in Section 4.4.

A.1l. Annotation platform and crowd workers

Platform. We collected all human annotations on Ya-
hoo! Crowdsourcing, a commercial crowdsourcing platform
operated by Yahoo Japan Corporation.

Crowd workers. In total, 736 unique crowd workers
completed 3,793 annotation tasks. We recruited only gen-
eral users registered on the platform and did not require any
specific expert background.

Compensation. For each task, defined as evaluating a sin-
gle video pair, we set the reward based on the expected time
needed to watch and compare the two videos. The unit price
was set so that the effective hourly wage was higher than
the legal average minimum wage in Japan. Across the en-
tire annotation project, the total payment was 408,520 JPY
(approximately 2,685 USD at the time of the experiments).

A.2. Collection of human accuracy scores

As described in Section 3.2, we use accuracy as the meta
evaluation metric. To obtain the human performance, we
asked crowd workers to solve the same pairwise comparison
task as the automatic evaluation systems.

Given a prompt p and a video pair {v,},v, }, the in-
terface showed the prompt and two video players side by
side. Since the original prompts were written in English
while our crowd workers were Japanese, we translated
each prompt into Japanese using Qwen3-Next-80B-A3B-
Instruct-FP8 [39, 47] and presented the both original and
translated prompt p. We instructed workers to read the
prompt p, watch both videos, and indicate which video they
considered to be higher quality with respect to the target
aspect. The video player allowed workers to move the play-
head using a seek bar and to replay arbitrary segments of
each video, so that they could inspect any part of the con-
tent if necessary.

We computed human accuracy in the same way as for the
evaluation systems, following the definition in Section 3.2,
that is, as the proportion of pairs in which the worker se-
lected v;f .
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Figure 5. Example of the annotation interface used for the Object
Integrity aspect. The interface presents the prompt and two videos,
collects the worker’s choice of the higher quality video, and then
asks additional questions to verify whether the synthetic degrada-
tion for the target aspect has been applied correctly.

A.3. Annotation Ul for degradation checking

Figure 5 shows the annotation interface used for degrada-
tion checking. In addition to the pairwise quality judgment,
we collected A/B/C ratings that indicate whether the syn-
thetic degradation succeeded for each aspect, as described



Table 3. Filtering statistics for the annotated degraded pairs. For each aspect, we report the number of candidate samples before filtering
(Initial), the number of samples excluded because at least one worker selected option C (Excluded (C' # 0)), the number of samples
excluded because the number of votes for option A did not exceed that for option B (Excluded (A < B)), the number of samples retained
after filtering (Final), and the resulting retention rate (Retention Rate). The filtering conditions follow the human annotation procedure

defined in Section 4.4.

Aspect Initial Samples Excluded (C' # 0) Excluded (A < B) Final Samples Retention Rate (%)
Aesthetics 446 92 72 282 63.3
Technical Quality 446 243 72 131 29.4
Appearance Style 446 112 22 312 70.0
Background Consistency 446 75 17 354 79.4
Temporal Flow 444 115 44 285 64.2
Comprehensiveness 430 83 112 235 54.7
Object Integrity 375 96 179 100 26.7
Spatial Relationship 435 120 79 236 543
Dynamics Degree 444 89 22 333 75.0
Color 327 56 67 204 62.4
Total 4239 1081 686 2472 58.3

in Section 4.4. After each crowd worker finishes judging
which of the two videos is better, we present our intended
gold label. They then rate on a three-point A/B/C scale
whether this gold label is appropriate. For each video pair
and aspect, five crowd workers provided A/B/C judgments
with the following options:

A. The degradation clearly succeeds in all selected clips.

B. The degradation succeeds in at least one but not all se-
lected clips, or the effect is weak.

C. The degradation fails in all selected clips.

Table 4 lists the evaluation criteria shown to crowd work-
ers for each aspect of the human evaluation.

Viewing enforcement. Long-video evaluation tasks often
yield unreliable answers when workers skip large portions
of the videos. To reduce this risk, we introduced a view-
ing enforcement mechanism in the degradation-checking
UL For each pair, we predefined the clip interval where the
degradation was applied. In the interface, workers could
freely move the seek bar, but the A/B/C response buttons
for degradation success remained disabled until the play-
head had been moved to the designated degraded interval
and the worker clicked a confirmation button indicating that
they had checked the degraded region. This design made
skipping behavior difficult.

A 4. Crowd worker filtering

We additionally applied worker-level filtering to reduce the
impact of unreliable crowd workers. We monitored re-
sponse patterns across tasks and identified workers who re-
peatedly exhibited low-effort behavior. We used the follow-
ing indicators.

1. Abnormally short completion times. We flagged

workers whose task completion times were extremely
short relative to the total duration of the video pair, for
example those consistently in the fastest 10% for a given
task configuration.

2. Persistent disagreement on easy cases. For samples
where the agreement among other workers was very high
(for example, 4 out of 5 workers chose A), we flagged
workers who repeatedly gave clearly inconsistent an-
swers (for example, answering C) on such samples.

3. Very low task level accuracy. For tasks where the ma-
jority of workers achieved high accuracy (around 80% or
higher), we flagged workers whose accuracy remained
very low (20% or lower) over many assignments.

Workers who exhibited problematic response patterns
according to multiple indicators were manually reviewed.
Workers judged to be unreliable were excluded from later
task assignments. By the time we finished collecting anno-
tations for the last aspect, this filtering process had excluded
227 workers in total from annotation tasks.

A.S5. Filtering statistics

We applied the filtering criteria defined in Section 4.4 to
the A/B/C degradation ratings to construct the final testbed.
Concretely, we retained a sample only if it satisfied both

count(C) =0 and count(A) > count(B),

where count(A), count(B), and count(C) denote the num-
bers of workers who chose A, B, and C, respectively.

Table 3 summarizes the statistics of this filtering pro-
cess for each aspect. For each aspect, the table reports the
number of candidate samples before filtering (Initial), the
number of samples excluded because at least one worker se-
lected option C (Excluded (C' # 0)), the number of samples



Table 4. Evaluation criteria and instructions provided to crowd workers for each aspect. The Japanese instructions were presented to the
workers, and the English instructions are their translations.

Aspect

Japanese Instruction

English Instruction

Aesthetics

TERSE] 21X, &7 —L0HX - #8f -
BEEMNMEZ2 E0CRAENHlEN® L2460
TWEREIREERL, V=Vl of
EWZFERD 720, BEOR-HDOEFEL
INL o TVEEERRENENE AL X
7.

“Aesthetics” indicates whether each frame possesses
overall visual appeal, including composition, har-
mony, and photographic quality. Quality is consid-
ered low if there is a tonal contradiction with the
“scene description” or if the visual appeal of the
video is inferior.

Technical Quality

MR 1, B amfgo I 2
Bl 1FT - 7L, 4R, EEE, HEER)
WIRVWRE S %R, FMRRER I A0TE
TG EIEMEMENE AR LU ET.

“Technical Quality” indicates whether the video is
free from technical artifacts (e.g., blur/shake, noise,
low resolution, contour distortion). Quality is con-
sidered low if such technical video errors exist.

Appearance Style

[ZRA)] &%, T¥— VB TESh
ToAMB A 2 AV (B : G, (2EE, KEHE
&, A7y FELE) DEEANTHEY) I EE X
NTVENEIPERL, HEINLZAZRAIL
CELAIRBII L B> TWVWABBE T ME I K
WEARLUET.

“Appearance Style” indicates whether the visual
style specified in the “scene description” (e.g., oil
painting, cartoon, watercolor, sketch) is appropri-
ately reproduced in the video. Quality is considered
low if the representation differs from the specified
style.

Background
Consistency

YEO—8M] 2iF, 7V —ATHEENH
B ZEDPD—BELULTHREZENTWENE S
hERL, T L —ATERIA—EHLTWAR
WEIE L HE MRV AR LU ET.

“Background Consistency” indicates whether the
background remains visually stable and consistent
across frames. Quality is considered low if the back-
ground is inconsistent across consecutive frames.

Object Integrity

Mk oseett] %, [v— @il oxE
TERINTVAIMERLBAE 2 BlIZE >
TWAEPESIDERL, [V— 3] ([
NP FEIZE > TWR WSS IZNE
PENE AL ET.

“Object Integrity” indicates whether the objects
mentioned in the “scene description” are present in
the video without omission. Quality is considered
low if objects described in the “scene description”
do not appear in the video.

Color

M) &k, &7V —LRNIZBIT08 TV —
VEIR] TREINZB W RO/ Y)
E=HLTWENEI ERL, BEINLE
R DGEIIMEMENE AR L ET.

“Color” indicates whether the colors within frames
match those specified in the “scene description”
(e.g., object colors). Quality is considered low if the
colors differ from the specifications.

Dynamics Degree

[BEDEaN] &iE, 87V —L4IZ&Eh
DEHEOENEYMNE S hERL, [V— Vil
B ORFICEHEL THT &7/ 0, BEICR
A7 & I MEME N AR U ET.

“Dynamics Degree” indicates whether the amount of
motion in each frame is appropriate. Quality is con-
sidered low if the video is too static or excessively
erratic compared to the content of the “scene descrip-
tion.”

Comprehensiveness

THagElE ] ik, TS — Y3l O RN A B HE
KM ENTWEREI DERL, T¥— Vil
Bl IZE R N T WS ¥ — U ASEE PN T
FRINBVBEAICERENE N AL F
ER

“Comprehensiveness” indicates whether the content
of the “scene description” is reflected in the video.
Quality is considered low if scenes described in the
“scene description” are not appropriately displayed
within the video.

Spatial
Relationship

[EMBEER) 2, K7L —L0WERD T
— VB TRINEEMAEG (AL
TAIBAER) &=L TWEhESI ek
U, WONPOEMBERIZFENREL TV
HlEFHEIMENE AR LET.

“Spatial Relationship” indicates whether the ob-
jects in each frame match the spatial relationships
(left/right, up/down, front/back, proximity) indicated
in the “scene description.” Quality is considered low
if a contradiction arises in any spatial relationship.

Temporal Flow

EHRFOmN] &1, T¥— Uit oxE
DARY NDFRENETZRLHHEHND Y — > DJE
BVWEYNIHIELTWEhERL, T— @l
B ONBIZFIE LU -ERRR A XY b BFAE
T AL MEIENE AU ET

“Temporal Flow” indicates whether the order of
events in the “scene description” text corresponds
appropriately to the order of scenes in the video.
Quality is considered low if irrelevant events occur
or if the order contradicts the “scene description.”
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Caption : The subject, dressed in a dark suit with a white shirt and a dark tie, is positioned against a blurred
background featuring cool tones of blue and a partially visible lamp on the left that emits a warm glow.
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Caption: The video opens with a static, medium close-up of a book cover that simply states ‘REAL' in
bold, black font against a white background. The design is minimalist with black text on white, and a thin
black border around the edge.
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Caption: A black PC case with a star design sits atop the desk, beside which lies a white keyboard.
To the left of the desk, there's a small green container and a set of gray dumbbells on the floor.
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Caption: They walk from one side of the frame to the orhcr, crossing a small yard with a traditional. The
scene conveys a sense of collaboration and preparation for cooking.
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Caption: The clip opens with a medium close-up of a panda in a snowy environment, interacting playfully

with a bright red ball. The final frame transitions to a wide, panoramic shot of a snow-covered landscape
with clear blue skies.

Figure 6. Representative examples of original and degraded video pairs in SLVMEval. For each of the 10 aspects, we show one original
video (left) and its aspect-specifically degraded video (right). The upper rows correspond to the Video Quality aspects, and the lower rows
correspond to the Video-Text Consistency aspects. Frames are sampled around the clips where the synthetic degradation is applied.

excluded because the number of votes for A was not greater
than the number of votes for B (Excluded (A < B)), the
number of samples retained after filtering (Final), and the
resulting retention rate. Under these conditions, at least 100
long video pairs remain for every aspect.

B. Examples of degraded video pairs

Figure 6 shows example pairs of original and degraded
videos, one for each of the ten aspects in SLVMEval. For
each aspect, we show one source long video and its de-
graded counterpart, constructed using the aspect-specific
operation described in Section 4.3. In each pair, the left col-
umn displays frames from the original video and the right
column displays frames from the degraded video. We ex-
tract frames from around the clips to which the degradation
is applied.

The aspects in the Video Quality category (Aesthetics,
Technical Quality, Appearance Style, Background Consis-
tency) appear in the top row, and those in the Video-Text
Consistency category (Object Integrity, Color, Dynamics
Degree, Comprehensiveness, Spatial Relationship, Tempo-
ral Flow) appear in the bottom row.

C. Proxy validation on generated videos

Directly validating SLVMEval on real long generated
videos is currently difficult, as existing text-to-long video
generation systems do not yet reliably produce videos at the

Comprehensiveness
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Figure 7. Rank consistency on FETV.

target scale by SLVMEval with sufficiently stable quality.
Therefore, we conduct a proxy experiment on short videos
to examine whether the relative ranking of evaluation sys-
tems induced by our synthetic degradations is consistent
with the ranking obtained in a generated-video comparison
setting.

C.1. Dataset and settings

We use a subset of FETV [26], which contains short videos
lasting a few seconds with human annotations for mul-
tiple aspects, including alignment. FETV provides pairs
of human-created videos (GTRUTH) and generated videos
(GEN), together with human quality signals. We also con-
struct DEGRADED videos by applying our degradation op-



Music Sports
Howto& Style

Travels & Events Nonprofits & Activism

2130

S News& Politics

Gaming

Content ‘Education
Anima - Types - Autos &
Animation hutos &

Comedy

6.7

Science & Technolog eople & Blog

Pets & Animals

Entertainments

Figure 8. Distribution of video content categories in SLVMEval,
showing a balanced representation across 15 categories.

erations to GTRUTH. Since our degradation operations as-
sume a multi-clip structure (Algorithm 1), we concatenate
two videos and treat each as a clip.

We consider two pairwise meta-evaluation settings: (i)
GTRUTH vs. GEN; the video with a higher human score is
regarded as higher quality, (ii) GTRUTH vs. DEGRADED;
the ground truth is always regarded as higher quality. For
each setting, we evaluate each system using pairwise ac-
curacy (§ 3.2), rank systems by accuracy, and compute the
Spearman rank correlation between the two system rank-
ings.

C.2. Results and interpretation

We focus on the FETV aspect alignment, which most
closely corresponds to our Comprehensiveness aspect.
As shown in Figure 7, the system ranking derived from
GTRUTH vs. DEGRADED is strongly correlated with the
ranking derived from GTRUTH vs. GEN (p = 0.8333). Al-
though limited to a single aspect and short videos, this sug-
gests that the properties of the generated videos and our de-
graded videos are unlikely to be overly dissimilar.

D. Dataset statistics

Figure 8 summarizes the distribution of video content cate-
gories in SLVMEval. As described in Section 4.2, we con-
struct the benchmark from a dense video captioning dataset
that spans diverse real-world topics, and then apply aspect-
specific degrading operations followed by human filtering.
The resulting test set covers 15 distinct categories, includ-
ing everyday activities, nature, sports, indoor scenes, and
others. No single category dominates the dataset, and the
categories are approximately balanced so that the bench-
mark evaluates robustness to long-video evaluation without
bias toward a particular type of content.

Figure 9 shows the distribution of video durations. We
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Figure 9. Distribution of video durations in SLVMEval. We divide
the video duration into 100-second intervals and plot the number
of videos included in each interval.

partition the videos into 100-second bins and plot the num-
ber of videos in each bin. Consistent with the description in
the main paper, the dataset covers a wide range of durations,
from several minutes to very long videos of up to 10,486
seconds (approximately 2 hours and 54 minutes), with an
average duration of 1,141 seconds (about 19 minutes). It
covers a wide range of video durations, from a few min-
utes to several hours, allowing us to evaluate the long-form
videos targeted by SLVMEval.

E. Details of degrading operations

This section provides details on some of the aspects de-
scribed in Section 4.3.

E.1. Information Extraction from Captions

As a preprocessing step, we extracted the information nec-
essary for the degrading operations from the caption anno-
tations of each video clip included in the source dataset
(Vript [48]). Specifically, we used Qwen3-8B (thinking
mode) [39] to extract content mentioning object colors,
background elements, and the dynamics degree. We per-
form inference with vllm [21] and use the structured outputs
mode to enforce JSON format for the output. The template
for the prompt given to the model is as follows.

# Video Caption Analysis Prompt

## Task Description

Analyze the provided single scene video
caption and extract information related
to 7 evaluation criteria. Extract
relevant information for each criterion
and output in JSON format.

## Evaluation Criteria Definitions

- xxsubjectxx: Objects in the scene
(e.g., person, animal, car, etc.)
— Distinguish from scenes which refer
to places or environments



— *xbackgroundxx: References to
background elements

- xxdynamic_degreexx: Object movements
within the caption (e.g., person
running, jumping, car driving, bird
flying)

— Exclude camera movements (zoom,

pan, etc.)

- Record only object movements

— xxhuman_action**: Human actions
(e.g., running, jumping, walking,
sitting)

- Record only human actions

- Use terms like "person", "man",

"woman" for agents

— %x%xcolor*x: Color names only (e.g.,
red, white, blue, green)
- For "red car", record "red" and
"car" separately
— Map colors to their corresponding
objects

- xxspatial_relationship=**: Clear
spatial relationships between objects
(left, right, up, down, front, back,
etc.)
- Extract only when clear positions
are stated like "upper right", "lower
left"
- Map positions to objects at those
locations

— %%scenexx: Scene types or
environments (e.g., river, ocean, city,
mountain, etc.)
- Refers to places or environments,
distinct from individual objects

## Analysis Instructions

Analyze the caption in detail and
execute the following:

1. »xInformation Extractionx*: Extract
specific information related to each
evaluation criterion

2. xxEmpty Cases**x: If no relevant
information exists, output as empty
list []

## Output Format

Output in the following JSON format:

T json

{
"subject": ["objectl", "object2"],
"background": ["background_elementl",

"background_element2"],
"dynamic_degree": [
{
"agent": "actor",
"action": "action_description”
}
1,
"human_action": [

{

"agent": "person",
"action": "action_description"
}
]I
"color": [
{
"color": "color_name",
"object":

"object_with_that_color"
}
]I
"spatial_relationship": [

{

"location": "position (up, down,
left, right, etc.)",
"object":

"object_at_that_position"
}
1,

"scene": ["placel", "place2"]

## Analysis Hints

Keywords and expressions to look for in
each evaluation criterion:

- *x*subjectxx: person, man, woman,
child, animals (dog, cat, bird, etc.),
car, bicycle, building, object names
- xxbackgroundx**: background, behind,
backdrop, in the back
— xxdynamic_degreexx:
- Include: move, run, fly, flow,
rotate, travel (object actions)
- Exclude: zoom in, zoom out, pan,
tilt (camera actions)



— x+human_action*x: run, walk, sit,
stand, jump, speak, eat, read, write,
point, touch
— **xColor*x*:
— Color names: red, blue, green,
yellow, white, black, pink, purple,
orange
— Also record corresponding objects
— x*xspatial_relationship=*x:
- Clear positions only: left, right,
up, down, front, back, upper left,
upper right, lower left, lower right,
center, below, above
- Do not extract: next to, between,
near, far (ambiguous expressions)
— x*xScenexx:
- Places/environments: park, street,
ocean, mountain, river, forest,
indoor, outdoor, city, nature,
tunnel, road, room
- Not objects: car, building, tree
(these are classified as subject)

## Important Notes

- Extract only information explicitly
stated in the caption

— Avoid speculation or assumptions,
record only certain information

— If no information exists, leave as
empty list []

## Caption to Analyze

Analyze the following caption:
ST Ttxt
<<<| SCENE_CAPTION|>>>

We insert the caption (prompt) of Vript into the
<<< |SCENE_CAPTION] >>> placeholder. We set the
inference hyperparameters according to the officially rec-
ommended parameters [39]: top-p=0.95, top-k=20, temper-
ature=0.6, and min-p=0. Additionally, we set a repetition-
penalty of 1.2 to suppress repetition in the output.

E.2. Degradation algorithms

We performed degrading operations corresponding to each
evaluation aspect using the following procedures.

Aesthetics. To synthesize v,,, we apply FFmpeg’s eq fil-
ter to five clips from the original video with the contrast
option set to —0.8. In this process, the luminance (luma,
Y') component is first inverted (Y — 1 — Y'), and then its

dynamic range is compressed to 80%. The resulting video
v, has a dull, flat appearance with reduced contrast.

Technical Quality. To synthesize v, , we first resize all
frames of the original video to a unified base resolution
where the longer side is 512 px while preserving the aspect
ratio. We then downscale only the clips targeted for degra-
dation to a longer side of 256 px using LANCZOS resam-
pling, again preserving the aspect ratio. Finally, we upscale
these clips back to the base resolution (longer side 512 px).
As aresult, v, has reduced sharpness and a loss of fine de-
tails.

Appearance Style. To synthesize v, we randomly se-
lect one of the following five appearance styles for each
video: cartoon, detail enhancement, oil painting, colored
pencil sketch, and watercolor. We then apply the selected
style transformation to all frames in the clips targeted for
degradation. Each style transformation is implemented us-
ing OpenCV’s [3] stylization filters. Details of each trans-
formation are provided below.

Cartoon Style. For the cartoon style transfor-
mation, we first smooth color regions using
cv2.edgePreservingFilter (flags=l,

sigma_s=40, sigma_r=0.20). We then con-
vert the image to grayscale with cv2.cvtColor
and apply cv2.medianBlur (kernel size of
5). Next, we generate an edge mask by applying
cv2.adaptiveThreshold (maximum value of 255,
ADAPTIVE_THRESH_MEAN_C, THRESH_BINARY,
blockSize=11, Cc=3), followed by another
cv2.medianBlur (kernel size of 5), and fi-
nally combine it with the smoothed image using
cv2.bitwise_and.

Detail Enhancement. For the detail enhancement style,
we apply cv2.detailEnhance (sigma_s=5,
sigma_r=0.08) to each frame.

QOil Painting Style. For the oil painting style trans-
formation, we apply cv2.xphoto.oilPainting
(size=5, dynRatio=1) to each frame.

Colored Pencil Sketch Style. For the colored
pencil sketch style transformation, we apply
cv2.pencilSketch (sigma_s=40, sigma_r=0.05,
shade_factor=0.015).

Watercolor Style. For the watercolor style transforma-
tion, we apply cv2.stylization (sigma_s=40,
sigma_r=0.25) to each frame.

Background Consistency. To synthesize v, we apply
the following three-step procedure: 1. Randomly sample
five clips from the original video, 2. Remove the back-
ground from all frames in each sampled clip, 3. Add a new
background image to the background-removed frames.



Table 5. Accuracy (%) of CLIPScore under different prompt-handling strategies. Numbers are accuracy % + 95% CI (percentage points).

The chance level is 50%.
Video Quality Video-Text Consistency
Aesthetics Technical Appearance Background Object Color Dynamics  Comprehen- Spatial Temporal
Quality Style Consistency Integrity Degree siveness Relationship Flow
IGNMAX 489458 76.2+73 62.8+54 70.9+47 71.0489 66.2+65 553453 51. 1464 60.2+6.2 56.1+58
EACHTRUNC 54.34+538 72.3+77 66.0+53 76.6+4.4 75.0+85 68.1+64 55.0+53 60.4+63 56.4+63 54.4+58

In step 1, the sampling process is restricted to clips
whose captions extracted by Qwen3 contain background-
related information. For step 2, we remove the background
using the Python library rembg [8], which internally uses
UZ2-Net [33]. In step 3, we randomly sample new back-
ground images from the nature-dataset [29] and paste them
onto the background-removed frames. As a result, v, be-
comes a video whose background is inconsistent across ad-
jacent frames.

Object Integrity. As described in Section 4.3, we de-
grade object integrity in two steps: (i) detecting the posi-
tions of objects mentioned in the caption and (ii) removing
these objects by inpainting. We randomly select target ob-
jects for deletion based on the information extracted from
the caption (see Appendix E.1). To obtain bounding boxes
(bbox) of the target objects in each frame, we use IDEA-
Research/grounding-dino-base [24]. We first resize each
frame so that its longer side is 512 px while preserving the
aspect ratio, and then estimate the bounding boxes. During
detection, we set the thresholds to box-threshold=0.4 and
text-threshold=0.3.

For object removal via inpainting, we use stable-
diffusion-v1-5/stable-diffusion-inpainting [34]. Similarly,
we resize each frame so that its longer side is 512 px while
preserving the aspect ratio, and set denoising-steps to 50
and guidance-scale to 7.5.

Color. To synthesize v,, Wwe use Qwen-Image-Edit-
2509 [45], an image editing model to locally change only
the colors of objects.

In this degradation procedure, we first randomly sample
clips whose captions contain object color attribute informa-
tion. We extract this attribute information using the method
described in Appendix E.1. For every frame in a sampled
clip, we use Qwen-Image-Edit to change the color of a tar-
get object from its original color to a new one (e.g., “a red
car” — “a blue car”’). We choose the new color by randomly
sampling one color that is different from the original from
a predefined set of colors (black, white, red, green, yellow,
blue, brown, purple, pink, orange, gray). We provide Qwen-
Image-Edit with the prompt "Change the color of
the {object} to {color}." toinstruct it to change
only the color of the specified object.

F. Effectiveness of our frame sampling strategy

Many current evaluation systems impose strict input limits
(e.g., maximum frames or context length), making it im-
practical to feed all frames of long videos. Since SLVMEval
explicitly targets videos that range from minutes to hours, a
sampling strategy is required to make evaluation feasible
while retaining coverage over the full temporal span.

F.1. Our sampling design

We adopt a clip-based sampling strategy: we detect clip
boundaries using FFmpeg and extract the center frame from
each detected clip (described in §5.1 and §5.2). If the re-
sulting frame sequence still exceeds the evaluation system’s
maximum frame budget, we randomly subsample frames to
satisfy the limit. This strategy is widely used in long-video
understanding to improve temporal coverage under limited
budgets [32, 49].

The key rationale is that uniform per-clip sampling
spreads the budget across the entire video, reducing the risk
that the evaluation systems sees only early segments. This is
particularly important for SLVMEval, because degradations
can appear at arbitrary temporal positions.

F.2. Sequence length limits

We evaluate CLIPScore under different prompt-length han-
dling policies to examine whether our conclusions are sen-
sitive to our sampling design. In addition to the default
setting(§5.2), we consider two alternatives: (i) IGNMAX;
which ignores the model’ s maximum sequence length °
and (ii) EACHTRUNC; which evenly truncates each clip
caption so that the final concatenated prompt fits within the
model’ s maximum length. Per-aspect results are reported
in Table 5.

As aresult, the Average CLIPScore accuracy (%) across
all aspects was DEFAULT (§5.2): 60.7%, IGNMAX: 60.5%,
and EACHTRUNC: 62.8%, indicating no substantial differ-
ences.

9We cap the input at 31,000 tokens due to GPU memory constraints



Table 6. Correspondence between aspect, dimension, and description. The dimension and description are included in the prompt.

aspect dimension description

Aesthetics aesthetics This viewpoint indicates whether each frame of the video ex-
hibits overall visual appeal, including composition, harmony,
and photographic quality.

Technical Quality technical_quality This viewpoint indicates whether each frame is free from tech-
nical artifacts (e.g., blur, noise, compression artifacts, over- or
under-exposure).

Appearance Style appearance _style This viewpoint indicates whether the required appearance style

in the text prompt (e.g., oil painting style, black-and-white
style, watercolor style, cyberpunk style) is appropriately rep-
resented.

Background Consistency

background_consistency

This viewpoint indicates whether the background remains vi-
sually stable and consistent across frames.

Object Integrity object_removal This viewpoint indicates whether a specific object (e.g., dog,
car) mentioned in the text prompt is correctly generated.
Color color This viewpoint indicates whether the colors specified in the

text prompt (for instance, the color of an object) are correctly
reproduced.

Dynamics Degree

dynamics_degree

This viewpoint indicates whether the generated video contains
an appropriate amount of motion (neither too static nor overly
erratic).

Comprehensiveness

scene

This viewpoint indicates whether the overall scene (for exam-
ple, “ocean” when prompted with “ocean” ) is generated
correctly according to the text prompt.

Spatial Relationship

spatial_relationship

This viewpoint indicates whether generated objects fol-
low the text prompt’s spatial instructions across four rela-
tion types: Horizontal, Vertical, Proximity/Adjacency, and
Depth/Occlusion.

Temporal Flow

move_scene

This viewpoint assesses whether the generated video preserves
a coherent, chronological flow of scenes, avoiding unintended
shuffling, repetition, or time-jumps-in line with the order im-
plied by the text prompt.

G. Details of baseline systems
G.1. Pairwise VLM-as-a-judge

We used three VLMs: GPT-5 (gpt-5-2025-08-07), GPT-5-
mini (gpt-5-mini-2025-08-07), and Qwen3 (Qwen/Qwen3-
VL-235B-A22B-Thinking-FP8). For all models, we per-
formed inference using the Structured Outputs mode to en-
force JSON-formatted outputs. We set the inference hy-
perparameters for Qwen3-VL to top-p = 0.8, top-k = 20,
temperature = 0.7, and min-p = 0, and for GPT-5 we used
temperature = 1.0.'°

10We avoided greedy decoding for Qwen3 inference because it is depre-
cated to prevent repetition. Additionally, for GPT-5 we used a temperature

H. Correlation between accuracy and video
duration

In the main paper (Figure 3), we analyzed how the accuracy
of each evaluation system changes as a function of video
duration. Here we provide a more detailed analysis based
on Spearman rank correlation coefficients pg between video
duration and accuracy for each evaluation aspect and each
evaluation system.

For every aspect—system pair, we follow the procedure
described in the caption of Figure 3. Table 7 reports the
resulting pg values, and Table 8 reports the corresponding

of 1.0 because it is the only supported and fixed value.



Table 7. Spearman rank correlation coefficients ps between video duration and accuracy for each evaluation system (rows) and evaluation
aspect (columns). For each aspect and system, we sort the test samples by video duration, divide them into 50 bins, compute the accuracy
within each bin, and then compute Spearman’s pg between the bin index (corresponding to video duration) and the bin-wise accuracy.
Negative values indicate that accuracy tends to decrease as video duration increases.

Video Quality Video-Text Consistency
Aesthetics Technical  Appearance Background Object Color Dynamics  Comprehen- Spatial Temporal
Quality Style Consistency Integrity Degree siveness Relationship Flow

Video-based

GPT-5 -0.6806 -0.4930 -0.1150 0.0487 0.0541 -0.1198 0.1446 -0.2200 -0.1216 -0.4927

GPT-5-mini  -0.5422 -0.3558 -0.2473 -0.2874 -0.2409 -0.3055 -0.0402 -0.2239 -0.1750 -0.3623

Qwen3 -0.1368 -0.0572 -0.0636 -0.2014 0.3848 -0.0683 0.1418 0.0200 -0.2934 0.1239
Text-based

GPT-5 -0.4650 -0.1872 -0.3206 -0.5072 -0.2892 -0.3270 0.1386 -0.3076 -0.0776 -0.4547

GPT-5-mini  -0.4985 -0.2639 -0.3791 -0.6065 -0.2899 -0.3620 0.1504 -0.2847 -0.0541 -0.4107

Qwen3 -0.0713 -0.2954 -0.4476 -0.6920 -0.1338 -0.5632 0.0020 -0.0061 -0.3756 -0.4559
CLIPScore -0.2555 -0.0218 -0.2681 -0.4483 -0.2538 -0.7167 -0.0716 -0.2165 -0.1322 -0.1484
VideoScore 0.1677 -0.0094 -0.4636 -0.2936 -0.3749 -0.4406 -0.2625 -0.4824 0.3212 -0.1139
Human -0.3847 -0.3902 0.2202 0.2360 -0.1905 0.0158 -0.4254 -0.3855 -0.4621 0.0845

Table 8. Two-sided p-values for the Spearman rank correlations in Table 7.

indicate statistically significant correlations with p < 0.05.

Each entry is rounded to four decimal places. Bold values

Video Quality Video-Text Consistency
Aesthetics Technical  Appearance Background Object Color Dynamics  Comprehen- Spatial Temporal
Quality Style Consistency Integrity Degree siveness Relationship Flow
Video-based
GPT-5 0.0000 0.0003 0.4263 0.7371 0.7090 0.4073 0.3164 0.1248 0.4002 0.0003
GPT-5-mini 0.0000 0.0112 0.0834 0.0430 0.0919 0.0310 0.7818 0.1181 0.2241 0.0097
Qwen3 0.3434 0.6934 0.6606 0.1607 0.0058 0.6373 0.3259 0.8902 0.0387 0.3915
Text-based
GPT-5 0.0007 0.1929 0.0232 0.0002 0.0416 0.0205 0.3369 0.0298 0.5922 0.0009
GPT-5-mini  0.0002 0.0640 0.0066 0.0000 0.0411 0.0098 0.2970 0.0451 0.7090 0.0030
Qwen3 0.6226 0.0373 0.0011 0.0000 0.3542 0.0000 0.9889 0.9664 0.0072 0.0009
CLIPScore 0.0733 0.8806 0.0598 0.0011 0.0753 0.0000 0.6213 0.1311 0.3601 0.3036
VideoScore 0.2443 0.9484 0.0007 0.0385 0.0073 0.0014 0.0656 0.0004 0.0229 0.4311
Human 0.0058 0.0051 0.1244 0.0990 0.1851 0.9132 0.0021 0.0057 0.0007 0.5595

two-sided p-values.

Overall, most automatic evaluation systems exhibit neg-
ative correlations on many aspects, indicating that their ac-
curacy tends to decrease as video duration increases. This
tendency is especially pronounced for aspects such as Back-
ground Consistency, Color, and Temporal Flow, where sev-
eral systems show relatively large negative pg with statis-
tically significant p-values (p < 0.05). In contrast, for as-
pects such as Dynamics Degree, many systems already per-
form near chance level for both short and long videos. As
a result, the correlations are small and often not statistically
significant.

We also report the correlation values for human evalua-
tors. Humans show only weakly negative correlations, and
their p-values are generally larger than those of the auto-
matic systems, reflecting that human performance remains
high and relatively stable across different video durations.
This further highlights the gap between human robustness

and the current limitations of automatic evaluation systems
for T2LV generation.

Video-based evaluation. The prompt template for the
video-based evaluation is as follows. The input_text
placeholder holds the input prompt for the T2V model.
See Section H.1 for the text used for the dimension and
description placeholders.

[System prompt]

You are a meticulous AI evaluator for
video.

You will be provided with the
evaluation viewpoint and its
description, the text used for
generation, and frames of the videos
generated by two different videos.



Algorithm 2 Implementation of Video-based evaluation

Require: Prompt p, video u,, video v,, aspect a, maxi-
mum number of frames F.x
Ensure: u, or v,
I: uy <~ SAMPLEFRAMES (u;,)
v, < SAMPLEFRAMES(vp)
for s € {u;,v;} do
if |s| > Finax then
s < RANDOMSAMPLE(S, Finax)
end if
end for
d + VLM(a, p, u;, v;)
if d = “first” then
return u,
: else if d = “second” then
return U;
: end if

> Return “first” or “second”
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Algorithm 3 Implementation of Text-based evaluation

Require: Prompt p, video u,, video v,, aspect a, maxi-
mum number of frames F,,,
Ensure: u, or v,
I: uy <~ SAMPLEFRAMES (u;,)
2: vy ¢ SAMPLEFRAMES (vj,)
3: for s € {u;,v,} do
4 if |s| > Finax then
5: s < RANDOMSAMPLE(S, Finax)
6: end if
7: end for
8: caption,, < VLMcap(a,u;)
9: caption,, < VLMcap(a,v;)
10: d <= LM(a, p, caption,,,, caption,,) > Return “first”
or “second”
11: if d = “first” then
12: return u,,
13: else if d = “second” then
14: return v,
15: end if

Based on the given viewpoint, compare
the quality of the two videos in
relation to the input text.

Finally, output which video, 'first
video' or 'second video', has the
higher quality in JSON format.

[User prompt]

Given the provided information below,
please evaluate which video, the first
video or the second video, generated a
higher—-quality video.

Viewpoints and descriptions: '''

— {dimension}: {description}

Text input used for generation: ''
{input_text}

Algorithm 2 presents the pseudocode for the entire pro-
cedure.

Text-based evaluation. The prompt template for the text-
based evaluation is as follows. The input_text place-
holder contains the input prompt for the T2V model, while
the first_model_text and secondmodel_text
placeholders hold the generated captions for the respec-
tive videos. See Section H.1 for the text used for the
dimension and description placeholders.

[System prompt]

You are a meticulous AI evaluator for
video.

You will be provided with the
evaluation viewpoint and its
description, the text used for
generation, and transcriptions of the
videos generated by two different
videos.

Based on the given viewpoint, compare
the quality of the two videos in
relation to the input text.

Finally, output which video, 'first
video' or 'second video', has the
higher quality in JSON format.

[User prompt]

Given the provided information below,
please evaluate which video, the first
video or the second video, generated a
higher—-quality video.

Viewpoints and descriptions: '''

— {dimension}: {description}

Text input used for generation: '''
{input_text}

Transcription of the video generated by
the first video: '''
{first_model_text}



Table 9. Computing resources used in our experiments.

CPU resource

GPU resource

2 x Intel Xeon Platinum 8490H

CPU Model (Sapphire Rapids)
GPU Model None

System Memory (per node) 512 GiB (DDRY)
GPU Memory (per node) N/A

Operating System Rocky Linux

2 x Intel Xeon Platinum 8490H
(Sapphire Rapids)

4 x NVIDIA H100 (HBM2e)

1 TiB (DDRS5)

94 GiB per GPU

Rocky Linux

Transcription of the video generated by
the second video: '''
{second_model_text}

L |

Algorithm 3 presents the pseudocode for the entire pro-
cedure.

Captioning. The prompt we use to generate caption in the
text-based and hybrid evaluations is as follows.

[System prompt]

You are an assistant that converts
video content into a thorough textual
description.

You will be given one or more frames
from a video (or a description of
them) .

Your goal is to accurately describe all
visible details and actions, without
adding information that cannot be
inferred from the wvideo.

For each provided evaluation viewpoint,
please represent the video content as
text and output the result in JSON
format.
Important notes: '''

— Only include details that can be
directly observed from the given
frames.

- Do not speculate or assume any
information not clearly visible.

— Describe objects, people, scenes,
backgrounds, movements, aesthetics,
video quality and any relevant visual
details.

— Be concise and factual. Avoid
subjective or interpretive language.
— If multiple frames are provided,
indicate changes or continuity across
them.

Table 10. Mapping between our defined aspects and those defined
in VideoScore.

Our aspect VideoScore aspect
Aesthetics visual quality
Technical Quality visual quality
Appearance Style visual quality
Background Consistency  factual consistency
Object Integrity text-to-video alignment
Color visual quality
Dynamics Degree dynamic degree
Comprehensiveness text-to-video alignment
Spatial Relationship text-to-video alignment

Temporal Flow text-to-video alignment

- Output your description in a
structured JSON format.

Viewpoints and descriptions:
Viewpoint: {aspect}
Description: {description}

[User prompt]

Please generate descriptions based on
the evaluation viewpoints for the given
videos.

H.1. Prompt component mapping

Table 6 shows the correspondence between the evaluation
aspect and the dimension and description text pro-
vided to the evaluation system.

H.2. VideoScore

As described in Section 5.3, we use VideoScore-v1.1[11] as
one of our baseline evaluation systems. Because the aspects
we consider differ from those in VideoScore, we construct
a mapping between our aspects and those of VideoScore.
This mapping is summarized in Table 10.



I. Computational Resources

We used “Genkai,” a computational resource provided by
Kyushu University, for our experiments. Table 9 details the
computational resources we use.

J. Ethics statement

We outsourced data annotations to crowd workers on Ya-
hoo! Crowdsourcing. Before participation, we explained
the purpose of the task to all workers and obtained their
informed consent. We did not collect any personally iden-
tifiable information, and we paid workers at rates above the
legal minimum wage in the country where the platform op-
erates.

K. Limitations

The proposed SLVMEval benchmark benchmark utilizes a
synthetic dataset; thus, its distribution differs from the out-
puts expected from future T2LV models and may not cover
all failures that those models could produce. Therefore, ad-
ditional benchmarks are required to evaluate models under
more complex and realistic settings. Such benchmarks will
need to be developed in parallel with advancements in T2LV
generation models because their design will depend on an-
alyzing model failure patterns. Thus, we anticipate further
progress in this research area.

In addition, the settings of the degrading operations, e.g.,
the magnitude of the contrast changes and the fraction of
clips degraded, function as hyperparameters, and varying
these hyperparameters is expected to change the difficulty
of the benchmark. Currently, the benchmark is easy for hu-
mans to judge, which suits the evaluation goal considered in
the current study; however, creating variants with different
difficulty levels would enable broader analysis.
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