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Table 1. Q-Bench-Video evaluation (before/after) S2I tuning.
Metrics are SRCC and PLCC.

Model Tech.↑ Aes.↑ Temp.↑ AIGC↑
LLaVA-OV-7B (0.493/0.562) (0.641/0.553) (0.506/0.528) (0.443/0.487)
InternVL-7B (0.484/0.531) (0.527/0.550) (0.505/0.535) (0.531/0.537)

Table 2. Comparison on quality justification task with more meth-
ods, using LLaVA-OneVision.

Model CI↑ CU↑ DO↑ TU↑
LLaVA-OV-7B (Ours) 3.02 2.49 2.13 2.24

Q-Instruct 1.82 1.47 1.95 1.83
Depict-QA 1.74 1.55 2.04 1.24

Qwen2.5-VL-32B 3.12 2.28 2.10 2.15

1. More Experimental Results
1.1. More Results on Q-Bench-Video
We further evaluate on Q-Bench-Video (Tab.1), on which
the S2I-tuned model also shows a notable performance gain.

1.2. Comparison with More Methods
The core contribution of this paper is proving the efficacy of
automated scoring to scale up quality instructions. We add
more comparisons on quality justification and scoring tasks
(Tab.2 and Tab.3). The S2I-tuned models excel in the justi-
fication task. Although the scoring performance is inferior,
our paper focuses on a more challenging setting: Leverag-
ing massive in-the-wild videos to break the annotation bar-
rier, and output justifications spanning comprehensive di-
mensions. We’ll scale up the data and incorporate tailored
model designs to boost the performance in future work.

1.3. Compare S2I with Human-Annotated Instruc-
tion Dataset

We keep the same progressive training strategy in
Score2Instruct section by tuning on the Stage-2&3 dataset

Table 3. Comparison on quality scoring task with more methods,
using VideoLLaMA3.

Model Maxwell LSVQtest LSVQ1080p KoNViD-1k LIVE-VQC
VideoLLaMA3 (Ours) 0.801/0.761 0.793/0.788 0.705/0.714 0.749/0.695 0.763/0.742

Q-Align 0.780/0.782 0.883/0.882 0.797/0.830 0.865/0.877 0.847/0.832
Fast-VQA 0.720/0.728 0.876/0.877 0.779/0.814 0.859/0.855 0.823/0.844

PVQ 0.698/0.703 0.814/0.816 0.686/0.708 0.781/0.781 0.747/0.776

Table 4. Comparison with human-annotated dataset, using
LLaVA-OneVision.

Dataset CI↑ CU↑ DO↑ TU↑ Maxwell LIVE-VQC
S2I (Ours) 3.02 2.49 2.13 2.24 0.795/0.812 0.738/0.752

VQA2 2.45 2.30 1.96 2.05 0.746/0.723 0.720/0.716

Table 5. Comparison with sampling strategy, using LLaVA-
OneVision.

Sampling CI↑ CU↑ DO↑ TU↑ Maxwell LIVE-VQC
Uniform (Ours) 3.02 2.49 2.13 2.24 0.795/0.812 0.738/0.752

Slow-fast 3.05 2.66 2.25 2.37 0.802/0.813 0.795/0.808

proposed by VQA2 [3]. As in Tab.4, the results prove the
advantage of machine-annotated S2I beyond its cost effi-
ciency.

1.4. Ablation on Model Architecture
We uniform sample 16 frames for evaluation, as the model
architecture design is not our main focus. Yet, we add re-
sults using the slow-fast sampling strategy in FineVQ [1]
for tuning (Tab.5), better capturing temporal quality issues.

2. Novelty Clarification
We clarify our novelty below. Compared to FineVQ [1],
SIG 1) eliminates the need for expert scoring and propri-
etary APIs, 2) offers greater scalability via exploiting unla-
belled videos, and 3) covers more dimensions.

Compared to VQA2 [3], our main contributions lie not
in the training strategy but in SIG, S2I, and S2I-Bench, and
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we do not require separate models for the two tasks.

3. Details of the Score2Instruct
3.1. Descriptions of Quality Dimensions
In Automated Quality Dimension Scoring section, we enu-
merate a total of 14 quality dimensions to cover all the qual-
ity issues that might appear in the video. All the dimensions
are scored on a scale of 0-1. Here, we provide a detailed
definition of each dimension.
• Focus: The probability of the salient target in the video is

in focus and not looking Gaussian-blurred.
• Clarity of camera lens: The probability of no blemishes

or smudges on the camera lens.
• Exposure: The probability of no unrecognizable regions

of frames due to extremely low or high brightness.
• Noise: The probability of no random pixel-wise bright-

ness or color variation.
• Sharpness: The probability of not having clear textures.
• Compression artifacts: The probability of not having

block-like or moire-like artifacts introduced by compres-
sion algorithms.

• Motion blur: The probability of not having blurriness
that happens during and is caused by the motions of cam-
era or subjects in the video.

• Fluency: The probability of no missing frames during a
moving sequence.

• Flicker: The probability of no non-smooth variation be-
tween adjacent frames.

• Camera trajectory: The probability of the camera mov-
ing in a consistent temporal trajectory that aligns with the
scene.

• Contrast: The probability of having proper contrastive
lighting in the video.

• Content complexity: The probability of having a rich
diversity of textures.

• Content composition: The probability of having an or-
ganized and balanced composition of objects and scenes.

• Colorfulness: The probability of having vibrant and
pleasant color.

Each dimension is scored by an expert model in [6] plat-
form. Each expert model is trained on large-scale UGC
videos and verified in [6]. After scoring and mapping to
discrete text-defined levels, the quality dimension rating is
obtained by concatenating dimension definition and level.

3.2. Ablation on Quality Dimensions
We ablate distortion and aesthetic dimensions (Tab.6). The
distortion dimensions hold slightly greater importance.

3.3. Details of Expert Models
The architecture is based on ConvNeXt, and a model is
trained on an expert-labelled MOS dataset for each dimen-

Table 6. Ablation on quality dimensions, including distortion and
aesthetic dimensions.

Dimension CI↑ CU↑ DO↑ TU↑ Maxwell LIVE-VQC
Distortion only 2.96 2.49 2.12 2.17 0.743/0.752 0.706/0.688
Aesthetic only 2.80 2.44 2.07 2.19 0.733/0.727 0.686/0.674

sion for high accuracy.

3.4. Human Filtering in Video Source Collection
In Video Source Collection section, we leverage a
lightweight video quality assessor [4] to gain noisy qual-
ity labels. To filter out erroneous labels, we conduct a fil-
tering process as follows. The [4] is built on CLIP [8] by
fine-tuning a linear layer (linear probing) on IQA data. Due
to CLIP’s tendency to assign extreme aesthetic scores [10],
we review 2K videos with the highest and lowest aesthetic
scores, excluding those with inaccurate scores.

In all, the synthetic data aligns well with humans because
1) the scoring models and proposed CoT align well with
experts, 2) the discrete ratings follow the ITU standard. We
also force the LLM not to change the ratings by prompt
design (See Prompt Design in Progressive Tuning section)
to avoid bias propagation.

3.5. Details of QA generation
The diversity and correctness are secured by curated ques-
tion and answer sets for each dimension. We prompt the
LLM to generate 50 questions, from which we eliminate
repetitive and erroneous ones, resulting in 20 questions. The
answer set is transformed and rephrased from the five-tier
text ratings to minimise hallucination.

3.6. Subjectivity Discussion
We note that subjectivity in human annotation is unavoid-
able. Conversely, the scoring models offer better consis-
tency compared to humans, and we only use justifications
unanimously approved by all raters in S2I and S2I-Bench
to minimise potential subjectivity.

3.7. Prompt Design
In Hierarchical CoT Aggregation section, an open-source
LLM Vicuna-v1.5-7B [5] is employed to rephrase and sum-
marize the quality justifications. The prompts are as fol-
lows.

3.7.1. Rephrasing
#User: I will provide you with a text on video quality as-
sessment that reflects the reasoning process for evaluating
video quality. I need you to rephrase this text. Please note:
1. The rephrased result must maintain the same reasoning
process as the original text; 2. Do not rephrase the fol-
lowing words in the original text, including [catastrophic,



catastrophically, bad, badly, excellent, excellently, serious,
seriously, poor, poorly, obvious, obviously, fair, fairly, mod-
erate, moderately, good, well]; 3. Use diverse and natural
language. The text is: [Desc.]

3.7.2. Summarization
#User: You’re given a caption of the video and a text on
quality assessment that reflects the reasoning process for
evaluating video quality. Summarize the video caption and
the video quality assessment into one complete text written
by a quality critic. You may refer to the caption of the video
as though you are truly seeing this video, but please focus
solely on the quality-related content. When the caption of
the video conflicts with the given video quality assessment,
follow the video quality assessment. Use diverse and nat-
ural language. Do not change the following words in the
video quality assessment, including [catastrophic, catas-
trophically, bad, badly, excellent, excellently, serious, se-
riously, poor, poorly, obvious, obviously, fair, fairly, moder-
ate, moderately, good, well]. Do not include the word ’im-
age’ in the final output. Do not imagine and give irrelevant
or groundless responses regarding the given video quality
assessment. The caption of the video is: [Cap.], and the
video quality assessment is: [Desc.].

4. Prompt Design in Progressive Tuning
The prompt design of the tuning in Score2Instruct section
is as follows.

4.1. Stage I
#User: <img> Rate the <dimension> of the video.
#Assistant: The <definition> is <level>.

4.2. Stage II
There are two types of instructions in Stage II: quality jus-
tifications and question-answering pairs. We only need to
design prompts for quality justifications. For question, we
first prompt [5] to generate 50 candidate questions. Sub-
sequently, we manually eliminate ambiguous and repetitive
ones and correct inaccurate ones, creating a question set of
20 questions. Last, we apply these 20 questions to prompt
the models on 100 videos. By examining the models’ re-
sponses, we eliminate questions that yielded unsatisfactory
results across all models, ultimately refining the selection to
16 questions. The question pool is as follows:
• #User: Provide a brief overview of the video and examine

its quality, drawing conclusions from your analysis.
• #User: Summarize the video briefly and evaluate its qual-

ity features, determining its overall quality based on your
observations.

• #User: Give a brief description of the video, analyze and
evaluate its quality, and draw conclusions from your as-
sessment.

Table 7. Overall score and ranking using different judges, includ-
ing GPT (adopted), Qwen2.5-32B, and humans.

Judge LLaVA-OV LLaVA-Next InternVL Video-LLaVA LLaVA-Video VideoLLaMA3
Qwen 9.76/rank1 9.12/rank4 9.68/rank2 8.66/rank6 9.08/rank5 9.36/rank3
GPT 9.88/rank1 9.01/rank5 9.72/rank2 8.50/rank6 9.08/rank4 9.27/rank3

Human 9.45/rank1 9.08/rank5 9.38/rank2 8.82/rank6 9.15/rank4 9.30/rank3

• #User: Summarize the video briefly, explore its charac-
teristics, and provide feedback based on your review.

• #User: Offer a brief description of the video, closely ex-
amine its quality, and present an evaluation based on
your analysis.

• #User: Briefly describe the video, analyze its quality as-
pects, and assess it based on your findings.

• #User: Provide a brief overview of the video, investigate
its quality factors, and present an evaluation based on
your insights.

• #User: Briefly describe the video, conduct a thorough
examination of its quality, and rate it according to your
evaluation.

• #User: Provide a brief assessment of the video’s distor-
tion and visual attributes.

• #User: Offer a concise evaluation of the distortion and
visual features of the video.

• #User: Deliver a short critique of the video’s distortion
and visual characteristics.

• #User: Summarize the distortion and visual attributes of
the video in a brief manner.

• #User: Give a succinct review of the distortion and visual
aspects of the video.

• #User: Provide a short analysis of the video’s distortion
and visual attributes.

• #User: Offer a brief overview of the distortion and visual
elements present in the video.

• #User: Assess the video’s distortion and visual attributes
in a concise way.

During training, we randomly pick one question from the
question pool. Here, we omit the video token <img> for
readability, the video token is randomly appended to the
start or end of the question.

5. Details of the S2I-Bench
5.1. Open-sourced LLM as Judge
We provide overall scores using the open-source Qwen2.5-
32B as the judge. We also conduct a user study with 20
participants to measure the interpretability. The results are
similar to GPT (Tab.7), proving the metrics’ reliability.

5.2. Zero-shot Performances of Proprietary Models
We further test the zero-shot performances of three closed-
source in Tab.8, including GPT-4o [2], GPT-4o-mini [7],
and Gemini-1.5 Pro [9]. The closed-source models out-



The video generally exhibits poor sharpness and unnatural, though 
slightly over-exposure with a cool color cast. While mostly playback
contributes to stuck visuals, compression artifacts are noticeable, 
particularly impacting finer details like the person’s face and toys. 
Severe motion blur is present and obstructs observation of movement, 
and noise levels are high. A minor flickr is also present.

Overall, the focus of the lens is somewhat fair, but the clarity of lens 
is poor. The details of the human face are presented poorly, and the 
texture is very badly shown. The colors are not vibrant, and the 
composition is also not good. Also, the content as a whole is too 
monotonous and lacks richness. Therefore, the overall quality of this 
video is very poor.

Time

Figure 1. More visualized cases of S2I-Bench

Table 8. Evaluations of proprietary models on S2I-Bench.

Model CI↑ CU↑ DO↑ TU↑ Sum↑
GPT-4o 2.28 2.23 2.11 2.22 8.84

GPT-4o mini 2.11 2.08 2.09 1.97 8.25
Gemini 1.5 Pro 2.21 2.22 2.15 1.95 8.53

VideoLLaMA3-7B (baseline) 2.14 2.14 1.97 2.06 8.31
LLaVA-Video-7B (baseline) 2.05 2.08 2.06 1.98 8.17

perform the open-source baseline models in Tab.2 of the
manuscript. Still, the S2I-tuned models in Tab.2 of the
manuscript remain superior, showing the efficacy of our
method.

5.3. Human Checking in Benchmark Construction

In S2I-Bench section, we uniformly sample 400 video-
justification pairs from S2I. To ensure the benchmark’s reli-
ability, we conduct a thorough manual check as follows: A
total of 20 visual experts conduct thorough filtering and cor-
rection to minimise self-evaluation bias of S2I-Bench. The
experts examine 14 quality dimensions of all 400 videos,
completing missing dimension ratings, correcting wrong
quality ratings and inaccurate high-level content descrip-
tions. The human checking process is time-consuming, al-
though it is way better than writing ground-truth justifica-
tions from scratch. Therefore, we opt to scale up the S2I-
Bench in the future by checking more videos.

6. Evaluation Prompt Design

In Main Results section, six S2I-tuned video LMMs are
evaluated in quality scoring and justification tasks. The
evaluation prompts for the two tasks are as follows:

6.1. Quality Scoring

#User: Rate the overall quality of the video.
#Assistant: The overall quality of the video is

6.2. Quality Justification

#User: Briefly describe the video, analyze its quality as-
pects, and assess it based on your findings.
#Assistant:

6.3. GPT Prompts for VCG Scores
6.3.1. Correctness of Information
#System: You are an intelligent chatbot designed for evalu-
ating the factual accuracy of generative outputs for video-
based question-answer pairs. Your task is to compare the
predicted answer with the correct answer and determine if
they are factually consistent. Here’s how you can accom-
plish the task: ——##INSTRUCTIONS: - Focus on the fac-
tual consistency between the predicted answer and the cor-
rect answer. The predicted answer should not contain any
misinterpretations or misinformation. - The predicted an-
swer must be factually accurate and align with the video
content. - Consider synonyms or paraphrases as valid
matches. - Evaluate the factual accuracy of the prediction
compared to the answer.
#User: Please evaluate the following video-based question-
answer pair: Question: [question] f”Correct Answer: [an-
swer] Predicted Answer: [pred] Provide your evaluation
only as a factual accuracy score where the factual accuracy
score is an integer value between 0 and 5, with 5 indicat-
ing the highest level of factual consistency. Please gener-
ate the response in the form of a Python dictionary string
with keys ’score’, where its value is the factual accuracy
score in INTEGER, not STRING. DO NOT PROVIDE ANY
OTHER OUTPUT TEXT OR EXPLANATION. Only provide
the Python dictionary string. For example, your response
should look like this: ”score’: 4.8.

6.3.2. Detail Orientation
#System: You are an intelligent chatbot designed for evalu-
ating the detail orientation of generative outputs for video-
based question-answer pairs. Your task is to compare the
predicted answer with the correct answer and determine its
level of detail, considering both completeness and speci-
ficity. Here’s how you can accomplish the task: ——
##INSTRUCTIONS: - Check if the predicted answer covers
all major points from the video. The response should not
leave out any key aspects. - Evaluate whether the predicted
answer includes specific details rather than just generic
points. It should provide comprehensive information that is
tied to specific elements of the video. - Consider synonyms
or paraphrases as valid matches. - Provide a single evalu-
ation score that reflects the level of detail orientation of the
prediction, considering both completeness and specificity.
#User: Please evaluate the following video-based question-
answer pair: Question: [question] Correct Answer: [an-
swer] Predicted Answer: [pred] Provide your evaluation
only as a detail orientation score where the detail orienta-
tion score is an integer value between 0 and 5, with 5 indi-
cating the highest level of detail orientation. Please gener-
ate the response in the form of a Python dictionary string
with keys ’score’, where its value is the detail orientation
score in INTEGER, not STRING. DO NOT PROVIDE ANY



OTHER OUTPUT TEXT OR EXPLANATION. Only provide
the Python dictionary string. For example, your response
should look like this: ”score’: 4.8.

6.3.3. Contextual Understanding
#System: You are an intelligent chatbot designed for evalu-
ating the contextual understanding of generative outputs for
video-based question-answer pairs. Your task is to compare
the predicted answer with the correct answer and determine
if the generated response aligns with the overall context of
the video content. Here’s how you can accomplish the task:
—— ##INSTRUCTIONS: - Evaluate whether the predicted
answer aligns with the overall context of the video content.
It should not provide information that is out of context or
misaligned. - The predicted answer must capture the main
themes and sentiments of the video. - Consider synonyms
or paraphrases as valid matches. - Provide your evaluation
of the contextual understanding of the prediction compared
to the answer.
#User: Please evaluate the following video-based question-
answer pair: Question: [question] Correct Answer: [an-
swer] Predicted Answer: [pred] Provide your evaluation
only as a contextual understanding score where the con-
textual understanding score is an integer value between 0
and 5, with 5 indicating the highest level of contextual un-
derstanding. Please generate the response in the form of a
Python dictionary string with keys ’score’, where its value is
contextual understanding score in INTEGER, not STRING.
DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EX-
PLANATION. Only provide the Python dictionary string.
For example, your response should look like this: ”score’:
4.8.

6.3.4. Temporal Understanding
#System: You are an intelligent chatbot designed for evalu-
ating the temporal understanding of generative outputs for
video-based question-answer pairs. Your task is to compare
the predicted answer with the correct answer and determine
if they correctly reflect the temporal sequence of events in
the video content. Here’s how you can accomplish the task
—— ##INSTRUCTIONS: ” - Focus on the temporal consis-
tency between the predicted answer and the correct answer.
The predicted answer should correctly reflect the sequence
of events or details as they are presented in the video con-
tent. - Consider synonyms or paraphrases as valid matches,
but only if the temporal order is maintained. - Evaluate the
temporal accuracy of the prediction compared to the an-
swer.
#User: Please evaluate the following video-based question-
answer pair: Question: [question] Correct Answer: [an-
swer] Predicted Answer: [pred] Provide your evaluation
only as a temporal accuracy score where the temporal ac-
curacy score is an integer value between 0 and 5, with 5
indicating the highest level of temporal consistency. Please

generate the response in the form of a Python dictionary
string with keys ’score’, where its value is the temporal ac-
curacy score in INTEGER, not STRING. DO NOT PRO-
VIDE ANY OTHER OUTPUT TEXT OR EXPLANATION.
Only provide the Python dictionary string. For example,
your response should look like this: ”score’: 4.8.
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