
R4-CGQA: Retrieval-based Vision Language Models for Computer Graphics
Image Quality Assessment

1. Introduction

Our work provides an indicator for CG development, high-
lighting the key dimensions in the CG rendering process.
It also indicates that a general large visual language model
can effectively obtain knowledge from similar images, pro-
viding important evidence for developing AI vision. In Sec-
tion 2, we give the details about dataset dimension. In Sec-
tion 2.1, we introduce some prompts. In Section 3, we per-
form experiments on LlavaNext to show introducing bad (ir-
relevant) examples will decrease performance on CGQA. In
Section 4, we visualize some results of our system for com-
parison.

2. Dataset information

As shown in Table 1, we give an explanation of these di-
mensions. The table defines the six quality dimensions
we use throughout the paper to analyze and explain CG
image quality. The first group Lighting, Material, and
Color captures appearance- and photometry-level factors
(illumination adequacy, surface properties, tonal balance).
The second group Atmosphere, Realism, and Space cap-
tures scene- and perception-level factors (mood / aesthetics,
physical plausibility, spatial composition and depth). These
dimensions are complementary rather than mutually exclu-
sive: a single CG may be strong/weak on several axes simul-
taneously. We use the same vocabulary when (i) writing ref-
erence descriptions for retrieval, (ii) constructing prompts
for the VLM, and (iii) interpreting answers, which improves
consistency and interpretability of our evaluation.

As shown in Figure 1, The style distribution of a sam-
pled subset (n=300) shows that the dataset is dominated by
realistic images, with Modern Realistic (36.3%) and Me-
dieval Realistic (16.3%) being the two largest categories.
At the same time, the dataset also covers multiple stylized
genres, including Western Cartoon (12.3%), Realistic (Gen-
eral) (9.0%), Sci-Fi (7.3%), Fantasy (7.0%), and Japanese
Anime (5.7%), indicating good style diversity. The image
resolutions are highly diverse. As shown in the width-height
scatter plot, most samples are concentrated in the medium-
to-high resolution range, while a few images reach very
high resolutions, which increases the visual diversity of the

Table 1. Explanations of 6 key CG quality dimensions

Dimension Explanation

Lighting Primarily evaluates whether the lighting is appropriate
and soft, the presence of overexposure or dim illumi-
nation, the naturalness of shadow transitions, and the
clarity of the light source.

Material Focuses on whether the surface texture and material
details of objects are distinct and consistent with their
real properties, including structure, texture, glossi-
ness, and transparency.

Color Assesses the richness and subtlety of colors, the abil-
ity to create harmonious warm or cool tones, and
whether saturation and contrast levels are sufficient
and appropriate.

Atmosphere Concerns the overall mood and aesthetic impression
of the image, such as whether it conveys tranquility or
dynamism, warmth or coldness, dreaminess or real-
ism, mystery or clarity, and whether it evokes artistic
beauty or emotional impact.

Realism Evaluates the extent to which the image conforms to
physical and natural laws, the degree of photorealism,
and the viewer’s sense of presence, immersion, and
believability.

Space Examines background clarity and subject prominence,
as well as the naturalness of the transitions between
objects and background in terms of texture and ma-
terial blending, ensuring coherent composition and
depth hierarchy.

dataset. The score distribution is mainly concentrated on
scores 3 and 4, with 1162 and 1260 samples, respectively.
In comparison, very few samples are assigned score 0 or
1, suggesting that the dataset is dominated by medium- to
high-quality images while still retaining a certain amount of
low-quality cases.

2.1. Prompt suite overview

We employ a compact set of prompts to (i) generate ques-
tion–answer items from human-written CG quality descrip-
tions, (ii) test VLMs under retrieval-augmented condi-
tions, and (iii) score free-form answers automatically with
ChatGPT-4o. All prompts are aligned with the six quality
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Figure 1. More quantitative information of our dataset

dimensions (see Table 1), i.e., lighting, color, material, at-
mosphere, realism, and space, and enforce concise outputs
in JSON for deterministic parsing and reproducibility.

Generation prompts. We use ChatGPT-4o to synthesize
three types of items from a given description and its overall
score: (1) Choice generation creates multi-choice questions
with one correct answer and three plausible but conflicting
distractors (false candidates). (2) Yes-or-no gener-
ation produces balanced binary questions (roughly equal
“Yes”/“No”) and allows asking about potential issues not
explicitly mentioned (answered with “No” if uncertain). (3)
Q&A generation yields five concise open questions with
short answers. All outputs are lists in JSON only.

Test prompts. For evaluation, each query image is ac-
companied by a retrieval-selected reference description (our
dual-embedding module) and a task-specific instruction: (1)
Choice test requires returning a single letter (A–D). (2) Yes-
or-no test requires “Yes” or “No” only. (3) Q&A test asks
for a brief free-form answer. This setup probes the VLM
both on discrete decisions and short explanations while
keeping outputs machine-checkable.

Scoring prompt. An impartial ChatGPT-4o rater compares
a model answer with the ground truth and returns a single
integer in [1, 5] (5 = identical), enabling automatic, fine-
grained assessment without training or tuning the VLM.

2.2. Prompt for choice generation by ChatGPT-4o

Generate multiple question and answer pairs based on the
following description of an CG image’s quality, considering
aspects of light, color, material quality, atmospheric quality,
realism, spatial and overall quality. A overall quality score
will be given (1 is the worst, 5 is the best). The questions can
begin with ’What/Why/Where/How’. The answer should be
concise, containing only the essential information in min-
imal words. For each question, also produce three false
answers under the key ’false candidates’ that are plausible
but conflict with the description. Format everything as a list
in JSON. When you respond, please only output the JSON.
Description: < desc >
Score: < score >

2.3. Prompt for yes-or-no generation by ChatGPT-
4o

Generate multiple yes-or-no question and answer pairs
based on the following description of a CG’s quality, fo-
cusing on light, color, material quality, atmospheric qual-
ity, realism, spatial quality and overall quality. Besides, an
overall quality score will be given (1 is the worst, 5 is the
best). The answer should only contain ’Yes’ or ’No’, and
the number of ’Yes’ answers should be close to the number
of ’No’ answers. You may also ask questions about possible
quality issues not mentioned in the description, but answer
them with ’No’ if uncertain Organize everything as a list
in JSON. When you respond, please only output the JSON,
with no additional text:
Description: < desc >
Score: < score >

2.4. Prompt for Q&A generation by ChatGPT-4o

Generate 5 question and answer pairs based on the follow-
ing description of a CG image’s quality, considering as-
pects of light, color, material quality, atmospheric quality,
realism, spatial or overall quality. An overall quality score
will be given (1 is the worst, 5 is the best). The questions can
begin with ’What/Why/Where/How’. The answer should be
concise, containing only the essential information in min-
imal words. Organize everything as a list in JSON. When
you respond, please only output the JSON, with no addi-
tional text:
Description: < desc >
Score: < score >

2.5. Prompt for choice test

You will answer questions about the target image. A similar
reference CG image has the following quality description:
< example desc >
Now look at the CG image and answer:
< Question >
A. < ChoiceA >
B. < ChoiceB >
C. < ChoiceC >
D. < ChoiceD >
Respond with ONE letter (A–D) only.

2.6. Prompt for yes-or-no test

You will answer questions about the target image. A similar
reference CG image has the following quality description:
< example desc >
Now look at the CG image and answer:
Yes/No Question: < Question >
Respond with Yes or No.



2.7. Prompt for Q&A test
You will answer questions about the target CG image.
A similar reference example CG image has the following
quality description:
< example desc >
Now look at the CG image and answer:
Question: < Question >

2.8. Prompt for ChatGPT-4o scoring
You are an impartial evaluator for CG image
question-answering.
Given a question (which assumes the evaluator can see the
image),
the ground-truth answer (GT), and the model’s answer (A),
rate how close A is to GT
on a 1–5 integer scale: 5 = identical / paraphrase
4 = minor differences that do not change meaning
3 = partially correct; key details missing
2 = mostly wrong but weak relevance
1 = completely wrong or irrelevant
Reply with a single integer only.
Compare the following two CG image quality answers.
Reflect how well the MODEL description matches the
HUMAN description.
Output only a single score number between 1 (worst) and 5
(best).
HUMAN description:
< gt answer >
MODEL description:
< model answer >
Score:

3. Bad example decreases performance

As shown in Table 2, we compare five settings consis-
tent with our Bayesian retrieval view. Base denotes no re-
trieval, Bad example (an irrelevant example is forced, ef-
fectively picking an index with very low posterior), On
Choice questions, the full pipeline reaches 71.7%, out-
performing both single-view variants (70.4% quality-only,
69.9% content-only) and the Base model (70.0%), while
an irrelevant example hurts (69.1%). On Yes-or-no ques-
tions, the gains are larger: the full pipeline achieves 69.3%
vs. 68.0% (quality-only), 66.3% (content-only), and 64.1%
(Base); a bad example again degrades to 63.0%. These re-
sults support our design: (i) retrieval helps only when the
selected index has high posterior relevance (the “Bad ex-
ample” rows provide a counter-example); (ii) quality-aware
neighbors are especially informative for binary decisions
(quality-only > content-only by +1.7 points on Yes-or-no);
and (iii) fusing content and quality yields the most robust
improvements, consistent with the complementary likeli-
hoods assumed in our MAP formulation.

Table 2. Results on LlaveNext-8B; Bad example denotes we give
an irrelevant content as the example for VLM.

Setting
Bad

example
Base

Without
content

Without
quality

Full
pipeline

Choice 69.1% 70.0% 70.4% 69.9% 71.7%
Yes-or-no 63.0% 64.1% 68.0% 66.3% 69.3%

4. System visualization results
Qualitative comparison on four queries (Fig. 2 → Fig. 5).
Across all four cases, our retrieval-augmented pipeline (R4-
CGQA) produces answers that are (i) explicitly grounded in
the six quality dimensions (lighting, material, color, atmo-
sphere, realism, space), (ii) better calibrated—able to praise
or criticize with reasons, (iii) more concise yet actionable,
and (iv) supported by the retrieved neighbors (shown under
each panel) with their CLIP / REIQA similarities.

Case 1 (war-zone street). Original gives a generic dis-
claimer about “game screenshots,” offering little evidence.
R4-CGQA enumerates realism, detail, and overall aesthet-
ics, and concludes with a justified score; the retrieved sam-
ples depict similar street battle scenes, anchoring the judg-
ment.

Case 2 (toy bear in room). Both methods are posi-
tive, but R4-CGQA ties its conclusion to lighting, color har-
mony, facial expression, and playful atmosphere, producing
a clearer rationale; retrieved frames from similar scenes fur-
ther constrain the answer.

Case 3 (back-lit dragon). Original over-estimates the
quality (“high-quality CG”). R4-CGQA identifies concrete
defects—over-exposure, weak depth, lack of clarity—and
downgrades the decision, showing that retrieval helps the
model argue against quality when evidence is negative.

Case 4 (game character portrait). Original labels the
image as low quality with broad statements. R4-CGQA
yields a balanced “average” assessment with specific rea-
sons (hair density, leather texture, lighting transitions),
demonstrating finer granularity and dimension coverage; re-
trieved portraits with similar lighting support the critique.
Overall, these visualizations show that our Bayesian RAG
retrieval selects relevant exemplars that guide the VLM to-
ward dimension-aware, evidence-backed explanations and
more reliable final judgments.



Figure 2. The actual measurement of question-answering dialogues and retrieval effects on the system; the VLM is Llava-7B.



Figure 3. The actual measurement of question-answering dialogues and retrieval effects on the system; the VLM is Llava-7B.



Figure 4. The actual measurement of question-answering dialogues and retrieval effects on the system; the VLM is Qwen2.5-VL-7B.



Figure 5. The actual measurement of question-answering dialogues and retrieval effects on the system; the VLM is Llama 3.2-vision-11B.
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