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The supplementary material provides comprehensive de-
tails to complement the main paper. Regarding the
Method, we elaborate on the Group Relative Policy Op-
timization (GRPO) objective and the implementation of the
Dynamic Query Sampling strategy, alongside formal defi-
nitions of the evaluation frameworks. Regarding Imple-
mentations, we provide detailed descriptions of the dataset
characteristics and prompt designs. Regarding Experi-
ments, we present the complete quantitative results from
the main paper, supplemented by qualitative case studies
and an extended discussion on evaluation robustness and
computational overhead.

Method

Reinforcement Learning

Group Relative Policy Optimization (GRPO) [7] is a rel-
atively advanced reinforcement learning algorithm. Given
an image captioning dataset D= {(x,y)}, where x denotes
images and y denotes captions, the GRPO objective can be
written as maximizing the expected reward:
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where 6 denotes the trainable parameters of the policy
model my. y; is the i-th response sampled from a group
of size G. The term y; , denotes the token at step ¢, and
Yi,<¢ represents the preceding tokens. A; .t s the advan-
tage estimate for the i-th response, calculated via group-

relative normalization (i.e., A; ; = 7; = %) where

r = {r;}&, is the reward vector over the group. ¢ is the
clipping hyperparameter, and 3 controls the weight of the
KL divergence penalty between the current policy my and
the reference policy 7rref.

Dynamic Query Sampling. Building upon the concept
introduced in the main paper, we implement the dynamic
query sampling strategy. This approach is designed to en-
hance training efficiency by prioritizing samples that pro-
vide the greatest informational gain. Specifically, we sam-
ple queries where the model’s rollout accuracy exhibits high
variance, as these are the queries most likely to yield non-
negligible gradients. This focused sampling allows the op-
timization process to concentrate on the most challenging
or informative instances. The set of dynamically sampled
queries, Q, is drawn from the candidate set Q. using a
Bernoulli trial [19]. The probability of a query q being se-
lected is governed by its normalized contribution &(q).

Q= {a€ Q|uq =1, uq ~ Bernoulli(é(q))},

where uq is the sampling indicator. The normalized contri-
bution ¢(q) = ¢(q)/ Yoo, ¢(0) € [0,1]. And the contri-
bution ¢(q) is initialized based on the query’s initial failure
rate and updated iteratively to reflect the instability of the
current policy:
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where m is the number of initial sampling, x is the input



Prompt for Captioning Model

Prompt for the Correctness Judge Model

Describe this image in details.

Figure 1. Prompt for captioning model. To ensure consistency,
this prompt is used by all captioning models during both training
and evaluation.

Prompt for the Completeness Judge Model

You are an Al assistant that answers multiple-choice questions only based on
an image caption.

You must carefully read the caption and select the most appropriate answer
from the given options (A, B, C, or D).

Your output must only contain one letter: A, B, C, or D.

Do not include explanations or extra text.

Example

Image Caption:

A group of students is sitting in a classroom, listening to a teacher who is
writing on the whiteboard.

Question:

What are the students most likely doing?

A. Eating lunch

B. Playing soccer

C. Attending a lesson

D. Taking a nap

Your Response:
Cc

Image Caption: {Caption}
Question: {Query}

Figure 2. Prompt for completeness judge model. The text high-
lighted in red denotes placeholders that are substituted with the
specific caption and query during implementation.

image, and I(-) is an indicator function that returns 1 when
the answer is correct, determined by the MLLM judge M ;.

At each epoch ¢, the contribution is updated by incor-
porating the variance of the rollout accuracy for that query,
promoting those queries where the model’s performance is
highly inconsistent:

(@) =c(q) M +
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where rq = {r,;}$, is the query reward vector over the
group, and A is a hyperparameter balancing the influence of
the variance term.

Evaluation Frameworks

Prism Framework [ 18] evaluates caption quality based on
the accuracy with which a judge model answers questions
derived from the generated caption. Captions that answer
more visual questions indicate that they cover more details
of the images. The calculation of the prism score is as fol-
lows:
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You are shown an image and a short subtitle.

Your task:

1. Split the subtitle into simple parts (objects, attributes, or actions).
2. Compare each part with the image.

3. Give one realism score (1-5).

Higher = more accurate, less hallucination.

Examples:

Image: a brown dog running on grass

Subtitle: "A white cat sitting on the floor"

— Score: 1

Subtitle: "a black dog running on grass"

— Score: 2

Subtitle: "A small brown dog on the grass"

— Score: 3

Subtitle: "A small brown dog ran freely across the grass."
— Score: 1

Subtitle: "a brown dog running on grass
— Score: 5

Now, for the next input, output only one number (1-5) as the score.
Subtitle: {Subtitle}

Figure 3. Prompt for correctness judge model. The text high-
lighted in red denotes a placeholder that is substituted with the
sub-caption query during implementation.

where D = {(x,q)} is a evaluation dataset, which x de-
notes a image and q denotes the relative visual question.
My is the captioning model and M ; is a frozen judge model
that answers g based on the generated caption Mpy(x).

Hallucinations Framework [10] splits the image caption
into atomic captions, then uses MLLMs to detect whether
these atomic captions contain hallucination. The calculation
of the hallucination score is as follows:

Shan (6 > My (My(x),%),
|D| xeD

where the judge model M ; give hallucination score be-
tween the generated caption My (x) and the image x.

CapArena Framework [4] establishes an arena-style eval-
uation platform comprising 600 pairwise caption battles,
with the outcome of each comparison determined by a
MLLM judge. The CapArena score is calculated as the
mean score obtained across the evaluation dataset D:

Sarena(e eref Z J MJ M07M9rer))
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where My denotes the candidate captioning model being
evaluated, and My, is a reference captioning model. The
MLLM judge, M ;, performs the pairwise comparison, and
the function J assigns the resulting score to the candidate
model Mpy: +1 (superior), 0 (equivalent), or —1 (inferior)
performance relative to My_,’s caption for the image x.

ref



Prompt for Multi MLLMs Production

Your task is to generate five new and challenging multiple-choice questions (with answers) about the object based

on the provided image.
**Important constraints:**

- The generated questions **must not duplicate or paraphrase** any existing questions in the provided QA list.
- You should analyze the provided QA array {QA}" and ensure that all new questions are **novel**, **non-
overlapping**, and explore **different aspects** or **details** of the image.

- Avoid repeating topics, phrasing, or answers from the existing QA.

- Focus on fine-grained or contextual details to make the questions challenging.

**Qutput format:**

You must output strictly valid JSON — a list of exactly 5 QA objects.

Each QA object must contain:
- "question": the question text

- "options": a dictionary with keys "A", "B", "C", "D" for the multiple-choice options

- "answer": the correct answer option (e.g., "D")
**Example format:**

"question": "Which method achieves the highest accuracy (Acc) on the FF++ (HQ) dataset?",

json

[

{
"options": {
"A": "Method 'a",
"B": "Method 'b"™,
"C": "Method 'c",
"D": "Ours"
3
"answer": "D"

12

**Qutput requirements:**
- Five Exactly and Challenging QA objects.

- Output must be valid JSON (no extra text, no explanations, no markdown).
- All questions and answers must be based on the provided image and must be new relative to the existing QA list.

Existing QA list: {QA}

Figure 4. Prompt for multi-MLLM production is utilized to generate the training set CCaption-44k, which is designed for comprehensive
coverage of the key image information. The text highlighted in red denotes a placeholder that is substituted with the specific Query list
during implementation.

Implementations

Evaluation Framework

Below, we provide a detailed introduction to the datasets.

Prism Framework [18, 22]. The primary datasets:

ChartQA [14]: A dataset focused on evaluating chart
comprehension that combines human-written questions
with machine-generated summaries. It rigorously tests
logical and linguistic understanding across various chart
types (e.g., bar, line, and pie charts).

CharXiv [21]: A challenging benchmark featuring real-

world scientific charts extracted from arXiv research pa-
pers. It is explicitly designed to test MLLMs’ ability to
interpret complex, domain-specific visualizations that re-
quire expert-level knowledge.

InfoVQA [15]: A visual question-answering dataset cen-
tered on infographics and document understanding. It
features high-resolution images with diverse textual and
visual elements, designed to test a model’s multimodal
capabilities for locating, reading, and reasoning.
MathVerse [25]: A holistic benchmark for visual math-
ematical reasoning (Verse) that covers multiple subjects



MLLM ChartQA  CharXiv InfoVQA  Verse MMB  MMMUPro OCR COCO  WM2Pro Ave.
[14] [21] [15] [25] [12] [24] [13] (3] [17]

LLaVa-V1.6-34B[11] | 52.60 26.33 34.46 27.45 71.61 33.33 34.95 37.08 32.67 38.94
Qwen2.5-VL-3B [1] 69.72 31.66 51.81 29.53 72.58 36.97 44.01 38.80 36.88 45.77
Qwen2.5-VL-72B [1] 76.00 35.74 59.40 33.16 78.03 46.26 46.93 46.80 40.05 51.37
CapRL-3B [22] 73.92 35.11 55.94 33.16 79.16 41.01 50.16 52.53 38.64 51.07
InternVL3.5-38b [16] 74.84 37.30 59.40 34.91 77.04 41.62 50.81 47.28 38.82 51.34
Qwen3-VL-8B [20] 76.16 36.05 53.92 34.65 80.97 43.43 48.22 54.39 40.29 52.01
Qwen3-VL-32B [20] 75.72 35.74 51.94 35.82 81.34 43.64 49.19 56.82 40.14 52.26
Qwen3-VL-2B [20] 71.00 31.66 51.78 33.23 79.44 4424 50.16 50.41 38.58 50.05
CCCaption-2B (Ours ) | 75.12 36.99 55.18 35.11 79.28 44.65 55.34 53.70 39.83 52.80

Table 1. Full results of the Prism evaluation [18] across different captioning models. Bold numbers indicate the best performance,
underlined numbers indicate the runner-up.

AI2D  ChartQA Hallusion MMB MME MMMU MMStar OCR  WM2Pro
MLLM Ave.
[9] [14] [6] [12] [2] [23] [3] [13] [17]

LLaVa-V1.6-34B[11] | 51.03 60.55 74.52 70.22 68.95 74.27 64.01 77.19 64.94 67.30
Qwen2.5-VL-3B [1] 48.71 61.73 74.76 68.96 65.81 75.77 63.46 78.09 72.66 67.77
Qwen2.5-VL-72B[1] | 50.95 64.96 75.03 69.82 65.85 78.97 65.08 77.69 75.12 69.27
CapRL-3B [22] 48.62 63.86 73.03 67.41 62.65 76.01 61.98 76.19 72.44 66.91
InternVL3.5-38b [16] | 50.86 64.11 75.93 71.10 68.15 78.42 65.32 82.72 75.12 70.19
Qwen3-VL-8B [20] 51.78 63.09 76.50 70.37 64.77 79.12 64.19 81.94 75.05 69.65
Qwen3-VL-32B [20] 52.38 66.82 75.45 69.20 64.38 79.03 64.37 82.35 74.87 69.87
Qwen3-VL-2B [20] 51.51 64.53 77.51 7091 66.78 78.85 64.83 82.32 74.45 70.19
CCCaption-2B (Ours) | 51.88 66.72 76.72 70.91 66.16 79.07 65.50 83.09 75.10 70.57

Table 2. Full results of the Hallucinations evaluation [10] across different captioning models. Bold numbers indicate the best performance,
underlined numbers indicate the runner-up.

such as plane geometry and functions. It employs a language descriptions into specific bounding boxes within

unique evaluation strategy by removing textual redun- an image, assessing spatial awareness.

dancy to assess the model’s ability strictly. * WeMath2.0-Pro [17]: A specialized dataset specifi-
e MMBench [12]: A comprehensive multimodal under- cally crafted for advanced visual mathematical reasoning

standing benchmark (MMB) that spans diverse task types, (WM2Pro). It upgrades previous iterations by focusing

including logical reasoning and coarse perception. It uti- on more challenging, multi-step mathematical problems

lizes a robust circular evaluation strategy (CircularEval) that require a deeper integration of algebraic logic.

to mitigate random guessing. Hallucinations Framework [5, 10]. We supplement the
* MMMUPro [24]: An advanced benchmark for expert- following datasets to detect hallucinations:

level interdisciplinary understanding, acting as a stricter
evolution of MMMU. It covers a wide range of profes-
sional subject areas and filters for questions that require
rigorous visual processing.

* OCRBench [13]: A dedicated benchmark for Optical
Character Recognition (OCR) that aggregates 29 diverse
datasets. It evaluates text recognition, document-based
Q&A, and key information extraction, providing a unified
score to assess a model’s text-centric visual perception.

* RefCOCO [8]: A foundational dataset designed to eval-
uate object localization and referring expression compre-
hension. It tests an MLLM’s ability to ground natural-

* AI2D [9]: A dataset comprising over 4,900 diagrams
from grade-school science textbooks. It is richly anno-
tated with varying semantic layers and linked questions,
requiring models to understand the interplay between tex-
tual labels and arrows.

 HallusionBench [6]: An advanced diagnostic benchmark
specifically curated to provoke and analyze model hallu-
cinations. It emphasizes visual illusions and nuanced im-
age consistency checks.

* MME [2]: A comprehensive evaluation suite covering 14
distinct subtasks of perception and cognition across mul-
timodal scenarios. It is particularly effective for halluci-



CCCaption-2B

...... he tower is adorned with red lanterns, which are
hung along the eaves and at the top, adding a festive
and vibrant touch to the scene. The base of the tower
/s a large, arched gateway, and the enfire structure is
set against a dark, night sky.

- **The Setting:** The tower is situated in an urban
environment, with modern vehicles visible in the
foreground. A silver car and a black car are parked or
moving along a road that runs in front of the tower. A
low, railing separates the road from the base of the
tower. The surrounding area is dark, with only the
tower and the vehicles being illuminated.

- **Text and Composition. ™ The image is overlaid with
large, golden Chinese characters on the left side. The
character "f<Z" (Chang'an), which means "Xian" or
"Xi'an," is written in a large, stylized font. To the right
of the character, smaller text reads "ZEW>H = —ZF
[EIZZE" (Ydo guan jin shi jing yT méng hui shéng
tang)......

Qwen3-VL-2B -
Nitpicking
#H, BE—KXTFPEEFEDHE Twnyemas

BB E— BRSO, RERNER
BB FEEARE, RITEMETLHE,

- “BREE: REBFOE—BBERN R,

REGHHBRENFE = (CREAER, ENEEERE
B CHE, Bl LETEHRSIHTIRZ, EEEE
RENRBE. BRIE—EHBETIECHITE, X
LT B EREFEGHTER. RENESE—TEX
B9 T, | TS mERE, SRERIRIE BT
;’;ﬁgﬂ B EnwnENREsTRE, EREE

- B O B EmRe, S1TA
BRGHE™e~ e E g TEIT A SR
Zmpoprs, Hallusion gee e rzgper o
E—RE BT — A EENNE, EBEEIENY
BN, BHEEERT 2L ETE, BB
LEGITH AL/ T EEE S

CapRL-3B

3. **Structure and Architecture: ™

- The tower has a green roof with multiple tiers,
typical of traditional Chinese architecture, specifically
the pagoda style. It features a large, circular base with
arches at the botfom, illuminated in gold, suggesting it
/s lit up at night.

4. **Text on the Image:**

- At the top left of the image, there are large Chinese
characters "<Z," clearly indicating the /ocati@ @*
Changan. ~

5. **Textual Elements: Hallusion

- The top right text reads "B SHT 8 —E LG E, "
which translates fo "Looking at the scene foday, a
dream returns to the Tang Dynasty." This suggests a
theme of revisiting or appreciating the historical
significance of the place.

Figure 5. A case for the caption OCR capability in CCCaption-2B, Qwen3-VL 2B, and CapRL-3B

nation detection due to its strict Yes/No question format.
* MMMU [23]: A massive multimodal understanding
benchmark that spans college-level tasks across disci-
plines like Art, Science, and Engineering. Its complexity
makes it a strong test for hallucination, as models must

generate precise.

* MMStar [3]: An elite, vision-indispensable benchmark
comprising six core capabilities. It uses a curated set of
samples in which visual information is strictly necessary
to answer the question.



CCCaption-2B

Qwen3-VL-2B

This is a detailed description of the image:

The image captures a dimly lit office workspace, likely at night,
with three computer monitors arranged in a triangle on a
wooden desk. The monitors are all displaying the same
software interface, which appears to be a data :L' ‘ement
or database application. The screens show a aric e .ata with
columns and rows, suggesting the user Forgetfulness
analyzing informaté"éMissing details).

)

The monitor~ ~-~ - =~ "~!" prand, as indicated by the logo
on the botto, Hallusion ; The central monitor shows a
form with a blue header and a white body, while the other
two screens display similar data tables. The workspace is
cluttered with various office supplies, including a plastic soda
bottle, a blue cap, a notepad, a pen, and a stapler. There is
also a small, white, rectangular object that could be a small
electronic device or a piece of paper.

The room's lighting is minimal, with the monitors being the
primary source of light. In the background, a potted plant is
visible, adding a touch of greenery to the otherwise dark
setting. The overall atmosphere is one of a dedicated, focused
work environment.

- **The Monitors:** There are three monitors arranged in a
triangular formation on the desk. The monitor on the left
displays a spreadsheet or a data table with numerous rows
and columns. The middle monitor shows a window with a blue
and white interface, possibly a software application or a form.
The monitor on the right displays a large text-based interface,
likely a log, a list, or a document with many lines of text. All
three monitors are branded with the "DELL" logo.

- **The Desk and Surroundings.:** The desk is made of wood
and is cluttered with various items. In the foreground, there is
a dark-colored soda bottle with a red cap, partially visible on
the left. Next to it is a small, white and green calendar or
notepad. The desk is also covered with papers, some of which
are folded or partially obscured. A blue, circular object,
possibly a lid or a small container, is visible on the right side of
the desk. A black stapler and a pen are also present. A black
keyboard is visible at the bottom of the frame.

- *Background and Lighting.** The background is dark, with a
blurred view of a plant in the upper left corner and a doorway
or window in the upper right. The lighting is low, with the
monitors being the primary source of light, casting a bright
glow on the desk and creating a contrast with the surrounding
darkness. The overall atmosphere is one of a busy, focused
work environment......

Qwen3-VL-32B

- **Papers and Documents.**

- Several printed documents are scattered across the desk.

- Some appear to be reports or forms with lines of text,
possibly corresponding to the data on the screens.

- A small stack of paper with a hole punch is near the center.
- *Office Supplies:**

- A “blue tape dispenser** (likely for adhesive tandj is on
the right side. -2

- A *pen** lies on the desk near the PR

- A *notepad or small notebook**wi 1. ,:lul;? (Ijzg:ni ds fo
on top is on the far right. caption truncation
- *Beverage.**

- A **plastic bottle of soda** (possibly Coca-Cola,
judging by the red cap and label design) is on the left

Figure 6. A case for the complex scene summarization capability in CCCaption-2B, Qwen3-VL 2B, and Qwen3-VL 32B

CapArena [4] constructs an “arena-style” evaluation plat-
form for granular assessment. It consists of 600 pairwise
caption battles in which model outputs are pitted against
each other, enabling a comparative analysis of caption qual-
ity, detail, and factual accuracy.

Prompts. We detail all MLLMs prompts employed within
our framework in Figures | through 4. These include the
prompts utilized for the captioning model, the completeness
judge model, the correctness judge model, and the multi-
MLLM production pipeline.

Experiments

Full Results. We provide the full evaluation results for
prism and hallucination assessment in Tables 1 and 2.
Overall, the CCCaption framework achieves state-of-the-
art (SOTA) performance across multiple critical evaluation
frameworks. On the prism evaluation, as shown in Ta-
ble I, CCCaption-2B improves upon CapRL 3B by 1.72
points (3.38%). Despite its smaller model size, CCCaption-
2B performs comparably to the much larger Qwen3-VL
32B, maintaining a slight lead of 0.54 points. Notably, the



model achieves a significant improvement on OCRBench,
scoring 55.34 and surpassing the second-place InternVL3.5
38B by 4.53 points (an 8.91% margin). Regarding hal-
lucination assessment, as detailed in Table 2, CCCaption-
2B demonstrates superior correctness, improving by 0.38
points (0.54%) over the base model Qwen3-VL 2B. In con-
trast, CapRL, which lacks an explicit correctness reward
mechanism, shows a significant increase in hallucination
compared to its base model, Qwen2.5-VL 3B, resulting in a
decrease of 0.86 points (1.27%). Furthermore, CCCaption-
2B exhibits higher correctness than Qwen3-VL 32B, with
an improvement of 0.70 points (1.00%).

Case Analysis. We provide further examples illustrating
the captions generated by our CCCaption-2B. As illustrated
in Figure 5, a qualitative case study focusing on the caption
OCR capability reveals that CCCaption-2B correctly tran-
scribes and interprets the complex, stylized text within the
image. In contrast, baseline models like Qwen3-VL 2B and
CapRL-3B suffer from specific errors, such as excessive nit-
picking and hallucination, respectively.

As illustrated in Figure 6, the assessment of com-
plex scene summarization reveals clear distinctions among
the models. CCCaption-2B provides a comprehensive,
structured description of the cluttered office environment,
whereas the baseline models, Qwen3-VL 2B and Qwen3-
VL 32B, exhibit significant errors, including hallucinations,
forgetting, and excessive nitpicking.

Further Discussion. To address potential concerns regard-
ing evaluation bias and preference overfitting inherent in
model-based judging, we validate our CCCaption frame-
work using a diverse set of metrics beyond the Qwen3-VL-
32B judge used in CapArena, including standard Hallucina-
tion Evaluation and Prism metrics, which confirm that per-
formance gains stem from genuine improvements in com-
pleteness and correctness rather than reward hacking.

Regarding the computational overhead of the reinforce-
ment learning pipeline, while calculating the correctness re-
ward via MLLM-based verification incurs additional cost
compared to standard SFT, our proposed Dynamic Query
Sampling strategy significantly enhances training efficiency
by prioritizing diverse and high-advantage queries, thereby
mitigating the overall training burden. Furthermore, to en-
sure the robustness of the correctness validator and min-
imize the risk of reinforced hallucinations from false-
positive rewards, we employ a decomposition strategy
that simplifies the verification task into atomic sub-caption
queries, making the process more tractable for the valida-
tor model; this is balanced by our dual-reward mechanism
where the correctness penalty naturally counteracts the po-
tential for excessive verbosity or repetition that might arise
from the completeness objective, resulting in captions that
are detailed yet factually grounded.
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