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Abstract

While Large Vision-Language Models
(LVLMs) have demonstrated remarkable
proficiency in image captioning, existing
research primarily focuses on real-world
scenarios, leaving surreal, highly stylized, and
semantically hybrid virtual-world scenarios
significantly underexplored. In this work,
we introduce Game Character Captioning,
a novel task designed to evaluate LVLMs’
capability to perceive and describe game
character from the virtual-world. To facilitate
evaluation, we establish GC-Bench, a
manually annotated benchmark, and propose
Graph-F1 to effectively assess performance
on this task. Our evaluation reveals that: (1)
current state-of-the-art LVLMs, including
closed-source giants such as Gemini 3 Pro
and GPT-5.1, struggle to maintain the high
performance seen in real-world scenarios; and
(2) a notable gap exists between open-source
and closed-source models. To bridge this gap,
we construct GC-148K, a large-scale dataset
generated via a specialized data pipeline,
and develop the G-Cap series. Experiments
demonstrate that G-Cap series rivals the
performance of advanced closed-source
models at a lower cost, offering an efficient
solution for industrial-grade production
environment. The code will be released at
https://github.com/AZYoung233/G-Cap.

1 Introduction

Image captioning is a fundamental and critical task
that demonstrates the image understanding capabil-
ities of Large Vision-Language Models (LVLMs).
It has received extensive attention from researchers
over the past few years (Rohrbach et al., 2018;
Dong et al., 2024; Cheng et al., 2025; Yu, 2026).
Researchers have increasingly higher expectations
for the capabilities of LVLMs, specifically hoping
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1" @ : 4 person with long blonde hair stands outdoors on a light gray, pebbled surface, holding a

large open blue umbrella. The umbrella dominates the frame, showing dark ribs radiating from
the center and a wooden shaf with a glossy, rounded end. One hand grips the shaft near the
handle while the other arm rests across if at chest level.

They are wearing a bright pink zip-up hoodie with the hood down, front pockefs, and
drawstrings. Around the neck is a colorful scarf with green, purple, and brown patterns. The
outfit is completed with medium-blue jeans, and a small white tag or accessory hangs near the
Ieft hip. The vivid blue of the umbrella contrasts strongly with the pink hoodie, creating a bold,
colorful composition. The background is minimal, with mostly the ground visible and a hint of
structure along the top edge.

© : A chibi, feminine character with a cute, magical-maid style. Head (include face): the face
is blurred and ot visible; she has short, golden-blonde hair with soft flips at the ends, fopped
by a puffy pale-lavender maid cap crowned with a large, glossy purple bow: a small gold-and-
orange hair ornament sits over her left ear (image right). Right arm (image left): mostly
tucked back, but a glimpse shows a gold-toned bracer with pinkish enamel details and the edge.
of a pale glove. Left arm (image right): extended outward with fingers splayed, wearing a
matching gold bracer and a light bluish-white glove, giving a playful pose. Torso: largely hidden
by the blur, but af the waist there is a prominent heart-shaped gold plate with white enamel
that acts like a belt or armored accent: below it is a bright red pleated skirt with a deep-
violet ruffled hem, layered and slightly flared. Right leg (image left): partly concealed by the
skirt, clad in white patterned tights that have a soft floral motif, ending in a red shoe with
gold frim. Lef? leg (image right): stepping forward and slightly crossed, showing the same.
white floral tights and a red, glossy Mary Jane-style shoe with a gold strap and small bow
accent.

Figure 1: GPT-5.1’s caption performance in real-world
and virtual-world scenarios.

that LVLMSs can generate descriptions that are more
detailed and exhibit fewer hallucinations (Hua et al.,
2025; Xing et al., 2025; Li et al., 2025).

However, existing image captioning research
often focuses on scenarios involving images of
predominantly natural, daily real-world scenarios,
while research on surreal, highly stylized, and se-
mantically hybrid virtual-world, such as those in
games and anime, remains relatively scarce. In the
production environment of game companies, gener-
ating captions for game or anime characters holds
significant business value. By constructing corre-
sponding game image-text pairs, this capability can
be applied to a wide range of downstream tasks,
such as game content retrieval, game skin recom-
mendation, game skin design, and game content
review. Through a case study (as shown in Fig-
urel), we observed that the current state-of-the-art
(SOTA) LVLMs, such as GPT-5.1, performs well
in real-world scenarios image captioning; however,
its performance on the virtual-world scenarios fails
to replicate its success in real-world scenarios.

Motivated by these observations, this paper
aims to advance LVLM-based image captioning in
virtual-world scenarios by addressing two key ques-
tions: (1) How can we effectively evaluate the
performance of existing LVLMs on image cap-
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Figure 2: Model rankings on GC-Bench.

tioning for virtual-world scenarios? To address
this gap, we define the novel task of Game Char-
acter Captioning and construct GC-Bench, the
first benchmark dedicated to this domain. Based on
the evaluation results derived from this benchmark,
we identify the second critical question: (2) How
can we bridge the performance gap between cur-
rent open-source and closed-source LVLMs to
achieve industrial-grade usability?

To address the first question, we develop GC-
Bench, the first benchmark specifically designed
for the Game Character Captioning task, compris-
ing 186 diverse game character images accompa-
nied by meticulously human-annotated captions.
Unlike general image captioning, Game Character
Captioning demands a deeper understanding of hi-
erarchical clothing relationships, perception of
clothing colors and material, and a reservoir of
clothing knowledge. Given the high granularity of
dense image captioning, traditional NLG metrics
or standard VLM-as-a-Judge paradigms are insuffi-
cient for accurate assessment. Therefore, we pro-
pose Graph-F1, a subgraph matching-based evalu-
ation metric that effectively evaluates precision and
recall in generated captions. Figure 2 illustrates the
model rankings on GC-Bench, revealing a signifi-
cant performance disparity between current open-
source LVLMs and top-tier closed-source LVLMs.

To address the second question, we construct
a novel data synthesis pipeline. Specifically, We
first collected 78K raw images and utilized Gemini
2.5 Pro (Comanici et al., 2025) to generate initial
captions, from which we extract fine-grained gar-
ment components across five major body regions
(head, torso, arms, legs, and body accessories) by
Qwen3-235B-A22B-FP8 (Yang et al., 2025). Lever-
aging these garment components, we build a large-
scale Fashion Simulator. This simulator supports
the stochastic recombination of garment compo-
nents; we employ Qwen3-235B-A22B-FP8 to con-

vert these combinations into new captions, which
are subsequently rendered into new images via
Gemini 2.5 Flash Image (Nano Banana). By
consolidating these synthetic pairs (~70K) with the
original data, we establish the GC-148K dataset.
Based on this dataset, we fine-tune Qwen3-VL-
8B-Instruct and Qwen3-VL-32B-Instruct to obtain
G-Cap-8B and G-Cap-32B. Experimental results
demonstrate that G-Cap series achieve up to an
20.5% performance gain over their base models.
Notably, G-Cap-32B achieves performance parity
with Gemini 3 Pro on GC-Bench, validating its us-
ability in industrial-grade production environment.

2 Related Work

2.1 Large Vision-Language Model and Image
Captioning

Recent years have witnessed rapid progress in
LVLMs, which have achieved SOTA performance
across various multimodal benchmarks. Among
open-source models, the LLaVA and Qwen-VL
families represent the dominant architectures (Liu
et al., 2023, 2024; Li et al., 2024; Bai et al., 2023;
Wang et al., 2024; Bai et al., 2025b). These models
align visual features extracted by a vision encoder
with the hidden space of large language models via
a projection module, enabling effective multimodal
reasoning after large-scale multi-stage training.
Image captioning serves as a core task for eval-
uating visual understanding in LVLMs and has
evolved from generating short descriptions to pro-
ducing dense, fine-grained captions with reduced
hallucination (Rohrbach et al., 2018; Vivoli et al.,
2024; Dong et al., 2024; Cheng et al., 2025; Hua
et al., 2025; Xing et al., 2025; Li et al., 2025). How-
ever, existing studies predominantly focus on real-
world imagery, while captioning in virtual-world
scenarios remains underexplored. To address this
gap, we introduce Game Character Captioning,
a captioning task tailored to virtual-world scenar-
ios, and establish a benchmark to systematically
evaluate both open and closed source LVLMs.

2.2 Evaluation Metrics for Image Captioning

Due to the open-ended nature of image caption-
ing, establishing effective evaluation methods has
always been a research priority. Existing met-
rics generally fall into four categories. The first
three include NLG-based metrics (e.g., BLEU (Pa-
pineni et al., 2002), METEOR (Banerjee and Lavie,
2005), ROUGE (Lin, 2004), CIDEr (Vedantam
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et al., 2015)) (Karpathy and Fei-Fei, 2015; Onoe
et al., 2024), embedding-based semantic matching
(e.g., BERTScore (Zhang et al., 2019), CLIPScore
(Hessel et al., 2021)), and the VLM-as-a-judge
paradigm, covering both reference-based (Ge et al.,
2024; Lee et al., 2024) and reference-free (Bitton
et al., 2023; Lee et al., 2024) evaluations. The
fourth category relies on scene graphs, which is the
type most relevant to this paper.

For scene graph-based metrics, SPICE (Ander-
son et al., 2016) pioneered the use of parsed triplets
and WordNet (Miller, 1995) for semantic matching.
However, its reliance on rigid whole-triplet match-
ing limits granularity and robustness. To address
this, CAPTURE (Dong et al., 2024) decomposes
evaluation into objects, attributes, and relations, in-
troducing a multi-stage matching strategy (hard,
synonym, and soft matching (Devlin et al., 2019)).
Yet, CAPTURE matches attributes globally with-
out binding them to specific objects, potentially
leading to mismatches between attributes of dif-
ferent objects. Consequently, Zhang et al. (2025a)
improved this by hierarchically matching objects
first and then calculating attribute similarity con-
ditioned on the matched objects. However, their
method isolates relation evaluation by converting
it into a separate QA task, thereby neglecting the
structural context of the subgraph. In contrast, the
Graph-F1 proposed in this paper unifies relations
and attributes. By matching parent nodes via co-
sine similarity and assessing the corresponding sub-
graph relevance using a reranker model, Graph-F1
captures both the macroscopic local context and
fine-grained details.

3 Method

3.1 Problem Formulation

We introduce the Game Character Captioning task,
which specializes in the domain of virtual-world
scenarios. Unlike traditional image captioning that
focuses on real-world scenarios, Game Character
Captioning aims to generate fine-grained descrip-
tions for game characters from virtual-world. For-
mally, given a image I, € R¥>*W*3 containing
a game character, the objective is to generate a
caption C that accurately captures the character’s
visual attributes (e.g., appearance, clothing texture
and color) and stylistic features.

We formulate Game Character Captioning as a
conditional text generation task leveraging a LVLM.
Let M denote the LVLM. The model takes the

3% Realistic (47)
14%
25% Fantasy (38)
Chibi (37)
17%
Sci-Fi (32)
20% Chinese style (26)
20%
C Military (6)

(a) Major style distribution in GC-Bench.
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(b) Image resolution distribution in GC-Bench.

Figure 3: Dataset statistics of GC-Bench.

image I, and a task-specific prompt P (see Ap-
pendix C for details) as inputs. The generation
process can be formally expressed as:

C = M(I,,P) (1)

where C' = {y1,%2, ...,y } represents the gen-
erated sequence of caption tokens describing the
character in the image I,,.

3.2 GC-Bench

To evaluate the performance of different LVLMs
on Game Character Captioning, we developed GC-
Bench. This benchmark comprises 186 meticu-
lously manually annotated data samples. By uti-
lizing our proposed Graph-F1, we can effectively
evaluate the performance of various LVLMs.

3.2.1 Data Collection and Annotation Pipeline

Data Collection. To ensure a sufficiently broad
distribution of visual semantics, we curated an im-
age source covering a diverse array of gaming ti-
tles. These include 20 distinct games. For specific
game sources, please refer to Appendix A. Taking
into account style diversity and image resolution,
we ultimately selected 186 representative images.
The distributions of major artistic styles and im-
age resolutions are illustrated in Figure 3a and 3b,
respectively.

Annotation Pipeline. Unlike standard caption-
ing datasets, we adopt a generation-based veri-
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Step1: Initial Caption

Step2: Human Refinement
Draft with Knowledge Retrieval

Step3: Generative
Verification Loop

Step4: Finalization

Figure 4: The annotation pipeline of GC-Bench.

fication pipeline to produce structure-rich, high-
precision annotations (Figure 4). The pipeline con-
sists of four steps:

1. Initial Captioning: Initial captions are gener-
ated by GPT-5 with task-specific prompt P.

2. Human Refinement with Knowledge Re-
trieval: Annotators revise the captions to
improve accuracy and completeness. When
necessary, annotators consult Google Image
Search as an external reference to identify
precise terminology for accessories, garment
components, and character-specific details.

3. Generative Verification Loop: The refined
captions are used to reconstruct images with
Nano Banana. Annotators compare the gener-
ated images with the original inputs to iden-
tify missing details or inconsistencies, and
iteratively revise the captions (3—5 rounds per
image).

4. Finalization: After visual consistency is
achieved, global attributes such as camera
pose and artistic style are appended to form
the final annotations.

This pipeline yields high-quality captions with
an average length of approximately 290 words.
Qualitative examples are shown in Appendix Q.

3.2.2 Evaluation Metrics

Accurate evaluation of Game Character Caption-
ing requires precise assessment of fine-grained at-
tributes and hierarchical relations. However, ex-
isting scene graph metrics fail to capture holis-
tic structural semantics. SPICE (Anderson et al.,
2016) relies on rigid matching and lacks robustness,
while CAPTURE (Dong et al., 2024) suffers from
attribute—object misalignment. Although Zhang
et al. (2025a) improves attribute binding, isolating
relations through QA-style evaluation overlooks
the integrity of local subgraph context.

To address these limitations, we propose Graph-
F1, a metric that evaluates attributes and relations
jointly within coherent local subgraphs. As shown
in Figure 5, Graph-F1 adopts a two-stage soft
matching strategy: parent nodes are first aligned via
cosine similarity, followed by semantic consistency
evaluation over their associated subgraphs.

The detailed algorithm is described as follows:

Graph Construction. We transform the gener-
ated caption Cgen and the ground-truth caption Cy
into semantic graphs to explicitly represent their
structured content. Using GPT-5 as a structured
parser, we extract a set of triplets 7 = {(h,r,t)},
where h denotes a head entity, r a semantic rela-
tion, and ¢ either an object entity or an attribute
value (see Appendix D for details). These triplets
naturally define a directed graph, with h and ¢ as
nodes and r as a directed edge. Accordingly, we
obtain the corresponding semantic graphs for the
Coyen and the Cy, denoted as Ggen = (Veen, Egen)
and Ggt = (Vgi, £gt), Where V is the set of unique
entities and attribute values, and £ contains all di-
rected relations derived from 7.

Parent Nodes Matching. As the core of our met-
ric involves subgraph matching, we focus matching
specifically on parent nodes (i.e., entities with
outgoing edges), which serve as anchors for subse-
quent subgraph comparison. Let Ve, C V., and
Vir C Vgt denote the subsets of parent nodes in
the generated and ground truth graphs, respectively.
We employ the Qwen3-Embedding-0.6B (Zhang
et al., 2025b) to map each parent node v to a high-
dimensional vector h,. We then compute a sim-

. . D D R
ilarity matrix S € RYVsen X Vil based on cosine
similarity:
h,, - h,,
Sij ==, weV veV (2
() ||hu1H||hv]H, 1 gens Y] gt ( )

This matrix identifies the best-matched parent enti-
ties across the two graphs, establishing the founda-
tion for comparing their associated subgraphs.

Subgraph Comparison. To assess the fine-
grained semantic quality, we compare the local
information centered around each matched parent
node. Specifically, for a parent node h, we extract
its one-hop subgraph and generate a textual de-
scription by concatenating the list of all triplets
within this subgraph:

Desc(h) = @ “hrt” 3)

(hyrt)ETh
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Figure 5: The pipeline of our proposed Graph-F1 metric. It transforms captions into semantic graphs and computes

asymmetric precision and recall via subgraph matching.

We then utilize the Qwen3-Reranker-4B (Zhang
et al., 2025b) to compute a semantic relevance
score between these descriptions, selected for its
optimal balance between performance and infer-
ence cost. We apply an asymmetric verification
strategy:

¢ Precision (Hallucination Check): For each
generated parent node wu; € Vgen, we
retrieve its best-matched ground truth an-
chor vj» € Vgt (based on equation 2) .
We treat the generated subgraph description
Desc(ui, Ggen) as the query and the matched
ground truth Desc(v;+, Gy;) as the document.
The reranker R validates whether the gener-
ated local details are factually supported by
the ground truth, using a task-specific prompt
Pprec (see Appendix E):

R = R(Pprec; Desc(u;), Desc(vj+)) (4)

Recall (Coverage Check): Conversely, for
each ground truth parent node v; € Vgt, we
retrieve its best-matched generated anchor
Ujx € Vgen. Here, the ground truth descrip-
tion Desc(vj, Gg4¢) serves as the query and the
generated Desc(u;+, Ggen) as the document.
The reranker R assesses whether the ground
truth’s local information is sufficiently cov-
ered by the generation, using a task-specific
prompt P,... (see Appendix F):

R’ = R(Prec; Desc(v;), Desc(u;=))  (5)
Scoring. Based on the Parent Nodes Matching

and Subgraph Comparison, we calculate the final
scores. Precision is computed by matching each

generated node u; to its most similar ground truth
node v;- (where j* = argmax; S;;):

[Vien!

1
Precision = —5— Z (Si i .RfWC) (6)
[Vgen| i=1

Similarly, Recall is computed by matching each
ground truth node v; to its best generated match
u;+ (where ¢* = argmax; S;;):

1 Ve
Recall = —— 3 (si*j .R;.“) )
|Vgt‘ j=1

Finally, the Graph-F1 score is derived as the har-
monic mean of Precision and Recall:

2 - Precision - Recall
Graph-F1 = 8
rap Precision + Recall ®)

3.3 GC-148K

To bridge the performance gap between open-
source and closed-source models in game charac-
ter captioning, we introduce GC-148K. GC-148K
comprised two distinct subsets: the real-world
based GC-Real and the synthetically generated
GC-Syn. The pipeline is shown in the Figure 6.

GC-Real: High-Quality Real-World Data. GC-
Real forms the foundation of our dataset. We start
from approximately 100K web-crawled images and
apply a rigorous deduplication and anti-leakage
pipeline based on DINOv3 (Siméoni et al., 2025).
Using the dinov3-vitl16-pretrain-1vd1689m
as the encoder, we extract global visual representa-
tions f(z) for all images.

Specifically, we first perform anti-leakage by
computing the maximum cosine similarity be-
tween each candidate image and the GC-Bench
benchmark set Do Bench, discarding images with
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(a) 6C-Real Generation Pipeline

(b) 6C-Syn Generation Pipeline

Character Caption Construction & Image Generation

——— -

Figure 6: The overall pipeline of GC-148K.

Steak () > 0.87. We then conduct internal dedupli-
cation via a greedy strategy, removing redundant
samples whose pairwise similarity exceeds 0.94.
Both thresholds are determined based on empiri-
cal sampling studies, where we manually inspected
image pairs across different similarity ranges to bal-
ance strict leakage prevention with data retention.

After filtering, we retain 78K unique images.
Dense and detailed captions are generated using
Gemini 2.5 Pro, resulting in the final GC-Real
subset with approximately 78K high-quality image—
caption pairs.

GC-Syn: Synthesizing Data via Fashion Simu-
lator. Beyond enhancing dataset diversity, a pri-
mary motivation for constructing the second sub-
set, GC-Syn, is to address the limitation of current
LVLMs in accurately describing complex, multi-
layered clothing structures. By leveraging the
Fashion Simulator alongside the robust instruction-
following capabilities of the image generation
model Nano Banana, we generate high-quality
image-caption pairs that specifically feature intri-
cate clothing hierarchies. The pipeline follows a
"Deconstruct-Recombine-Generate" paradigm:

1. Garments Extraction: We utilized
Qwen3-235B-A22B-FP8 to parse the 78k cap-
tions from GC-Real into garment component
(for the prompt used to integrate the garment,
please refer to the Appendix H). We defined a
hierarchy with five major categories: Head,
Torso, Arms, Legs, and Body Accessories.
This extraction resulted in a massive garment
database containing 550k instance. Details
are provided in Appendix K.

2. Stochastic Recombination & Refinement:
Leveraging this decoupled attribute pool,
we implemented a stochastic strategy to
sample compatible components across cat-
egories (sampling rules can be found
in the appendix M). We then employed
Qwen3-235B-A22B-FP8 to assemble these

sampled parts into complete, coherent cap-
tions (for the prompt used to integrate the gar-
ment, please refer to the Appendix G). Cru-
cially, to ensure semantic consistency, we in-
troduced a refinement step where Qwen3 re-
views the generated captions to resolve any
logical conflicts between attributes or struc-
tural errors that may have occurred during the
initial assembly.

3. Generative Synthesis: The refined, structure-
rich captions are fed into Nano Banana to
synthesize high-fidelity images. To promote
visual diversity, we curate an art medium vo-
cabulary consisting of 103 art mediums (see
Appendix L), from which one medium is ran-
domly sampled and appended to each cap-
tion during generation. In addition, a binary
gender attribute (male or female) is randomly
sampled and explicitly specified in the cap-
tion. This design encourages stylistic and de-
mographic variation while preserving strict
adherence to complex structural descriptions,
particularly for fine-grained clothing layering.

Through this fashion simulation, we produced an
additional 70k samples. Overall, the complete GC-
148K dataset combines the realism of GC-Real
with the diverse, structurally complex variations of
GC-Syn, providing a robust foundation for training.

4 Experiments

4.1 Experiments Setting

We adopt Qwen3-VL-8B-Instruct and Qwen3-VL-
32B-Instruct (Bai et al., 2025a) as the backbone
model and perform supervised fine-tuning (SFT) on
the GC-148K dataset. Training is conducted with a
batch size of 128 and a learning rate of 1le—>5, with
a warmup ratio of 0.05. We fine-tune all model
parameters for 3 epochs using the AdamW opti-
mizer with a cosine learning rate schedule, where
the learning rate decays to a minimum value of
le—6. All experiments are conducted on NVIDIA
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Model

Avg Precision Avg Recall Avg Graph-F1 Avg Length

Closed-source Models

® GPT-5 mini 41.11 24.55 30.16 274
® GPT-5.1 40.54 26.64 31.43 514
& Gemini 2.5 Pro 43.53 25.38 31.56 209
& Gemini 3 Flash 44.46 25.27 31.74 211
{5 Gemini 3 Pro 44.71 25.78 32.21 208
Open-source Models
2 InternVL3.5-38B 37.68 16.15 21.99 172
Keye-VL-1.5-8B 41.05 18.84 25.16 289
% Qwen3-VL-30B-A3B-Instruct 38.84 19.17 25.18 201
% Qwen3-VL-8B-Instruct 42.28 19.43 26.09 139
GLM-4.5V-106B-A12B 42.89 21.18 27.74 177
%% Qwen3-VL-32B-Instruct 39.65 23.32 28.78 326
% Qwen3-VL-235B-A22B-Instruct 42.48 23.76 29.93 219
Ours
2 G-Cap-8B 43.13 25.33 31.45 227
A vs. Qwen3-VL-8B-Instruct +2.0% +30.4% +20.5% +63.3%
# G-Cap-32B 43.82 26.16 3231 224
A vs. Qwen3-VL-32B-Instruct +10.5% +12.2% +12.3% -31.3%

Table 1: Performance comparison on the GC-Bench. We highlight the performance gains of our G-Cap models over
their respective Qwen3-VL base models. All values are reported in percentages (%), except for length.

H20 GPUs, with training costs of approximately
256 GPU hours for the 8B model and 1,280 GPU
hours for the 32B model. The maximum sequence
length is set to 16,384 tokens, and data packing
is employed to improve training efficiency. For
details of the baseline, please refer to Appendix B.

4.2 Evaluation on GC-Bench

Table 1 reports the average Precision, Recall,
Graph-F1, and caption length over all samples in
GC-Bench. Among closed-source models, Gem-
ini 3 Pro achieves the highest average Graph-
F1, establishing a strong upper bound for game
character captioning. Notably, even the weakest
closed-source model, GPT-5 mini, still outperforms
all open-source baselines. Among open-source
models, Qwen3-VL-235B-A22B-Instruct performs
best, while InternVL3.5-38B ranks lowest across
all metrics. This clear stratification indicates that a
substantial gap remains between open- and closed-
source LVLMSs, which further widens for weaker
open-source systems.

Against this backdrop, our G-Cap models con-
sistently improve upon their corresponding Qwen3-
VL backbones. G-Cap-8B increases average Graph-
F1 by 20.5% with only a moderate increase in cap-
tion length, while G-Cap-32B surpasses Qwen3-
VL-32B-Instruct by 12.3% in Graph-F1 despite
producing shorter captions. These results demon-

strate that G-Cap enhances structural coverage
rather than relying on increased verbosity. Qualita-
tive case studies in the Appendix O further corrob-
orate these findings, particularly for fine-grained
attributes and complex clothing hierarchies.

4.3 Analysis

4.3.1 Analysis of Parent Nodes Matching and
Subgraph Comparison.

To gain deeper insight into model strengths and
weaknesses, Figure 16 (Appendix N) presents a
focused analysis that reveals a clear divergence be-
tween Parent Nodes Matching (max_sim) and Sub-
graph Matching (desc_sim). High max_sim scores
(> 0.89) indicate robust coarse-grained recognition
of major entities, such as clothing items and equip-
ment. In contrast, the substantially lower desc_sim
scores expose a critical limitation: although models
can reliably identify what is present, they struggle
to accurately describe how attributes and relations
are organized within local subgraphs, often result-
ing in hallucinated or incomplete details.

4.3.2 Verbosity vs. Substance: Analysis on
Information Density

To analyze the relationship between caption length

and semantic content, we introduce Information

Density. We first parse each generated caption into

a graph, and define density as Wuﬂ, where |V|
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Data Components ‘ G-Cap-8B

GC-Real GC-Syn ‘ Avg Precision Avg Recall Avg Graph-F1 ‘ Avg Precision Avg Recall Avg Graph-F1

X X 42.28 19.43
4 X 41.06 22.92
X 4 40.02 19.99
4 4 43.13 25.33

26.09
28.97
26.16
31.45

\ G-Cap-32B
39.65 23.32 28.78
42.64 25.23 31.23
40.28 20.58 26.73
43.82 26.16 3231

Table 2: Ablation study on the effects of GC-Real and GC-Syn data across different model scales.

and | F'| denote the numbers of nodes (objects/at-
tributes) and edges (relations), and L is the caption
word count. This metric measures how much dis-
tinct visual information is conveyed per word.

As shown in Figure 7, GPT-5.1 produces the
longest captions (>500 words) but exhibits the low-
est information density (0.49), suggesting substan-
tial verbosity with limited additional semantic con-
tent. In contrast, Qwen3-VL-8B-Instruct generates
much shorter captions (139 words) with relatively
high information density, but achieves lower F1
scores, indicating that excessive conciseness may
omit critical information. Notably, Gemini-family
models strike a strong balance between information
density, caption length, and overall quality. While
the G-Cap series attains competitive caption qual-
ity, it remains less efficient linguistically. Overall,
these results suggest that future image captioning
models should avoid pursuing length alone, and in-
stead aim to jointly maximize information density
and coverage, producing descriptions that are both
comprehensive and semantically concise.

4.3.3 Impact of Data Composition

We study the individual and joint effects of the
GC-Real and GC-Syn datasets, with results re-
ported in Table 2. Incorporating GC-Real yields a
clear performance gain over the baseline, demon-
strating that high-quality annotations distilled from
the teacher model (Gemini 2.5 Pro) effectively
transfer domain-specific knowledge to the student
model. By contrast, training solely on GC-Syn
leads to only marginal improvements. This is
mainly due to the domain gap between synthetic
images and real game screenshots. Since we apply
full-parameter fine-tuning, the model becomes sen-
sitive to the visual distribution of the training data.
Synthetic images generated by Nano Banana ex-
hibit distinct visual characteristics, causing models
trained exclusively on GC-Syn to generalize poorly
to real-world evaluations.

The best performance is achieved by combining
both datasets. Although GC-Syn suffers from dis-

Caption Length vs Information Densit
(Bubble size represe

y
nts Graph F1 Score - Larger = Better Quality)

*
.

ity (Graph Size / Caption

Caption Length (words) — Non-linear scale: 100-200 compressed, 200-230 expanded, >230 compressed

Figure 7: Analysis of Information Density versus
Caption Length. The y-axis measures Information
Density (semantic graph size divided by word count),
while the x-axis shows the average caption length. The
bubble size represents the overall Graph-F1 score.

tribution shift, it provides richer structural diversity,
including complex character compositions and hi-
erarchical clothing layers that are rare in real data.
These synthetic samples expand the model’s struc-
tural understanding and complement the realistic
visual textures of GC-Real, leading to a synergistic
performance improvement.

5 Conclusion

In this paper, we advance the study of image cap-
tioning in virtual-world scenarios by introducing
the Game Character Captioning task and a man-
ually annotated benchmark, GC-Bench. To ef-
fectively evaluate GC-Bench, we propose Graph-
F1, a subgraph matching-based evaluation met-
ric that captures fine-grained attributes and struc-
tural relations. We further construct the GC-148K
dataset and, based on the Qwen3-VL series, de-
velop G-Cap-8B and G-Cap-32B. Both models
achieve improvements of up to 20.5% over their
base counterparts, with G-Cap-32B performing
on par with Gemini 3 Pro, validating the usabil-
ity of our approach in industrial-grade production
environments.
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Limitations

Despite the strong performance of G-Cap, there are
two main limitations that warrant further investiga-
tion. First, the model exhibits limited knowledge
of specialized or niche fashion terms, occasionally
failing to recognize uncommon garments or pro-
duce precise domain-specific expressions. This lim-
itation could be mitigated in future work through
knowledge injection during mid-training or by
leveraging Agentic RL to enable tool-augmented
search for rare or complex items.

Second, G-Cap struggles to accurately describe
garments with unconventional cuts or patchwork
designs. Enhancing the diversity and quality of syn-
thetic training data, particularly for atypical cloth-
ing structures, may improve the model’s ability to
capture such variations.
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A Data Source of GC-Bench

To ensure a comprehensive evaluation of Game
Character Captioning, we constructed the GC-
Bench dataset by collecting images from a diverse
array of video games. The dataset includes content
from high-popularity titles across multiple genres,
including MOBA, FPS, and Open-World RPGs.
Specifically, we crawled public images from the
internet corresponding to 20 distinct games. The
complete list of source games is provided in Table 3.
In practice, character styles in contemporary games
can be subdivided into hundreds of fine-grained
art subgenres (e.g., specific schools, regional aes-
thetics, rendering conventions). A fully granular
taxonomy could easily exceed 300 subcategories.

However, adopting such fine-grained labels
would drastically reduce per-class sample sizes,
weaken statistical robustness, and make cross-style
comparison difficult. We therefore consolidate
overlapping and weakly bounded substyles into
six high-level, visually distinguishable categories,
balancing representativeness, reliability, and inter-
pretability.

Source Games

League of Legends Black Survival
KartRider CrossFire
Genshin Impact Game for Peace
Honor of Kings Destiny 2
Eternal Return Rogue Company
Wuthering Waves Paragon

Girls’ Frontline Cyberpunk 2077
Snowbreak: Containment Zone Assault Fire
Sword of Convallaria Monster Hunter
Zenless Zone Zero Uncharted

Table 3: List of source games used in GC-Bench. The
collection covers a wide spectrum of genres and artistic
styles.

B Baselines for Game Character
Captioning on GC-Bench

To evaluate Game Character Captioning, we bench-
mark a range of vision-language models on the
GC-Bench, including both closed-source and open-
source systems. For closed-source models, we in-
clude OpenAI’s GPT-5 mini and GPT-5.1, as well
as Google’s Gemini 2.5 Pro, Gemini 3 Flash, and
Gemini 3 Pro. Open-source baselines cover re-
cent large-scale models such as InternVL3.5-38B
(Wang et al., 2025), Keye-VL-1.5-8B (Team, 2025),
Qwen3-VL-Instruct variants (8B, 30B, 32B, 235B)
(Bai et al., 2025a), and GLM-4.5V-106B-A12B
(Team et al., 2025). All open-source models are
deployed using vLLM (Kwon et al., 2023), with
generation configurations set to the models’ official
default parameters.

C Task-Specific Prompt Template for
Game Character Captioning

The task-specific prompt for Game Character Cap-
tioning is shown in the Figure 8.

D Prompt For Game Character Captioning

You are an image caption writer. Your task is to describe the character in the image in a single,
clear, and detailed paragraph.

## Instructions:
*xDOA*

* Describe the character's gender and artistic style briefly.

* Describe the character from head to toe, focusing on the layers of clothing and materials.

* Break down the description into sections based on body parts (e.g., head, left arm, right arm,
torso, left leg, right leg).

* Pay special attention to the head, providing a detailed description.

* For symmetrical body parts, describe them individually (e.g., describe each wrist separately if
both have accessories).

* Be specific about colors, materials (e.g., metal, fabric, leather), and how the clothing layers
are arranged.

**DON'T:**
* Do not use overly technical or obscure words.

* Avoid long, complicated sentences.

* Do not invent details that are not visible in the image.

## Perspective Note:

The left side of the image is the character's right side, and vice-versa.

**Now, write a caption for the image I've provided.**

Figure 8: Task-Specific Prompt Template for Game
Character Captioning

D Prompt Template for Triples
Extraction

The Prompt Template for Triples Extraction is
shown in the Figure 9. Due to space limitations,
only a truncated version of the prompt is shown;
the complete prompt will be released with the code
after the review process.

E Prompt Template for Hallucination
Check

The prompt used to guide Qwen3-Reranker-4B for
the Precision (Hallucination Check) is illustrated
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in Figure 10. This prompt is designed to verify
whether the fine-grained details in a generated sub-
graph are factually supported by the corresponding
ground-truth subgraph.

D Prompt For Precision (Hallucination Check)

<|im_start|>system
You are a Logical Verifier. Your task is to determine if Sentence A (claim) is a strict
informational subset of Sentence B (facts).
### Core Principle: Zero Addition
Sentence A **must not** contain any information that is not explicitly in Sentence B.
### Judgment Rules:
You will judge as ***no (not supported)’** if **ANY** of these rules are broken:

1. **No Added Details**: A introduces any new attribute.
- B:'acar' -> A: "a **red** car" = **'no"**

> Prompt For Triplets Extraction

You are an expert system for extracting RDF-style triples from game character's caption. Convert
descriptive text into a structured list of triples [Subject, Predicate, Object] that strictly follow the
specification below.

1) Core Subject Hierarchy (dot-notation)

- Primary top-level entity: Character

- Conditional top-level entity: Environment (only for background/lighting/setting)

- Asymmetrical body namespaces

- Fine-grained subparts (extend as needed)

Important: "Left/Right side of the image” does not change anatomical left/right. Always use the
character’s anatomical sides (RightArm, LeftArm, etc.).

2) Standardized Predicates
- Identity & classification:
- isA (only for Character's fundamental identity: e.g., Male/Female)
- HasStyle (style keywords on Character or items: e.g., Chibi, Adventurer, Layered)
- IsTypeOf (categorize a subpart when applicable; e.g., Hairstyle type)
- Composition & parts:
- Has (for inherent physical parts; e.g., Character.Head Has Face; Robe Has Hem)
- Attributes (one attribute per triple;
- HasColor - HasMaterial
- HasShape - HasTexture
- HasSize - HasStyle
- HasDecoration - DisplaysState (visibility/pose/state: e.g., Bare, Sits Loosely, VisibleAtNeck)
- Wearing, equipment, actions:
- Wears (for clothing/headwear items: subject is Character)
- Equips (for gear/weapons; subject is Character)
- Spatial relations (critical):
- ReachesTo (boundaries/extent; subject is the part defining the edge, e.g., Robe.Hem)
- Covers / PartiallyCovers (occlusion; subject is the covering item)
- IsAttachedTo (physical attachment: subject is the attached item under Equipment or a subpart)
- IsNear (proximity: subject is the body part or item near another hierarchical target)

3) ( ies, Occlusion, At and Layering (Critical)
- Boundaries: the part that ends defines the relation.

- Example: ["Character.Torso.Robe.Hem", “ReachesTo", "Mid-Thigh"]
- Occlusion resulting from boundaries:

- Example: ["Character.Torso.Robe", “PartiallyCovers", “"Character RightLeg"]

- Use Covers when the target is fully wrapped/obscured (e.g., bandage wraps over forearm/wrist).
- Attachments:

- Use IsAttachedTo for physical securing: include multiple relations if attached by more than one
item.

- Example: ["Character.Equipment.Scabbard”, “IsAttachedTo", “Character.Torso.Belt"]
- Layering (clothing worn order):

- IsWornOver: use when one garment is worn on top of another.

- Example: ["Character.Torso.Robe", "IsWornOver", "Character.Torso.InnerShirt"]
- IsWornUnder: use when one garment is worn beneath another.
- Example: ["Character.Torso.InnerShirt", “IsWornUnder", “Character.Torso.Robe"]

- Note: Layering complements Wears: always keep Wears for each worn item.
- Prohibited objective-fact relations:

- Do not emit universally true anatomical "Has" facts that add no scene-specific information.
ibited examples:
["Character.Head.Face'

- ["Choracfer.Hzad"', “Has", "Character.Head.Face"]
- ['Character.Head', 'Has', 'Character.Head.Eyes']

4) Atomicity, Brevity, and Formatting
- One fact per triple; do not combine attributes.
- Objects must be short, atomic values, Title Case, and < 25 characters.

- Examples: “Dark Gray", "Warm Orange", “Below The Knee", "Sits Loosely"
- Do not repeat object values in the subject. Details belong only in the Object.
- Use singular item names (e.g., Boot, Short).

Output

- Return a JSON-like array of triples: [[Subject, Predicate, Object], [Subject, Predicate,
Object], ...]

- No extra commentary: one fact per triple; follow the above hierarchy and predicates.

2. **No Added Specificity**: A uses a more specific term than B.
- B: "a blue shirt" -> A: "a **dark blue** shirt" = ***no**
- B: "a metal box" -> A: "a **steel** box" = **"no’**

3. **No Contradictions*™*: Any part of A conflicts with B.
4. **No Missing Support™*: Any part of A is not mentioned in B.

You will judge as **'yes (supported) ** **only if** A perfectly passes all rules. Generalizations
are acceptable (e.g., B: "pistol” -> A: “gun).

**Output Requirements**:
Note that you can only output \"yes\" or \"no\".
<|im_end|>

Figure 10: Prompt template for the Precision (Halluci-
nation Check) in subgraph comparison.

F Prompt Template for Coverage Check

The prompt used for the Recall (Coverage Check)
is shown in Figure 11. This prompt evaluates
whether the local information present in a ground-
truth subgraph is sufficiently covered by the gener-
ated subgraph.

D Prompt For Recall (Coverage Check)

<|im_start|>system
You are an information coverage auditor. Your task is to determine whether the “submitted
content" (Sentence B) fully covers all information points in the "requirement list" (Sentence A,
ground truth).

**Core Rules™*:
1. **Coverage Requirement**: B must include all attributes and values from A (type, color,
material, shape, location, etc.). Equivalent expressions are allowed (e.g., "silver-white long
hair" * "long silver-white hair").
2. **Tolerance for Additional Information**: Even if B contains extra information not
declared in A, it does not affect the judgment (these redundant details are handled in
other evaluation steps).
3. **Conflict Rejection**: If B contradicts A in any attribute, it is judged as
"“incomplete/inconsistent."
4. **Non-informative Words Ignored**: Modal particles, stop words, and order differences
do not affect the judgment.

**Judgment Criteria**:
- **Yes (Full Coverage)**: B covers all information points in A (additional information is
allowed as long as there is no conflict).
- **No (Incomplete/Inconsistent)*: Any information point in A is missing in B, or a conflict
exists.

**Output Requirements™*:

Figure 9: Prompt Template for Triples Extraction

Note that you can only output \"yes\" or \"no\".
<|im_end|>

Figure 11: Prompt template for the Recall (Coverage
Check) in subgraph comparison.

G Prompt Template for Caption
Assembly

The prompt used to assemble sampled garment
components into a coherent caption is illustrated
in Figure 12. Due to space limitations, only a trun-
cated version of the prompt is shown; the complete
prompt will be released with the code after the
review process.
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> Prompt For Assemble Caption

/ou are an expert character description writer. Your task is o combine scattered clothing/appearance parts info a single, coherent,
detailed character caption.

## INPUT FORMAT
You will receive:
**Clothing Parts™: A JSON object containing selected clothing parts from different body zones:
- head: hair, face, eyes, head_accessories

- forso: base_layer (bodysuits, undershirts), mid_layer (shirts, main garments), outer_layer (jackets, robes, cloaks)

- arms: upper_arm, lower_arm, hands

- legs: legwear_layer, bottom.layer, waist_layer

accessories: fast, back, Hoatng, ohar, weapons_or. rops

Each clothing item provides: name, colors, materials, patterns, adornments, side (both/left/right).
Each accessory item provides: name, description, colors, materials, adornments

xx YOUR TASK

1. 7~Conbine all parts™ nto ONE flowing. natural charccter descripton copton
2. **Start with simple prefix**: Use art_medium + gende

3. **ENSURE LOGICAL CONSISTENCY** in clothing dcs:rvp'vcv\s

**YOU MUST STRICTLY FOLLOW THIS EXACT FORMAT STRUCTURE:*™

Head (including face): [hair description): [hair accessories if any]: [eye color]; [facial expression]. Torso: Layered garments——
[inner layer]: [mid layer]; [outer layer]; [waist items). Right arm (character's right, image left): [arm coverage from shoulder to
hand). Left arm (character's left, image right): [arm coverage from shoulder o hand]. Right leg (character's right, image left):
[leg coverage from thigh to foot). Left leg (character's left, image right): [leg coverage from thigh to foot].

**IMPORTANT: MIRROR IMAGE ORIENTATION**
The character faces the viewer, so left/right are MIRRORED:

- Character's RIGHT arm/leg appears on the LEFT side of the image

- Character's LEFT arm/leg appears on the RIGHT side of the image

Always clarify with format like "Right arm (character's right, image left):" to avoid confusion.

## OUTPUT FORMAT
Return a JSON object with exactly one field:

{
“assembled_caption": "<your complete character caption here>"

Output ONLY the JSON object, no extra text. The caption MUST follow the exact section structure shown in the example.

Figure 12: Prompt template for assembling garment
components into a structured caption.

H Prompt Template for Garment
Component Extraction

The prompt used to extract structured garment com-
ponents from captions is illustrated in Figure 13.
Due to space limitations, only a truncated version
of the prompt is shown; the complete prompt will
be released with the code after the review process.

3 Prompt For Extract Garment Components

You are an elite character outfit technical director helping a clothing simulation system.
Your task is to read one caption that describes a character skin and convert it into a layered outfit specification.
Follow these strict rules:

## HEAD ZONE (Important - extract in detail)
## TORSO ZONE (includes full-body garments)
## LEGS ZONE (with Left/Right handling)

## ARMS/HANDS ZONE (with Left/Right handling)
## BODY ACCESSORIES STRUCTURE

## CLOTHING ITEM STRUCTURE

## IMPORTANT RULES

## CRITICAL: OUTPUT FORMAT
You MUST output a valid JSON object (no markdown, no code blocks, just raw JSON).
Follow this exact structure:

IMPORTANT REMINDERS:
- Output ONLY the JSON object, no extra text before or after
- Use empty arrays [] for missing/absent items, not null
- Use empty string "* for missing string values, not null
- All clothing items in torso/arms/legs follow the same structure with: name, description, colors, materials,
patterns, adornmems render. _pr'mr‘lty side
- Body | ) follow: name, ion, colors, materials, adornments
~ The " description” ficld should ONLY contain special visual details NOT covered by colors/materials/patterns
- side field must be "both", "left", or "right"

Figure 13: Prompt template for extracting structured
garment components.

Metric Human Alignment
BERTScore 0.57
CAPTURE 0.59
GPT-5 Judge (with Ref) 0.60
Graph-F1 (Ours) 0.79

Table 4: Human alignment accuracy of Graph-F1 and
other metrics.

I Human Alignment Analysis on
GC-Bench

To validate the effectiveness of our metric, we con-
ducted a pairwise human preference study on 100
randomly sampled GC-Bench images, comparing
caption pairs generated by two randomly selected
models for each image. Human annotators selected
the superior caption based on accuracy and com-
pleteness. For comparison, we chose widely-used
automatic metrics that represent different evalua-
tion paradigms: BERTScore (Zhang et al., 2019)
as an embedding-based evaluation method, CAP-
TURE (Dong et al., 2024) as a graph-based cap-
tion evaluation method, and GPT-5 Judge (with
Ref) (Lee et al., 2024) as a LLM-based evalua-
tion method, where we followed the prompt de-
sign from the original paper but replaced their
evaluated model with GPT-5. We then calculated
the agreement rate between these metrics and hu-
man judgments. As shown in Table 4, Graph-F1
achieves the highest alignment with human judg-
ment, demonstrating its effectiveness.

J Evaluation complexity and cost of
Graph-F1

The main expense of Graph-F1 comes from LLM-
based triplet extraction. The cost of using GPT-5 is
approximately $0.075 per caption, which remains
acceptable at typical benchmark scales.

The embedding and reranking modules run
locally (Qwen3-Embedding-0.6B and Qwen3-
Reranker-4B), requiring about 10 GB GPU mem-
ory. This is well within the capacity of mainstream
consumer GPUs (e.g., RTX 3090/4090) and incurs
no additional API cost.

K Garment Component Statistics and
Examples

This section reports the statistics of the dedupli-
cated component library and provides representa-
tive examples for each category.
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K.1 Deduplicated component counts

Table 6 summarizes the number of deduplicated
components for each category in our library.

Arms-Hands

"name”:"light gray armored hand”, "description”:"left hand
covered in suit material with armored plating”,”
colors”:["light gray"], "materials”:["metallic armor”
"side":"left"

K.2 Representative examples (one per leaf Legs Components

category)

To avoid clutter while preserving the original struc-
ture, we show one representative entry per leaf
category using a JSON-like dictionary format.

Head Components

Head-Hair
"hairstyle”:"short”, "hair_color"”:["dark black”
Head-Face
"facial_features”:["fair skin”, "dark eyebrows”
Head-Eyes
"eye_color”:["dark" "eye_features”:["blindfolded” "

golden faceplate with cross”

Head-Face accessories

Legs—-Legwear layer
"name”: "thick brown rope-like anklet”, "description”:"with
large golden bell attached”,”colors”:["brown”, "gold"
"materials”:["rope-like"], "adornments"”:["large golden
bell”], "side":"left"”

Legs—Bottom layer
"name”:"pleated skirt with vertical orange stripes
description”:"long skirt with front panel featuring
large cloud-like pattern outlined in gold", "colors”
"white", "orange”, "gold"], "materials”:["fabric"],"
patterns”:["vertical orange stripes”,"cloud-like
pattern”],"side”: "both"

non

non

Legs—Waist layer
"name”: "web belt”, "description”:"thick, with central

silver buckle and multiple attachments”,"colors”:["
green”, "silver”] "materials”:["nylon webbing"” K "metal”
"adornments”: [ "small pouches”,"sheathed knife (

right hip)"],"side":"both”

"name”: "maroon fabric mask”

Head-Ear accessories
"name”: "small pink teardrop-shaped earring on left ear”

Head-Headwear
"name”:"tall gold headdress with swirling ribbon-like
accents”

Head-Other head
"name": "bone-like horn (left, tall curved spike)”

Torso—Base layer
"name": "cybernetic neck and shoulder plating”,"”description
":"interlocking black metallic plates visible above
collar, covering clavicle and right shoulder”, "colors
":["black"], "materials”:["metal”], "side":"both"

Torso—-Mid layer
"name” : "hanging panels”, "description”:"two long panels
over legs, open at center”, "colors":["light purple”
"patterns”:["dark purple geometric patterns at hem”
"side": "both"

non

Torso—Outer layer

Body Accessories

Body accessories—Feet
"name”: "black knee-high combat boots”,"description”:"laced
up with red shoelaces, reach knee height"”, "colors”
"black”,"red"], "materials”:["combat material”],”
adornments”:["red shoelaces”

Body accessories—Back
"name” : "mechanical wing apparatus”,"description”:"large
black and dark blue wings with small yellow lights
colors”:["black”, "dark blue”,"yellow"], "materials”
metal”, "plastic”], "adornments”:["yellow lights”

Body accessories—Floating
"name”:"glowing teal orbs”,K "description”:"two orbs affixed
to capelet, emit glow”,"colors”:["teal”], "materials”
"energy"”, "crystal”

Body accessories—Other
"name”: "patched leather canteen with green jade-like

fastener”,"description”: "hanging from belt”, "colors”
"brown”,"green"], "materials”:["leather"”, "jade-like
material”l,"adornments”: [ "patches”

Body accessories—Weapons/props
"name”:"dual scythe-like blade hands"”, "description”:"large
curved teal blades with purple scale patterns and
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"name”: "thick scarf”, "description”:"frayed edges, wrapped dark green tips”,“colors”:["teal”, "purple”, "dark
around neck”,”colors”:["maroon”, "white”, "light blue” green”], "materials”:["blade”], "adornments”: [ "curved
"materials”:["fabric”], "patterns”:["maroon, white tip”, "scale-like patterns”
and light blue pattern”l,"side":"both”
Arms Components
Arms-Upper arm . .
"name”:"flowing blue bell sleeve”,"description”:"wide L List of Art Mediums
flowing with gold hem, on left upper arm”, "colors":["
blue” "gold"1, "side":"left"
Arms-Lower arm To ensure the diversity of visual styles in our syn-
"name”:"dark brown leather bracer with gold metal plates” .
"description”:"covers forearm, matching on both arms” thesized dataset, we prompt the generation model
"colors"”:["dark brown" K "gold"], "materials”:["leather” : : :
"metal”] "adornments”: ["gold metal plates”]"side” " using a comprehensive vocabulary of art mediums.
both” Table 5 categorizes the collected medium tags into

five major stylistic domains.



Category

Art Medium Tags

Anime & 2D

anime, anime art style, anime style, anime-influenced, anime-inspired, anime-style, anime-style
drawing, anime-style illustration, anime/cartoon style, 2D animation, 2D anime style, 2D anime/pixel
art, 2D digital anime style, 2D digital illustration, 2D illustration, 2D flat illustration, 2D pixel art,
cel-shaded, cel-shaded anime style, cell-shaded, anime or cel-shaded, pixel art, pixel art or anime-style
sprite, chibi

3D & Game Art

3D cartoon, 3D cel-shaded, 3D digital sculpture, 3D game-art, 3D render, 3D sculpture, 3D wireframe,
3D wireframe model, 3D-model style, digital model, digital render, digital rendering, digital painting
with 3D rendering, low poly, composite render, stylized 3D render, anime-influenced 3D render,
anime-inspired 3D render

Realistic & Photo

photograph, photographic, photographic image, photorealistic, photorealistic digital composite, photo-
realistic digital rendering, photorealistic illustration, photorealistic render, realistic, realistic art style,
realistic drawing, realistic fantasy art, realistic illustration, realistic painting, realistic-style illustration,
realistically illustrated, realistically painted, realistically rendered illustration

Traditional & Sketch

sketch, sketched, digital sketch, colored sketch, line art, ink-and-watercolor, ink-wash, watercolor,
watercolor or ink-wash, ink wash painting, painting, painted, painterly, painterly illustration, painterly
render, painterly style, painterly-style illustration, painterly concept art illustration, painted miniature,
hand-drawn, colored pencil drawing, sketched colored-pencil, impressionist oil painting, ceramic
figurine, sculpture

Digital & Design

digital art, 2D digital art, digital anime art, digital cartoon, digital illustration, digital painting, concept
art, concept art illustration, fantasy art, fashion illustration, graphic art, illustration, illustrative art style,
illustrated, mixed-media, stylized, stylized illustration, comic book art, comic-book art, American

comic style, unspecified

Table 5: The art medium vocabulary used in our data synthesis pipeline.

Region Category Count
Head Hair 75,169
Face 57,009
Eyes 54,363
Headwear 26,589
Face accessories 13,268
Ear accessories 9,849
Other head 12,453
Torso Base layer 20,849
Mid layer 46,669
Outer layer 24211
Arms Upper arm 26,384
Lower arm 35,062
Hands 17,236
Legs Legwear layer 12,953
Bottom layer 27,913
Waist layer 32,322
Body Acc. Feet 28,388
Back 9,377
Floating 1,889
Other 19,966
‘Weapons/props 7,962
Total 559,880

Table 6: Counts of deduplicated components in the
collected library (by category).

M Sampling Pipeline for Garment
Components

This appendix details the garment component sam-
pling pipeline for constructing structured character
outfits. Garment components are independently
sampled across predefined body zones, following
probabilistic rules designed to reflect the semantic
characteristics of each zone.

Head (Hair, Face, Eyes, and Others). For the
head region, the sampler deterministically selects
one item from each of hair, face, and eyes, when
available. Others are drawn from four optional
sub-categories: headwear, face_accessories,
ear_accessories, and other_head. Each sub-
category is independently included with probability
0.5 if non-empty, and one item is sampled upon
inclusion.

Torso (Layered Clothing). The torso is mod-
eled as a three-layer clothing system. The sam-
pler attempts to select one item from each of the
following layers: base_layer, mid_layer, and
outer_layer, whenever the corresponding cate-
gory is available.

Arms. Arm garments are divided into
upper_arm, lower_arm, and hands. Each
layer is independently included with probability
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0.8 if non-empty, and one item is sampled from
each included layer.

Legs. The leg region consists of three candi-
date layers: legwear_layer, bottom_layer, and
waist_layer. The sampler selects either two lay-
ers (with probability 0.5) or all three layers (with
probability 0.5), and samples one item from each
selected layer.

Body Accessories. Body accessories are sampled
from feet, back, floating, and other. The feet
category is included with probability 0.8, while
the remaining accessory slots are included with
probability 0.3 when available. In addition, the
special category weapons_or_props is included
with probability 0.2 if non-empty.

N Decomposed Analysis of Parent Node
and Subgraph Matching

Figure 16 presents a decomposed evaluation of
Graph-F1 by separating parent node alignment
(max_sim) from subgraph-level semantic consis-
tency (desc_sim).

O Case Study

We present qualitative case studies comparing G-
Cap-32B with its base model, Qwen3-VL-32B-
Instruct, and a strong closed-source baseline,
Gemini 3 Pro, on the same examples.

P Additional Fine-Grained Analysis

We provide additional fine-grained analyses of GC-
Bench along two dimensions: major style and im-
age resolution, offering more detailed insights into
model performance.

P.1 Performance across Major Styles

We partition GC-Bench into six styles: Chibi, Real-
istic, Sci-Fi, Fantasy, Chinese Style, and Military.

As shown in Table 7, a consistent trend is ob-
served across both open- and closed-source models:
performance is generally higher on Chibi, Realistic,
and Military, while lower on Sci-Fi, Fantasy, and
Chinese Style. This suggests that current LVLMs
handle common, realistic visual distributions more
reliably, but struggle with heavily stylized or cul-
turally specific designs.

P.2 Performance across Image Resolutions

We further analyze model performance across dif-
ferent image resolution ranges. As shown in Ta-

ble 8, performance does not exhibit a strictly mono-
tonic trend with increasing resolution. Most mod-
els achieve competitive results at mid-resolution
ranges, while higher resolutions do not consistently
yield additional improvements.

These results indicate that resolution mainly re-
flects model sensitivity to perceptual scale, rather
than serving as a direct driver of performance gains.

Summary. Overall, these analyses reveal system-
atic performance variation across style and per-
ceptual conditions, demonstrating that GC-Bench
provides interpretable, dimension-level evaluation
of LVLM:s.

Q Qualitative Examples of GC-Bench
Captions

Figure 15 presents examples of GC-Bench.

R Reproducibility and Stability of
Graph-F1

We analyze the reproducibility and stability of the
proposed Graph-F1 metric, considering its reliance
on external parsers and rerankers.

Version-Controlled Parser. Graph-F1 uses GPT-
5 for triplet parsing. OpenAl models are re-
leased with explicit version identifiers (e.g., GPT-
5.1/5.2/5.3), and do not silently update a fixed ver-
sion. Fixing the model version ensures determinis-
tic and reproducible parsing.

Fixed Open-Source Rerankers. We adopt
Qwen3-Embedding-0.6B and Qwen3-Reranker-4B,
which are open-sourced with fixed weights and a
single public release. Any future updates would be
released as new versions rather than overwriting
existing checkpoints, preserving reproducibility.

Empirical Stability. We run the full evaluation
pipeline five times under identical settings. As
shown in Table 9, the maximum standard deviation
of Graph-F1 is 0.26, indicating minimal evaluation
variance.

Summary. These results demonstrate that Graph-
F1 is stable and reproducible in practice, with low
variance across repeated evaluations under fixed
configurations.

S Statistical Reliability Analysis

To assess statistical reliability, we perform 100,000
paired bootstrap resamples over all 186 samples
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Model Chibi  Realistic ~ Sci-Fi ~ Fantasy Chinese Military  Avg
Proportion 199%  253% 172%  20.4% 14.0% 3.2% -

GPT-5.1 39.38 31.86 26.28 28.99 28.25 35.85 3143
Gemini 3 Pro 39.24 33.88 27.48 29.23 27.04 42.35 32.21
Qwen3-VL-8B 31.24 28.37 20.20 24.26 23.16 32.08 26.09
Qwen3-VL-32B  34.15 30.39 23.25 25.19 27.57 34.97 28.78
G-Cap-8B 37.35 31.99 26.80 28.84 30.00 38.45 31.45
G-Cap-32B 36.62 33.49 27.72 29.73 31.07 42.65 32.31

Table 7: Performance across different style categories.

Model 38427687  7682-1280%  1280%-1792%  17922-2304> 23042-3840%  Avg

Proportion 10.8% 32.8% 33.9% 10.8% 11.8% -

GPT-5.1 31.95 33.27 29.64 29.84 3245 31.43

Gemini 3 Pro 34.61 33.90 29.76 31.36 33.17 3221

Qwen3-VL-8B 27.34 27.23 24.99 25.62 25.34 26.09

Qwen3-VL-32B 28.20 29.85 27.57 27.29 29.65 28.78

G-Cap-8B 31.78 34.05 29.03 28.82 33.25 31.45

G-Cap-32B 33.34 33.29 30.44 33.47 32.97 32.31

Table 8: Performance across different image resolution ranges.

Model Graph-F1 (£ std) Model A Model B 95% CI p-value
Qwen3-VL-8B 26.09 (£0.14) G-Cap-32B Gemini 3 Pro [-1.15, 1.32] 0.875
Qwen3-VL-32B 28.78 (£0.16) G-Cap-32B GPT-5.1 [-0.45,2.20] 0.195
GPT-5.1 31.43 (+0.20) G-Cap-32B Qwen3-VL-32B  [2.52,4.90] <0.0001
Gemini 3 Pro 32.21 (£0.21)
G-Cap-8B 31.45 (£0.26) Table 11: Paired bootstrap differences (A — B) with
G-Cap-32B 3231 (£0.17) 95% confidence intervals.

Table 9: Graph-F1 performance with standard deviation
over five runs.

Model Mean 95% CI

Qwen3-VL-32B  28.78 [27.13,30.10]
G-Cap-32B 32.31  [30.92, 33.72]
Gemini 3 Pro 32.21 [30.74, 33.71]
GPT-5.1 3143  [29.92, 32.96]

Table 10: Single-model Graph-F1 with 95% bootstrap
confidence intervals.

and report 95% confidence intervals (CI) for both
single-model performance and pairwise model dif-
ferences.

S.1 Single-Model Performance

Table 10 reports mean Graph-F1 scores along with
95% bootstrap confidence intervals. All models
exhibit relatively tight intervals, indicating stable
estimates on GC-Bench.

S.2 Paired Bootstrap Differences

We further compute paired bootstrap differences
using per-image Graph-F1 scores. Table 11 shows
confidence intervals and p-values for representative
comparisons.

Summary. The results show that G-Cap-32B
achieves statistically significant improvements over
Qwen3-VL-32B, while exhibiting overlapping con-
fidence intervals with GPT-5.1 and Gemini 3 Pro.
This indicates that the G-Cap series reaches com-
petitive performance with advanced closed-source
models.
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» Human : You are an image caption writer. Your task is fo describe the character in the image in a single, clear, and
detailed paragraph.
## Instructions:

. Now, write a caption for the image I've provided.

% Qwen3-VL-32B: The character has a large, round head with soft, golden-orange hair styled in a short bob with bangs. On top of her
head sits a large, puffy light blue bow made of shiny fabric, tied with a thick, glossy purple ribbon. A gold-colored hair accessory shaped
like a heart with an orange gem is clipped into her hair on the right side. Her eyes are large and expressive, with bright blue irises that
shimmer with hints of purple and pink, framed by long, dark eyelashes. Her cheeks are rosy, and her mouth is slightly open in a cheerful
expression. Her left arm is bent forward, with a white, fingerless glove covering her hand, which is pointing forward. The glove has a gold
band at the wrist. Her left forearm is covered by a brown, armored bracer with silver metal accents and ornate gold trim. Her right arm is
extended back, wearing a dark blue, fingerless glove with a gold, heart-shaped gem at the wrist. The right forearm also has a matching
brown armored bracer with silver and gold detailing. Her torso is covered by a red sleeveless dress with a white ruffled collar. Over the
dress, she wears a gold-colored vest with a large, faceted yellow gem at the center, and a golden, heart-shaped belt with a matching gem at
the buckle. The red skirt is short and flared, with ruffled layers and a dark blue or purple hem. Her left leg is slightly bent forward,
wearing a white, textured legging with subtle floral patterns. Her foot is in a red and gold shoe with a small heel, featuring a gold bow and a
purple ribbon. Her right leg is bent behind her, with a similar white legging and a matching red and gold shoe, also adorned with a gold bow
and purple ribbon.

% G-Cap-32B: This image features a female character drawn in a chibi anime style. Her head is large, with short, golden-blonde hair
sfiled in a bob. She has large, bright blue eyes, a small nose, and a gentle smile. Atop her head sits a large, puffy, light-blue bow, with a
smaller, shiny purple bow layered on top. On the right side of her hair is a gold, heart-shaped clip with an orange gem. Around her neck, she
wears a white, ruffled collar with a golden-yellow bow at the front. Her torso is dressed in a sleeveless red top with gold trim. Over her
midsection is a piece of gold armor with a heart-shaped cutout, which sits above a short, ruffled red skirt with a dark blue lining. Her right
arm is covered by a bronze-colored, engraved metal gauntlet that extends from her elbow to her wrist, and she wears a white glove. Her
left arm has a matching bronze gauntlet, and her hand is covered by a blue glove. On her right leg, she wears a white, thigh-high stocking
with a faint floral pattern, ending in a red shoe with a gold strap and a small gold star. Her left leg is identically dressed in a white stocking
and a red shoe with a gold strap and star.

G Gemini 3 Pro: This digital illustration depicts a female character in a cute, chibi style, resembling a mechanical doll. Her head
features short, golden-blonde hair styled in a bob with bangs sweeping across her forehead. She wears a white, ruffled maid bonnet
adorned with a large violet ribbon bow in the center and a gold-framed amber gem on her left side. Her oversized eyes are expressive,
displaying a sparkling gradient of blue and purple. Around her neck, she wears a white collar with a gold ascot tie, leading into a red bodice.
Her waist is accentuated by a gold structure holding a glowing yellow gem, which sits above a white, heart-shaped apron trimmed in gold.
This apron covers a pleated red skirt that reveals a layer of purple ruffles underneath. Her arms resemble doll parts with visible ball joints;
the character's right arm reaches forward, clad in a white glove with a gold cuff at the wrist, while her left arm extends backward,
displaying a mechanical elbow joint, a white glove, and a matching gold cuff. Her legs are covered in white stockings with subtle patterns,

kand she wears red shoes detailed with gold accents on her feet.

J

(a) Case study example #1.

-

' l p Human : You are an image caption writer. Your task is to describe the character in the image in a single, clear, and
: detailed paragraph.
v ## Instructions:
| |
! |
1

Now write a caption for the image I've provided.

4y Qwen3-VL-32B: The character has vibrant red hair styled in a high ponytail with a few loose strands framing her face, adorned with
a black hairband and a small red flower accessory. Her eyes are a striking purple, and she wears a confident, slightly smirking expression.
Her outfit is a form-fitting black bodysuit with a high collar and a deep V-neckline, featuring red trim and gold accents. Over the bodysuit,
she wears a short, open black coat with red lining and gold geometric patterns, which flares out at the sides. The coat has a high slit on the
left side, revealing her left thigh. A red ribbon with a blue bow is tied around her neck, and a gold chain hangs from her right hip, attached
to a small pouch. Her right arm is covered in a black armored gauntlet with glowing blue energy crackling around her fingers, while her left
arm has a similar gauntlet with purple energy accents. Both gauntlets have sharp, claw-like fingers. Her left wrist has a small black pouch
with a red strap. She wears black high-heeled sandals with crisscross straps. Her long red hair flows down her back in multiple thin,
ribbon-like strands.

'@‘ G-Cap-32B: This is a female character drawn in a futuristic anime style, blending traditional and cybernetic elements. Her head
features vibrant red hair styled in a high ponytail with long bangs framing her face and a single lock falling over her right shoulder. A black
hairpin with a red flower-shaped ornament is tucked into her hair, and a black headset is visible on her left ear. She has purple eyes and a
confident smile. Her torso is clad in a form-fitting, sleeveless black dress with a high collar, red trim, and a sheer panel over the chest. A
blue ribbon is tied at her neck, and a red sash with a gold clasp hangs down her front. Her right arm is a full cybernetic prosthetic made of
black and dark gray metal, with glowing blue and purple accents on the forearm; her right hand is raised, crackling with blue electricity.
Her left arm is mostly bare, with a black and red metallic piece covering her shoulder and bicep, and a gold chain with a decorative tassel
hangs from it. The dress has a high slit on her right side, exposing her right leg, which is bare. Her left leg is mostly covered by the dress,
which features a red and black diamond pattern on the side. On her feet, she wears black high-heeled shoes with thin straps that
crisscross over her feet.

G Gemini 3 Pro: This anime-style illustration features a female character with a striking, futuristic appearance. She has long,
voluminous red hair tied in a high ponytail with a black hairpiece, while long bangs frame her face and a small red flower ornament sits on
the left side of her head. Her eyes are a deep purple, and she has a small beauty mark under her right eye. She wears a form-fitting black
dress with a halter neckline and a translucent mesh panel running down the center of her chest. A blue decorative knot rests near her left
collarbone, and a long red ribbon hangs down her front. Her right arm is encased in a black, segmented mechanical gauntlet that emits blue
electrical sparks from the claw-like fingertips. Her left arm features a matching black gauntlet with glowing purple lines and sharp, red-
tipped fingers. Gold chains hang loosely from her waist. The dress has a high slit on the left side, revealing her leg, and the fabric features
a black exterior with a red, grid-patterned inner lining. She wears black high-heeled shoes with straps crossing over her feet. P

(b) Case study example #2.

Figure 14: Qualitative case studies comparing Qwen3-VL-32B-Instruct, G-Cap-32B, and Gemini 3 Pro on
identical inputs.
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Realistic

A realistic, American hip-hop street style female character. Head (including face): black hair with lime green highlights styled into four-braid pigtails; lime green strands hang
down on both sides; black eyes; serious expression. Torso: multi-layered clothing—innermost is a blue and black checkerboard pattern micro tube top with a green strap and
silver buckle at its lower edge: outer layer is a high-necked bolero-style jacket with a triangular cutout at the chest, a color-block design with the left half and collar in
iridescent lime green fabric, and the right side in navy blue leather; wearing silver and black over-ear headphones, a short silver necklace, and a long silver necklace dropping to
the chest; a black buckle strap secures asymmetrical iridescent lime green high-waisted pants, with black hanging straps with metal rings dangling from the front of the buckle
strap; a small plush bear charm hangs from the right side of the buckle strap with a metal chain. Right arm (image left): entirely covered by the jacket's navy blue sleeve, with a
blue and black checkerboard pattern on the forearm, and a tight cuff; hand bare, naturally open outward. Left arm (image right): entirely covered by the jacket's lime green
sleeve, with several navy blue patterns on the sleeve, and a tight cuff; wearing navy blue fingerless gloves, hand naturally open outward. Right leg (image left): entire leg covered
by loose pants, pant cuff tucked into a navy blue boot, with lime green sole and laces; Left leg (image right): high-waisted pants with an asymmetrical cut on the left leg, slightly
revealing navy blue leggings underneath; thigh bare, with black leg garter; wearing navy blue thigh-high socks with iridescent lime green piping at the top and a blue and black
checkerboard pattern below the cuff: wearing a navy blue boot, with lime green sole and laces.

A 2D anime, herbalist and Lolita style female character. Head (including face): chestnut hair, tied into a long braid hanging to the right; white ruffled small cap worn on top;
curtain bangs: brown eyes; smiling expression; Torso: Layered garments——inner: a high-neck, ruffled-collar, puff-sleeve white Chemise; at the neckline a white cord secures a
multi-layered neckpiece——a black bow tie with black ribbons hanging down, a silver gem at its center, and a white jabot attached below; outer: a teal-green Pinafore, slit on
the right to reveal the Chemise; the Pinafore hem has a band of dark-green stripes with yellow-white patterns, and the Chemise's puffed skirt peeks out beneath; At the
waist a corset is dark brown worn, with two leather belts slung diagonally on each side; on the right hangs a small pouch stuffed with herbs and white flowers, a small glass vial
of colored liquid, a faceted green medicine bottle, and a white silk scarf; on the left hangs a small pouch and a small bottle of blue liquid; The outermost layer is a black cloak
fastened at the shoulders with a gold clasp; Right arm: Bubble short sleeve covers the entire upper arm; forearm bare; hand wears a black over-wrist glove, with two straps
fastened at the wrist; elbow bent, hand raised to the chest, pinching a grass stem. Left arm: Bubble short sleeve covers the entire upper arm; forearm bare; hand wears a
black over-wrist glove, with two straps fastened at the wrist; elbow bent, hand raised to the chest, holding two grass stems. Right leg: Completely hidden by the skirt,

only a dark brown lace-up ankle boot visible (low heel). Left leg: Completely hidden by the skirt, only a dark brown lace-up ankle boot visible (low heel).

A chibi, Chinese traditional-style male character. Head (including face): Wearing a blue turban with silver edge decoration, adorned with a turquoise gemstone in the center and
white ribbons hanging on both sides; a hairpin with an orange tassel at its tip inserted through the left side of the turban; amber-colored eyes; mouth slightly open: thick beard
on the chin; serious expression. Torso: Multi-layered clothing - innermost layer is a gray undergarment; outermost layer is a white robe with blue edge decoration and wide
sleeves, with orange tassels and blue decorative hanging pieces on both sides; wearing a wide golden belt inlaid with round sapphires at the waist; has a front panel with blue
trim featuring a seven-star array pattern, with gold decoration at the bottom; character's left shoulder (right side of image) has a black and white yin-yang pauldron with gold
edging. Right arm (image's left): Wide sleeve cover the entire arm, revealing only the hand; the lower part of the sleeve has cloud patterns, with blue trim at the cuff; holding a
feather fan with a golden handle. Left arm (image's right): Wide sleeve cover the entire arm, revealing only the hand; the lower part of the sleeve has pattern, with blue trim at
the cuff; the hand are in a claw-like grip position. Right leg (image's left): Wearing white loose long pant with blue decoration at the hem:; a dark shoe is visible beneath the pant.
Left leg (image's right): Wearing white loose long pant with blue decoration at the hem; a dark shoe is visible beneath the pant.

A 2D anime, Sci-fi Mecha style female character. Head (including face): long, soft, layered silver-white hair falls to the shoulders; at the center of the bangs, there are three
black sigils in a row, glowing blue; a small dark gray hair ornament is at the back of the head: bangs go past her eyes, slanting down to the left, slightly covering her left eye; she
has yellow eyes and a serious expression. Torso: multi-layered clothing—the innermost layer is a white nano-material tight-fitting high-neck bodysuit, with a black collar and
neck ring, and a black chest piece; the outer layer is a deep V-neck black bodysuit starting only from below the chest, with blue crystal decorations along the V-neck's edge, and
yellow diamond patterns on the garment; a flowing energy-state cape is draped across the back, with yellow ribbons on both sides of the cape. Right arm (image left): the white
bodysuit sleeve covers the entire arm; a dark blue long glove extending to the upper arm is worn over it, with the glove opening folded back and inlaid with blue crystal blocks,
and blue glowing patterns on the forearm part of the glove; a large silver metal wrist guard is at the wrist; the hand part of the glove is dark blue on the outside and blue on the
inside; the hand hangs naturally. Left arm (image right): the white bodysuit sleeve covers the entire arm; a dark blue long glove extending to the upper arm is worn over it, with
the glove opening folded back and inlaid with blue crystal blocks, and blue glowing patterns on the forearm part of the glove: a large silver metal wrist guard is at the wrist; the
hand part of the glove is dark blue on the outside and blue on the inside; the hand hangs naturally. Right leg (image left): black semi-transparent pantyhose with pale seam lines
are exposed beneath the bodysuit, with blue-black plate armor installed at the base of the thigh: the stocking gradually fades to a purple tone towards the bare, stocking-
covered foot. Left leg (image right): black semi-transparent pantyhose with pale seam lines are exposed beneath the bodysuit, with blue-black plate armor installed at the base
of the thigh; the stocking gradually fades to a purple tone towards the bare, stocking-covered foot.

Chinese style

A realistic, Chinese New Year style female character. Head (including face): dark brown hair tied in twin buns, secured with red hair ornaments; wearing a red ox-head hat with
yellow fur trim, red ox horns with black patterns and gold trim at the base, red and black ox eyes with white fur trim, a yellow ox nose with a metal ring, and red tassels hanging
from gold-edged red spheres on both sides of the hat: the character has brown eyes; smiling expression. Torso: wearing a modified qipao-style short-sleeved crop top with a
mandarin collar, featuring red embossing, black and gold ornamentation on the chest, gold trim on the collar, and a wide white fur trim along the bottom edge: midriff exposed:;
wearing a red low-rise pleated mini-skirt with gold ornamentation, secured by a red fabric bow tie from which two golden bells hang. Right arm (character's right, image left):
upper arm covered by short sleeve with red and white embroidery, wide white fur trim sewn at the cuff, and a gold-edged red sphere with red tassels hanging from the cuff;
forearm bare; hand bare, bent and raised to chest, in a slightly gripping pose. Left arm (character's left, image right): upper arm covered by short sleeve, wide white fur trim
sewn at the cuff, with red tassels hanging from the cuff; forearm bare; hand bare, raised, fingers near chin. Right leg (character's right): white thigh-high stockings visible
beneath the mini-skirt, with a wide red border at the top featuring Chinese knot-style cutouts; wearing a black ankle boot with gold piping and a red pom-pom charm at the
opening, a white sole, and tiptoes. Left leg (character's left): white thigh-high stockings visible beneath the mini-skirt, with a wide red border at the top featuring Chinese
knot-style cutouts; wearing a black ankle boot with gold piping and a red pom-pom charm at the opening, a white sole.

Military

A 2D anime, war style male character. Head (include face): Wearing a military green helmet equipped with multi-lens night vision goggles; wearing a dark green metal face mask.
Torso: Inner layer is a black mock neck tight-fitting shirt; outer layer is an military green hooded jacket; black tactical shoulder straps on the upper body, with a radio
communication device and a diagonally placed dagger on the left chest: a wide black belt around the waist. Right arm (left side of the image): The entire arm is covered by the
Jjacket sleeve, with only the hand exposed; a small pouche is attached to the sleeve; wearing black fingerless glove, gripping the rifle handle near the trigger. Left arm (right
side of the image): The entire arm is covered by the jacket sleeve, with only the hand exposed; a small pouche is attached to the sleeve; wearing black fingerless glove,
supporting the rifle's stock. Right leg (left side of the image): Wearing military green pant with leg tucked into dark gray boot: a small pouch secured to the thigh with two leg
straps; wearing black knee pad. Left leg (right side of the image): Wearing military green pant with leg tucked into dark gray boot; Two leg straps wrapped around the thigh;
wearing black knee pad.
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Figure 15: Examples of GC-Bench.
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Figure 16: Decomposed evaluation results of Graph-F1. max_sim measures parent node matching similarity, while

desc_sim evaluates the semantic consistency of the associated subgraphs.
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