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Zooming into Comics: Region-Aware RL Improves Fine-Grained Comic Understand-
ing in Vision-Language Models
Yule Chen
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
Complex visual narratives, such as comics, present a significant challenge to Vision-
Language Models (VLMs). Despite excelling on natural images, VLMs often strug-
gle with stylized line art, onomatopoeia, and densely packed multi-panel layouts.
To address this gap, we introduce AI4VA-FG, the first fine-grained and com-
prehensive benchmark for VLM-based comic understanding. It spans tasks from
foundational recognition and detection to high-level character reasoning and narra-
tive construction, supported by dense annotations for characters, poses, and depth.
Beyond that, we evaluate state-of-the-art proprietary models, including GPT-4o
and Gemini-2.5, and open-source models such as Qwen2.5-VL, revealing substan-
tial performance deficits across core tasks of our benchmarks and underscoring that
comic understanding remains unsolved. To enhance VLMs’ capabilities in this do-
main, we systematically investigate post-training strategies, including supervised
fine-tuning on solutions (SFT-S), supervised fine-tuning on reasoning trajectories
(SFT-R), and reinforcement learning (RL). Beyond that, inspired by the emerging
“Thinking with Images” paradigm, we propose Region-Aware Reinforcement
Learning (RARL) for VLMs, which trains models to dynamically attend to rel-
evant regions through zoom-in operations. We observe that when applied to the
Qwen2.5-VL model, RL and RARL yield significant gains in low-level entity recogni-
tion and high-level storyline ordering, paving the way for more accurate and efficient
VLM applications in the comics domain.

Keywords: comics, machine learning, deep learning, large language models, multi-
modality, post-training, agentic reinforcement learning
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AI Artificial Intelligence
GRPO Group Relative Policy Optimization
IoU Intersection over Union
MLLM Multi-modal Large Language Models
LLM Large Language Models
OCR Optical Character Recognition
RL Reinforcement Learning
RLVR Reinforcement Learning with Verifiable Rewards
ViT Vision Transformer
VLM Vision Language Model
VQA Visual Question Answering
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Variables

τ response trajectory
m the number of zoom-in tool invocations
R total reward
Racc accuracy reward
Rformat format reward
Rtool tool-usage reward
Rtool-count tool-usage count reward
Rtool-acc tool-usage accuracy reward
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1
Introduction

1.1 Motivations
The integration of vision and language understanding is a central goal in artificial
intelligence research. Vision-Language Models (VLMs), trained to process and align
visual and textual information, have demonstrated remarkable success in tasks such
as image captioning, visual question answering, and cross-modal retrieval. However,
understanding complex visual narratives—such as comics—remains a less explored
and more challenging problem.

The long-term objective of this research direction is to enable creative generation
within the comic domain, particularly comic storytelling at the chapter level, thereby
supporting applications such as accessible storytelling for visually-impaired readers.
Nevertheless, our preliminary experiments with state-of-the-art VLMs for page-level
caption generation (see Appendix A.3) reveal several fundamental limitations: (1)
Generated descriptions frequently lack fine-grained details and occasionally intro-
duce factual inconsistencies (e.g. conflating distinct characters across panels) (2)
All tested models exhibit difficulty in capturing inter-panel dependencies, resulting
in narratives that fail to preserve the temporal coherence characteristic of comics.
(3) Robust evaluation methodologies for comic generation remain absent; existing
practices [4], which rely on stronger VLMs as automatic evaluators, are problem-
atic in this setting, as these models themselves exhibit poor comic comprehension,
leading to biased or unreliable quality assessments.

Motivated by these challenges, we direct our efforts toward the foundational problem
of comic understanding. Accordingly, this thesis introduces a benchmark specifically
designed to evaluate and advance VLMs’ capacity to understand comics, especially
to comprehend the distinctive narrative structures of comics.

1.2 Goals
The main goals of this thesis are summarized as follows:

• Develop AI4VA-FG, a fine-grained benchmark for comic understanding with
vision-language models, covering both low-level recognition and high-level rea-
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1. Introduction

soning tasks with dense annotations for characters, poses, depth, and more.

• Benchmark state-of-the-art vision-language models on AI4VA-FG to evaluate
their performance and identify common failure cases.

• Assess the effectiveness of post-training methods, including supervised finetun-
ing (SFT) and reinforcement learning (RL), to improve model performance on
comic understanding tasks.

• Design and implement Region-Aware Reinforcement Learning (Region-
Aware RL), a framework inspired by the “thinking-with-image” approach
of OpenAI o3, which learns where and when to zoom for enhanced visual
reasoning in comics.

1.3 Limitations / Demarcations
This research was carried out within a limited timeframe (March to July 2025),
which constrained the breadth of experiments. Some design choices—such as model
selection and parameter tuning—were made under tight deadlines, restricting the ex-
tent of iterative testing and optimization. Furthermore, with the rapid advancement
of VLMs and the emergence of more efficient RL algorithms and higher-performing
models on leaderboards, this study focuses on evaluating a representative subset of
widely used models available during the research period.

1.4 Paper Structure
The remainder of this paper is organized as follows:

• Chapter 2 provides background on MLLMs, including an overview of cur-
rent progress in MLLM architecture design and post-training techniques, the
domain of comics, and the use of Vision-Language Models (VLMs) for comic
understanding.

• Chapter 3 introduces AI4VA-FG, our newly proposed fine-grained bench-
mark for comic understanding, and presents evaluation results of state-of-the-
art VLMs on this benchmark.

• Chapter 4 details the methodology used to enhance VLM performance on
AI4VA-FG, including SFT, RL, and our proposed Region-Aware Reinforce-
ment Learning (Region-Aware RL) framework.

• Chapter 5 presents the experimental results, along with in-depth analysis
and discussions of model performance and common failure modes.

• Chapter 6 concludes the thesis and outlines possible directions for future
research.
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2
Background

2.1 Multimodal Large Language Models (MLLMs)

The rise of large language models (LLMs) has transformed artificial intelligence,
showcasing strong capabilities in understanding and generating human-like text
through transformer-based architectures [5] trained on massive corpora. However,
their text-only design limits their ability to interact with the inherently multimodal
nature of the real world. Despite this, the success of LLMs in textual tasks pro-
vides a strong foundation for extending these architectures to handle diverse data
modalities.

Vision-Language Models (VLMs) are a key subclass of Multimodal Large Language
Models (MLLMs), designed to jointly process visual and textual inputs and generate
primarily textual outputs. Their goal is to bridge the semantic gap between visions
(images or videos) and language, enabling AI to understand the world through both
modalities. The progress of VLMs has been driven by the availability of large-scale
image-text datasets and the success of transformer-based architectures in vision and
text tasks.

VLMs are meticulously designed to learn a shared, rich representation space where
visual and textual information can be mutually understood and related, facilitating
a wide array of cross-modal tasks. Representative early examples include CLIP[6],
Flamingo [7], BLIP [8], and LLaVA [9], each with varying degrees and methodologies
of visual and textual integration.

3



2. Background

Figure 2.1: Example of state-of-the-art VLM architecture. The Qwen2.5-VL ar-
chitecture presents the integration of a vision encoder and a language model decoder
to process multimodal inputs [1].

2.1.1 Applications of VLMs
VLMs have transformed various domains by enabling systems to jointly process
and reason over visual and textual information. Representative basic applications
include:

• Image Captioning: Generating descriptive natural language for a given im-
age. VLMs translate visual content into coherent, semantically meaningful
text. Applications include assistance for visually impaired individuals, auto-
mated content indexing, and report generation.

• Visual Question Answering (VQA): Answering natural language ques-
tions based on image content. This requires both visual understanding and
reasoning. For instance, given a comic panel and the question “What is the
main character doing?”, the model must identify the character and determine
its action.

• Visual Grounding: Identifying specific objects or regions (e.g. panels, char-
acters) in an image based on a textual reference. This ability is crucial for
tasks such as object detection, visual dialogue, and human-robot interaction.

• Visual Reasoning: Performing logical or relational inferences over visual
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2. Background

inputs, often guided by textual prompts. Examples include spatial reasoning
tasks like determining whether “the second panel in the bottom row has 2
characters”, which require compositional understanding of the scene.

Building on these core capabilities, VLMs show strong potential for understanding
complex multimodal content such as comics—an area that has not yet been ex-
tensively explored—enabling them to reason about and even generate captions for
comic pages.

2.1.2 Model Selection
Our evaluation suite encompasses both proprietary and open-source MLLMs that
represent the current state-of-the-art. For proprietary systems, given economic con-
straints, we select Gemini-2.5-pro [10] and GPT-4o [11] as leading commercial base-
lines. On the open-source side, given computational constraints, we primarily fo-
cus on models under 10B parameters, including Qwen2.5-VL-3B/7B/32B [1], and
InternVL3-8B/9B [12]. Most other leading open-source models share the same LLM
or ViT backbones as these representatives, making our selection broadly represen-
tative of current open-source progress. Notably, several small open-source models
achieve comparable or even higher scores than GPT-4o on the Huggingface Open-
VLM Leaderboard, which evaluates VLMs on widely used benchmarks such as MM-
Bench [13] and MMMU [14].

Table 2.1: Summary of selected VLMs. Parameter sizes of the proprietary models are
not publicly disclosed.

Model Param (B) Language Model Vision Model Score1

Qwen2.5-VL-3B 3.75 Qwen2.5-3B QwenViT 64.5
Qwen2.5-VL-7B 8.29 Qwen2.5-7B QwenViT 70.9
Qwen2.5-VL-32B 33.5 Qwen2.5-32B QwenViT 74.8
InternVL3-8B 7.94 Qwen2.5-7B InternViT-300M-v2.5 73.6
InternVL3-9B 9.14 InternLM3-8B InternViT-300M-v2.5 72.6
MiniCPM-o-2.6 8.67 Qwen2.5-7B SigLIP-400M 70.2
GPT-4o-2024-08-06 / / / 71.6
GPT-5-mini / / / /
Gemini-2.0-flash / / / 72.6
Gemini-2.5-flash / / / /
Gemini-2.5-pro / / / 80.9
1 Huggingface OpenVLM LearderBoard.

2.2 Comics
Comics are a form of visual storytelling that uniquely combine images, text, and
narrative progression. They convey meaning not just through individual panels but
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2. Background

through the transitions between them, requiring readers to engage in closure—the
cognitive process of inferring unshown actions and connecting discrete events. Speech
balloons, thought bubbles, facial expressions, and panel composition all contribute
to the story, often in ways that are subtle, ambiguous, or culturally contextual.

From a computational perspective, understanding comics poses several challenges:
(1) interpreting visual scenes with high stylistic variance; (2) tracking characters
across panels despite changing poses or abstract depictions; (3) aligning dialogue
with speaker identities; and (4) understanding temporal and causal relationships in
sequential art. Unlike natural images, comic panels are often stylized, symbolic, and
highly contextual, making them a unique and rigorous testbed for evaluating VLMs’
generalization capabilities.

This thesis proposes a benchmark specifically targeting these challenges, offering
tasks that probe a model’s ability to understand visual storytelling in comics. By
doing so, we aim to investigate the boundaries of current VLMs and lay the ground-
work for future research in multimodal narrative understanding.

2.2.1 Benchmarks for Comics

Recently, comic benchmarks have shifted from fundamental tasks—such as object
detection, speaker identification, and reading order detection [15]—targeting specific
models to more comprehensive tasks tailored for MLLMs. MangaUB [16] and Man-
gaVQA [17], targeting manga—the Japanese comic art form—assess both panel-
level recognition and multi-panel comprehension through manually curated ques-
tion–answer pairs spanning diverse narrative scenarios. In contrast, ComicsPAP
[18] and StripCipher [19] emphasize multi-panel reasoning tasks such as panel pre-
diction and reordering, highlighting a significant performance gap between current
MLLMss and human capabilities in understanding sequential comic narratives.

Table 2.2: Features and statistical information of AI4VA-FG and prior
related benchmarks. #QA refer to the number of question-answer pairs. “Public”
indicates whether the images are sourced from the public domain, ensuring that
the benchmark can be distributed without legal restrictions. AI4VA-FG is, to our
knowledge, the only publicly available benchmark for comic understanding that has
been systematically evaluated using both SFT and RL.

Benchmark Task Categories #QA SFT RL Public
MangaUB Recognition, Comprehension, Reordering 6,585 × × ×
StripCipher Comprehension, Reordering 2,170 ! × ×
ComicsPAP Reordering 103,933 ! × !

MangaVQA Recognition, Comprehension 40,363 ! × ×
AI4VA-FG Recognition, Comprehension, Reordering 16,264 ! ! !
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2. Background

2.3 Vision-Language Models (VLMs) for Comics
Traditionally, comic understanding in the AI community has relied on task-specific
models, each designed to handle a narrow function such as panel and character
detection, reading order prediction, dialogue OCR, captioning, etc. While effective
in isolation, these modular approaches lack generalization and often require complex
pipelines.

Recent works, such as the Magi series [20, 4], typically employ a multi-stage pipeline
architecture, wherein each stage is managed by a task-specific model trained for a
distinct subcomponent of the overall system (e.g., panel parsing, captioning, or
narrative generation). While this modular approach has demonstrated promising
results, its overall effectiveness is inherently constrained by the scope and quality
of the training data available for each specialized component. In particular, such
pipelines often struggle to generalize in complex scenarios involving numerous char-
acters or intricate visual narratives. This limitation motivates the investigation into
applying end-to-end large VLMs for holistic comic understanding, aiming to bypass
the dependency on highly curated task-specific modules.

2.4 VLM Post-Training
The post-training phase is essential for enhancing pretrained MLLMs’ capabilities
for real-world deployment. This stage predominantly encompasses two methodolo-
gies: supervised fine-tuning (SFT) and reinforcement learning (RL) [21]. Recently,
DeepSeek-R1 [22] demonstrated substantial improvements in text-based reasoning
through RL with rule-based rewards, and subsequent studies [23] have further val-
idated the effectiveness of pure RL in enhancing visual reasoning capabilities. No-
tably, RL demonstrates substantially stronger generalization capabilities than SFT
when handling out-of-distribution (OOD) multimodal tasks [24, 21, 25].

Table 2.3: Comparison between SFT and RL.

Aspect SFT (Supervised Fine-Tuning) RL (Reinforcement Learning)
Goal Imitate reference data Optimize reward signals
Data Labeled prompt–response pairs Prompts + reward signals
Costs Low for training but high for data High for training
Complexity Simple, stable Complex, instable

Generalization Low generalizability,
replaces existing capabilities

High generalizability,
incentivize internal capabilities

2.4.1 Supervised Fine-Tuning (SFT)
The standard objective function for SFT is the Cross-Entropy (CE) Loss, which
minimizes the negative log-likelihood of the target sequence given the input prompt.
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2. Background

This encourages the model to predict the exact sequence of tokens present in the
training data:

LSF T (θ) = −
L∑

i=1
log P (yi|y<i, x; θ)

Where:

• θ: Parameters of the current model.

• L: The length of the target output sequence.

• yi: The i-th token in the target output sequence.

• y<i: The sequence of tokens preceding yi in the target output.

• x: The input prompt.

• P (yi|y<i, x; θ): The probability of predicting token yi given the input x and
previous tokens y<i, according to the model with parameters θ. This probabil-
ity is typically derived from the softmax output over the model’s vocabulary.

A primary limitation of SFT is its reliance on ground-truth target outputs, which
often require extensive manual annotation and may not be scalable for complex
or diverse tasks. In our benchmark, the multi-choice questions have ground-truth
answer labels, so SFT using questions and answers is possible. Nevertheless, our
primary goal is to enhance the general reasoning capabilities of VLMs, enabling
them to generalize to a broader range of comic-related tasks. Given the difficulty
and cost of generating or annotating reasoning sequences, we turn to RL, the second
primary post-training paradigm.

2.4.2 Reinforcement Learning (RL) for VLMs with Verifi-
able Rewards (RLVR)

RL offers a transformative paradigm for enhancing LLMs for complex downstream
tasks. Unlike SFT that relies on static and fully labeled supervision data, RL
enables models to learn through trial and error, guided by dynamic and often non-
differentiable feedback signals. A widely adopted method in this context is the
Proximal Policy Optimization (PPO) algorithm [26], which has been effectively used
to align LLMs with human preferences [27].

A central technique driving recent progress is Reinforcement Learning with Verifiable
Rewards (RLVR) [28, 22], which applies RL to LLMs or VLMs using task-specific
reward signals that can be automatically verified. Typically, RLVR defines the
reward based on the correctness of the model’s final output—such as assigning a
binary reward of 1 or 0 depending on whether the predicted solution to a problem
matches the ground truth—thus enabling scalable and objective supervision without

8



2. Background

requiring human annotations.

2.4.3 Group Relative Policy Optimization (GRPO)
Group Relative Policy Optimization (GRPO) [29, 22] is an RL algorithm that en-
hances LLM reasoning, notably in models like DeepSeek-R1, for tasks such as math-
ematics and coding. It distinguishes itself from PPO [26] by forgoing an explicit
value function, instead using the average reward of a group of sampled outputs as a
baseline for advantage estimation.

Given an input x from data distribution D, an existing policy πθold
, and a reference

policy πθref
, GRPO optimizes the policy πθ by maximizing the following objective :

JGRP O(θ) = 1
G

G∑
i=1

E(x,ai)∼πθold

[
min

(
πθ(ai|x)

πθold
(ai|x) r̃i, clip

(
πθ(ai|x)

πθold
(ai|x) , 1 − ϵ, 1 + ϵ

)
r̃i

)]
− βDKL(πθ||πref )

Where:

• θ: Parameters of the current model (i.e., the policy in RL, denoted as πθ).

• J(θ): The objective function that GRPO aims to maximize in order to optimize
the LLM policy πθ.

• G: The number of sample responses (i.e. actions) generated for a single input
x.

• x: The input prompt.

• ai: The i-th action (i.e., the response sequence of tokens) sampled by the
policy.

• πθ(ai|x): The probability of generating action ai given input x under the
current policy πθ.

• πθold
(ai|x): The probability of generating action ai given input x under the

previous policy πθold
, used to compute the policy ratio.

• r̃i: The normalized advantage score for the i-th response. This is typically
calculated as the difference between the reward of the i-th response and the
average reward of the sample group, i.e., r̃i = ri − r̄.

• ϵ: The hyperparameter that defines the clipping range [1 − ϵ, 1 + ϵ] to prevent
the policy from making large updates.

• β: The coefficient that controls the weight of the KL divergence penalty.
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2. Background

• DKL(πθ||πref ): The Kullback-Leibler divergence between the current policy πθ

and a reference policy πref (often the base model or the model finetuned via
SFT), which serves as a penalty for policy drift.

GRPO has been shown to enhance the general visual reasoning capabilities of vision-
language models (VLMs) on fundamental tasks such as object counting [24]. Build-
ing on this, we investigate its application for improving VLM performance in the
more complex domain of comic understanding.

2.4.4 Tool Integrated Reasoning & Thinking with Images
Tool-integrated learning is a paradigm where models are enhanced with access
to external tools—such as search engines, Python interpreter, or APIs—to perform
tasks that go beyond their internal knowledge. This integration addresses LLMs’
intrinsic limitations, which include their inability to fetch real-time data, interact
with external systems, or take actions autonomously.

Agentic reinforcement learning (Agentic RL) provides the learning frame-
work for MLLMs to intelligently select and utilize tools. RL enables agents to learn
optimal strategies for leveraging external tools and interacting with complex environ-
ments through a continuous cycle of trial and error and feedback [30]. This training
promotes deeper reasoning and more effective tool use, leading to higher-quality so-
lutions. Reward signals can be designed to encourage successful tool execution and
structured outputs.

Figure 2.2: The DeepEyes framework [2] leverages agentic RL to train VLMs to
progressively crop images on regions of interest through multi-turn interactions.
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2. Background

“Thinking with images” is a recent visual reasoning paradigm in which image
manipulation tools—such as zoom-in or cropping—are used to transform the input
image, enabling VLMs to better comprehend and reason about visual content. To
emulate the human ability to process complex visual information through selective
attention, MLLMs can learn to dynamically identify salient regions within an image
and adaptively “zoom in” to form a visual chain of thought (CoT) [31].

Recently, DeepEyes [2] adopts an end-to-end RL training paradigm (without SFT
cold-start) to incentivize tool-assisted, image-based reasoning. Meanwhile, some
studies [32, 33] adopt a two-stage post-training approach: firstly, grounding capa-
bilities are established through instruction tuning; subsequently, visual reasoning
is enhanced via RL. While these methods predicting variable-size bounding boxes
for zoom-in, [34] predicts points and does fixed-size crops to reduce end-to-end RL
training costs.
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3
AI4VA-FG: A Benchmark for

Comics Understanding

3.1 Existing Benchmarks

Existing benchmarks for comics understanding typically collects subtasks of three
main categories: recognition, comprehension, and reordering. Recognition tasks fo-
cus on identifying visual or textual elements, such as characters, speech balloons,
and panels; comprehension tasks aim to evaluate a model’s ability to infer narra-
tive context, character intentions, or emotions; reordering tasks evaluate a model’s
narrative understanding by requiring it to arrange shuffled panels or dialog, or to
predict subsequent panels, in a coherent sequence.

• StripCipher [19] and ComicsPAP [18] employ several variants of reordering
tasks to evaluate a model’s ability to understand high-level temporal relation-
ships across comic panels. However, these benchmarks do not place emphasis
on fine-grained, entity-level recognition and understanding, such as tracking
characters across a sequence of panels.

• MangaUB [16] and MangaVQA [17] include low-level visual question answering
tasks but do not provide explicit annotations for regions of interest within the
images. This lack of spatial annotations restricts the potential for fine-grained
visual grounding and reasoning, as models are unable to directly associate
specific image regions with relevant textual descriptions or queries.

• Many existing comic-based benchmarks are constructed using copyrighted
datasets such as Digital Comic Museum (DCM) [35] and Manga109 [36]. Due
to copyright protections, accessing these datasets typically requires obtaining
formal permission from the copyright holders, which limits their accessibility
for research and reduces their potential for widespread adoption as standard-
ized evaluation resources.

• Although several prior works have explored the use of supervised fine-tuning
(SFT) to adapt models for comic-related tasks, none have investigated re-
inforcement learning (RL) methods. Given the increasing evidence that RL
can significantly improve visual reasoning capabilities [24, 23], it may be par-
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3. AI4VA-FG: A Benchmark for Comics Understanding

ticularly advantageous for challenging tasks that require complex reasoning
over multiple panels, such as determining the correct temporal order in panel
reordering tasks.

3.2 AI4VA-FG: A Fine-Grained Benchmark Tar-
geting Visual and Narrative Understanding in
Comics

Considering the aforementioned limitations of existing benchmarks, we introduce
a new comics benchmark, AI4VA-FG (AI4VA Fine-Grained), the first benchmark
specifically designed for both low-level and high-level tasks in comics, incorporating
entity-level recognition as well as temporal reasoning questions. All imagery is
sourced from the public domain, and both the annotations and code are released
under a permissive license to support future research.

We develop our benchmark based on the AI4VA dataset [37], which offers a rich and
diverse collection of comic-style imagery sourced from two mid-twentieth-century
Franco-Belgian comics series, Placid et Muzo and Yves le loup – Bandes Dessinées,
whose faded colors, halftone shading, and hand-lettered typography differ markedly
from the natural images and contemporary digital art that predominate in VLM
benchmarking. The dataset offers dense annotations of semantic segmentation, or-
dinal depth, and visual saliency for each comic page, thereby providing a strong
foundation for generating visual question answering (VQA) samples tailored to the
evaluation of VLMs.

We initially employ a scripted pipeline to generate questions from the segmentation
labels provided in AI4VA. These automatically generated questions are then refined
through a manual filtering process to ensure clarity and semantic alignment with the
visual content. All VQA instances of AI4VA-FG are equipped with bounding box
annotations, a design choice that ensures suitability for agentic RL and facilitates
the development and evaluation of models across a wide range of visual reasoning
capabilities.

3.2.1 Task Definitions

Based on their contextual scope, all questions can be categorized into two distinct
types: single-panel and multi-panel. Single-panel questions are grounded within the
content of a single comic panel, while multi-panel questions require reasoning across
multiple panels within a page. Each of these two types is further divided into two
subcategories: recognition and and understanding tasks. Recognition tasks focus
on extracting explicitly presented information from the image, while understanding
tasks involve inferring implicit or internal information embedded in the visual and
narrative context of the page.
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Table 3.1: Summary of benchmark subtasks and their associated statis-
tics. #Ch. denotes the number of answer choices per multi-choice question, and
#QA refers to the total number of VQAs for each subtask. The Character Count-
ing task requires numerical answers, while the Panel Understanding task requires
open-text responses that rely on LLM-as-a-Judge [3] for verification; all other tasks
utilize multiple-choice answers.

Category Task Type #Ch. #QA
Single-Panel Understanding Panel Understanding open-ended / 7902
Single-Panel Recognition Action Recognition multi-choice 4 1669

Depth Comparison multi-choice 2 1125
Multi-Panel Understanding Dialog Reordering multi-choice 2 1364

Panel Reordering multi-choice 2 1392
Multi-Panel Recognition Character Identification multi-choice 4 2368

Character Counting numerical / 444
Total 16264

Our benchmark encompasses seven tasks in total, generally arranged in order of
increasing difficulty:

• Panel Understanding: Evaluates the model’s capacity to locate a specific
panel within the page layout and comprehend both its visual and textual
content.

• Action Recognition: Assesses how well the model can recognize a marked
character and infer its posture or action based on visual cues.

• Depth Comparison: Tests the model’s skill in reasoning about spatial rela-
tionships by comparing the relative depth of characters and objects within a
panel.

• Dialog Reordering: Assesses the model’s grasp of narrative coherence by
requiring it to reconstruct the correct reading order of shuffled dialog balloons.
Given that the extracted dialog text is provided in the prompt, this task is
generally easier than Panel Reordering.

• Panel Reordering: Tests the model’s understanding of story progression
and visual continuity by asking it to insert a given panel into the correct
position among a set of missing panels. Together with Dialog Reordering, this
task assesses the model’s capability to comprehend and narrate the story flow
within a comic sequence.

• Character Identification: Evaluates the model’s accuracy in determining
whether two characters shown in different panels refer to the same entity.
This task is motivated by the observation that VLMs often confuse character
identities across different panels when captioning an entire page.
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• Character Counting: Measures the model’s accuracy in counting how many
times a specific character appears across all panels on the page. Together
with Character Identification, these two evaluate the model’s effectiveness in
tracking characters across multiple panels at both simple and challenging levels
of difficulty.

As illustrated in Fig. A.1, for Panel Understanding tasks the panel positions are
provided only as textual descriptions rather than visual markings, requiring models
to perform grounding solely from the text prompts; in contrast, other tasks explicitly
mark relevant characters or panels in the image, making grounding easier.

Are the two boxed characters the same person?
Character Identification

Panel Understanding
Look at the leftmost panel in the 3rd row, tell me 
Based on its posture and facial expression, 
what is the mouse-like character experiencing 
while trying to lift the object?
Answer:  Experiencing great difficulty or struggling intensely.

Look at the 3rd panel in the 7th row, tell me 
What is visible on the ground directly 
next to the pair of feet?
Answer: A pool of red liquid.

Two characters are marked with 'A' and 'B'. 
Which one looks closer to the viewer?

Depth Comparison

How many times does the boxed character 
appear on this page?

Character Counting

What is the boxed character doing?
Action Recognition

There are two speech bubbles labeled 'A' and 'B'. 
Here are two lines of text:
Text (1): “Allow me to try, Mr. Hercules!”
Text (2): “Huh! ... There's the first half!”
Which bubble—A or B—should Text (2) go in?

Dialog Reordering

AB

A B

B

A

There are two possible spots, 'A' and 'B', 
where a provided missing panel could go. 
Based on the story flow,  which spot makes more sense?

Panel Reordering

AI4VA-FG

Figure 3.1: AI4VA-FG’s VQA instances for each task. Blue solid-line boxes and
orange filled boxes denote real marks appearing in the comic page image, while green
dashed boxes indicate implicit regions described in the text prompt.

3.2.2 Dataset Construction
Panel Understanding. The process of constructing this task subset consists of
four steps: (1) crop each comic page into individual panels and use Gemini-2.5-flash
to generate captions for all panels; (2) based on the panel images and captions,
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prompt Gemini-2.5-flash to generate several pairs of original questions and answers;
(3) We employ a specialized panel-ordering model to index all panels within each
page and generate textual descriptions of their positions, followed by manual ver-
ification to ensure positional accuracy; (4) concatenate the positional descriptions
with the original questions to form the final VQA triplets (comic page image, ques-
tion, answer). Since the ground-truth answers for the Panel Understanding task are
open-text, an LLM-as-a-Judge [3] approach is employed to verify model responses.

Figure 3.2: Statistics of our AI4VA-FG benchmark.

Closed-Ended Tasks. For all other closed-ended tasks, we develop a pipeline
framework to transform segmentation annotations into a QA format compatible
with LLMs. Using this framework, we convert AI4VA’s segmentation annotations
into six tasks comprising roughly 8k triples, and we will release the pipeline to enable
the generation of additional VQAs for other comic datasets when large-scale training
is required.

All tasks are divided into standard training, validation, and test splits. With the ex-
ception of the Dialog and Panel Reordering tasks, which lack defined relevant panels,
all other tasks’ VQA triples are annotated with bounding boxes of the corresponding
panels or characters.
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3.3 Performance Analysis
We evaluate selected VLMs on the benchmark test split, with results reported in
Table 3.2. Overall, proprietary models outperform their open-source counterparts,
and Gemini-2.5-pro achieves the highest accuracy in 6 out of 7 tasks. Interest-
ingly, open-source models that rank higher on general VLM leaderboards still fail
to surpass commercial models on our benchmark. Despite these advances, a sub-
stantial gap persists between current models and human-level comic understanding,
primarily due to pronounced limitations in spatial perception, character tracking,
and multi-panel narrative construction.

Figure 3.3: Open-source models v.s. closed-models on AI4VA-FG across tasks.
Gemini-2.5-pro achieves the highest accuracy in 6 out of 7 tasks.

Depth Comparison. Surprisingly, the majority of evaluated models exhibit poor
spatial perception when processing comic images, performing near random when
comparing entity depth in the image. Although spatial reasoning is a fundamental
capability for VLMs and has been included in several VQA benchmarks [38, 39], it
remains a known weakness of current general-purpose VLMs. Compared to depth
perception in real-world images [38], GPT-4o’s performance on comics is notably
more random, suggesting that the stylistic nature of comic drawings introduces
additional challenges for spatial reasoning.

Dialog & Panel Reordering. While Gemini-2.5-flash and GPT-5-mini achieve
promising results on the Dialog Reordering tasks, their performance on Panel Re-
ordering remains close to random selection (50%). In Dialog Reordering, OCR-
extracted dialog text is supplied within the prompt, aiding the model in recon-
structing the narrative flow across adjacent panels. However, in the absence of such
textual guidance, VLMs exhibit markedly constrained ability to compose coherent
narratives solely from discrete sequential images.

Character Identification & Counting. Each image in AI4VA contains on av-
erage 13 panels, making it particularly challenging to track all appearances of a

1Gemini’s high accuracy on Panel Understanding cannot be regarded as a fair measure, since
both the questions and answers in this task were generated by Gemini.
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character across panels, especially when individual appearances are too small to be
reliably identified. This difficulty accounts for the poor performance of all models
on the Character Counting task. The Character Identification task can be viewed as
a simplified variant of Character Counting, as the model is only required to identify
two marked characters rather than enumerate all appearances. While commercial
models achieve promising accuracy on identifying characters, the evaluated open-
source VLMs perform at near-random levels.

Table 3.3: Accuracy (%) of selected models on AI4VA-FG with entire-page and
individual-panel inputs, respectively. Zoom-in on relevant individual panels yields
significantly improved accuracy.

Model Panel
Understanding

Action
Recognition

Depth
Comparison

Character
Identification

Qwen2.5-VL-7B 41.33 43.54 49.51 49.26
(zoom-in) +17.34 58.67 +12.24 55.78 +4.83 54.34 +3.68 52.94
GPT-4o 51.33 31.97 52.43 49.22

(zoom-in) +21.34 72.67 +23.13 55.10 +6.79 59.22 +14.75 63.97
Gemini-2.5-Flash 64.00 69.39 56.31 68.38

(zoom-in) +16.00 80.00 +6.12 75.51 +22.33 78.64 +6.62 75.00

Does Zooming-In Improve Performance? For humans, these tasks are chal-
lenging when viewing the entire page at a glance, but become considerably easier
when focusing on the relevant panels. This motivates us to further compare the
performance of entire-page versus individual-panel inputs for the single-panel tasks.
We observe accuracy improvements across selected tasks when zooming solely into
the relevant panels, likely due to the removal of unrelated content. Notably, zooming
in yields a substantial 22.33% improvement on the challenging Depth Comparison
task for Gemini-2.5-flash. This finding is consistent with [40], who argue that while
VLMs can attend to fine-grained visual details in high-resolution images, their per-
ceptual capacity is constrained by the spatial extent of the input. These results
highlight the importance of incorporating zoom-in mechanisms that enable models
to focus on salient, detailed regions of a comic page, such as individual panels or
characters.
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Table 3.2: Evaluation results of state-of-the-art VLMs on AI4VA-FG.
While proprietary models generally outperform open-source counterparts, a perfor-
mance gap remains to human-level understanding. Notably, most models perform
close to random chance on Depth Comparison, Panel Reordering, and Character
Counting. Best and second-best performance values (that exceed random-guess ac-
curacy) are indicated using bold and underlined formatting, respectively.

Model Panel
Understanding

Action
Recognition

Depth
Comparison

Random / 25.00 50.00

Qwen2.5-VL-3B-Instruct 29.33 39.46 48.54
Qwen2.5-VL-7B-Instruct 41.33 43.54 49.51
Qwen2.5-VL-32B-Instruct 53.33 62.59 56.31
InternVL3-8B 38.00 44.90 51.46
InternVL3-9B 41.33 36.73 50.49
MiniCPM-o-2.6 (8B) 18.67 42.18 46.60

GPT-4o-2024-08-06 51.33 31.97 52.43
GPT-5-mini-2025-08-07 70.00 54.42 59.22
Gemini-2.0-Flash 60.671 69.39 55.34
Gemini-2.5-Flash 64.001 69.39 56.31
Gemini-2.5-pro 74.671 74.15 63.11

Model Dialog
Reordering

Panel
Reordering

Character
Identification

Character
Counting

Random 50.00 50.00 50.00 /

Qwen2.5-VL-3B-Instruct 44.44 19.84 55.88 2.70
Qwen2.5-VL-7B-Instruct 54.76 50.00 49.26 8.11
Qwen2.5-VL-32B-Instruct 71.43 45.24 54.41 10.81
InternVL3-8B 61.11 49.21 54.41 2.70
InternVL3-9B 57.94 50.79 59.56 0.00
MiniCPM-o-2.6 (8B) 55.56 46.83 52.94 2.70

GPT-4o-2024-08-06 76.80 63.49 49.22 13.51
GPT-5-mini-2025-08-07 84.13 45.24 66.18 18.92
Gemini-2.0-Flash 69.05 50.00 64.71 10.81
Gemini-2.5-Flash 76.98 52.38 68.38 10.81
Gemini-2.5-pro 90.48 46.03 83.09 27.03
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Methodology

To improve the comic understanding capabilities of VLMs and narrow the gap be-
tween open-source models, proprietary systems, and humans, we fine-tune Qwen2.5-
VL-7B-Instruct using both SFT and RL. For SFT, we explore (i) simply fine-tuning
with question–answer pairs (denoted as SFT-S) and (ii) distillation with correct
reasoning trajectories generated by Gemini-2.5-flash (denoted as SFT-R). For RL,
we experiment with both vanilla RL and Region-Aware RL, the latter designed
to incentivize zoom-in operations on relevant image regions explicit guidance for
tool-usage accuracy.

4.1 Enable “Thinking with Images” via Agentic
Reinforcement Learning

We adopt a two-stage Agentic RL framework: (1) a brief warm-start phase that
leverages only basic tool usage rewards to establish tool-calling behavior, and (2)
a main RL training phase that incorporates the complete reward structure to
incentivize accurate and effective zoom-in actions. In contrast to other two-stage
approaches that rely on a SFT cold-start, our warm-start phase remains entirely
within the RL paradigm, differing solely in the reward configuration. As a result,
it does not require any curated SFT datasets consisting of manually synthesized
tool-calling trajectories.

Reward Strategy. In the context of VLMs, outcome-based rewards play a key role
in steering models toward effective reasoning and decision-making. In our RL train-
ing phase, the total reward structure consists of three parts: an accuracy reward
Racc, a formatting reward Rformat, and a tool usage reward Rtool. The accuracy
reward measures whether the final answer is correct, while the formatting reward
penalizes improperly structured outputs. The tool usage reward is given when an ex-
ternal tool is called correctly during the reasoning process. Formally, for a reasoning
trajectory τ , the total reward is:

R(τ) = Rformat(τ) + Racc(τ) + Rtool(τ), (4.1)

The tool usage reward depends both on whether the external tool is invoked ap-
propriately and on the accuracy of the tool’s output relative to the given question.
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DeepEyes [2] employs a strategy in which a constant tool usage bonus is added to
the total reward only when the final answer is correct. However, in our setting,
since each question includes a ground-truth region of interest (e.g., a character or
panel region on the page), we propose a variant of the tool usage reward that more
effectively encourages correct tool usage by explicitly measuring spatial accuracy:

Rtool(τ) = (1 + IRacc(τ)>0)(Rtool-count(τ) + Rtool-acc(τ)) (4.2)

where I is an indicator function that activates an additional tool-usage bonus only
when the final answer is correct, ensuring that the tool usage likely contributes to
the outcome. Rtool-count(τ) denotes the reward component evaluating whether the
number of zoom-in tool invocations in the reasoning trajectory matches the expected
count, and Rtool-acc(τ) represents the accuracy-based bonus awarded for correct tool
usages:

Rtool-acc(τ) = 1√
m

m∑
i=1

IoU(τi) (4.3)

Here, τi denotes the sub-trajectory corresponding to the i-th tool usage, and m is
the number of zoom-in tool invocations. For each predicted zoom-in bounding box,
the Intersection over Union (IoU) is computed between the predicted box and its
corresponding target region in the image. The accuracy bonuses Rtool-acc(τi) are
summed to give higher rewards when multiple zoom-in operations are correctly per-
formed. The normalization by

√
m stabilizes the reward distribution when multiple

bounding boxes are output for tasks such as Character Identification & Counting.

4.2 Experiment Setups
We train Qwen2.5-VL-7B-Instruct on 8 × H800 (80G) GPUs, using LLaMA-Factory1

and verl2 frameworks for SFT and RL respectively. We adopt GRPO [29] algorithm
for RL training. See Appendix A.1 for details of the hyperparameter configurations.

We train the open-ended and closed-ended tasks in Tab. 3.1 independently and re-
port results in Tab. 5.1. For closed-ended tasks, SFT is trained jointly across all
tasks, while RL first uses sequential training across three categories followed by
merged training, since starting with all tasks simultaneously causes convergence in-
stability. Under sequential training, earlier tasks exhibit performance degradation
as new categories are introduced, suggesting that the 7B base model, combined with
the current dataset size, lacks sufficient capacity to generalize across all tasks con-
currently. We also conduct category-wise training for both SFT and RL, which leads
to greater improvements on most tasks, and confirm that the overall interpretation
of results in Chapter 5 remains consistent.

1https://github.com/hiyouga/LLaMA-Factory
2https://github.com/volcengine/verl
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Experiment

5.1 Main Results

Table 5.1: Accuracy (%) of finetuned models on AI4VA-FG tasks.

Model Panel
Understanding

Action
Recognition

Depth
Comparison

Qwen2.5-VL-7B 41.33 43.54 49.51

SFT-S (vanilla) +8.67 50.00 +26.53 70.07 -3.88 45.63
SFT-R (reasoning) +7.34 48.67 +24.49 68.03 -3.88 45.63

RL (vanilla) +14.00 55.33 +28.57 72.11 +2.92 52.43
RL (Region-Aware) +10.00 51.33 +32.64 76.19 +7.28 57.28

Model Dialog
Reordering

Panel
Reordering

Character
Identification

Character
Counting

Qwen2.5-VL-7B 54.76 50.00 49.26 8.11

SFT-S (vanilla) +0.80 55.56 -2.98 47.02 -0.04 49.22 +10.81 18.92
SFT-R (reasoning) +14.29 69.05 -0.79 49.21 +14.71 63.97 +2.70 10.81

RL (vanilla) +5.56 60.32 -2.38 47.62 +16.92 66.18 -2.70 5.41
RL (Region-Aware) / / +22.06 71.32 -5.41 2.70

SFT v.s. RL. On most tasks, both SFT and RL yield significant improvements.
Among the two SFT settings, SFT-R consistently outperforms SFT-S, demonstrat-
ing that CoT distillation enhances visual reasoning even for low-level recognition
tasks. Furthermore, except for Dialogue Reordering and Character Counting, RL
outperforms SFT and matches or exceeds proprietary models on certain tasks.

However, on the two ordering tasks, RL brings very limited improvement and lags
far behind distillation with Gemini’s CoT trajectories. This may be because the
internal reordering capability of the 7B base model is substantially weaker than
that of Gemini-2.5, and GRPO can only amplify existing abilities but struggles to
create entirely new ones [25]. Specifically, we also apply RL on top of the distilled
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model, but its performance surprisingly gradually degrades: the model forgets the
ordering ability inherited from Gemini-2.5-flash and fails to acquire new effective
reasoning patterns during RL training.

Region-Aware RL. Region-Aware RL optimizes two objectives: grounding IoU
and VQA accuracy. Since ground-truth bounding boxes are unavailable for the two
reordering tasks, we fine-tune Qwen-2.5-VL-7B on the remaining five tasks using
Region-Aware RL. The results suggest that the model possesses a strong grounding
ability, reaching nearly 80% IoU from 20% for zoom-in operations if trained on
Action Recognition and Depth Comparison only. Grounding accuracy on the Panel
Understanding task is lower, as the relevant panel is specified only in the prompt
but not explicitly marked in the image, which increases the likelihood of errors when
the model attempts to localize the correct panel. Notably, when multiple zoom-
in operations are performed, the second operation is less accurate than the first,
suggesting that limited context length constrains the model’s grounding accuracy.

Tab. 5.1 demonstrates Region-Aware RL outperforms vanilla RL and even surpasses
Gemini-2.5-Flash on three recognition tasks, achieving performance comparable to
the latter with manual cropping (see Table.3.3). Its weaker improvement on Panel
Understanding may stem from imprecise panel localization in this task. This re-
sult highlights that a smaller model, when equipped with appropriate post-training
strategies, can exceed the performance of a much larger model on specific tasks. It
also underscores the potential of tool-augmented reasoning to enhance model per-
formance in scenarios involving large and visually dense contexts.

Table 5.2: Zoom-in Statistics of models finetuned via region-aware RL.

Task Panel
Understanding

Action
Recognition

Depth
Comparison

Character
Identification

Avg. #Toolcall 1.01 1.10 0.93 1.88

Avg. IoU 0.565 0.862 0.847 0.835
(1st: 0.842; 2nd: 0.829)

Notably, Region-Aware RL yields no improvement on the Character Counting task.
Ideally, if a model can sequentially zoom into each panel, it should discover all
occurrences of a target character; but in practice, the model fails to learn a reliable
“crop-all-panels” behavior via pure RL. We attribute this failure to two factors: (i)
limited training samples for this task when jointly trained with other tasks, and
(ii) degraded grounding accuracy as context length increases—when more than two
panels have already been cropped. Addressing these issues likely requires stronger
supervision or curriculum strategies to stabilize sequential zooming and bounding-
box prediction.
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Are the two boxed characters the same person? 
Answer Yes, or No.
Think first, call **image_zoom_in_tool** if needed, then 
answer. Format strictly as: 
<think> ... </think> <tool_call> ... </tool_call> (if tools 
needed) <think> ... </think> <answer> ... </answer>.

User:

<think> Now let's zoom in on the second 
boxed character to compare them. </think>
<tool_call>
{"bbox_2d": [1322, 1431, 1515, 1695], 
"label": "the second boxed character"}
</tool_call>

Assistant:

<think> Let's zoom in on the two boxed characters 
to compare them more closely. </think>
<tool_call>
{"bbox_2d": [518, 1512, 628, 1690], 
"label": "the first boxed character"}
</tool_call>

Assistant:

<think> Both characters appear to have the same 
features, including the hat and the overall body shape, 
indicating they are likely the same person. </think>
<answer> Yes </answer>

Assistant:

Figure 5.1: An example multi-turn conversation with zoom-in tool calling.

5.2 Ablations
In-Domain, Cross-Task Generalization. To investigate the generalization abil-
ity of the post-training methods, we train the model on each of the 3 closed-ended
categories and evaluate the finetuned model on the other two. We observe that
RL exhibits certain in-domain generalizability as [21, 24] argues. For instance, Ac-
tion Recognition benefits most from RL: training on multi-panel tasks also brings
improvements on Action Recognition without obvious degradation on other tasks.

To assess whether this gain results merely from additional training, we performed an
ablation study in which the model was trained with RL using only format rewards
and random accuracy rewards. No appreciable performance gains were observed,
suggesting that the improvement is driven by the model’s ability to leverage mean-
ingful in-domain reward signals rather than by increased training alone. Neverthe-
less, no performance gains are observed on Depth Comparison or Panel Reordering,
supporting the argument that GRPO primarily amplifies existing capabilities al-
ready acquired during pre-training rather than enabling new forms of reasoning
[25].

Interestingly, SFT does not solely overfit to the supervised task, but can also demon-
strate cross-task generalization: fine-tuning the base model with reasoning trajecto-
ries generated by Gemini-2.5-flash only for the reordering tasks results in superior
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performance (69.85%) also on Character Identification, even surpassing the model
trained on this task via RL (69.12%). While Gemini-2.5-flash achieves high accuracy
and generates high-quality reasoning on the Dialogue Reordering task, this capa-
bility can be transferred to other tasks via distillation. Nevertheless, the extent of
SFT in-domain generalization is inherently constrained by the amount and quality
of the supervision data.

Table 5.3: Cross-Task Generalization Performance. “SFT-R (character)”
refers to the model finetuned on Character Identification & Counting tasks via SFT-
R, while “RL (reorder)” refers to the model finetuned on Dialog & Panel Reordering
tasks via vanilla RL. RL demonstrates stronger in-domain cross-task generalization
than SFT, particularly for recognition-oriented tasks.

Model Panel
Understanding

Action
Recognition

Depth
Comparison

Dialog
Reordering

Panel
Reordering

Character
Identification

Character
Counting

Qwen2.5-VL-7B 41.33 43.54 49.51 55.56 50.00 50.78 8.11

SFT-R (action & depth) -2.00 39.33 63.95 42.72 -20.64 34.92 -35.71 14.29 -8.13 42.65 -2.70 5.41
SFT-R (reorder) +10.00 51.33 +8.16 51.70 -6.79 42.72 71.43 50.79 +19.07 69.85 8.11
SFT-R (character) +5.34 46.67 43.54 -1.94 47.57 -4.77 50.79 -10.32 39.68 63.28 2.70

RL (action & depth) +0.67 42.00 76.19 58.25 -2.39 53.17 -0.79 49.21 +10.25 61.03 +2.70 10.81
RL (reorder) -2.00 39.33 +22.45 65.99 -6.79 42.72 57.94 44.44 +11.72 62.50 -2.70 5.41
RL (character) +2.00 43.33 +21.09 64.63 49.51 -1.59 53.97 +0.79 50.79 69.12 10.81

Cross-Domain Generalization. We further evaluate the fine-tuned model on
MangaVQA [17], a benchmark for manga that is closely related to but distinct
from comics. Neither SFT nor RL demonstrates cross-domain generalization on
this dataset, while SFT leads to significant degradation. This limitation can be
attributed to pronounced domain shifts, including differences in artistic style, panel
layout, and text density between Western comics and Japanese manga.

Table 5.4: Performance of finetuned models on MangaVQA-test and MMLU-val.
RL exhibits minimal degradation on general-domain tasks, whereas SFT incurs
higher cross-domain drops.

Method MangaVQA-test MMLU-val
Original 22.78 53.78
SFT-R 10.58 51.11

RL 22.00 53.56

In addition, we evaluate the general reasoning capabilities of the RL-trained vision
model using the widely adopted MMMU [14] benchmark’s validation split . After
fine-tuning on six closed-ended tasks, the RL-optimized model exhibits minimal
performance degradation on general-domain tasks in MMMU, whereas the SFT-
fine-tuned model experiences greater performance drops, indicating that RL may
confer better cross-domain robustness than SFT.

Reward Strategy. While DeepEyes [2] argues that end-to-end RL alone is suffi-
cient to enable tool usage, concurrent works [32, 33] highlight the necessity of an
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SFT cold-start phase for achieving stable and effective learning. In our experiments,
we found that fully end-to-end RL often leads to reward hacking during the early
stages of training—where the model exploits only easily achievable components of
the reward function, such as format correctness, without improving on more sub-
stantive objectives such as tool use or reasoning optimization. To address this, we
adopt a two-phase RL strategy, in which the warm-start phase employs a simpli-
fied reward formulation to guide the model toward meaningful tool-using behaviors
before full reward optimization begins.

We further experimented by removing the constant coefficient in the reward rule
Equation 4.2, making the tool usage reward Rtool conditional on the correctness of
the final answer. This modification led to slow convergence in both tool accuracy and
overall task accuracy: the model performs poorly on both targets at the early stage
so that conditioning one on the other can greatly slow the learning of tool calling.
The results suggest that tool usage should consistently be rewarded whenever zoom-
in operations are known to be beneficial, in order to enable more efficient tool
learning.

Figure 5.2: Comparison of three reward strategies: (1) single-phase strategy
without warm-start, (2) modified two-phase strategy with tool usage reward condi-
tional on the final answer’s correctness, and (3) our two-phase strategy (displaying
only the second phase starting after 16 warm-start steps). Strategy (1) yields the
most efficient tool learning.
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6
Conclusion

We presented AI4VA-FG, the first fine-grained benchmark for comic understand-
ing with VLMs, spanning both low-level recognition and high-level reasoning tasks
with dense annotations. Through extensive evaluation of state-of-the-art models,
we revealed persistent weaknesses in spatial perception, character tracking, and
multi-panel narrative construction, underscoring the gap between open-source and
proprietary systems.

To mitigate these challenges, we examined post-training strategies, showing that
both SFT and RL can yield cross-task generalization, while our proposed Region-
Aware RL leverages zoom-in operations to improve grounding and narrative reason-
ing. Together, our benchmark and methods establish a foundation for advancing
multimodal reasoning in the domain of comics.

6.1 Limitations
Despite our significant efforts to construct a comprehensive benchmark and en-
hance current models’ comic understanding capabilities, several limitations remain.
First, we do not explore the latest state-of-the-art RL algorithms, which have shown
promising results in recent research on VLM post-training. Second, although our
benchmark covers a variety of recognition and reasoning tasks, it does not encompass
all aspects of comic understanding, leaving room for further expansion. Finally, our
focus is primarily on visual comprehension, with less emphasis on visual generation,
which may hold greater practical value in real-world applications such as automated
comic storytelling.

6.2 License and Copyright
All comic pages in our dataset are sourced from two mid-twentieth-century Franco-
Belgian series, Placid et Muzo and Yves le loup – Bandes Dessinées, both of which
are in the public domain, eliminating copyright concerns for our work and future
research. We will release all code for dataset preparation, benchmark evaluation,
and model training to ensure full reproducibility and to support future studies in
comic understanding and multimodal learning.
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6.3 Future Work
In future research, more existing comic datasets can be expanded into comprehensive
benchmarks for VLMs with our pipeline, enabling large-scale training and more
robust evaluation of visual reasoning capabilities.

Beyond recognition and ordering tasks, we can also incorporate additional funda-
mental tasks in the comic domain, such as speaker identification, to provide a more
complete assessment of comic understanding beyond the current recognition and
ordering tasks.

Furthermore, the focus can be extended from understanding to generation. For in-
stance, our benchmark could be repurposed to evaluate comic storytelling by VLMs,
replacing image inputs with generated captions, thus systematically assessing mod-
els’ narrative generation and multimodal creative reasoning abilities.

We are also exploring the use of our region-aware RL framework to enable panel-
level fine-grained captioning of comic pages. In this setting, the model first zooms
into each panel before generating captions, thereby improving its ability to preserve
fine-grained details. However, the effectiveness of this approach is constrained by
the base model’s tool-calling capability under long-context conditions.
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A
Appendix

A.1 Experiment Setups for Finetuning

In RL training on closed-ended tasks, the model is first trained sequentially on three
categories (up to 200 steps each), and then jointly on all categories for an additional
200 steps.

Table A.1: Hyper-Parameters for RL (GRPO) Training

Hyper-parameter Value
Learning Rate 1 × 10−6

Number of Steps 200
Rollout Batch Size 16
PPO Mini Batch Size 16
Num of Responses per Sample 8
Max Prompt Length 10280
Max Response Length 4096
Max Response Length (Region-Aware) 4096 * 5
KL Coefficient 0.04
Warmup Ratio 0.0
Rollout Engine vLLM (0.8.2)
RL Engine verl (0.2.0.dev0)
Number of GPUs 8

I



A. Appendix

Table A.2: Hyper-Parameters for SFT Training

Hyper-parameter Value
Learning Rate 1 × 10−5

Number of Epochs 3
Batch Size 16
Optimizer AdamW
Learning Rate Scheduler cosine
Warmup Ratio 0.1
Number of GPUs 4
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A.2 Prompt Templates

 

Prompt for captioning each panel and generate QA pairs:  

Prompts for questions:  

System prompt for enabling tool calling (modified from DeepEyes):  

"""Describe the content of the comic page in detail, including characters, actions, and any notable elements.
Then, using the given image and the textual information written in it, create {num_qa_pairs} VQA questions.
Format the output in the following way:
Caption: [Caption content]
Question: [Question content]
Answer: [Answer content]
Question: [Question content]
Answer: [Answer content]
...
Avoid subjective questions that could lead to ambiguous interpretations, and instead create questions that can be 
objectively answered based on the facts presented in the image. Also, do NOT include OCR-style text recognition questions; 
instead, create questions that test understanding of the visual content."""

(1) Prompt that disables thin:
"""<|image|>
{Question}  Output only the final answer (choice) in <answer> </answer> tags."""

(2) Prompt that encourages thinking:
"""<|image|>
{Question}  Output the thinking process in <think> </think> (if needed) and final answer (choice) in <answer> </answer> 
tags."""

(3) Prompt that enables tool calling:
"""<|image|>
{Question}  Think first, call **image_zoom_in_tool** if needed, then answer. Format strictly as: <think>...</think>
<tool_call>...</tool_call> (if tools needed) <think>...</think><answer>...</answer>."""

"""You are a helpful assistant.

# Tools
You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools></tools> XML tags:
<tools>
{"type":"function","function":{"name":"image_zoom_in_tool","description":"Zoom in on a specific region of an image by 
cropping it based on a bounding box (bbox) and an optional object label.","parameters":{"type":"object","properties":
{"bbox_2d":{"type":"array","items":{"type":"number"},"minItems":4,"maxItems":4,"description":"The bounding box of the 
region to zoom in, as [x1, y1, x2, y2], where (x1, y1) is the top-left corner and (x2, y2) is the bottom-right 
corner."},"label":{"type":"string","description":"The name or label of the object in the specified bounding box 
(optional)."}},"required":["bbox"]}}}
</tools>

# How to call a tool
Return a json object with function name and arguments within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>

**Example**:  
<tool_call>  
{"name": "image_zoom_in_tool", "arguments": {"bbox_2d": [10, 20, 100, 200], "label": "the panel with a boxed character"}}  
</tool_call>"""
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A.3 Example of page-level comic captions gener-
ated by VLMs

When prompted to caption a comic page, Gemini-2.5-Flash generated captions for
only a subset of all panels and is likely to mix up content across panels.

 

<panel bbox='[52, 235, 126, 403]'>
Panel 1
...
</panel>

...

<panel bbox='[147, 747, 220, 919]'>
Panel 8
### Characters & Actions
The dog is now standing next to the deer, who is on the right side of the panel. The dog is pointing to the deer, and the deer is looking at the dog with a shocked 
expression. A small, gray pig is on the left, looking at the dog with a look of astonishment.

### Facial Expressions & Emotions
The dog has a proud and confident expression. The deer has a look of shock and disbelief. The pig has a look of astonishment. The characters' expressions convey a 
sense of pride and surprise.

### Setting & Background
The setting is a simple, white background with a brown floor. There are no other background details. The focus is on the characters and their actions.

### Text & Dialogue
The dialogue is in a white speech bubble with a black outline, coming from the dog. The text is in a clear, handwritten font that says, "Attention! Vous n'avez pas 
qu'à vous en faire! Il y a trois! Ouf!" which means "Careful! You don't just have to worry! There are three! Phew!". The dog's dialogue is confident and 
reassuring, contrasting with the deer's shocked expression.

### Artistic Style & Visual Elements
The art style is consistent. The composition is a medium shot of the characters. The perspective is a straight-on shot. The use of motion lines around the barbell 
and the dog's arm suggests movement and effort.

### Panel Transitions
This panel transitions from the previous one by showing the dog's success. The previous panel built anticipation, and this one reveals the dog's success. The shift 
from a moment of effort to a moment of triumph changes the story's pacing. The bear's impressed expression provides a direct reaction to the dog's success.
</panel>
<panel bbox='[239, 236, 312, 403]'>
Panel 9
### Characters & Actions
The dog is now standing next to the deer, who is on the right side of the panel. The dog is pointing to the deer, and the deer is looking at the dog with a shocked 
expression. A small, gray pig is on the left, looking at the dog with a look of astonishment.

### Facial Expressions & Emotions
The dog has a proud and confident expression. The deer has a look of shock and disbelief. The pig has a look of astonishment. The characters' expressions convey a 
sense of pride and surprise.

### Setting & Background
The setting is a simple, white background with a brown floor. There are no other background details. The focus is on the characters and their actions.

### Text & Dialogue
The dialogue is in a white speech bubble with a black outline, coming from the dog. The text is in a clear, handwritten font that says, "Attention! Vous n'avez pas 
qu'à vous en faire! Il y a trois! Ouf!" which means "Careful! You don't just have to worry! There are three! Phew!". The dog's dialogue is confident and 
reassuring, contrasting with the deer's shocked expression.

### Artistic Style & Visual Elements
The art style is consistent. The composition is a medium shot of the characters. The perspective is a straight-on shot. The use of motion lines around the barbell 
and the dog's arm suggests movement and effort.

### Panel Transitions
This panel transitions from the previous one by showing the dog's success. The previous panel built anticipation, and this one reveals the dog's success. The shift 
from a moment of effort to a moment of triumph changes the story's pacing. The bear's impressed expression provides a direct reaction to the dog's success.
</panel>
<panel bbox='[239, 403, 312, 574]'>
Panel 10
...
</panel>

Figure A.1: Example of page-level comic captions generated by Gemini-2.5-Flash.
Only 10 out of 23 panels (see Fig. A.1) were recognized and captioned with some
panel contents being incorrectly mixed (e.g., panel 8 and panel 9), and the inter-
panel transitions are wrong interpreted.
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