MICCAI

CerviThink: A Reinforced Visual Reasoning Framework
for Cervical Cancer Cell Classification

Manman Fei', Haotian Jiang?, Zhenyu Yi!, Qian Wang?, and Lichi Zhang!®

! School of Biomedical Engineering, Shanghai Jiao Tong University, Shanghai, China
lichizhang@sjtu.edu.cn
2 School of Biomedical Engineering, ShanghaiTech University, Shanghai, China

Abstract. Cervical cancer remains a major global health challenge, with early
diagnosis relying on accurate classification of cervical cell images. However,
current computer-aided diagnosis systems often struggle with subtle morpho-
logical variations, overlapping cells, and imaging artifacts, particularly in am-
biguous samples, due to their focus on single-cell views without contextual back-
ground analysis. Moreover, the lack of transparent reasoning in these models lim-
its their interpretability. To address these issues, we propose CerviThink, an in-
novative framework that integrates reinforcement learning (RL) to support struc-
tured, context-aware diagnostic reasoning. CerviThink employs a large vision-
language model, fine-tuned on a Retrieval-Augmented Generation constructed
CerviCoT dataset. We construct a decoupled grounding-answering pipeline: the
grounding phase uses focus, transform, and ignore operations to isolate key cel-
lular features and mask suspected abnormal cells, while the answering phase op-
timizes classifications with the Dynamic Visual Hybrid Reward (DVHR). DVHR
integrates the consistency reinforcement reward and background normality con-
firmation reward, enhancing interpretability through iterative refinement and un-
certainty resolution. Extensive experiments demonstrate CerviThink’s superior
performance over existing methods, underscoring its potential to advance com-
putational pathology through context-aware, interpretable visual reasoning. The
code is publicly available at https://github.com/feimanman/CerviThink.

Keywords: Cervical Cancer - Reinforcement Learning - Visual Reasoning - Vision-
Language Models - Computational Pathology.

1 Introduction

Cervical cancer remains a leading cause of mortality among women globally, with early
detection through microscopic cell analysis being pivotal for effective treatment [21].
Cytological examination, or the Pap smear test, is a widely used method for cervical
malignancy diagnosis [13], where specialists collect cells from the cervix of a patient
and examine them under a microscope on glass slides to detect any malignancies [9].
Pap smear screening plays a crucial role in helping women prevent cervical cancer.
However, such manual screening is laborious and subjective for cytologists, considering
that there are thousands of cells on each slide. As a result, it is necessary to apply
automatic computer-aided diagnosis (CAD) systems for cervical cancer.
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This task is complicated by subtle morphological variations, overlapping cellular
structures, and imaging artifacts, posing significant challenges to automated systems
[10]. Pathologists address these complexities through a systematic, step-by-step pro-
cess, meticulously observing nuclear size, chromatin texture, and cellular arrangement
to derive informed diagnoses. Replicating this expert reasoning in artificial intelligence
models is essential for advancing medical image analysis.

Traditional approaches, such as convolutional neural networks (CNNs) [5], have
offered reasonable accuracy but lack interpretability and struggle with complex mor-
phologies. In cervical cytology, prior methods have explored local consistency refine-
ment, cytological knowledge, attribute descriptor matching, and weakly/semi-supervised
lesion-cell detection to reduce annotation burden and improve cell-level recognition
[8,6,7]. Recent advancements in large vision-language models (LVLMs), including
Qwen2.5-VL [1] and GPT-4o [11], integrate visual and textual inputs for multimodal
tasks. However, their application to medical imaging is hindered by unreliable reason-
ing, limited spatial perception, and reliance on large annotated datasets, which are costly
and scarce in medical contexts.

To overcome these limitations, innovative visual reasoning frameworks have emerged.
VILASR [22] enhances LVLMs’ spatial reasoning by interweaving textual reasoning
with visual drawing operations. Liu et al. [17] introduce a closed-loop framework,
enabling LVLMs to dynamically manipulate visual scenes through focus, transform,
and ignore operations, addressing visual-to-textual conversion challenges in tasks like
jigsaw solving. Ground-R1 [3] employs reinforcement learning (RL) for grounded vi-
sual reasoning without annotations, demonstrating uncertainty awareness. However, the
aforementioned methods often struggle with cervical cell image classification due to
challenges in accurately distinguishing nuclear sizes and chromatin textures in overlap-
ping cells.

Motivated by these advances, we propose CerviThink, an RL-based framework that
trains the Qwen2.5-VL model to emulate pathologists’ diagnostic reasoning for cervical
cancer cell classification. CerviThink is fine-tuned on CerviCoT, a custom CoT dataset
constructed via Retrieval-Augmented Generation (RAG) to embed medical expertise,
comprising cervical cell images with detailed rationales. The framework employs a
decoupled grounding-answering pipeline: the grounding phase applies focus, transform,
and ignore operations to isolate key cellular features and mask suspected abnormal
cells, while the answering phase optimizes classifications using the Dynamic Visual
Hybrid Reward (DVHR) mechanism. This includes Consistency Reinforcement and
Background Normality Confirmation Rewards, guiding the model to refine its reasoning
through uncertainty resolution and iterative adjustments.

Our contributions are threefold:

— We introduce CerviThink, an RL-driven framework that mimics pathologists’ diag-
nostic process, avoiding ground-truth bounding-box supervision during RL training
and inference.

— We design a decoupled grounding-answering pipeline with tailored ignore opera-
tions and a DVHR mechanism to enhance diagnostic specificity and accuracy.

— We validate CerviThink on the DST-derived CerviCoT benchmark and two exter-
nal cervical cytology datasets, achieving significant accuracy gains and exhibiting



CerviThink 3

e . B Y Tt N
S1: SFT-based Activation { ,——— Dynamic Visual Hybrid Reward )
’ .wr : ™ think>The image contains cells with increased nuclear size and irregular | |
1 (. (Torn=oTy mmossses ) nuclear membranes, which are suggestive of atypia. The presence of these | '
hﬁ ' Pr:x:aed — lmt;:lol;:lllcy : : iti i y the increase in nuclear size and the :
ok I\ ______ ,' L L irregular nuclear contours, indicate a higher suspicion of high-grade | !
;j g abnormalities...... think ]
- : b0x>[6,8,256,210], [19,33,156,119]...... box 1
L. 473 Qwen —> Visual Reasoning CerviCoT Data H . answer> (C). ASCH </answer ]
General Features: The image contains a small cluster of cells. The | [i Consistency Reinforcement Reward Background \(;(r::\“:l:z Confirmation :

. . i
;ells are_nolt gcnm]r_lghsh:]e's and are "0;}5:15'“’]‘& T)h? ":Fkg_“’““‘} H rethink>The image appears to % rethink>The image shows cells,| | |
features include a light blue staining, which could be indicative of | |, show cells, with irregular shapes, which appear as a uniform layer || |
mucus or other background material....... ! and prominently stained nuclei of squamous epithelial cells with | |
1 . that are darker ...... rethink well borders...... rethink |
N ~N i answer>(C).ASCH</answer . answer>(A).Normal</answer 1
+ RL-1 1
7777777 S2: RL-based Enhancement I [ i . ={ R — Ignore \ ={ 1, Answer=(A).Normal ||,
{ + “”%_ Prompt: <image>Which the cervical cell L Operation ~ © 0, otherwise Operation o, otherwise !
f E +kv'\%‘, type is observed? (A) Normal (B) ASCUS : I
|_| S 1
FOR il (_Clﬁsf'j (_Df ESEL_“E)_H?I' _______ ; | Format Reward Accuracy Reward——— :

1 . i N <thi, Prompt: <image>Which the cervical cell type is

S _1_ e ¢ | Format: <think>{Reasoning}<think> observed? (A) Normal (B) ASCUS (C) ASCH (D) |
] ( Rl <box> {box coordinates}<box> LSIL (E) HSIL ]
‘ eference Model 1  Reward Function , v <rethink>{Reasoning  <rethink> > |
“““ F S Generate ! «/ Format Reward : i <answer> {Final Answer} <answer> GT: <answer> (C). ASCH <answer> | |
KL Divergence Competitions > Accuracy Reward | | |
JRUSURE SRR N i Dynamic Visual '[! 1, if Answer adheres to format Ry = { 1, Answer=GT ]
Policy Model ! Policy Optimization Hybrid Reward ||| 0, otherwise L 0, otherwise !
0 — 1
o~~~ T A ’

Fig. 1. Schematic of the CerviThink framework. The diagram is divided into two main stages:
(S1) SFT-based activation from cervical cell image-question pairs to an initial policy model,
and (S2) RL-based enhancement from policy-generated grounding and answer rollouts to the
final cell-type prediction. The Reward Function includes Consistency Reinforcement Reward,
Background Normality Confirmation Reward, Format Reward, and Accuracy Reward.

structured intermediate reasoning behaviors, advancing interpretable medical im-
age analysis.

2 Methodology

CerviThink is a novel framework designed to emulate the diagnostic reasoning of pathol-
ogists for cervical cancer cell classification through reinforcement learning (RL). In-
spired by Ground-R1’s RL-driven grounded reasoning [3], CerviThink leverages the
Qwen2.5-VL model [1] as our backbone, fine-tuned on a custom Chain-of-Thought
(CoT) dataset, CerviCoT, constructed via Retrieval-Augmented Generation (RAG).
The framework employs a decoupled grounding-answering pipeline to guide the model
step by step in observing cell morphology, inspired by pathologists’ systematic analysis
of nuclear size, chromatin texture, and cellular arrangement. Dynamic visual operations
(focus, transform, ignore) and the Dynamic Visual Hybrid Reward (DVHR) optimize
the process, with the ignore operation tailored to mask suspected abnormal cells to ver-
ify if the remaining background is normal. Figure 1 illustrates the pipeline.

2.1 Dataset Construction with RAG

To embed pathologists’ diagnostic knowledge, we construct CerviCoT, a specialized
CoT dataset for cervical cancer cell classification. According to the Bethesda system
(TBS) [18], cervical squamous cells are classified into five classes: HSIL, ASC-H,
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LSIL, ASC-US, and Normal. Using Retrieval-Augmented Generation (RAG), we re-
trieve medical literature from PubMed to generate detailed CoT rationales, outlining
step-by-step reasoning processes such as identifying cell boundaries, assessing nuclear
size and shape, evaluating chromatin patterns, and classifying abnormalities. Each sam-
ple in the dataset includes an image-question-answer triplet and a CoT rationale. This
approach automates the integration of domain-specific knowledge, reducing manual an-
notation efforts while ensuring clinical relevance.

2.2 Grounding Phase

The grounding phase emulates a pathologist’s initial scanning process, identifying crit-
ical diagnostic evidence without requiring explicit bounding box supervision. Inspired
by Ground-R1 [3], given an input image v € R7*W>3 and a query ¢, the framework
employs the reference policy mg,,, to generate a set of G; = 4 grounding rollouts
b= {b:;}%', ~ 7., (q,v), where each b; = [z1, 41, T2,s] denotes the coordinates
of an axis-aligned bounding box. Adhering to the GRPO paradigm [19], the model en-
capsulates its latent reasoning within <t hink> tags and formalizes spatial coordinates
within <box> tags, ensuring high interpretability and structural consistency.

To replicate microscopic diagnostic techniques, we implement a suite of dynamic
visual operations applied to the extracted evidence regions. Specifically, the Focus Op-
eration acts as a precise localization mechanism by cropping the region b; to isolate
key morphological structures, such as hyperchromatic nuclei or irregular membranes,
which effectively minimizes background interference for downstream reasoning.

This is complemented by the Transform Operation, which emulates microscopic
magnification and enhancement through dynamic zooming with a scaling factor o €
[1, 3] and contrast adjustments. Such augmentations are vital for resolving fine-grained
pathological features like coarse chromatin patterns or nuclear pleomorphism, which
are essential for accurate lesion grading. Furthermore, the Ignore Operation mimics
the clinical “rule-out” strategy used in differential diagnosis; by leveraging OpenCV-
based inpainting, the model selectively masks potentially abnormal cells and recon-
structs the area using neighboring textures. This allows the framework to verify if the
remaining substrate represents a truly normal background, thereby significantly enhanc-
ing diagnostic specificity and reducing false-positive interpretations.

2.3 Answering Phase

The answering phase simulates pathologists’ diagnostic decision-making by synthesiz-
ing classifications based on the original image v, question ¢, and manipulated evidence
regions {e; }. For each evidence region e;, the policy y,,, generates answer rollouts:

o; = {ai’j}fﬁl ~my.,,(qv,e), fori=1,... Gy,

where G2 = 2 represents the number of answer rollouts, and responses are struc-
tured within <answer> and </answer> tags. This phase is driven by an overall
training reward consisting of the Format Reward rzf’ ;» the Accuracy Reward r{ ;, and
the Dynamic Visual Hybrid Reward (DVHR).
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DVHR Mechanism: DVHR optimizes diagnostic reasoning through two visual di-
agnostic rewards: the Consistency Reinforcement Reward and the Background Nor-
mality Confirmation Reward. To compute these specific visual rewards, the framework
performs auxiliary forward passes on the manipulated variations of e;. This mechanism
reflects pathologists’ confidence-building process:

— Format Reward (rif_ ;): Ensures outputs follow the required structure, calculated
as:
rzfj = I(output conforms to <think>, <box>,
<rethink>, and <answer> tags).

— Consistency Reinforcement Reward (7 ;): For each cropped region e;, an auxil-
iary response «j ; is generated. The reward assesses consistency with the ground-
truth label:

rz'c,j = ]I(O‘(i:,j = Yurue )
rewarding consistent diagnostic observations akin to pathologists’ repeated feature
checks.

— Background Normality Confirmation Reward (rg ;)¢ Following the masking of

suspected abnormal cells via inpainting, the response c%’- is generated via an in-
dependent forward pass (where c'ing denotes the classification of the inpainted evi-
dence region e;). The reward is assigned based on normal classification:

inp

rﬁ-”j = I(¢; ; = normal),

incentivizing the model to verify whether the remaining context supports a normal-
background interpretation. This reward is used as a soft regularizer rather than a
strict assumption, since images with multiple abnormal regions may still contain
diagnostically relevant background cues after inpainting.

— Accuracy Reward (rﬁ j): The final classification oy ; is rewarded for alignment
with the ground-truth label:

Tﬁj = H(ai,j = ylrue)a

encouraging correct final diagnostic predictions.
The total training reward is computed as the sum:

t _ . f c b a
Tig = Tig T Tyt T+

2.4 Reinforcement Learning Training

CerviThink is trained using the Group Relative Policy Optimization (GRPO) framework
[19], which coordinates evidence grounding and answer generation through reinforce-
ment learning to enhance reasoning for cervical cancer cell classification. The current
policy is optimized by maximizing the following objective function:

jGRPO(Q) - Eq,v,owﬂeold [['(Q7 v, O)] 3
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which is expanded as:

1 & & 70(0i; | q,v)
Jarpo(0) = szin ("W’Ai,j,

G1-Ga i=1 j=1 ﬂ-aold(oiyj | q,v)

chp<ﬂe<%w)),1_e,1+e>Ai,j>,

0614 (Oi,j | q,v

where 7y denotes the current policy model, o; ; represents the j-th rollout answer based
on the ¢-th evidence region (derived from the grounding phase), € is a hyperparameter
controlling the clipping range, and A; ; are the advantages computed using the group
reward {rfyj |1<i<G1,1<j<Gs} asfollows:
o ri; —mean({r} ;})
J std({rf ;}) +0

where § is a small constant for numerical stability.

Output regularization is provided by the format, consistency, background, and ac-
curacy rewards. This process encourages structured reasoning behaviors, including un-
certainty awareness by triggering transform operations on ambiguous regions, spatial
perception through localization of nuclei, and iterative refinement by revisiting inaccu-
rate regions.

3 Experiments

3.1 Experimental Setup

Dataset To evaluate CerviThink’s performance in cervical cancer cell classification, we
utilize three distinct datasets tailored to the task of microscopic image analysis, aligning
with the framework’s focus on emulating pathologists’ diagnostic reasoning:

— The DST dataset, a private in-house collection sourced from collaborating hospi-
tals, comprises 5,167 images of 1024 x 1024 pixels, with 7,321 annotated cells.
From this dataset, we construct CerviCoT by resizing the images to 256 x 256 pix-
els using the annotated bounding boxes, integrating RAG to embed detailed Chain-
of-Thought (CoT) rationales that mimic pathologists’ step-by-step analysis. A 4:1
train-test split is adopted at the patient level to prevent data leakage.

— The ComparisonDetector dataset [15] consists of 7,410 images cropped from
whole slide images (WSIs), annotated with 48,587 bounding boxes representing
diverse cervical lesion types. To standardize input for CerviThink, we resize these
images to 256 x 256 pixels based on pathologist-provided bounding boxes.

— The publicly available HiCervix dataset [2], a comprehensive cervical cytology
dataset, encompasses 29 annotated categories. For our experiments, we focus on
five clinically relevant categories, including ASC-US, ASC-H, LSIL, HSIL, and
Normal, to align with CerviThink’s classification objectives.
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Table 1. Performance Comparison of Different Models on the DST Dataset

Method Precision Recall F1-score

LLaVA-1.5-7B [16] 41.89 4235 4223
Qwen2.5-VL-3B [1]  43.21 4456 43.88
Gemini 2.5 [4] 4798 52.10 49.98

LLaVA-Med [14] 57.56 5232 5423
Quilt-LLaVA [12] 4843 5142 50.09
PathGen-LLaVA [20] 54.11 59.78 55.63

SFT 64.27 5922 62.12
RL 67.38 64.13 65.78
CerviThink 75.22 7545 74.80

Table 2. Performance Comparison on ComparisonDetector and HiCervix Datasets

Method ComparisonDetector Dataset HiCervix Dataset

Precision Recall F1-score Precision Recall F1-score

SFT 4892  46.71 47.23 46.78 49.12 47.56
RL 50.12 4745 48.98 51.23 4945 50091
CerviThink 61.77 57.03 58.09 64.31 57.14 60.67

The annotated bounding boxes are used only for preprocessing and standardized cell-
crop construction. During RL training and inference, no ground-truth bounding boxes
are provided as supervision; spatial coordinates are generated by the policy and opti-
mized through downstream reasoning rewards. These datasets collectively support the
development and validation of CerviThink’s decoupled grounding-answering pipeline
across private and public cervical cytology images.

Evaluation Metrics To rigorously assess the performance of CerviThink in cervical
cancer cell classification, we adopt three widely recognized evaluation metrics: Preci-
sion, Recall, and Weighted F1-score. These metrics are selected to comprehensively
evaluate the model’s classification performance, aligning with the clinical need for ac-
curate and balanced classification of cervical cells.

Implementation Details CerviThink is implemented using the Qwen2.5-VL-7B model
[1], fine-tuned via supervised fine-tuning (SFT) with batch size 8 and learning rate
1 x 107 on CerviCoT, followed by RL with GRPO [19], inspired by Ground-R1 [3].
Trainable baselines are trained or fine-tuned with consistent hyperparameters, while
closed-source LVLMs are evaluated under the same prompting and evaluation protocol.
We use GG; = 4 grounding rollouts and G2 = 2 answering rollouts. The clipping
range is set to ¢ = 0.2, and all reward components are assigned equal weights of 1.0.
For visual operations, the transform operation samples zoom factors from [1, 3] and
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Table 3. Ablation Study on CerviCoT Construction

Configuration  Precision Recall F1-score

Without CerviCoT 67.90 7047 69.14
Partial CerviCoT 70.56  72.32  70.98
CerviThink 75.22 7545 74.80

Table 4. Performance Comparison with Different Reward Functions

Reward Functions Performance Metrics

f a c b
1

T;; Tijrij Ti; Precision Recall F1-score
v v 67.38 64.13 65.78
v vV 70.48 6821 69.35
v v v 73.23 7091 72.08
v v v Y 75.22 7545 74.80

contrast factors from [0.8, 1.5], while the ignore operation uses OpenCV Navier-Stokes
inpainting with radius 5.

3.2 Comparison with State-of-the-Arts

We evaluate CerviThink across the standard DST setting and few-shot settings on
ComparisonDetector [15] and HiCervix [2]. For ComparisonDetector and HiCervix,
the few-shot setting uses 10% of the training samples, while the test samples are kept
disjoint. Baselines include general LVLMs (e.g., Qwen2.5-VL) and pathology-specific
models (e.g., PathGen-LLaVA).

As shown in Tables 1 and 2, CerviThink consistently outperforms all baselines. In
the DST benchmark, it achieves a 74.80% F1-score, surpassing PathGen-LLaVA by a
large margin. This superiority stems from the DVHR mechanism and ignore/transform
operations, which encourage more focused morphological feature analysis. In few-
shot scenarios, CerviThink demonstrates robust adaptability, significantly exceeding
the base RL performance. This validates that our complete RL-driven strategy effec-
tively compensates for sparse annotations by refining feature resolution and validating
background normality.

3.3 Ablation Studies

Effectiveness of CerviCoT. Table 3 validates the RAG-based expertise integration. Re-
moving CoT rationales (Without CerviCoT) or using manual rationales (Partial Cer-
viCoT) results in Fl-score drops of 5.66% and 3.82%, respectively. Although manual
rationales are accurate, they often lack the standardized, step-by-step deductive reason-
ing that RAG provides. This highlights RAG’s necessity in aligning model reasoning
with clinical diagnostic logic.
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Effectiveness of Reward Function. Table 4 decomposes the DVHR components. Inte-
grating the Consistency reward (rf ;) improves the Fl-score by 3.57% over the base

configuration (r i.; Tri ;). while the Background Normality reward (r? ;) independently
provides a 6.30% boost Combining all components in the full DVHR optimizes both
diagnostic stability and differential reasoning, reaching the peak F1-score of 74.80%.

4 Conclusion

This study introduces CerviThink, a reinforcement learning-driven framework that is in-
spired by pathologists’ diagnostic reasoning for cervical cancer cell classification. Built
on the Qwen2.5-VL model and fine-tuned on the CerviCoT dataset, which comprises
cervical cell images paired with RAG-generated diagnostic rationales, CerviThink em-
ploys a decoupled grounding-answering pipeline with dynamic visual operations and
the Dynamic Visual Hybrid Reward mechanism. The DVHR, integrating the consis-
tency reinforcement and background normality confirmation rewards, enhances inter-
pretability and accuracy by optimizing structured reasoning signals rather than relying
on ground-truth box supervision during RL training. Future work will explore expand-
ing the framework to other histopathological analyses.
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