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Abstract. Rheumatoid Arthritis (RA) markedly increases the risk of
cardiovascular disease (CVD), with coronary artery calcification (CAC)
serving as a pivotal biomarker for early risk stratification. RA patients
exhibit significantly elevated CAC-related mortality rates, making op-
portunistic CAC screening on routine chest CT scans highly valuable
in clinical practice. However, to the best of our knowledge, automated
CAC detection has not been systematically investigated in the RA co-
horts, where calcifications often present as minute and low-contrast. To
fill this critical gap, we construct the first high-quality CAC dataset
for RA patients, comprising 415 cases with professional annotations.
We propose Risk-aware Anatomical Prior Optimization (RAPO), a re-
inforcement learning framework that addresses the challenges of detect-
ing minute and low-contrast lesions. RAPO incorporates a Chan-Vese
Anatomical Prior that enforces geometric compactness to improve lo-
calization precision, and an Intrinsic Risk Penalty that modulates pre-
dictions based on uncertainty to reduce false negatives. Extensive ex-
periments demonstrate that RAPO achieves superior performance, sub-
stantially outperforming state-of-the-art methods. The resources will be
available at https://github.com/Jiashu-Xu/RAPO.

Keywords: Reinforcement Learning · Lesion Detection · Multimodal
Large Language Model.

1 Introduction

Rheumatoid Arthritis (RA) is associated with a substantially increased risk of
cardiovascular disease (CVD), which contributes significantly to excess mortal-
ity within this patient population [1]. Clinical data indicate that individuals
with RA face a 50% to 70% higher risk of developing CVD and an approximate
50% increase in mortality from cardiovascular events compared to the general

� Lei Zhu (leizhu@hkust-gz.edu.cn) is the corresponding author.



2 J. Xu et al.

public [5,21]. In the RA cohort, coronary artery calcification (CAC) serves as
a pivotal imaging biomarker for early risk stratification. While the incidence of
CAC in RA patients reaches up to 60% [18], detecting its early manifestations
on routine non-contrast chest CTs—known as opportunistic screening—remains
a formidable challenge. In RA cohorts, calcifications often present as particularly
minute and low-contrast lesions in early stages due to chronic systemic inflam-
mation [11]. This, combined with motion artifacts and limited spatial resolution
of non-gated acquisitions, makes automated detection exceptionally challeng-
ing [6,9].

In recent years, Multimodal Large Language Models (MLLMs) have achieved
remarkable success in the medical domain. Generalist models like Qwen-VL [2]
and specialized adaptations like LLaVA-Med [13] have demonstrated exceptional
proficiency in high-level semantic tasks, such as generating coherent radiology
reports [23] and visual question answering [8]. However, directly deploying these
models for fine-grained CAC detection reveals critical limitations inherent to
their training paradigms. First, a severe Semantic-Spatial Gap persists: general
MLLMs rely on Natural Image Priors learned from normal scenarios [7]. When
transferred to the low-contrast medical domain, they fail to precisely delineate
lesion boundaries, resulting in detection performance degradation. Moreover,
current optimization strategies typically rely solely on Intersection over Union
(IoU) [20] as the training objective. However, IoU is a purely geometric metric
that does not account for prediction uncertainty. In screening scenarios, errors
carry asymmetric clinical costs: a false negative can lead to missed diagnosis [28],
yet standard models lack mechanisms to suppress such errors in ambiguous re-
gions where uncertainty is high.

Reinforcement Learning (RL) has emerged as a robust alignment technique
to bridge these gaps [16,24]. Advanced algorithms like Group Relative Policy
Optimization (GRPO) [19] have proven effective in improving reasoning capa-
bilities. Nevertheless, most existing RL approaches in medical imaging focus on
report generation logic or utilize sparse rewards, lacking mechanisms to explicitly
constrain geometric precision and uncertainty awareness [22,15].

To address these challenges, we propose RAPO (Risk-aware Anatomical
Prior Optimization), a reinforcement learning framework designed for reliable op-
portunistic CAC detection. Departing from conventional "SFT-only" paradigms,
RAPO introduces a coarse-to-fine curriculum. We initialize the model with Di-
rect Preference Optimization (DPO) [17] to establish foundational discrimina-
tive capability, then introduce a novel Risk-aware GRPO mechanism that
integrates two specialized components: an Anatomical Prior based on the
Chan-Vese variational model to enforce geometric compactness, and a Risk-
aware Penalty derived from intrinsic uncertainty to reduce false negatives in
ambiguous regions.

Our contributions are summarized as follows:

– We propose RAPO, a reinforcement learning framework with a coarse-to-
fine training strategy. Crucially, it employs a Risk-aware GRPO mechanism
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Fig. 1. Overview of the proposed RAPO framework. Left: Two-stage training with
DPO-based discrimination and Risk-aware GRPO. Right: Inference pipeline for CAC
localization.

with decoupled reward normalization to effectively balance geometric con-
straints and uncertainty-driven penalties.

– We construct the first high-quality CAC dataset specifically for RA patients,
comprising 415 cases with professional annotations on routine chest CTs,
establishing a novel benchmark for opportunistic screening in autoimmune
populations.

– Extensive experiments demonstrate that RAPO establishes a new state-of-
the-art, significantly outperforming general and medical MLLMs in detection
performance.

2 Method

2.1 Overview

As shown in Fig 1, we formulate RAPO as a two-stage coarse-to-fine training
curriculum for 2D slice-level CAC detection. Given a CT slice, the model predicts
CAC presence or absence and generates bounding-box coordinates for positive
slices, without introducing an additional multi-stage clinical inference workflow.
We initialize the model with Direct Preference Optimization (DPO) to learn
CAC presence/absence discrimination, using positive responses as preferred and
negative responses as rejected for CAC-positive slices, and the reverse construc-
tion for CAC-negative slices. Building on this, we advance to Risk-aware GRPO
for fine-grained localization optimization, as shown in Fig 2. In this phase, to re-
solve the gradient dominance arising from the heterogeneous scales of geometric
and safety constraints, we propose a Decoupled Reward Normalization strat-
egy. Without this normalization, the disparate magnitudes of rewards impede
effective convergence. For instance, our localization reward Rloc is bounded in
positive unit interval [0, 1], whereas Rrisk can take larger-magnitude negative
values. Direct summation would cause the high-variance risk gradients to over-
whelm the fine-grained geometric signals. Consequently, we compute the total
advantage Atotal by independently normalizing each reward component k:

Atotal(yi) =
∑
k

λk · Rk(yi)− µk

σk + ϵ
, (1)
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Fig. 2. Overview of the Risk-aware GRPO architecture. Left: Candidate generation
from trainable policy. Middle: Three independently normalized rewards. Right: Advan-
tage computing with decoupled normalization to prevent gradient dominance.

where yi denotes the i-th sampled response from a group of candidates generated
for the same input, and µk, σk are the mean and standard deviation computed
across this group. This decoupled estimator ensures balanced optimization of
the comprehensive objective J(θ):

J(θ) = EX∼D,a∼πθ
[Rloc(b,y) +Rrisk(a, c,y) +Ranatomy(b, ϕ)] , (2)

where b, a, c, and ϕ denote the predicted bounding box, clinical action, intrinsic
confidence, and variational anatomical prior, respectively.

2.2 IoU-Driven Localization

To ensure the model accurately localizes the calcification region, we employ the
Intersection over Union (IoU) as the fundamental localization reward.

The model outputs a structured response containing: (1) a bounding box
b, (2) a clinical decision a ∈ {Positive, Negative, Review}, and (3) an intrinsic
confidence c derived from the policy logits. Given the ground truth bounding
box bgt annotated by radiologists, the localization reward is defined as:

Rloc(b,y) = IoU(b,bgt) . (3)

This term serves as the baseline supervision, encouraging the model to maximize
the geometric overlap with the target region.

2.3 Risk-Aware Clinical Decision Mechanism via Intrinsic
Uncertainty

While Rloc provides essential geometric supervision, relying solely on IoU is
insufficient for robust CAC detection. Medical diagnosis differs from general ob-
ject detection due to asymmetric error costs: in CAC screening, a high-confidence
miss leads to irreversible missed diagnosis, whereas a deviated prediction can still
trigger human review. IoU fails to distinguish between these clinically distinct
failure modes. To address this limitation, we construct a decision mechanism
modulated by Intrinsic Uncertainty to explicitly penalize high-risk errors.
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Uncertainty-Modulated Asymmetric Risk High-confidence errors, partic-
ularly False Negatives in screening contexts, severely compromise clinical safety
and trust. To mitigate this, we extract the clinical decision a directly from the
model’s structured text response and the Intrinsic Confidence c ∈ [0, 1] from the
policy logits. We formulate the risk-aware reward Rrisk as:

Rrisk(a,y, c) = −(1 + γ · c) · Casym(a,y) , (4)

where Casym encodes the pathology-specific cost matrix (e.g., penalizing False
Negatives more heavily than False Positives). Mathematically, this formulation
imposes heavier penalties on high-confidence errors while allowing the model to
express uncertainty in ambiguous regions, thereby reducing the risk of commit-
ting false negatives.

2.4 Variational Anatomical Guidance via Active Contour Models

Constraining localization to physiologically plausible soft-tissue regions remains
challenging in the absence of pixel-level supervision. Conventional gradient-
based edge detection methods frequently fail in non-contrast CT due to the
low contrast-to-noise ratio and ill-defined anatomical boundaries. To address
this ill-posed problem, we formulate the region of interest (ROI) extraction as
a variational energy minimization problem using the Chan-Vese Active Contour
Model [3]. Unlike edge-based methods, this formulation leverages global image
statistics, making it robust to noise and weak boundaries. The energy functional
E(c1, c2, ϕ) is defined as:

E(c1, c2, ϕ) = µ · L(ϕ) + λ1

∫
Ω

|I(x)− c1|2H(ϕ(x))dx

+ λ2

∫
Ω

|I(x)− c2|2(1−H(ϕ(x)))dx ,

(5)

where L(ϕ) represents the length regularization term, H(ϕ) is the Heaviside
function, and c1, c2 denote the mean intensities inside and outside the contour,
respectively. Minimizing this energy drives the zero-level set of ϕ to converge
upon the mediastinum boundaries while maintaining topological continuity. The
resultant anatomical mask Ωanatomy serves as a variational prior. We translate
this geometric constraint into a penalty reward Ranatomy:

Ranatomy(b, ϕ) = −1IoU(b,Ωanatomy)<τ · α · Dist(b, ∂Ωanatomy) , (6)

where −1(·) triggers the penalty if the overlap with Ωanatomy is insufficient.
Dist(·) measures the Euclidean deviation from the box center to the nearest
valid boundary, and α is a scaling factor. Since the Chan-Vese evolution is com-
putationally intensive and acts as a geometric constraint rather than a learnable
objective, we implement it as a non-differentiable environmental signal. To mini-
mize computational overhead, the anatomical mask Ωanatomy is computed using
30 morphological iterations and cached for each image, ensuring zero latency
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during the RL training loop. This variational prior is particularly valuable for
opportunistic screening, where lesions may be confused with rib calcification or
vascular structures.

3 Experiment

3.1 Dataset

We constructed a high-quality proprietary CAC dataset collected from Sun Yat-
Sen Memorial Hospital with ethical approval, comprising 415 patients, 5,821
CAC-positive slices, with 13.7 lesions per case on average. Each sample consists
of a non-contrast chest CT scan and bounding boxes. The bounding boxes were
annotated by one radiologist and verified by a senior radiologist. The data is
randomly split into training, validation, and test sets with a ratio of 7:1:2 at the
patient level to prevent data leakage.

3.2 Implementation Details

Our framework is built upon the Qwen-2.5-VL-7B [2]. The model was trained
using the AdamW optimizer with an initial learning rate of 1e-6, decayed via a
cosine schedule. We train DPO for 1000 steps, then GRPO for 2000 steps. We
generated K = 4 candidates following previous work [24]. For the Chan-Vese
functional, we use λ1 = λ2 = 1.0 and smoothing µ = 0.2 [3]. The cost matrix
is configured with CFN = 1.5 and CFP = 0.7. The intrinsic confidence c is
derived from the average per-token log-probability then normalized. To ensure a
rigorous and equitable comparison, all baseline models were subjected to task-
specific supervised fine-tuning on our training dataset. All experiments were
conducted on 4 × NVIDIA A6000 GPUs (48GB) with a batch size of 4.

3.3 Comparison with State-of-the-Art Methods

We compared our proposed framework with four categories of state-of-the-art
(SOTA) methods: 1) Conventional Detectors: Pure vision-based object de-
tection models, including YOLO [10], RetinaNet [14] and DINO [26]; 2) General
MLLMs: Large-scale pre-trained models, including Qwen2.5-VL-7B [2], LLaVA-
Onevision-7B [12], and InternVL3-8B [27]; 3) Medical MLLMs: Large-scale
pre-trained models (including Lingshu-7B [25] and Huatuo-7B [4]) specifically
tuned for the clinical domain; 4) Task-Specific Models: Models specialized
for detection, including MedGround-r1 [24] and VLM-R1 [20]. We adopt four
commonly used metrics for quantitative comparisons, and they are mean Inter-
section over Union (mIoU), Accuracy (Acc), F1-score, and Recall.

Quantitative Comparisons. Tab. 1 summarizes the quantitative results on
the RA-CAC dataset. Conventional detectors exhibit a stark trade-off: YOLO
and RetinaNet achieve a competitive mIoU but suffer from extremely low Acc
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Table 1. Quantitative comparisons between our method and state-of-the-art models
on our dataset. We Bold the best ones and underline the second best.

Category Method mIoU (↑) ACC (↑) F1 (↑) Recall (↑)

Conventional
RetinaNet [14] 0.5285 0.1436 0.2511 0.1492
YOLO [10] 0.5512 0.2431 0.4035 0.8012
DINO [26] 0.4031 0.5832 0.6708 0.6673

General MLLMs
Qwen2.5-VL-7B [2] 0.2315 0.1651 0.1655 0.1659
LLaVA-Onevision-7B [12] 0.3549 0.2495 0.2310 0.2150
InternVL3-8B [27] 0.4485 0.4609 0.4266 0.3971

Medical MLLMs Lingshu-7B [25] 0.5459 0.4646 0.4358 0.4796
Huatuo-7B [4] 0.4708 0.3498 0.3281 0.3090

Specialized Methods MedGround-r1 [24] 0.4940 0.4938 0.4950 0.4938
VLM-R1 [20] 0.5011 0.5136 0.5140 0.5136

Ours −− 0.6042 0.7660 0.7311 0.6995

and F1, whereas DINO shows the exact opposite trend. Notably, YOLO achieves
the highest Recall, but its low Acc and F1 indicate excessive false positives.
MLLMs are expected to mitigate these extreme trade-offs and provide a more
balanced performance due to their reasoning capabilities, but their overall per-
formance remains suboptimal, lacking the strict geometric constraints needed
for minute calcifications. In contrast, our RAPO successfully bridges this gap,
achieving the best mIoU of 0.6042, Accuracy of 0.7660, and F1 of 0.7311, while
maintaining the second-best Recall of 0.6995. Specifically, RAPO delivers sub-
stantial relative improvements of +9.6% in mIoU, +31.4% in Accuracy, and
+9.0% in F1 score over the best baselines. This proves its clinical effectiveness
for opportunistic screening, validating the integration of variational anatomical
priors and intrinsic risk penalties.

Visual comparisons. Fig. 3 presents a qualitative comparison. General MLLMs,
for example Qwen2.5-VL-7B in the second row, exhibit severe instability, of-
ten hallucinating targets in unrelated regions due to the domain gap. Medical
MLLMs, while correctly focusing on the cardiac area, suffer from loose localiza-
tion and spatial drift, lacking box-level precision. In contrast, RAPO generates
compact bounding boxes that tightly adhere to the ground truth. This confirms
that our Chan-Vese variational prior effectively refines geometric precision, en-
suring the boundaries are anatomically plausible, while the Risk-aware mecha-
nism successfully suppresses the false positives observed in baseline methods.

3.4 Ablation Study

To disentangle the specific contributions of each component, we defined six ex-
perimental configurations: 1) Baseline (ID 1) employs Qwen2.5-VL fine-tuned
via standard SFT; 2) +DPO (ID 2) applies DPO prior to SFT to discriminate
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Fig. 3. Visual comparisons between our method and SOTA methods, where the green
box denotes the ground truth and red box represents the prediction.

Table 2. Ablation study of the proposed RAPO framework.

ID Training Stage Reward Performance
DPO GRPO Ranat Rrisk mIoU (↑) ACC (↑) F1 (↑) Recall (↑)

1 - - - - 0.2315 0.1651 0.1655 0.1659
2 ✓ - - - 0.4388 0.2600 0.2497 0.2401
3 ✓ ✓ - - 0.5084 0.5745 0.5987 0.6250

4 ✓ ✓ ✓ - 0.5825 0.5350 0.5179 0.5018
5 ✓ ✓ - ✓ 0.5682 0.6954 0.6926 0.7100

6 ✓ ✓ ✓ ✓ 0.6042 0.7660 0.7311 0.6995

CAC presence/absence; 3) +GRPO Base (ID 3) introduces reinforcement learn-
ing after DPO using solely the standard IoU reward (Rloc); 4) +Anatomy (ID 4)
incorporates the Anatomical Prior (Ranat) for geometric constraints; 5) +Risk
(ID 5) adds Risk Awareness (Rrisk) for reducing false negatives; and 6) RAPO
(ID 6) represents the complete framework.

Tab. 2 validates our design. DPO initialization (ID 2) significantly boosts
mIoU over the SFT baseline (ID 1), confirming that establishing discriminative
capability is beneficial for effective localization. The subsequent transition to
GRPO (ID 3) marks a shift from imitation to reasoning, driving a substantial
leap in Accuracy and Recall, which verifies the necessity of RL exploration for
handling low-contrast lesions. Regarding reward shaping, the Anatomical Prior
(ID 4) enhances geometric compactness but can be conservative for low-contrast
or tiny CAC, reducing Recall and Acc when used alone. In contrast, Risk Aware-
ness (ID 5) prioritizes reducing missed detections, achieving the peak Recall by
penalizing confident false negatives, although localization quality is lower than
the full RAPO. Finally, RAPO (ID 6) achieves the optimal synergy, combining
anatomical constraints with uncertainty-driven risk awareness to secure state-
of-the-art results across all metrics. Paired bootstrap tests between RAPO and
each ablated variant (IDs 1–5) were all significant (p < 0.001).
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4 Conclusion

We present RAPO, a reinforcement learning framework for reliable opportunis-
tic CAC detection in RA patients. We contribute the first detection dataset for
Rheumatoid Arthritis cohorts. To address the semantic-spatial gap and the lim-
itations of IoU-only optimization, we introduce two key innovations: (1) DPO
initialization to establish discriminative capability, and (2) a Risk-aware GRPO
mechanism leveraging decoupled reward normalization to effectively balance lo-
calization fidelity (Rloc), anatomical priors (Ranat), and intrinsic risk penalties
(Rrisk). Extensive experiments on our RA CAC dataset demonstrate the superi-
ority of our method, achieving state-of-the-art detection performance. Ablation
studies further validate the effectiveness of each component.
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