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Abstract

Cardiac magnetic resonance (CMR) is the clinical gold
standard for assessing cardiovascular diseases, but its in-
terpretation relies on expert experience and remains chal-
lenging, particularly for identifying rare diseases. Existing
automated methods lack interpretable reasoning processes,
limiting clinical adoption. Although vision-language mod-
els (VLMs) possess basic visual understanding and text
generation capabilities, they still lack verifiable reasoning
chains in medical diagnosis and underperform on minor-
ity classes in long-tail distributions. To address these chal-
lenges, we propose CMR-RD, to our knowledge the first
VLM for interpretable diagnosis in CMR, capable of gen-
erating explicit diagnostic chains aligned with imaging ev-
idence. We construct a CMR dataset that reflects real-
world clinical distributions, comprising five disease cate-
gories (including two rare conditions) plus normal controls.
Building on this, the general-purpose VLM is aligned to
medical and CMR semantics using large-scale medical vi-
sion—text data, and cold-start training is used to enhance its
understanding of medical concepts and basic reasoning. To
enhance reasoning and performance on rare samples, we
propose Group Phase Policy Optimization (GPPO), which
combines online multi-stage reinforcement learning (RL)
with adaptive sampling. GPPO enables the model to proac-
tively explore rare and underperforming classes, thereby
effectively mitigating long-tail bias. Experiments demon-
strate that CMR-RD achieves highly competitive accuracy
and reasoning-chain correctness compared with medical
and general VLMs, shows stronger recognition of rare cat-
egories.

1. Introduction

Cardiovascular diseases (CVDs) remain the leading cause
of death worldwide [22]. Although cardiac magnetic res-
onance (CMR) is the gold standard for functional assess-
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Figure 1. Long-tailed distributions can undermine the post-trained
VLM’s ability to recognize rare classes, which is especially critical
in CMR diagnosis. Existing RL-based post-training methods (e.g.,
GRPO) remain vulnerable to class imbalance, leading to reward
sparsity and degraded recognition of rare classes.
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ment and disease characterization [14], its clinical value
is constrained by high barriers to interpretation and un-
even resource distribution. Primary care facilities lack ex-
perienced subspecialty readers [1, 9], complex cases are
time-consuming to interpret, and rare categories are prone
to under-recognition, directly affecting patient prognosis
and triage efficiency. The key clinical risks in CMR are
concentrated in challenging samples and long-tail cate-
gories [20, 21], yet current automated models suffer from
poor interpretability and weak recognition of rare classes,
limiting clinical trust and large-scale adoption[28].

Currently, Vision-Language Models (VLMs) possess ba-
sic visual understanding and text generation capabilities and
hold promise for tackling clinical visual diagnosis tasks
[7, 13]. However, general VLMs underperform in cardiac
disease diagnosis because they are not aligned with medi-
cal contexts and cardiovascular expertise. Moreover, they
do not provide fully explicit reasoning processes (chain of
thought, CoT) [34], falling short of the transparency re-
quired for clinical decision-making, which is critical for
auditability and explainability in clinical practice. Med-
ical data naturally exhibit a long-tailed distribution with
scarce rare-class samples [44]. As shown in Fig. 1, ex-
isting reinforcement learning—based post-training methods
(e.g., GRPO) [25, 30] are dominated by majority classes in



both sampling and value estimation, biasing policy updates
toward common classes and markedly weakening recogni-
tion and reasoning for rare classes [15, 26, 41, 43]. In par-
ticular, when training follows the empirical class distribu-
tion, majority classes are sampled more frequently, where
advantage and value estimates for rare classes may exhibit
higher variance and lower confidence, further diminishing
their gradient contributions. Consequently, even if RL is
used to strengthen medical alignment or explicit reasoning,
the long-tailed data distribution causes the learned policy to
favor common classes, limiting improvements on rare-class
diagnosis and reasoning. Static class-balancing or data aug-
mentation strategies lack stage-wise adaptivity during train-
ing and therefore struggle to achieve optimal performance
across all categories [17, 27, 33, 37].

To address these key obstacles, we propose CMR-RD,
the first VLM with explicit reasoning for explainable CMR
diagnosis. It simulates clinicians’ diagnostic processes to
present a transparent diagnostic chain, while effectively
identifying rare cardiac diseases. We constructed a CMR
dataset reflecting real clinical distributions, including nor-
mal controls and five categories of cardiac diseases (two of
which are rare), and designed a test set that evaluates both
overall performance and long-tail robustness. We propose a
two-stage training framework. In Stage 1, to ensure that a
general VLM can produce answers that conform to clinical
expression standards and maintain factual consistency, we
align the general VLM to the medical context and CMR
image semantics by jointly leveraging large-scale medi-
cal vision-language data and smaller CMR-specific data,
thereby enhancing the model’s understanding of medical
concepts and reporting terminology. We also adopt a cold-
start strategy to strengthen the model’s basic reasoning ca-
pabilities. In Stage 2, to enable the model to self-evolve
its reasoning ability using process-free supervision data and
to reinforce recognition of rare categories, we propose the
Group-Phased Policy Optimization (GPPO) algorithm. By
decomposing the RL optimization into online multi-stage
updates, GPPO guides the model to actively explore and to
learn in a targeted manner for minority classes. We fur-
ther introduce a dynamic sampling mechanism with stage-
wise adaptive data mixing to mitigate long-tailed bias. To
further reduce hallucinations and misleading descriptions,
we incorporate lesion grounding into both the reward signal
and the training objective, shifting the model from global
image generalization to evidence-based, explainable deci-
sions grounded in lesion findings, thereby improving the
consistency between textual descriptions and imaging ev-
idence. On the CMR diagnostic test set, CMR-RD outper-
forms other medical or general VLMs in terms of diagnos-
tic accuracy and reasoning-chain correctness. Compared
with alternative training methods, CMR-RD effectively ad-
dresses the long-tail problem, and attains highly competi-
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tive diagnostic performance. The contributions of this study
are summarized as follows:

We propose CMR-RD, the first VLM for explainable car-
diac diagnosis. It can generate interpretable diagnostic
reasoning chains while accurately identifying even rare
cardiac conditions. Moreover, we constructed a new
CMR dataset for training model.

Based on the proposed GPPO algorithm, we have
enhanced the reasoning capabilities of CMR-RD and
strengthened rare and underperforming categories
through an automatic exploration mechanism with an
adaptive sampling strategy.

CMR-RD significantly outperforms both medical and
general VLM baselines in CMR diagnostic accuracy. By
introducing a lesion grounding reward, it improves factual
consistency between descriptions and images, thereby en-
hancing clinical usability.

2. Related Works
2.1. Medical Vision-Language Models

In recent years, VLMs have advanced rapidly for medi-
cal understanding and report generation. General mod-
els adapted via medical-domain instruction tuning and
cross-modal alignment (e.g., Qwen-VL/Qwen2.5-VL, In-
ternVL3) can acquire basic capabilities, yet clinical adap-
tation often remains at answer-level supervision with tem-
plated constraints, lacking systematic calibration for profes-
sional terminology, report structure, and consistency with
imaging evidence [3, 7, 29, 38, 45].

Beyond these, several medical VLMs directly target
clinical imaging—language alignment: Med-Flamingo and
BiomedGPT extend open VLMs with biomedical corpora
and radiology image-text alignment for zero/few-shot re-
porting [19, 23]; LLaVA-Med and LLaVA-Rad leverage
curated instruction tuning on radiology dialogues and QA
to enhance image-grounded clinical reasoning and cap-
tioning [5, 16]; RadFM and Radiology-GPT couple large-
scale PACS-style image—report pretraining with structured
prompt schemas for improved report generation and ev-
idence grounding [18, 35]; and MIMIC-CXR-VQA and
MEDIQA-Chat style benchmarks further drive progress in
localized lesion reasoning and evidence-linked answers [2,
10], though gaps remain in consistent terminology control
and verifiable evidence grounding for specialized modali-
ties like CMR. For explicit reasoning, CoT and RL-based
post-training (e.g., PathVLM-R1, MedVLM-R1, MedTVT-
R1) have improved domain professionalism and consis-
tency [15, 26, 36, 43]. Despite the benefits of post-training
for model outputs, limited access to rare-disease samples
constrains the recognition of long-tail distributions. Given
the persistent sample imbalance in medical imaging, cur-
rent post-training methods still necessitate refinement to im-
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Figure 2. Two-stage training framework of CMR-RD. Stage 1: First perform cross-modal alignment and instruction tuning using public
medical datasets (e.g., PMC-VQA and CMR image—text pairs); then introduce a small amount of supervised CoT cold-start data to teach
the model to think through and reason about cardiac disease diagnosis. Stage 2: Introduce Group-Phased Policy Optimization and design
a dynamic sampling mechanism, enabling the model to proactively and continuously optimize diagnostic performance for rare and under-

represented classes under imbalanced distributions.

prove generalization across rare disease scenarios.

2.2. CMR Diagnosis and Long-Tailed Learning

CMR imaging datasets exhibit pronounced long-tailed dis-
tributions: common conditions dominate training, while
rare yet high-risk categories are underrepresented, induc-
ing majority-class bias in models [41, 42]. Existing miti-
gation strategies include balanced/weighted sampling, loss
reweighting and invariance constraints, as well as feature-
level relation modeling and virtual feature compensation [8,
17, 27, 37], which have been effective in general vision
and some medical tasks. Yet these static strategies often
misalign with the dynamic nature of RL post-training, cre-
ating tension between overall performance and minority-
class recognition and hindering truly optimal performance
across all categories. Consequently, there is a need for long-
tail solutions that self-adapt to the reasoning-training phase
and jointly optimize minority-class evidence alignment and
reasoning-chain quality.

3. Proposed Method

To train CMR-RD, we first constructed a CMR dataset com-
prising scans from patients with five types of cardiac disease
and from a healthy control group. As illustrated in Fig. 2,
we then designed a two-stage training framework: Stage
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1 carries out medical alignment, and Stage 2 enhances the
model’s reasoning capability. We introduce the GPPO al-
gorithm, which improves the model’s overall inference per-
formance and increases its accuracy in identifying rare dis-
eases.

3.1. Medical Alignment and Cold-Start

In this stage, we first perform domain alignment for the
foundation VLM using the open-source medical corpus
PMC-VQA [40] (227k question-answer pairs, 149k im-
ages) and CMR image-text pairs (7k). This process injects
foundational medical imaging knowledge into the model
and familiarizes it with the typical imaging features and
professional terminology of CMR. To preserve the vision-
language capabilities of the backbone and reduce training
costs, both the vision backbone and the large language
model (LLM) of VLM are frozen, with only the projector
that maps visual features to the language space being fine-
tuned.

Then, we constructed a small-scale dataset for
“physician-style thinking.” A cardiac radiologist selected
representative cases from routine LGE-CMR reports. Sub-
sequently, with the assistance of OpenAl’s 03, the original
reports were rewritten into reasoning templates that con-
form to the clinical decision-making process (including le-



sion observation, localization description and differential
diagnosis). Finally, after quality control by clinicians, this
collection served as the dataset for the cold-start [12]. At
this stage, we froze the vision tower and trained only the
projector and the LLM.

3.2. Group-Phased Policy Optimization

The CMR training data suffers from a severe long-tail dis-
tribution, where full-batch training can easily lead to signif-
icant factual bias. Furthermore, research has shown that a
small amount of high-quality data can be sufficient to train
a well-performing model [24, 39]. Therefore, we propose
Group-Phased Policy Optimization, which decomposes the
RL process into an online dynamic updating pipeline. By
employing a dynamic sampling strategy, it adaptively ad-
justs the sampling weights of each disease category, thereby
placing emphasis on strengthening learning for classes that
are data-scarce or more difficult.

Prior and Posterior. To jointly address the data—model
coupling induced by long-tail distributions and ongoing
model evolution, we explicitly cast the data-sampling pro-
cedure as a Bayesian decision process under uncertainty and
employ Thompson Sampling (TS) [4] to adaptively allocate
per-class quotas at every training stage. Let the training set
contain K disease categories:

N
C:{Cla---ch}a D:{(xhyi)}i:l?yieC' (1)
Let 6. € (0,1) denote the model’s true accuracy on class

¢, and assign a Beta prior to it for each class.

ac ~ Beta (ac,Oa 60,0) , Qo = /BC,O =1. (2)

After the t-th training round, we record the counts on
an independent test set.n,, and n_, = n.; — ng,, where
n,, and n., respectively denote the numbers of correct and
incorrect samples for class c at this stage.Then the posterior

distribution satisfies:

0. | Dgt ~ Betﬂac,ta ﬁc,t),

t
Qe t = Qc0 + Z n;‘—,s’
s=1 (3)

t
Bc,t = /BC,O + Z nc_,s'
s=1

Category weights generated by TS. Before the next round
t + 1 begins, independently sample for each category é(:,t ~
Beta (ae,t, Be,t).and define its “difficulty” weight w.; =
1-— éc’t.A larger weight indicates that the model is less pro-
ficient at that disease category or that its posterior is more
uncertain.

Dynamic sampling. For a single-stage batch of size B,
the quota for class c¢ is given by Eq.4. We then ap-
ply a “bucket—refill” strategy: if the remaining pool size
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—|P.+| < 7 is smaller than 7 (7 being a small thresh-
old), the class is treated as a minority class and we ran-
domly draw min(gc,|Pec|) samples without removing
them from the pool; otherwise, we draw ¢. ; samples with-
out replacement and remove them from the pool. If an over-
all deficit still exists, the missing items are refilled one by
one from the remaining majority-class pools.

o= |5 5.

Model training and iteration. After the model is incre-
mentally trained on S;y1, it is evaluated on the validation
set to obtain (nff +1>Me41)- The Beta parameters are then
updated according to Eq.3 This procedure is repeated until
the convergence criterion is met. The expected weight:

! )

cec We' it

Qe t

E =1 —<
[wC7t] ac,t + Bc,t
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3.3. Reasoning enhancement

Several medical VLMs trained with GRPO can recognize
lesion information in medical images. However, because
VLMs are prone to hallucination, the generated textual de-
scriptions often misalign with the actual lesion locations. To
address this discrepancy, we introduce three reward func-
tions into the reinforcement learning process, especially the
IoU reward, which explicitly encourages the spatial consis-
tency between the predicted text and the true lesion location.

1)Formatting Reward: We designed an answer tem-
plate: <think>Thinking process</think>\ <location\ >
[x1,y1,x2,y2 ]\ </location>\ <answer\ >..\ </answer>.
When all tags are correctly matched, the reward is set to
1.5; otherwise, it is O.

2)Answer Reward: Conditional on the formatting re-
ward being correct, we perform answer verification. The
answer within the <answer >..</answer>tags is extracted
and compared with the ground truth. If the answers match,
a reward of 2.0 is given; otherwise, the reward is 0. Un-
like [15, 26], we opt for the model to answer with the actual
disease category rather than options such as A, B, C, or D.
We found during our experiments that the labels themselves
contain semantic information, which is more conducive to
model training.

3)IoU Reward: To further enhance the model’s spa-
tial awareness of lesions, we devise a sparse—dense hy-
brid reward based on the Intersection over Union (IoU)
for the RL stage. The closer the bounding box predicted
by the VLM is to the ground-truth lesion box, the larger
the positive feedback it should receive. Given a predicted
box By = [r1,y1,%2,y2] and a ground-truth box Bs
[, v}, x5, y5], ToU is defined as

_|B1N By

IOU(Bl, BQ) = m.

(6)



Because IoU is highly sparse in practice (IoU ~ 0 for
most steps), using it directly as a reward can slow RL con-
vergence. We therefore apply a linear transformation with a
threshold 7 to obtain the IoU-based reward roy:

0, if IoU < T,
Tou = § ToU —7 . @)
, otherwise.
-7
Let 7y be the trainable policy (the VLM), 7y, the policy
before the current update, and G = {g1,...,gn} a parti-

tion of the data (in our experiments each disease category
constitutes one group). For every sampled image—prompt
pair s; the model generates an answer sequence a; ~7g/( - |
s;); the sequence is mapped to the sum of the three elemen-
tary rewards R;.

Group-relative advantage. To optimize the policy without
a dedicated value network, we employ the GRPO algorithm.
For each input in a mini-batch, the model generates a group
of sampled outputs g € G. The baseline for each sample
is derived dynamically from its group’s collective perfor-
mance. Specifically, we compute the group-mean reward:

|
RQ:EZRJ,

Jj€g

®)

and define the group-relative advantage as the deviation of
an individual reward R; from its group mean:

AR = R; — Ry(. ©)

Using this within-group baseline removes systematic
bias and sharply reduces the high-variance rewards that typ-
ically hinder medical vision—language models.

For policy improvement we plug AS® into a PPO-style
clipped surrogate and add (i) a KL penalty to keep the new
policy close to the old one and (ii) an entropy bonus to pro-
mote exploration. The final objective is

J(G) _ EGRPO

clip (9)+5KL KL[7T€01d H 7T9] — Bent ,H[WGL (10)

where Okr, Bene > 0 are tunable coefficients and #H[rmy] de-
notes policy entropy. During the RL fine-tuning phase, we
jointly update all model components, including the vision
encoder, the projection head, and the language model pa-
rameters 6. This GPPO scheme jointly enhances language
accuracy and spatial reasoning while preserving the stabil-
ity benefits of variance-reduced baselines.

4. Experiment

4.1. CMR-VQA

The CMR-VQA dataset consists primarily of two compo-
nents. First, we randomly sampled 500 clinical cases and
used OpenAl’s 03 to generate question—answer pairs from
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the original reports for cold start; after rigorous quality
control, 411 high-quality samples were retained to support
CMR semantic alignment and reasoning fine-tune. The sec-
ond component is training data centered on LGE-CMR,
covering five cardiac diseases: cardiac amyloidosis (CAM,
146), dilated cardiomyopathy (DCM, 3,192), hypertrophic
cardiomyopathy (HCM, 6,645), left ventricular noncom-
paction (LVNC, 465), myocardial infarction (MI, 2,833),
and normal (NOR, 488). All images underwent strict qual-
ity control to exclude severe artifacts and low-quality scans.
We randomly sampled 30 cases from each category to con-
struct an independent test set. To strengthen lesion local-
ization, we added expert-level annotations for myocardial
infarction cases, using bounding boxes [x1, y1, x2, y2] to
label infarct regions and microvascular obstruction. This
clinically reviewed, comprehensive dataset provides a solid
foundation for training CMR-RD and enhances diagnostic
classification and lesion-level reasoning capabilities.

4.2. Implementation Details

CMR-RD uses Gemma-4B [32] as the base model and em-
ploys Verl [31]as the RL framework. The GPPO stage is
divided into five sub-stages, each lasting two epochs, with
the learning rate decaying at every stage. All images are
resized to 256 x 256 and training is performed on 4 A800
GPUs, with a per-GPU batch size of 2 and 4 candidate ra-
tionales per sample of GPPO.

4.3. Metric

We quantitatively evaluate CMR-RD using three comple-
mentary metrics that capture both diagnostic and localiza-
tion performance. Overall correctness is measured by Ac-
curacy (ACC). The Area Under the ROC Curve (AUC) re-
flects the model’s ability to rank positive and negative cases
across all decision thresholds, making it less sensitive to
the class imbalance in our long-tail dataset. We also report
the Fl-score, defined as the harmonic mean of precision
and recall, to further account for distribution imbalance. To
mitigate stochasticity in VLM generation and reinforcement
learning, all reported results represent the mean values ob-
tained across three independent runs.

4.4. Compared With Other VLMs

As shown in Table |, we conducted a comparison between
CMR-RD and two categories of baselines: (i) general-
purpose VLMs such as GPT-4o [13], seedl.5-vl [11],
Intervi3-2B [45], Qwen2.5-3B [3]; and (i) VLMs that
specifically on medical images such as Lingshu-7B [38],
HuatuoGPT-Vision-7B [6], MedGemma-4B [29]. On the
CMR detection task which includes six categories, our ap-
proach achieves the best performance on every evaluation
metric—including ACC, AUC, and F1 score, thereby sur-
passing all competing models. These results underscore



the effectiveness and robustness of the proposed method for
cardiac-MRI analysis.

To guarantee a fair assessment, all VLMs were queried
with the same prompt, with restrictions placed on response
length and output format to channel each model’s reasoning
capability. Test cases in which a model did not produce an
explicit prediction were uniformly labeled as “Failed result”
and excluded from metric calculation, thereby ensuring a
consistent and unbiased evaluation of the reported perfor-
mance.

To evaluate the model’s reasoning capability, we em-
ployed GPT-40 and a radiology expert as impartial third-
party reviewers. The procedure was as follows: we ran-
domly sampled 50 representative cases from the test set.
We then collected responses from both the baseline models
and CMR-RD for each query and presented them side by
side to the reviewers. GPT-4o scored the responses based
on reasoning accuracy, coherence of the reasoning chain,
and readability; meanwhile, the radiology expert assessed
the professionalism and clinical reliability of the underly-
ing logic. As shown in Fig.3, CMR-RD’s reasoning ability
surpassed that of other models according to both the AI’s
objective judgment and the expert’s subjective evaluation.

S Ours Win Tie [ Ours Loss

Qwen2.5-3B
Intervi3-2B
Seed1.5-VL
GPT-40
Lingshu-7B
HuatuoGPT-7B
MedGemma-4B

0% 20% 40%

(a) GPT-4 Evaluation

60% 80% 100%

Qwen2.5-3B
Intervi3-2B
Seed1.5-VL
GPT-40
Lingshu-7B
HuatuoGPT-7B
MedGemma-4B
0% 20% 40% 60%

80% 100%

(b) Radiologist Evaluation

Figure 3. Reasoning process comparisons of CMR-RD with other
VLMs via GPT-4 (a) and radiology expert evaluation (b).

To provide an intuitive comparison of how different med-
ical VLMs respond to clinical queries, we present represen-
tative answers from several models in Table 3. The results
show that, while these models already demonstrate a certain
level of clinical reasoning, they remain susceptible to long-
tail distribution and may introduce bias. When faced with
clinically similar diseases, they often fail to reach accurate
diagnostic conclusions. In contrast, CMR-RD adaptively
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learns the distribution of cardiac diseases and can still de-
liver good diagnostic performance even for uncommon con-
ditions.

MedGemma o

Huatuo

L = L B8
Ground Truth Lingshu
Figure 4. Lesion localization ability of different Medical VLM:s.
Although the positioning area of CMR-RD is larger than GT, it is
more accurate than other medical VLMs.

Only HuotuoGPT and CMR-RD correctly diagnosed
cardiac amyloidosis; Lingshu mistook it for myocardial
infarction and MedGemma for dilated cardiomyopathy.
CMR-RD cited diffuse late enhancement, ruled out is-
chemic, hypertrophic, and dilated cardiomyopathies, and
justified its answer with a clear, checkable logic chain.
Huotuo also chose the right diagnosis but used a largely
enumerative approach, gave vague features, inserted fac-
tual errors (e.g., “HCM usually shows no LGE”), and even
conflated HCM with arrhythmogenic right-ventricular dys-
plasia. Lingshu ignored the diffuse enhancement pattern
typical of amyloidosis and followed an ischemic template,
while MedGemma largely disregarded the critical LGE
findings, focusing instead on apparent cardiac enlargement.

4.5. Localization enhancement

In the localization experiments, owing to the limited amount
of annotated data, training was performed only on the MI
dataset. As illustrated in Fig. 4, CMR-RD identifies and
localizes lesions in LGE images more accurately than the
other Medical VLMs. Nevertheless, it can be observed that
although CMR-RD offers some localization capability, the
VLM is not adept at target localization, so the resulting le-
sion bounding boxes are usually oversize.

Moreover, Table 4 further shows that incorporating the
localization-learning mechanism enables CMR-RD to gen-
erate more reliable descriptions of lesion locations.In the
base VLM trained without IoU constraints, lesion local-
ization still shows deviations. For example, in this image
the VLM mistakenly flags the posterior myocardial wall as
a region with late enhancement, even though no lesion is
actually present there. After introducing the localization-
enhanced (IoU-optimized) strategy, the posterior wall is no
longer mislabeled; the model now assigns high-confidence
scores only to areas with true late enhancement, effectively



Table 1. Per-class performance (ACC/AUC/F1) of different VLMs on cardiac conditions.

HCM DCM CAM LVNC MI NOR
Model ACC AUC FlI ACC AUC Fl1 ACC AUC Fl1 ACC AUC FlI ACC AUC Fl1 ACC AUC Fl
Qwen2.5-3B 0.261 0.615 0.208 0.178 0.441 0.131 0.033 0.450 0.040 0.000 0.496 0.000 0.586 0.539 0.385 0.035 0.497 0.057
MedGemma-4B 0.076 0.486 0.100 0.261 0.584 0.300 0.192 0.514 0.200 0.000 0.488 0.000 0.269 0.509 0.226 0.524 0.612 0.324
HuatuoGPT-7B  0.300 0.538 0.214 0.079 0.533 0.133 0.555 0.529 0.212 0.000 0.491 0.000 0.214 0.557 0.261 0.125 0.528 0.182
Lingshu-7B 0.214 0.544 0.251 0.192 0.512 0.192 0.300 0.406 0.161 0.000 0.500 0.000 0.300 0.447 0.180 0.100 0.467 0.103
Intervl3-2B 0.234 0.539 0.257 0.281 0.467 0.240 0.181 0.467 0.140 0.070 0.520 0.125 0.550 0.481 0.212 0.207 0.632 0.266
Seed1.5-vl 0.000 0.500 0.000 0.211 0.523 0.223 0.800 0.607 0.532 0.000 0.500 0.000 0.312 0.582 0.344 0.400 0.618 0.340
CMR-RD 0.641 0.723 0.655 0.622 0.712 0.645 0.574 0.688 0.622 0.582 0.654 0.601 0.611 0.699 0.641 0.633 0.739 0.667
Table 2. Comparison of results from different training and sampling methods.
HCM DCM CAM LVNC MI NOR
Model ACC AUC FlI ACC AUC Fl ACC AUC Fl ACC AUC Fl ACC AUC Fl ACC AUC FI
FullBatchSFT 0421 0.512 0477 0311 0.523 0.353 0.100 0.498 0.132 0.000 0.500 0.000 0.322 0.531 0.374 0.389 0.541 0.412
FullBatchRL 0.664 0.721 0.683 0.613 0.697 0.635 0.100 0.457 0.151 0.070 0.495 0.115 0.672 0.733 0.698 0.330 0.576 0.341
Balance Sampling 0.512 0.643 0.511 0483 0.625 0.527 0.533 0.621 0.566 0.523 0.638 0.547 0.561 0.656 0.545 0.571 0.662 0.619
Weighted Sampling  0.611 0.710 0.645 0.592 0.674 0.622 0.540 0.670 0.600 0.560 0.640 0.610 0.588 0.653 0.591 0.615 0.724 0.642
Thompson Sampling 0.641 0.723 0.655 0.622 0.712 0.645 0.574 0.688 0.622 0.582 0.654 0.601 0.611 0.699 0.641 0.633 0.739 0.667
Base Fullbateh  —— GPPO-1 GPPO-4 reaches a plateau. By introducing the dynamic TS strat-
Base Full-batch . o . . .
HCM HCM egy, the sampling probability is adjusted according to the
class distribution. This significantly increases the presence
NOR i NOR i of minority samples, particularly LVNC and CAM, in ev-
ery mini-batch. Such repeated exposure enables the model
to focus on fine-grained differences within minority classes
and establishes clearer decision boundaries. Experimental
CAM DCM CAM DCM .
results demonstrate that the TS algorithm not only markedly
e G boosts recognition accuracy for LVNC and CAM but also
GPPO-1 GPPO-4

/>

N——e

NOR MI NOR Mi

CAM DCM CAM DCM

LVNC LVNC

Figure 5. The Cardiac-Distribution Adaptive Learning based on
TS algorithm can reduce the VLM bias introduced by long-tailed
distributions.GPPO-x denotes the x-th round of GPPO.

eliminating false positives and improving both localization
accuracy and clinical interpretability.

As illustrated in Fig. 5, when the VLM is trained with
the plain full-batch scheme, LVNC and CAM samples make
up only a tiny fraction of the dataset. The model therefore
“sees” these cases only rarely within the limited number
of iterations, fails to learn discriminative features for them,
and the classification performance for both diseases quickly
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improves overall robustness and generalization under long-
tailed distributions.

4.6. Ablation Study

To assess the practical contribution of each training stage
to the final performance of CMR-RD, we conducted a step-
wise ablation study on Stage 1 and Stage 2 (results sum-
marized in Table 5). The medical alignment and cold-start
procedure first enables the model to “understand” medical
images at a basic level, establishing a vision-language cor-
respondence suited to the medical context. Cardiac distribu-
tion adaptive learning combines the strengths of supervised
learning and reinforcement learning and is a key component
for improving the model’s diagnostic and reasoning capa-
bilities. By dynamically switching between tasks of vary-
ing difficulty and objectives, the model continually refines
its strategy and broadens its decision boundary, thereby
achieving the most notable accuracy gains. For GPPO, as
shown in table 2, we trained the model using Fullbatch’s
SFT and RL separately, and then applied three different
sampling strategies to address the long-tail problem. We
ultimately found that the TS algorithm effectively balances



Table 3. For the diagnoses of rare-sample diseases produced by several medical VLMs.

Image

Question

Please analyze this Late Gadolinium Enhancement (LGE) image to determine whether the patient has heart disease.
First, think about the reasoning process, then provide your final answer.

HuotuoGPT

<think>There appears to be a bright area within the LV wall ... this hyperintense region suggests myocardial
fibrosis... Likely cardiac amyloidosis...</think> the most likely diagnosis would be ’Cardiac
amyloidosis’ <answer >CARDIAC AMELLOIDOSIS </answer >

Lingshu

<think>...In this image, there is a distinct area of hyperenhancement visible in the myocardium, suggesting the
presence of fibrotic tissue. This pattern is consistent with myocardial infarction, where necrotic tissue from a
previous ischemic event leads to scar formation...Dilated cardiomyopathy would not typically show localized
hyperenhancement unless secondary to other factors. Based on these observations, the most likely diagnosis is
myocardial infarction. </think>< answer >Myocardial infarction</answer>

MedGemma

<think>... Given the enlarged heart and LGE, it is difficult to definitively diagnose without more information, but
the findings are concerning for a cardiac condition. The image is not clear enough to rule out other possibilities.
</think> <answer > Dilated cardiomyopathy </answer>

CMR-RD

<think>...It shows myocardial delayed enhancement suggestive of non-ischemic cardiomyopathy. The

enhancement appears predominantly subendocardial, a pattern that can occur with myocardial infarction; however,
infarction usually produces focal enhancement, whereas this image demonstrates diffuse late enhancement. Such a
distribution is more consistent with cardiac amyloidosis...</think> <answer > Cardiac amyloidosis<</answer >

Table 4. GPPO with an IoU reward improves the CMR-RD’s
ability to describe lesion regions, reduce the occurrence of
incorrect descriptions.

Image
Rl
Please analyze this Late Gadolinium
Enhancement (LGE) image to determine
Question whether the patient has heart disease. First,

think about the reasoning process, then
provide your final answer.

<think>This LGE shows delayed
enhancement located on the anterior and
lateral walls of the interventricular
septum...<answer >Myocardial
infarction</answer >

<think>This is an LGE image that shows a
certain degree of delayed enhancement,
mainly distributed in the interventricular
septum and some anterior wall positions...
</think><location> [68, 80, 121,
184]</location> <answer>Myocardial
infarction </answer >

CMR-RD w/o IoU

CMR-RD w/ IoU

performance across common and rare conditions, yielding
the most comprehensive accuracy across the entire dataset.

7010

Table 5. Ablation study on CMR-RD. S1 and S2 stand for Stagel,
Stage?2.

Stage Acc  Flscore AUC
Neither S1 nor S2  0.212  0.244  0.494
Only S1 0.261 0.288  0.521
Only S2 0.493 0512  0.683
S1+8S2 0.610 0.639 0.703

5. Conclusion

In this work, we propose CMR-RD, the VLM for clinical di-
agnostic reasoning in CMR. We design a two-stage training
framework that first carries out medical alignment and then
reasoning enhancement. The GPPO algorithm is leveraged
to actively explore diseases on which the model performs
poorly, while the TS algorithm adaptively adjusts the data
ratio during each training stage to utilize the data more effi-
ciently. Experiments on the expert-annotated test set show
clear gains over other medical VLMs. Future research will
focus on leveraging external tools to extend VLMs’ capabil-
ities so that we can develop intelligent agents for medical
scenarios, thereby further enhancing the application value
of VLMs in the medical domain.
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