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Abstract
Medical image captioning requires models to generate descriptions that are linguistically fluent, visually grounded,
and clinically faithful. This paper describes the AI Stat Lab system for the CLEF 2026 ImageCLEFmedical Caption
task, submitted under the official leaderboard username AIstatLab. The system combines supervised fine-tuning
with post-SFT Group Reward-Decoupled Policy Optimization (GDPO). To move beyond token-level imitation, we
design a multi-alignment reward organized around three complementary axes and implemented with four reward
components: BERTScore Recall and ROUGE-1 for caption-to-caption alignment, BiomedCLIP-based similarity
for caption-to-image alignment, and a frozen biomedical concept extractor for caption-to-CUI alignment. We
additionally use reward scheduling to balance heterogeneous reward signals, applying a piecewise schedule for
the standard track and a dynamic schedule for the synthetical track. Final submissions were generated from
selected checkpoints using deterministic decoding and a conservative rule-based fallback selector for malformed
outputs. Our submissions ranked first by overall score on the official leaderboards for both the standard and
synthetical caption prediction tracks. These results suggest that medical-domain initialization, multi-objective
post-SFT optimization, and carefully controlled inference-time selection provide an effective framework for
competitive medical image captioning. The source code and implementation details are publicly available at:
https://github.com/HJunK0410/AIStatLab-CLEF2026_MIC.
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1. Introduction

Medical image captioning is a multimodal generation task that requires both visual understanding
and clinically faithful language generation. Unlike general image captioning, which often focuses on
salient objects, actions, and scene-level relations in open-domain images, medical image captioning
must capture clinically relevant information such as imaging modality, anatomical structures, abnormal
findings, disease-related patterns, and visually supported observations [1]. A generated caption may
be fluent and plausible while remaining clinically unreliable if it omits important findings, introduces
unsupported concepts, or describes image findings that are not visually grounded. Therefore, medical
image captioning systems should be optimized not only for linguistic fluency, but also for visual
grounding, clinical factuality, and concept-level completeness.

ImageCLEFmedical Caption 2026 was organized as part of ImageCLEF, a CLEF benchmarking cam-
paign for multimedia retrieval tasks including medical, social media, and content recommendation
applications [2]. The medical captioning task provides a shared evaluation setting with standard Caption
Prediction and Caption Prediction Synthetical tracks [3]. Recent ImageCLEFmedical captioning tasks
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are closely connected to large-scale medical image-caption resources such as ROCOv2 [4] and evaluate
generated captions using multiple metrics that capture complementary aspects of caption quality. This
multi-dimensional evaluation setting motivates captioning systems that consider reference-caption
similarity, lexical consistency, visual grounding, and clinical concept preservation rather than optimizing
only a single text-similarity objective.

A common approach to image-conditioned text generation is supervised fine-tuning (SFT) with
teacher forcing, where the model learns to predict reference-caption tokens conditioned on the input
image and prompt. Although this objective is stable and effective for learning medical caption style,
modality-specific terminology, and common anatomical descriptions, token-level likelihood does not
directly optimize sequence-level caption quality. As a result, an SFT-only model may generate fluent
captions that are incomplete, weakly grounded, or insufficiently faithful to clinically important concepts.

Sequence-level optimization offers a natural way to reduce this mismatch between token-level
training and sequence-level evaluation. Earlier image captioning work, such as self-critical sequence
training, showed that reinforcement learning can optimize captioning models using task-level rewards
computed on complete generated captions [5]. More recent LLM post-training methods compare
multiple generated outputs to form relative advantages and improve generation behavior beyond
maximum-likelihood imitation [6, 7]. These methods provide a useful framework for refining SFT
captioning models using rewards that reflect semantic similarity, lexical overlap, visual grounding, and
clinical concept consistency.

In this work, we adopt a post-SFT Group Reward-Decoupled Policy Optimization (GDPO) pipeline
for medical image captioning. Our central design choice is a multi-alignment reward organized around
three complementary axes and implemented using four reward components. Caption-to-caption
alignment is represented by BERTScore Recall [8] and ROUGE-1 [9], which encourage semantic content
recovery and lexical consistency with reference captions. Caption-to-image alignment is represented
by BiomedCLIP-based image-text similarity [10], which serves as a training-time proxy for visual
grounding. Caption-to-CUI alignment is represented by a frozen biomedical concept extractor, which
encourages coverage of clinically relevant concepts using UMLS-based concept representations and
biomedical language modeling resources [11, 12, 13, 14].

Combining these rewards introduces an additional optimization challenge because the reward com-
ponents may differ in scale, noise level, sparsity, and reliability. Moreover, the relative usefulness of
each reward may change across training stages and task settings. Fixed reward weights are simple
and reproducible, but they may not adequately handle reward conflict or data-regime differences. We
therefore investigate reward scheduling as a practical mechanism for balancing heterogeneous reward
signals during GDPO. Specifically, we use a manually designed piecewise schedule for the standard task
setting and an online dynamic schedule for the synthetical task setting.

The main contributions of this work are as follows:

• We develop a two-stage medical image captioning system that combines teacher-forcing SFT
with post-SFT GDPO optimization.

• We design a multi-alignment reward organized around caption-to-caption, caption-to-image,
and caption-to-CUI alignment, implemented through BERTScore Recall, ROUGE-1, BiomedCLIP
similarity, and a frozen biomedical CUI extractor.

• We investigate reward scheduling strategies for balancing heterogeneous reward components
across the standard and synthetical caption prediction settings.

• We report first-place systems by overall score on the official ImageCLEFmedical Caption 2026
leaderboards for both task settings, while analyzing the effects of reward design, decoding, and
conservative rule-based post-processing at the system level.



2. Related Work

2.1. Medical Image Captioning and ImageCLEFmedical Caption

Image captioning was initially developed in the general vision-language setting, where encoder–decoder
models generate natural-language descriptions from visual inputs. Representative early systems include
Show and Tell, which formulates caption generation as image-conditioned sequence modeling, and
Show, Attend and Tell, which incorporates visual attention to improve region-level grounding during
generation [15, 16]. Medical image captioning extends this problem from open-domain scene description
to clinically grounded image interpretation. In this setting, a caption should not only be grammatically
well formed, but also clinically meaningful, visually supported, and precise with respect to imaging
modality, anatomy, abnormal findings, and disease-related observations [1]. This makes medical image
captioning particularly challenging because a generated caption may appear fluent while still omitting
important findings or introducing unsupported clinical concepts.

The ImageCLEFmedical Caption series has provided a standardized shared-task setting for medical
image caption prediction and medical concept detection. Recent editions are closely connected to
large-scale medical image–caption resources such as ROCOv2, which provides multimodal radiology
data with captions and associated biomedical concepts [4]. The 2026 edition further defines standard
and synthetical caption prediction settings and evaluates systems under shared data, task definitions,
and official scoring protocols [3, 17]. This benchmark setting is important because medical captioning
systems must be assessed not only by general language quality, but also by their ability to preserve
clinically relevant visual and textual information.

Within the ImageCLEFmedical Caption benchmark, prior systems have explored a wide range of
design choices, including model backbone selection, domain-specific pretraining, supervised fine-tuning,
prompt design, decoding strategies, and inference-time refinement [18, 19]. These approaches show
that medical captioning performance depends on both the underlying vision-language model and
the procedure used to select or refine generated captions. However, many systems primarily rely on
supervised fine-tuning and inference-time selection, which can improve the choice among generated
candidates but does not directly update the model distribution according to sequence-level evaluation
criteria.

Our work follows this shared-task setting while focusing on post-SFT optimization for medical
image captioning. Instead of using metric-aware signals only for inference-time selection, we use them
as training-time reward signals within a GDPO framework. The foundation models, sequence-level
optimization methods, and evaluation-oriented reward signals that motivate this design are reviewed in
the following subsections.

2.2. Vision-Language Foundation Models for Medical Imaging

Vision-language foundation models have substantially improved multimodal representation learning
and image-conditioned generation. CLIP introduced large-scale contrastive image–text pretraining and
showed that visual representations can be learned from natural-language supervision at scale [20]. In
the biomedical domain, BiomedCLIP adapts this contrastive learning paradigm to biomedical images
and scientific text, providing domain-specific image–text representations that are better aligned with
biomedical visual concepts than general-domain models [10]. Such models are particularly useful for
medical image captioning because the task requires not only visual recognition, but also alignment
between image evidence and clinically meaningful language.

Recent vision-language models have further extended this paradigm from representation learn-
ing to open-ended image-conditioned generation. The Qwen-VL model family has shown strong
multimodal perception and generation capabilities, with later variants improving visual resolution
handling, document and chart understanding, and general-purpose image-conditioned instruction
following [21, 22, 23]. In parallel, medical-domain vision-language models such as MedGemma have
been developed to support medical image and text understanding, reflecting the growing importance of
domain-adapted multimodal models for clinical and biomedical applications [24]. Open medical VLM



checkpoints, including Qwen-based MedVL models, provide another practical route for adapting strong
general-purpose multimodal backbones to medical image interpretation tasks [25].

In our system, vision-language foundation models are used in two complementary ways. First,
Qwen-based and MedGemma-based models serve as caption generation backbones that are supervised
fine-tuned and subsequently optimized with GDPO. Second, BiomedCLIP is used as a reward-side
representation model to compute an image–text similarity signal during post-SFT optimization. This
dual use reflects the practical role of medical VLMs both as generative captioning models and as auxiliary
evaluators of visual grounding.

However, strong multimodal initialization alone does not determine how a captioning model should
balance semantic faithfulness, lexical consistency, visual grounding, and clinical concept coverage.
A model may generate fluent and medically plausible text while still omitting important findings or
introducing unsupported clinical details. This motivates post-SFT optimization on top of medical
VLM backbones, where sequence-level reward signals can be used to refine the model toward the
multi-dimensional evaluation criteria of medical image captioning.

2.3. Sequence-Level Optimization for Captioning and Generation

Teacher forcing is the standard training objective for image-conditioned text generation. It optimizes
token-level likelihood by increasing the probability of reference tokens given an image and textual
prompt. This objective is stable and effective for supervised fine-tuning, but it does not directly
optimize the sequence-level metrics used to evaluate generated captions. In medical image captioning,
this mismatch is particularly important because many clinically relevant errors, such as omitted
findings, incorrect anatomical descriptions, unsupported disease mentions, or weak visual grounding,
are properties of the complete generated caption rather than isolated token predictions.

Sequence-level optimization provides a way to reduce this mismatch by assigning rewards to complete
generated outputs. In image captioning, self-critical sequence training (SCST) showed that captioning
models can be optimized with policy-gradient learning using task-level rewards computed on full
captions [5]. In SCST, the model’s own inference-time output is used as a baseline, and sampled captions
are encouraged when they obtain higher rewards than the baseline. This approach made it possible
to optimize non-differentiable captioning metrics more directly than maximum-likelihood training.
However, early applications of sequence-level optimization often focused on a single reward or on
text-overlap-oriented metrics, which may be insufficient for medical image captioning where visual
grounding and clinical concept consistency are also important.

A related direction has become central in modern language-model post-training. Reinforcement
learning from human feedback and preference-based optimization methods refine supervised models
using rewards or preferences defined over complete model responses [26]. More recent group-relative
methods compare multiple sampled responses for the same input and compute relative advantages with-
out requiring a separately trained value model. For example, GRPO uses group-relative normalization
among generated outputs and has been used for post-training large language models in reasoning-
oriented settings [6]. GDPO further extends this idea to multi-reward optimization by decoupling
reward-specific contributions and normalizing heterogeneous reward signals before aggregation [7].
These properties are useful when the desired output quality is inherently multi-dimensional.

This multi-dimensionality is central to medical image captioning. A generated caption should
recover the semantic content of the reference caption, preserve clinically meaningful terminology,
remain compatible with the visual evidence, and avoid unsupported or incomplete clinical concepts.
Optimizing a single captioning metric is therefore unlikely to capture all desired properties. In our
previous ImageCLEFmedical Caption 2025 system, metric-aware selection was performed at inference
time by generating multiple candidate captions and reranking them using biomedical text and image–
text similarity signals [19]. Such reranking strategies can improve the final choice among available
candidates, but they do not update the captioning model itself and are limited by the diversity and
quality of the generated candidate pool.

Our work adopts a training-time sequence-level optimization perspective. After supervised fine-



tuning, we apply GDPO to refine the captioning policy using multiple reward signals computed on
complete generated captions. Unlike inference-time reranking, this post-SFT optimization directly
changes the model distribution toward captions that better satisfy the reward criteria. Unlike single-
metric caption optimization, our formulation combines caption-to-caption, caption-to-image, and
caption-to-CUI alignment signals. This makes reward balancing a central design issue, which we
address through reward-decoupled advantage normalization and reward scheduling.

2.4. Evaluation Metrics and Clinical Concept Consistency

Medical image captioning evaluation is inherently multi-dimensional. A caption can be lexically similar
to a reference while still being visually weakly grounded, and it can be visually plausible while omitting
clinically important concepts. The ImageCLEFmedical Caption 2026 benchmark reflects this difficulty
by evaluating generated captions with multiple complementary metrics grouped into relevance and
factuality dimensions [3, 27]. This evaluation design motivates training and selection strategies that
account for reference-caption similarity, image-caption compatibility, and clinical concept preservation
rather than optimizing a single text-overlap metric.

Text-based metrics capture different aspects of reference-caption alignment. ROUGE measures
lexical overlap and has been widely used for summarization and generation evaluation [9]. BERTScore
compares contextual token representations from pretrained language models and is less dependent on
exact surface-form matching than purely lexical metrics [8]. BLEURT is a learned evaluation metric
trained to better correlate with human judgments of generated text quality [28]. These metrics are
useful for measuring semantic and lexical similarity to reference captions, but they are not sufficient
for medical image captioning because a generated caption may be textually plausible while remaining
unsupported by the image or clinically incomplete.

Visual grounding is therefore another important evaluation axis. Image–text similarity metrics
compare visual and textual representations to estimate whether a generated caption is compatible with
the input image. Biomedical vision-language models such as BiomedCLIP provide domain-specific
image–text representations learned from biomedical image–text pairs and can therefore be used as
proxy models for medical image-caption compatibility [10]. In our training pipeline, this motivates the
use of a BiomedCLIP-based image–text similarity reward. However, such similarity scores should be
interpreted as coarse grounding signals rather than complete measures of clinical correctness, because
embedding similarity may not capture fine-grained errors such as laterality mismatches, incorrect
assertion status, or unsupported diagnostic interpretations.

Clinical factuality also requires concept-level and claim-level evaluation. The Unified Medical
Language System (UMLS) provides a standardized biomedical concept vocabulary that supports concept-
level matching across surface forms [12]. Tools such as MedCAT perform medical concept annotation
and linking, enabling generated clinical text to be evaluated in terms of extracted biomedical concepts
rather than only word overlap [11]. Biomedical language models such as BioBERT, PubMedBERT,
and BiomedBERT further show that domain-specific pretraining improves biomedical and clinical text
understanding, making them useful foundations for concept extraction and clinical text representation
[29, 13, 14]. In this work, these resources motivate the use of a frozen biomedical caption-to-CUI
extractor as a training-time proxy for clinical concept coverage.

Beyond concept overlap, factual consistency also involves whether the claims in a generated caption
are supported by the reference or source information. AlignScore evaluates factual consistency through
a unified alignment function and provides a complementary view of support-based factuality [30].
This distinction is important for medical captioning: a caption may mention many correct biomedical
concepts while still making an unsupported claim about laterality, negation, relation, or diagnosis.
Therefore, concept-level rewards and alignment-based factuality metrics should be viewed as related
but not identical measures of clinical faithfulness.

The official evaluation metrics motivate our reward design, but our training-time rewards are not
intended to exactly replicate the official evaluator. Instead, we use BERTScore Recall and ROUGE-1 as
caption-to-caption alignment rewards, BiomedCLIP-based image–text similarity as a proxy for visual



grounding, and a frozen caption-to-CUI extractor as a proxy for clinical concept coverage. These reward
components provide complementary signals for post-SFT GDPO optimization while acknowledging
that strict claim-level factuality remains a challenging and only partially captured objective.

3. Method

Our system follows a two-stage training pipeline consisting of supervised fine-tuning (SFT) followed
by post-SFT GDPO. The first stage adapts a vision-language backbone to the medical image captioning
format using teacher-forcing likelihood training. The second stage further optimizes the SFT checkpoint
with sequence-level reward signals computed on complete generated captions. The same overall
framework is used for both the standard and synthetical caption prediction settings, while the reward
scheduling strategy and final submission-level post-processing are selected separately for each setting.

The proposed SFT–GDPO pipeline is backbone-agnostic and can be instantiated with differ-
ent pretrained vision-language checkpoints. In this work, we used three backbone checkpoints:
Qwen/Qwen3-VL-4B-Instruct, a general-purpose instruction-tuned vision-language model from the
Qwen-VL family [31, 21, 22, 32]; OpenMed/Qwen3.5-2B-MedVL, a medical vision-language checkpoint
based on Qwen3.5-2B and fine-tuned on medical VQA data [25]; and google/medgemma-4b-it, a 4B
multimodal instruction-tuned MedGemma checkpoint for medical text and image understanding [24].
For readability, we refer to these checkpoints as Qwen3-VL-4B, Qwen-MedVL-2B, and MedGemma-4B,
respectively.

Figure 1 summarizes the proposed pipeline. Given an input medical image and a captioning prompt,
the model is first trained to reproduce the reference caption through SFT. The resulting checkpoint is
then used as the initial policy for GDPO, where multiple candidate captions are sampled for the same
image and evaluated with a multi-alignment reward. The reward is organized around three alignment
axes: caption-to-caption alignment, caption-to-image alignment, and caption-to-CUI alignment. These
axes are implemented using four reward components: BERTScore Recall, ROUGE-1, a BiomedCLIP-
based image–text similarity score, and a frozen biomedical caption-to-CUI extractor. During GDPO,
reward-specific group-relative advantages are computed and then combined using schedule-dependent
weights. Finally, selected checkpoints are used for deterministic decoding and submission-level candidate
selection or fallback post-processing.

The following subsections describe the SFT stage, the GDPO formulation, the multi-objective reward
components, the caption-to-CUI extractor, reward aggregation and scheduling, and the inference-time
post-processing procedure.

3.1. Supervised Fine-Tuning

The first stage of our pipeline performs supervised fine-tuning on medical image–caption pairs. Given
an input medical image 𝐼 , a textual instruction context 𝑥, and a reference caption 𝑦*, the captioning
model is trained to generate 𝑦* conditioned on (𝐼, 𝑥). The model policy is denoted by 𝜋𝜃, where 𝜃
represents the trainable parameters of the vision-language model.

We use a chat-style vision-language prompt format consisting of a system instruction, the input
image, a user instruction, and an assistant response. The system and user instructions define the
captioning task, while the assistant response contains the gold reference caption during training. The
system prompt is:

You are a medical image captioning expert. Given a medical image,
provide a detailed and accurate caption describing the clinical
findings, imaging modality, and relevant anatomical structures.

The user prompt is:

<image>
Describe this medical image in detail.
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Figure 1: Overview of the proposed GDPO-based medical image captioning pipeline. After supervised fine-
tuning, the model is optimized with post-SFT GDPO using multi-objective reward signals. The reward function
is organized around three alignment axes: caption-to-caption alignment, caption-to-image alignment, and
caption-to-CUI alignment. Reward scheduling controls the relative contribution of the reward components
during GDPO training, and the final system uses checkpoint selection followed by greedy or beam-search
decoding.; CC BY[Hongo et al. (2018)]

The same prompt format is used during SFT, GDPO rollout generation, and final inference. This
design reduces prompt-format mismatch across training and evaluation stages and ensures that changes
in model behavior are primarily due to optimization and decoding rather than different instruction
formats.

We train the model with teacher-forcing next-token prediction. Let the reference caption be

𝑦* = (𝑦*1, . . . , 𝑦
*
𝑇 ).

The SFT objective is defined as

ℒSFT(𝜃) = −
𝑇∑︁
𝑡=1

log 𝜋𝜃 (𝑦
*
𝑡 | 𝑦*<𝑡, 𝑥, 𝐼) , (1)

where (𝑥, 𝐼) denotes the textual instruction context and visual input. The loss is applied only to assistant
caption tokens; tokens belonging to the system prompt, user prompt, and image placeholder are used
as conditioning context and are masked from the training loss.

The purpose of SFT is to obtain a stable medical captioning policy before reinforcement learning.
Through this stage, the model learns the caption style of the benchmark, modality-specific expressions,
common anatomical terminology, and basic image–caption alignment. However, because the SFT
objective optimizes token-level likelihood, it does not directly optimize complete-caption quality or the
multi-dimensional evaluation criteria used in the benchmark. The SFT checkpoint therefore serves both
as the supervised baseline and as the initial policy for the subsequent GDPO stage, where generated
captions are further optimized using sequence-level reward signals.



3.2. Post-SFT GDPO

After supervised fine-tuning, the SFT checkpoint is used as the initial policy for post-SFT GDPO. This
stage refines the captioning model using rewards computed on complete generated captions rather than
relying only on token-level likelihood. This is important for medical image captioning because clinically
relevant errors, such as omitted findings, weak visual grounding, unsupported clinical concepts, or
incorrect anatomical descriptions, are usually properties of the full generated caption.

For each image–prompt input (𝐼, 𝑥), the current policy generates a group of 𝐺 candidate captions:

{𝑦𝑖}𝐺𝑖=1 ∼ 𝜋𝜃old(· | 𝐼, 𝑥), (2)

where 𝜋𝜃old denotes the rollout policy before the current update. Each candidate caption is evaluated
by multiple reward components. For reward component 𝑘, we write

𝑅𝑖,𝑘 = 𝑅𝑘(𝑦𝑖; 𝐼, 𝑦
*, 𝐶*), (3)

where 𝑦* is the reference caption and 𝐶* is the gold CUI set. The reference caption and gold CUI set
are used only for training-time reward computation and are not available during inference.

GDPO converts candidate-level rewards into group-relative advantages. In our setting, all candidates
within a group are generated for the same image and prompt. Therefore, group-wise normalization
compares alternative captions under the same visual input and reduces the effect of image-level reward-
scale variation. For each reward component 𝑘, we compute

𝐴𝑖,𝑘 =
𝑅𝑖,𝑘 − 𝜇𝑘

𝜎𝑘 + 𝜖
, 𝜇𝑘 =

1

𝐺

𝐺∑︁
𝑗=1

𝑅𝑗,𝑘, 𝜎𝑘 =

⎯⎸⎸⎷ 1

𝐺

𝐺∑︁
𝑗=1

(𝑅𝑗,𝑘 − 𝜇𝑘)2, (4)

where 𝜖 is a small constant for numerical stability. If all candidates receive nearly identical scores for
a reward component, the corresponding normalized advantages become small, and that component
contributes little to the update for that group.

The reward-specific advantages are then combined using schedule-dependent weights. Let 𝑤𝑘(𝑡)
denote the weight assigned to reward component 𝑘 at training step 𝑡. The total caption-level advantage
for candidate 𝑖 is

𝐴total
𝑖 (𝑡) =

𝐾∑︁
𝑘=1

𝑤𝑘(𝑡)𝐴𝑖,𝑘. (5)

In our implementation, the reward components correspond to BERTScore Recall, ROUGE-1, caption-
to-CUI Soft F1, and BiomedCLIP-based image–text similarity. The reward definitions are described in
Section 3.3, and the scheduling strategies for 𝑤𝑘(𝑡) are described in Section 3.5.

The total advantage is used to update the captioning policy. Following GDPO [7], we use a clipped
policy-gradient objective with a KL regularization term to keep the updated policy close to the SFT
reference policy. For a generated caption 𝑦𝑖 = (𝑦𝑖,1, . . . , 𝑦𝑖,𝑇𝑖), define the token-level probability ratio

𝑟𝑖,𝑡(𝜃) =
𝜋𝜃(𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡, 𝑥, 𝐼)

𝜋𝜃old(𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡, 𝑥, 𝐼)
. (6)

The GDPO loss is written as

ℒGDPO(𝜃) = − 1

𝐺

𝐺∑︁
𝑖=1

1

𝑇𝑖

𝑇𝑖∑︁
𝑡=1

min
[︁
𝑟𝑖,𝑡(𝜃)𝐴

total
𝑖 , clip (𝑟𝑖,𝑡(𝜃), 1− 𝜖clip, 1 + 𝜖clip)𝐴

total
𝑖

]︁
+ 𝛽𝐷KL (𝜋𝜃(· | 𝐼, 𝑥) ‖ 𝜋ref(· | 𝐼, 𝑥)) .

(7)

where 𝜋ref is the frozen SFT reference policy, 𝜖clip is the clipping parameter, and 𝛽 controls the strength
of the KL penalty. The caption-level advantage is shared across the generated response tokens of the
same candidate caption. Intuitively, the objective increases the probability of captions with positive



group-relative advantages and suppresses captions with lower relative reward, while the clipping and
KL terms prevent overly large policy updates.

This formulation is reward-decoupled because each reward dimension is normalized within the
candidate group before aggregation. As a result, heterogeneous rewards with different scales, sparsity
patterns, and noise levels can be combined without allowing a single raw reward magnitude to dominate
the policy update. GDPO is therefore used as a post-SFT refinement stage: SFT provides a stable medical
captioning policy, and GDPO further shifts the model distribution toward captions that better satisfy
the multi-alignment reward criteria.

3.3. Multi-Objective Reward Components

The GDPO stage uses a multi-alignment reward designed to capture complementary aspects of medical
caption quality. The reward is organized around three alignment axes: caption-to-caption alignment,
caption-to-image alignment, and caption-to-CUI alignment. These axes are implemented with four
reward components: BERTScore Recall, ROUGE-1 F-measure, caption-to-CUI Soft F1, and BiomedCLIP-
based image–text similarity. For a generated caption 𝑦, input image 𝐼 , reference caption 𝑦*, and gold
CUI set 𝐶*, we define the reward vector as

R(𝑦; 𝐼, 𝑦*, 𝐶*) = [𝑅BERT(𝑦, 𝑦
*), 𝑅ROUGE(𝑦, 𝑦

*), 𝑅CUI(𝑦, 𝐶
*), 𝑅SIM(𝑦, 𝐼)] . (8)

Each reward component is first converted into a reward-specific group-relative advantage and the
resulting advantages are combined using schedule-dependent weights, as described in Section 3.5.
This design allows text-based reference alignment, visual grounding, and clinical concept coverage to
contribute complementary training-time signals.

Caption-to-caption rewards. The caption-to-caption rewards measure how well the generated
caption matches the reference caption at semantic and lexical levels. We use BERTScore Recall and
ROUGE-1 F-measure:

𝑅BERT(𝑦, 𝑦
*) = BERTScoreRecall(𝑦, 𝑦

*), (9)

𝑅ROUGE(𝑦, 𝑦
*) = ROUGE-1F1(𝑦, 𝑦*). (10)

BERTScore Recall encourages recovery of semantic content from the reference caption, which is impor-
tant for reducing clinically relevant omissions. ROUGE-1 F-measure complements this by encouraging
lexical consistency with reference captions and common medical terminology. These rewards are useful
for reference-caption alignment, but they do not by themselves guarantee that the generated caption is
visually grounded or clinically complete.

Caption-to-image similarity reward. To encourage visual grounding, we use a BiomedCLIP-based
image–text similarity reward. Let v𝐼 denote the BiomedCLIP image embedding of image 𝐼 , and let v𝑦

denote the BiomedCLIP text embedding of generated caption 𝑦. The similarity reward is defined as

𝑅SIM(𝑦, 𝐼) = 2.5 ·max

(︂
0,

v⊤
𝐼 v𝑦

‖v𝐼‖2‖v𝑦‖2

)︂
. (11)

This transformation clips negative cosine similarities to zero and scales positive similarities by 2.5. The
reward is intended to discourage generic but plausible medical captions by favoring captions that are
compatible with the visual input. However, this reward should be interpreted as a proxy for visual
grounding rather than a complete measure of clinical correctness. In particular, embedding-based
similarity may not capture fine-grained clinical errors such as laterality mismatches, incorrect assertion
status, or unsupported diagnostic interpretations.



Caption-to-CUI reward. The caption-to-CUI reward encourages clinical concept consistency be-
tween the generated caption and the gold concept annotations. Because generated captions are free-form
text while CUI annotations are discrete concept labels, we use a separately trained biomedical caption-
to-CUI extractor 𝑓𝜑 to obtain soft concept predictions. The extractor is trained before GDPO and frozen
during reward computation, as described in Section 3.4.

Let 𝒞freq denote the retained CUI label space after rare-label filtering:

𝒞freq = {𝑐 ∈ 𝒞 | 𝑛𝑐 ≥ 20}, (12)

where 𝑛𝑐 is the number of training captions assigned to concept 𝑐. Given a generated caption 𝑦, the
extractor outputs a soft concept-probability vector

ĉ(𝑦) = 𝑓𝜑(𝑦) ∈ [0, 1]|𝒞freq|. (13)

The gold CUI set 𝐶* is converted into a binary vector c* over the same retained label space. We compute
a threshold-free Soft F1 reward as

𝑅CUI(𝑦, 𝐶
*) = SoftF1 (ĉ(𝑦), c*) =

2
∑︀

𝑐∈𝒞freq 𝑐𝑐(𝑦)𝑐
*
𝑐∑︀

𝑐∈𝒞freq 𝑐𝑐(𝑦) +
∑︀

𝑐∈𝒞freq 𝑐
*
𝑐 + 𝜖

, (14)

where 𝜖 is a small constant for numerical stability. This threshold-free formulation provides a smooth
concept-level reward signal and avoids sensitivity to a manually chosen decision threshold during
GDPO.

The CUI reward is designed to encourage frequent clinical concept coverage, but it is still an imperfect
proxy for clinical factuality. Rare-label filtering improves reward stability but may under-reward
clinically important rare concepts. In addition, concept overlap does not fully represent assertion status,
negation, laterality, relations, or complete clinical entailment. Therefore, 𝑅CUI is treated as a bounded
auxiliary reward for concept-level consistency rather than a complete factuality reward or an exact
replica of the official UMLS Concept F1 metric.

3.4. Caption-to-CUI Extractor

Before the GDPO stage, we train a caption-to-CUI extractor to provide the caption-to-CUI reward
described in Section 3.3. The purpose of this extractor is to map a free-form generated caption to a
set of soft biomedical concept predictions. These predictions are then compared with the gold CUI
annotations to compute a smooth concept-coverage reward during GDPO.

The extractor is initialized from microsoft/BiomedNLP-BiomedBERT-base-uncased-abstract
-fulltext and fine-tuned as a multi-label classifier using reference captions and their associated gold
CUI annotations [13, 14]. Given a caption, the model outputs a probability for each retained CUI label.
Because the original CUI label space is long-tailed, we remove rare labels before training the extractor.
Specifically, a CUI label is retained only if it appears in at least 20 training samples:

𝒞freq = {𝑐 ∈ 𝒞 | 𝑛𝑐 ≥ 20}.

The same retained label space 𝒞freq is used for extractor training, validation, and GDPO reward compu-
tation. This filtering reduces noisy and extremely sparse reward dimensions, although it also means
that rare but clinically meaningful concepts may be under-represented in the CUI reward.

The extractor is trained independently before GDPO and then frozen during policy optimization.
Freezing the extractor is important because it keeps the reward function fixed while the captioning
policy changes. If the extractor were updated during GDPO, the reward model itself could adapt to the
generated captions, making the reward signal unstable and harder to interpret. By using a fixed extractor,
the captioning policy receives a stable concept-level reward that is separated from the generator being
optimized.



Table 1
Validation performance of the BiomedBERT-based caption-to-CUI extractor after rare-label filtering. Threshold-
dependent scores use a decision threshold of 0.90.

Dataset Total CUIs Retained CUIs Removed CUIs Micro-F1 Macro-F1 Jaccard mAP Thr.

Standard 2,646 1,345 1,301 0.9297 0.9013 0.8871 0.9390 0.90
Synthetical 2,174 1,389 785 0.9848 0.9494 0.9755 0.9677 0.90
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Figure 2: Distribution of CUI annotations before rare-label filtering. The upper panels show the number of
assigned CUI concepts per training sample, and the lower panels show the number of training samples assigned
to each CUI concept. Both standard and synthetical splits exhibit long-tailed CUI distributions, motivating the
removal of labels that appear fewer than 20 times.

Table 1 reports the validation performance of the caption-to-CUI extractor after rare-label filtering.
The extractor achieves high validation performance in both task settings, indicating that reference
captions contain enough lexical and contextual information to recover frequent CUI labels. The
synthetical setting shows higher validation scores than the standard setting, which is consistent with
its denser and more regular concept annotations. Figure 2 further shows that both the standard and
synthetical training splits contain long-tailed CUI distributions, supporting the use of rare-label filtering
before extractor training.

Although the extractor performs well on validation captions, it should be interpreted as a reward-side
proxy model rather than as a complete clinical factuality evaluator. First, extractor errors can propagate
into the GDPO reward. Second, the filtered label space focuses on frequent concepts and does not fully
cover rare clinical entities. Third, concept-level prediction does not represent all aspects of factuality,
such as negation, assertion status, laterality, relations between findings and anatomy, or complete
clinical entailment. For these reasons, the caption-to-CUI reward is used as a bounded auxiliary signal
for frequent clinical concept coverage, complementing the caption-to-caption and caption-to-image
reward components rather than replacing claim-level factuality evaluation.



3.5. Reward Aggregation and Scheduling

The reward components defined in Section 3.3 differ in scale, sparsity, noise level, and reliability. For
example, text-based caption-to-caption rewards are dense and directly related to reference-caption
similarity, whereas the caption-to-CUI reward depends on the accuracy of a separately trained concept
extractor. The BiomedCLIP-based image–text similarity reward provides a visual-grounding signal, but
it may be less sensitive to fine-grained clinical errors. Therefore, simply summing raw reward values
can make optimization unstable or allow one reward dimension to dominate the update.

To address this issue, we first convert each reward component into a group-relative advantage, as
defined in Equation (4). The final advantage for candidate 𝑖 is then computed by a weighted sum of
reward-specific advantages:

𝐴total
𝑖 (𝑡) = 𝑤BERT(𝑡)𝐴𝑖,BERT + 𝑤ROUGE(𝑡)𝐴𝑖,ROUGE + 𝑤CUI(𝑡)𝐴𝑖,CUI + 𝑤SIM(𝑡)𝐴𝑖,SIM, (15)

where 𝑤𝑘(𝑡) denotes the schedule-dependent weight for reward component 𝑘 at training step 𝑡. Because
aggregation is performed after reward-specific normalization, the policy update depends on the relative
quality of candidate captions within each reward dimension rather than on raw reward magnitudes.

Fixed weighting. As a simple baseline, we use constant reward weights throughout GDPO training:

wfixed = [0.50, 0.50, 0.30, 0.30], (16)

where the entries correspond to BERTScore Recall, ROUGE-1 F-measure, caption-to-CUI Soft F1, and
BiomedCLIP-based image–text similarity, respectively. This configuration gives the largest total weight
to caption-to-caption alignment while retaining auxiliary concept-coverage and visual-grounding
signals. The total weight mass is 1.60. Although fixed weighting is simple and reproducible, it cannot
adapt to training-stage differences or reward conflicts.

Piecewise scheduling. For the standard caption prediction setting, we use a manually designed
piecewise schedule. The schedule was chosen after inspecting the behavior of the fixed-weight GDPO
run. It keeps the initial fixed weights during the early stage of training, then gradually increases the
weights of text alignment and CUI coverage while reducing the image–text similarity weight in the
later stage. The initial, middle, and final weight vectors are

w0 = [0.50, 0.50, 0.30, 0.30], wmid = [0.55, 0.58, 0.30, 0.22], wfinal = [0.65, 0.70, 0.35, 0.15].
(17)

The schedule is defined as

w(𝑡) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

w0, 𝑡 ≤ 1000,

w0 + (wmid −w0)
𝑡− 1000

800
, 1000 < 𝑡 ≤ 1800,

wmid + (wfinal −wmid)
𝑡− 1800

800
, 1800 < 𝑡 ≤ 2600,

wfinal, 𝑡 > 2600.

(18)

This schedule keeps the image-similarity reward as an auxiliary grounding signal while placing greater
emphasis on reference-caption alignment and CUI coverage as training progresses. The motivation is
that visual compatibility is useful for discouraging generic captions in the early stage, whereas later
updates should focus more strongly on recovering reference semantics and clinically relevant concepts.

Dynamic scheduling. For the synthetical caption prediction setting, we use an online dynamic
scheduler based on reward-level advantage statistics. Dynamic scheduling is disabled during the first
800 steps, where the fixed weights in Equation (16) are used. From step 801 onward, the scheduler
updates the next-step reward weights at every training step.



For each rollout group 𝑔, candidate 𝑖, and reward component 𝑘, we first compute the group-normalized
advantage

𝐴𝑔,𝑖,𝑘 =
𝑅𝑔,𝑖,𝑘 − 𝜇𝑔,𝑘

𝜎𝑔,𝑘 + 𝜖
, 𝜖 = 10−8. (19)

For each reward component 𝑘, a consensus advantage is computed from the other reward dimensions
by excluding 𝑘 and taking the current-weighted average of the remaining normalized advantages. The
scheduler then estimates three batch-level quantities. The first is alignment, defined as the Pearson
correlation between the advantage of reward component 𝑘 and the consensus advantage. The second is
signal, defined as the fraction of rollout groups whose raw reward standard deviation exceeds 10−4.
The third is risk, defined as the fraction of top-quartile candidates under reward component 𝑘 whose
consensus score is below the median consensus score. These statistics measure whether a reward
component agrees with the other rewards, provides non-degenerate variation, and avoids selecting
candidates that conflict with the remaining reward dimensions.

The alignment, signal, and risk values are smoothed with an exponential moving average using
smoothing coefficient 𝛼𝑚 = 0.05. The utility of reward component 𝑘 is defined as

util𝑘 = align𝑘 · signal𝑘 · 𝑠𝑘 − 0.5 · risk𝑘, (20)

where
s = [1.0, 1.0, 0.5, 0.3]

scales the utilities for BERTScore Recall, ROUGE-1 F-measure, caption-to-CUI Soft F1, and image–text
similarity, respectively. The target weight is updated multiplicatively and then smoothed:

̃︀𝑤𝑘 = clip (𝑤𝑘 exp(0.03 util𝑘), 𝑙𝑘, 𝑏𝑘) , 𝑤new
𝑘 = 0.95𝑤𝑘 + 0.05 ̃︀𝑤𝑘. (21)

The lower and upper bounds are

l = [0.45, 0.45, 0.18, 0.08], b = [0.75, 0.80, 0.36, 0.32].

After the multiplicative update and smoothing, the weight vector is projected to satisfy additional mass
constraints: the total weight mass is constrained to 1.60, the text-reward mass 𝑤BERT + 𝑤ROUGE is
constrained to the interval [1.00, 1.30], and the auxiliary-reward mass 𝑤CUI + 𝑤SIM is constrained to
the interval [0.35, 0.60]. After step 1701, the auxiliary upper bound is further reduced to 0.50. The
newly computed weights are applied with a one-step delay: step 𝑡 uses the current weights to compute
advantages and stores the next weights, while step 𝑡+ 1 applies the stored weights.

Interpretation. The two scheduling strategies are intended as data-regime-specific mechanisms for
balancing heterogeneous reward signals, rather than as universally ranked alternatives. The standard
and synthetical settings may differ in reward reliability, concept density, and reward conflict. The
piecewise schedule encodes a manually chosen training-stage prior, whereas the dynamic scheduler
adjusts weights online based on agreement among reward-specific advantages. As shown in Figure 3,
both schedules shift weight toward caption-to-caption rewards and reduce the image–text similarity
weight during later training, suggesting that visual grounding is most useful as an auxiliary signal
while reference and concept alignment become more important for final caption quality.

3.6. Inference and Final Submission Post-Processing

After SFT and GDPO training, final predictions were generated from selected checkpoints using de-
terministic decoding. Greedy decoding was first used for checkpoint screening on the validation split.
For selected checkpoints, we additionally applied beam-search decoding and retained multiple beam
hypotheses. The top-ranked beam output was treated as the main single-decoder prediction, while the
remaining beam hypotheses and checkpoint-wise greedy predictions were used to construct candidate
pools for optional submission-level selection. Detailed decoding hyperparameters are provided in
Appendix A.1.
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Figure 3: Reward-weight trajectories for the piecewise and dynamic scheduling strategies. The piecewise
schedule follows predefined interpolation intervals, while the dynamic schedule updates weights online using
advantage-alignment statistics under predefined constraints. Despite different update mechanisms, both
schedules shift weight toward caption-to-caption rewards and reduce the image-text similarity weight during
later training.

Candidate pool construction. For each image, the candidate pool consisted of predictions generated
from selected checkpoints, decoding strategies, and model variants. In the standard track, the pool
included greedy and beam-search outputs from fixed-weight and piecewise-scheduled Qwen-MedVL-2B
GDPO checkpoints, together with selected MedGemma-4B candidates. In the synthetical track, the pool
was constructed primarily from fixed-weight and dynamic Qwen-MedVL-2B GDPO checkpoints. These
candidate pools were used only at inference time and did not introduce any additional training data or
ground-truth information.

RadGraph-XL-guided candidate reranking. For the standard track, we evaluated an additional
RadGraph-XL-guided re-boost variant [33]. This variant was used only for one of the submitted runs
and was not used for the main synthetical track selection. The reranker selected one caption from the
existing candidate set for each image and did not generate new text.

The reranking module first computed lightweight surface and clinical-coverage features, including
modality terms, anatomical terms, disease-related terms, generic phrase indicators, and surface-quality
penalties. It then used RadGraph-XL to extract clinical graph structures from candidate captions. For
each image, the extracted structures from all candidates were aggregated into a candidate-consensus
representation over observations, assertion status, anatomical entities, relations, and laterality. This
consensus should be interpreted as a heuristic agreement signal among generated candidates, not as an
external ground-truth label.

A candidate was rewarded when its extracted graph agreed with the candidate-level consensus and
penalized when it introduced conflicting observations, assertion-status conflicts, laterality conflicts,
generic wording, or low-quality surface forms. The final reranking score was computed as

𝑆(𝑦) = 𝑤rank𝑟(𝑦) + 𝑤concept𝑆concept(𝑦) + 𝑤consensus𝑆consensus(𝑦)

+ 𝑤graph𝑆RG(𝑦)− 𝑤penalty𝑃quality(𝑦),
(22)

where 𝑟(𝑦) is the candidate rank index, with lower ranks corresponding to higher-priority base can-
didates. 𝑆concept measures basic clinical concept coverage, 𝑆consensus measures agreement with the
candidate-level textual consensus, 𝑆RG is the RadGraph-XL graph-consensus score, and 𝑃quality is a
rule-based quality penalty. We used 𝑤rank = −0.05, 𝑤concept = 0.8, 𝑤consensus = 0.7, 𝑤graph = 0.5,
and 𝑤penalty = 0.8.



Rule-based fallback post-processing. For selected final submissions, we used a conservative rule-
based fallback strategy to avoid submitting obviously malformed captions. The fallback module was
designed not to rewrite fluent predictions. For each image, the base caption was first evaluated by a
deterministic quality gate. If the base caption passed the gate, it was kept unchanged. If it failed, fallback
candidates were scanned in a predefined order, and the first candidate that passed the same quality
gate was selected. If no fallback candidate passed the gate, the original base caption was retained. This
left-to-right design makes the procedure deterministic and preserves high-quality base predictions
whenever possible.

The quality gate flagged captions with empty or invalid literal values, broken encoding artifacts,
insufficient length, too few words, low alphabetic-character ratio, low ASCII-letter ratio, excessive
punctuation, consecutive repeated words, overrepresented repeated words, and repeated 2-grams or
3-grams. The main thresholds were: at least 6 words, at least 24 characters, alphabetic-character ratio
≥ 0.45, ASCII-letter ratio ≥ 0.90, punctuation ratio ≤ 0.28, single-word frequency ratio ≤ 0.35, and
repeated 𝑛-gram count below 3.

The base and fallback order used for each track is summarized in Table 2. All entries in the fallback
selector were Qwen-MedVL-2B variants. The fallback procedure should be interpreted as a submission-
level robustness step rather than as a controlled ablation of the training method. It was intended to
correct rare formatting or degeneration failures while leaving the base model prediction unchanged in
normal cases.

Table 2
Base and fallback order used for rule-based post-processing. All entries in this fallback selector are Qwen-MedVL-
2B variants; “B4 #k” denotes the rank-𝑘 caption from beam-search decoding with beam size 4, and “FB𝑘” denotes
the 𝑘-th fallback candidate.

Track Base FB1 FB2 FB3 FB4

Standard fixed, B4 #1 piecewise, B4 #1 fixed, greedy@2750 piecewise, B4 #2 fixed, B4 #2
Synthetical dynamic, greedy fixed, B4 #1 dynamic, B4 #2 fixed, B4 #2 fixed, greedy

4. Experiments

4.1. Experimental Settings

Task setting. We evaluated our system on the ImageCLEFmedical Caption 2026 caption prediction
subtasks for both the standard and synthetical task families [3, 17]. The challenge defines the two
task families separately and instructs participants not to mix the corresponding datasets. We therefore
trained, validated, selected checkpoints, and prepared submissions independently for the two settings.

The standard track is based on the real-image split, which contains 97,364 training captions, 19,240
validation captions, and 15,249 test images. The synthetical track is based on the synthetic-image
split, which contains 97,222 training captions, 19,239 validation captions, and 15,262 test images. The
standard and synthetical datasets were kept separate throughout supervised fine-tuning, GDPO training,
checkpoint selection, decoding, and submission-level post-processing.

Backbone usage and model selection. All three backbone checkpoints defined in Section 3 were
trained and evaluated under the same two-stage SFT–GDPO framework. Qwen3-VL-4B served as a
strong general-purpose multimodal comparison backbone. Qwen-MedVL-2B was used as the primary
submission backbone because it produced the strongest validation candidates among the evaluated
checkpoints despite its smaller parameter count. MedGemma-4B was retained as a medical-domain
comparison backbone and as an additional source of candidate captions for selected standard-track
submissions.



Table 3
Main official submission variants and run IDs used in the result tables. Fallback denotes conservative rule-based
fallback post-processing, and RG-XL rerank denotes RadGraph-XL-guided candidate reranking.

Track ID Backbone / source Training and selection

Standard STD-1 Qwen-MedVL-2B Fixed-weight GDPO, no post-processing
STD-2 Qwen-MedVL-2B Piecewise-scheduled GDPO, no post-processing
STD-3 MedGemma-4B Fixed-weight GDPO, no post-processing
STD-4 Qwen-MedVL-2B Fixed-weight GDPO with fallback
STD-5 Qwen-MedVL-2B + MedGemma-4B Fixed-GDPO candidate pool with RG-XL rerank

Synthetical SYN-1 Qwen-MedVL-2B Fixed-weight GDPO, no post-processing
SYN-2 Qwen-MedVL-2B Dynamic-scheduled GDPO, no post-processing
SYN-3 MedGemma-4B Fixed-weight GDPO, no post-processing
SYN-4 Qwen-MedVL-2B Dynamic-scheduled GDPO with fallback
SYN-5 Qwen-MedVL-2B Fixed-GDPO candidate pool with fallback

Training and inference settings. All systems followed the same broad pipeline: supervised fine-
tuning, post-SFT GDPO, checkpoint selection, deterministic decoding, and optional submission-level
post-processing. Unless otherwise stated, the same training and inference settings were used across the
standard and synthetical tracks, except for track-specific reward scheduling and final submission choices.
The standard scheduled run used the piecewise reward schedule described in Section 3.5, whereas the
synthetical scheduled run used the dynamic reward schedule. Detailed hyperparameters for SFT, GDPO
rollout generation, final inference, and the training environment are provided in Appendix A.1.

Submission variants. Table 3 summarizes the official submission variants and assigns compact run
IDs used in the result tables. Runs without post-processing use the top-ranked beam-search output from
the corresponding trained model unless otherwise specified. Fallback variants apply the conservative
rule-based selector described in Section 3.6; the base prediction is retained unless it fails the deterministic
quality gate. The RadGraph-XL re-boost variant uses a mixed candidate pool from Qwen-MedVL-2B
and MedGemma-4B checkpoints and applies the candidate reranking procedure described in Section 3.6.

These variants should be interpreted as official submission configurations rather than exhaustive
controlled ablations. In particular, fallback post-processing and RadGraph-XL-guided reranking were
applied only to selected submitted runs. Controlled validation comparisons between SFT and GDPO
are reported separately in Section 4.5.

4.2. Evaluation Metrics

The official ImageCLEFmedical Caption 2026 evaluation reports six individual metrics grouped into two
higher-level dimensions: relevance and factuality [3, 17, 27]. Relevance measures whether a generated
caption is similar to the reference caption and compatible with the input image. Factuality measures
whether the generated caption preserves clinically meaningful concepts and contains information
supported by the reference information.

The relevance score is computed as the average of four metrics: BERTScore Recall with inverse-
document-frequency weighting, ROUGE-1 F-measure, BLEURT, and the official image–caption similarity
score [8, 9, 28]. We denote these metrics by 𝑀BERT, 𝑀ROUGE, 𝑀BLEURT, and 𝑀SIM, respectively. The
relevance score is therefore

Relevance =
1

4
(𝑀BERT +𝑀ROUGE +𝑀BLEURT +𝑀SIM) . (23)

The factuality score is computed as the average of two metrics: UMLS Concept F1 and AlignScore
[12, 30]. UMLS Concept F1 evaluates concept-level overlap between generated and reference captions
using biomedical concept annotations, while AlignScore estimates whether the generated caption is



Table 4
Official results for standard caption prediction. Run IDs are defined in Table 3. Best values among our submitted
runs are shown in bold.

ID Overall Rel. Fact. BERT ROUGE Sim. BLEURT UMLS F1 Align

STD-1 0.3753 0.5784 0.1722 0.6247 0.3231 1.0104 0.3554 0.2164 0.1281
STD-2 0.3747 0.5794 0.1700 0.6266 0.3250 1.0103 0.3557 0.2137 0.1264
STD-3 0.3730 0.5748 0.1712 0.6243 0.3194 1.0097 0.3459 0.2145 0.1280
STD-4 0.3755 0.5786 0.1724 0.6250 0.3234 1.0104 0.3555 0.2160 0.1287
STD-5 0.3754 0.5749 0.1759 0.6258 0.3216 1.0055 0.3467 0.2193 0.1326

supported by the reference information. Denoting these metrics by 𝑀UMLS and 𝑀Align, the factuality
score is

Factuality =
1

2
(𝑀UMLS +𝑀Align) . (24)

The official overall score is then computed as the average of relevance and factuality:

Overall =
1

2
(Relevance + Factuality) . (25)

Thus, the overall score is not an unweighted average of the six individual metrics. Instead, the four
relevance metrics jointly contribute one half of the overall score, and the two factuality metrics jointly
contribute the other half.

In the result tables, we report the official overall, relevance, and factuality scores together with the six
individual metrics. All metrics are reported in the official score direction, where higher values indicate
better performance. The training-time rewards used in our GDPO stage are motivated by the same
evaluation dimensions, but they should not be interpreted as exact replicas of the official evaluator. In
particular, our BiomedCLIP-based similarity reward is a proxy for visual grounding and may differ from
the official image–caption similarity metric.

4.3. Main Results on Standard Caption Prediction

Table 4 reports the official results for the standard Caption Prediction track using the run IDs defined
in Table 3. Our best official standard-track submission was STD-4, the fixed-weight Qwen-MedVL-2B
GDPO system with conservative rule-based fallback post-processing. It achieved an overall score of
0.3755 and ranked first by overall score on the official final leaderboard.

The Qwen-MedVL-2B variants formed a strong group of standard-track submissions. STD-1, the fixed-
weight GDPO run without post-processing, already achieved an overall score of 0.3753. STD-4 improved
the overall score slightly to 0.3755 after applying the fallback selector. Because the absolute difference
between STD-1 and STD-4 is small, this comparison should be interpreted as a submission-level result
rather than as evidence that fallback post-processing alone substantially improves caption quality. The
main role of the fallback selector was to improve robustness by replacing obviously malformed captions
while preserving the base prediction whenever it passed the quality gate.

STD-2, the piecewise-scheduled Qwen-MedVL-2B run, achieved the highest relevance score among
our standard-track submissions. It also obtained the highest BERTScore Recall, ROUGE-1 F-measure, and
BLEURT scores. However, its factuality score was lower than that of STD-4, which reduced its overall
score despite stronger relevance-oriented performance. This result suggests that piecewise scheduling
improved reference-caption alignment metrics, but did not uniformly improve the factuality-oriented
metrics in the standard setting.

STD-5, the RadGraph-XL-guided re-boost variant, showed the opposite trade-off. It achieved the
highest factuality score, UMLS Concept F1, and AlignScore among our standard-track submissions,
indicating that graph-guided candidate reranking favored captions with stronger concept-level and
support-based consistency. However, this improvement came with a lower relevance score, mainly
due to decreases in image–caption similarity and BLEURT. As a result, STD-5 achieved an overall



Table 5
Official results for caption prediction synthetical. Run IDs are defined in Table 3. Best values among our
submitted runs are shown in bold.

ID Overall Rel. Fact. BERT ROUGE Sim. BLEURT UMLS F1 Align

SYN-1 0.5838 0.7189 0.4488 0.7576 0.6342 0.9771 0.5068 0.5301 0.3674
SYN-2 0.5839 0.7182 0.4496 0.7577 0.6352 0.9737 0.5062 0.5332 0.3659
SYN-3 0.5736 0.7106 0.4367 0.7486 0.6227 0.9709 0.5001 0.5185 0.3549
SYN-4 0.5840 0.7183 0.4496 0.7580 0.6353 0.9737 0.5063 0.5332 0.3660
SYN-5 0.5839 0.7189 0.4488 0.7576 0.6343 0.9770 0.5068 0.5301 0.3675

score of 0.3754, slightly below STD-4. This illustrates the trade-off between relevance-oriented and
factuality-oriented metrics under the official overall scoring scheme.

STD-3, the MedGemma-4B-based run, was competitive but remained below the Qwen-MedVL-2B
variants in overall score. This is consistent with our validation analysis, where Qwen-MedVL-2B
produced the strongest candidates among the evaluated backbones. Overall, the standard-track results
suggest that the best official performance was obtained by combining a medical-domain-adapted Qwen-
MedVL-2B backbone, fixed-weight GDPO, beam-search-based decoding, and a conservative fallback
selector. At the same time, the small differences among the top submissions indicate that reward
scheduling, reranking, and fallback post-processing should be interpreted as system-level design choices
rather than isolated controlled ablations.

4.4. Main Results on Caption Prediction Synthetical

Table 5 reports the official results for the Caption Prediction Synthetical track using the run IDs defined
in Table 3. Our best synthetical-track submission was SYN-4, the dynamic-scheduled Qwen-MedVL-2B
GDPO system with conservative rule-based fallback post-processing. It achieved an overall score of
0.5840 and ranked first by overall score on the official final leaderboard.

The Qwen-MedVL-2B submissions were numerically very close in the synthetical track. SYN-4
achieved the highest overall score, but the differences among SYN-1, SYN-2, SYN-4, and SYN-5 were
small. Therefore, these results should be interpreted as system-level submission comparisons rather
than as isolated evidence that one scheduling or post-processing component dominates the others.

SYN-2, the dynamic-scheduled Qwen-MedVL-2B run without fallback post-processing, achieved an
overall score of 0.5839, nearly matching the final SYN-4 submission. It also matched SYN-4 in factuality
and UMLS Concept F1. This suggests that dynamic reward scheduling produced a strong base system
for the synthetical setting, and that the fallback selector mainly acted as a conservative robustness
mechanism rather than a major source of improvement.

SYN-4 achieved the best BERTScore Recall and ROUGE-1 F-measure among our synthetical submis-
sions, while maintaining the highest factuality score. This combination led to the best overall score
under the official evaluation scheme. However, SYN-1 and SYN-5 achieved slightly higher relevance
scores, primarily because of stronger image–caption similarity and BLEURT scores. SYN-5 also ob-
tained the highest AlignScore among our synthetical submissions. These metric patterns indicate that
the synthetical track involved small trade-offs between reference-caption alignment, image–caption
similarity, and support-based factuality.

SYN-3, the MedGemma-4B-based run, was competitive but remained below the Qwen-MedVL-2B
variants by approximately 0.010 overall. This is consistent with our validation results, where Qwen-
MedVL-2B produced the strongest synthetical captioning candidates among the evaluated backbones.
Overall, the synthetical results suggest that medical-domain-adapted Qwen-MedVL-2B backbones,
GDPO-based post-SFT optimization, and deterministic candidate selection provided a robust combi-
nation for the synthetic-image setting. At the same time, the very small differences among the top
Qwen-based submissions indicate that the effects of dynamic scheduling and fallback post-processing
should be interpreted cautiously and in conjunction with the validation analysis in Section 4.5.



Table 6
Internal validation comparison between SFT and fixed-weight GDPO on the standard and synthetical splits.
Track abbreviations: Std. = Standard and Syn. = Synthetical. Backbone abbreviations: Qwen3 = Qwen3-VL-4B,
Gemma = MedGemma-4B, and MedVL = Qwen-MedVL-2B. Metric abbreviations: Ovr. = Overall, R-1 = ROUGE-1,
and BLT = BLEURT.

Track Stage Backbone Ovr. Rel. Fact. BERT R-1 Sim. BLT UMLS Align

Std.

SFT
Qwen3 0.3484 0.5373 0.1594 0.5929 0.2798 0.9488 0.3277 0.1819 0.1369
Gemma 0.3499 0.5409 0.1589 0.5953 0.2787 0.9605 0.3293 0.1840 0.1339
MedVL 0.3526 0.5443 0.1610 0.5981 0.2821 0.9665 0.3303 0.1857 0.1363

GDPO
Qwen3 0.3607 0.5656 0.1558 0.6232 0.3094 0.9842 0.3454 0.2057 0.1059
Gemma 0.3649 0.5715 0.1582 0.6238 0.3078 1.0102 0.3445 0.2017 0.1147
MedVL 0.3660 0.5770 0.1550 0.6335 0.3100 1.0118 0.3527 0.2023 0.1076

Syn.

SFT
Qwen3 0.5431 0.6870 0.3992 0.7242 0.5919 0.9483 0.4838 0.4863 0.3121
Gemma 0.5583 0.6973 0.4192 0.7294 0.6067 0.9596 0.4935 0.5019 0.3366
MedVL 0.5633 0.7019 0.4246 0.7362 0.6148 0.9602 0.4964 0.5106 0.3387

GDPO
Qwen3 0.5450 0.6878 0.4023 0.7258 0.5930 0.9467 0.4855 0.4859 0.3186
Gemma 0.5690 0.7071 0.4309 0.7407 0.6189 0.9712 0.4978 0.5173 0.3444
MedVL 0.5738 0.7129 0.4347 0.7479 0.6252 0.9772 0.5012 0.5209 0.3485

4.5. Validation-Based Analysis and Candidate Selection

In addition to the official test results, we used the released validation splits to analyze the effect of
post-SFT optimization and to guide checkpoint, decoding, and candidate-pool selection. The validation
results were used for within-split model selection and relative comparison. Their absolute values are
not directly comparable to the official test scores because the validation and test splits may differ in
caption distributions, image composition, and evaluation-time candidate selection procedures.

Table 6 compares supervised fine-tuning and fixed-weight GDPO on the standard and synthetical
validation splits. Across all evaluated backbones and both task settings, GDPO improved the overall
validation score compared with the corresponding SFT checkpoint. On the standard split, Qwen-MedVL-
2B improved from 0.3526 after SFT to 0.3660 after GDPO. On the synthetical split, Qwen-MedVL-2B
improved from 0.5633 to 0.5738. Similar improvements were also observed for Qwen3-VL-4B and
MedGemma-4B. These results support the use of post-SFT sequence-level optimization for improving
benchmark-oriented caption quality.

The metric-level changes were not uniform across task settings. On the standard split, GDPO
substantially improved relevance-oriented metrics and UMLS Concept F1, but AlignScore decreased for
all three backbones. For Qwen-MedVL-2B, AlignScore decreased from 0.1363 after SFT to 0.1076 after
GDPO, even though the overall score increased from 0.3526 to 0.3660. This suggests that the reward
family improved reference-caption similarity and concept coverage, but did not necessarily improve
strict support-based factuality in the standard setting.

In contrast, on the synthetical split, GDPO improved both overall performance and AlignScore for
all three backbones. For Qwen-MedVL-2B, AlignScore increased from 0.3387 after SFT to 0.3485 after
GDPO. This difference between the standard and synthetical settings suggests that the interaction
between reward optimization and alignment-style factuality depends on the data regime. In particular,
denser or more regular concept supervision in the synthetical split may make the reward signals more
consistent with factuality-oriented metrics.

The validation results also informed backbone and decoding choices. First, medical-domain or
medical-adapted models outperformed the larger general-purpose Qwen3-VL-4B candidate. Qwen-
MedVL-2B achieved the strongest validation results among the evaluated backbones after GDPO in
both settings, despite being smaller than Qwen3-VL-4B. MedGemma-4B was also competitive, but its
strongest validation scores remained below those of Qwen-MedVL-2B. These observations motivated
the use of Qwen-MedVL-2B as the main submitted backbone, with MedGemma-4B retained as an
additional candidate source for selected standard-track submissions.

Second, validation-based checkpoint screening supported the use of beam-search-based candidate



Table 7
Qualitative examples comparing reference and generated captions from validation predictions. The first example
illustrates a well-grounded generation, whereas the second example shows a weakly grounded generation with
fine-grained factual errors.

Image / case Reference caption Generated caption

Well-grounded case
CC BY[Lamour et al. (2024)]

The initial transthoracic echocardiogram on
admission shows a small pericardial effu-
sion (blue arrow) on the parasternal long-
axis view.

Transthoracic echocardiogram in the
parasternal long axis view showing a small
pericardial effusion (blue arrow).

Weakly grounded case
CC BY[Muacevic et al. (2024)]

Computed tomography (CT) scan of the
chest (image 2). The blue arrow is point-
ing to a large, hyperlucent lesion in the right
upper lobe, likely septic emboli.

Computed tomography (CT) scan of the
chest with contrast (axial view) of the lung
showing a cavitary lesion in the left upper
lobe (blue arrow).

generation. Greedy decoding was useful for efficient checkpoint screening, while beam-search decoding
provided stronger candidate captions for final submission construction. In particular, Qwen-MedVL-
2B beam-search hypotheses formed the strongest candidate pools in both standard and synthetical
validation experiments. These results motivated our final emphasis on medical-domain initialization,
post-SFT GDPO, selected Qwen-MedVL-2B checkpoints, and deterministic beam-search-based candidate
generation.

Detailed checkpoint- and candidate-level validation results are provided in Appendix A.2. In brief,
those additional results summarize the representative internal validation experiments used to select
checkpoints, compare decoding variants, and construct candidate pools for the final submissions. They
provide the empirical basis for the practical submission choices summarized above.

Overall, the validation analysis provides stronger evidence for the effectiveness of GDPO than the
small differences among the final official submission variants alone. The official leaderboard results
reflect the combined effects of model selection, reward scheduling, decoding, candidate selection, and
fallback or reranking procedures, whereas the validation comparison in Table 6 directly contrasts SFT
and fixed-weight GDPO under matched backbone and split conditions.

4.6. Qualitative Analysis

Table 7 presents representative qualitative examples from validation predictions. The examples are
intended to illustrate typical strengths and remaining failure modes of the proposed system rather than
to provide an exhaustive error analysis.

In the well-grounded example, the generated caption preserves the clinically important content of
the reference caption. It correctly identifies the imaging modality as transthoracic echocardiography,
describes the parasternal long-axis view, and retains the key finding of a small pericardial effusion.
Although the generated caption is shorter and does not exactly reproduce the reference wording, it
remains semantically faithful and visually grounded with respect to the main clinical observation.

The weakly grounded example illustrates a more challenging failure mode. The generated caption
remains fluent and medically plausible, and it correctly recognizes the image as a chest CT showing a
lung lesion. However, it introduces a clinically important laterality error by describing the lesion as
being in the left upper lobe, whereas the reference caption specifies the right upper lobe. It also adds
the phrase “with contrast,” which is not supported by the reference caption, and omits the reference-
supported interpretation of likely septic emboli. These errors are clinically meaningful because laterality,
contrast status, and diagnostic interpretation can change the factual content of a medical caption.

These examples show that the proposed reward design can improve reference-style caption generation



at the level of modality, view, anatomy, and major findings. However, they also indicate that fine-
grained claim-level factuality remains difficult to control. In particular, BERTScore, ROUGE, image–text
similarity, and CUI coverage can reward captions that are broadly relevant while still missing errors
in laterality, assertion status, imaging protocol, or diagnostic relations. This observation is consistent
with the quantitative results in Section 4.5, where GDPO improved overall validation performance but
showed mixed behavior on AlignScore in the standard setting.

A more systematic error analysis suggests several directions for future improvement. Laterality
errors may require relation-aware or graph-based rewards that explicitly model anatomical side and
finding–anatomy relations. Unsupported imaging-protocol claims, such as adding contrast status when
it is not stated or visually inferable, may require stricter entailment-style constraints. Omitted diagnostic
interpretations may benefit from reward signals that distinguish concept coverage from complete clinical
claim support. These remaining failure modes motivate future work on AlignScore-aware reward design,
RadGraph-style relation rewards, and constraint-aware candidate selection.

5. Limitations and Future Work

This work has several limitations. First, the caption-to-CUI reward depends on a separately trained
biomedical concept extractor that is frozen during GDPO. Although this design provides a stable
training-time proxy for clinical concept coverage, extractor errors can propagate into the reward signal.
In addition, the rare-label filtering step improves reward stability but removes infrequent CUI labels
from the reward space. As a result, the CUI reward mainly reflects coverage of frequent biomedical
concepts and may under-reward rare but clinically important findings.

Second, the BiomedCLIP-based image–text similarity reward is only a proxy for visual grounding.
Embedding-based similarity can encourage coarse compatibility between an image and a caption, but it
may not capture fine-grained clinical errors such as laterality mismatches, incorrect assertion status,
unsupported contrast information, or erroneous finding–anatomy relations. Therefore, a caption can
receive a reasonable image–text similarity reward while still containing clinically meaningful factual
errors.

Third, reward scheduling introduces additional design choices. The piecewise schedule requires
manually selected intervals and target weights, while the dynamic schedule depends on controller
hyperparameters, smoothing factors, utility definitions, and weight-mass constraints. Although both
schedules were useful in our system-level submissions, the present results do not establish a universal
ranking between fixed, piecewise, and dynamic weighting strategies. The best schedule may depend on
the data regime, reward reliability, concept density, and degree of conflict among reward components.

Another limitation is that the final leaderboard scores reflect the combined effect of multiple com-
ponents, including backbone selection, supervised fine-tuning, GDPO, reward scheduling, checkpoint
selection, beam-search decoding, candidate-pool construction, reranking, and fallback post-processing.
Because reranking and fallback were applied only to selected official submission variants, the official
submission comparisons should be interpreted as system-level results rather than exhaustive controlled
ablations. In particular, the small score differences among several top submissions indicate that the
isolated contribution of each inference-time component should be analyzed more systematically.

Finally, strict claim-level factuality remains a challenging and metric-sensitive direction. BERTScore,
ROUGE, and BLEURT mainly measure reference-caption similarity, while the CUI reward encourages
concept coverage without fully modeling negation, assertion status, laterality, relations, or complete
clinical entailment [8, 9, 28]. In contrast, alignment-based factuality metrics such as AlignScore evaluate
whether the information stated in a generated caption is supported by the reference or source information
[30]. This difference helps explain why GDPO can improve overall performance through relevance-
oriented and concept-coverage gains while showing mixed behavior on AlignScore, especially in the
standard setting.

Future work will focus on four directions. First, we will conduct more systematic ablation studies
under matched backbone, decoding, and post-processing conditions to isolate the effects of GDPO,



reward scheduling, candidate reranking, and fallback selection. Second, we will investigate relation-
aware and graph-based rewards that explicitly model anatomical relations, laterality, assertion status,
and finding–anatomy links. Third, we will explore AlignScore-aware or entailment-aware reward design
to improve support-based factual consistency without degrading relevance-oriented metrics. Fourth,
we will consider Pareto-aware reward scheduling and constraint-aware candidate selection to better
balance relevance, visual grounding, concept coverage, and claim-level factuality. These extensions are
expected to make post-SFT optimization more robust for clinically grounded medical image captioning
beyond the current ImageCLEFmedical Caption setting.

6. Conclusion

We presented our ImageCLEFmedical Caption 2026 system for clinically grounded medical image
captioning. The proposed system combines supervised fine-tuning with post-SFT GDPO and uses a
multi-alignment reward organized around caption-to-caption, caption-to-image, and caption-to-CUI
alignment. These alignment axes are implemented through BERTScore Recall, ROUGE-1, BiomedCLIP-
based image–text similarity, and a frozen biomedical caption-to-CUI extractor. We also investigated
reward scheduling strategies to balance heterogeneous reward components during GDPO training,
using a piecewise schedule for the standard setting and a dynamic schedule for the synthetical setting.

Internal validation results showed that post-SFT GDPO improved overall validation performance
over supervised fine-tuning across the evaluated backbones and task settings. The validation analysis
also supported the importance of medical-domain adaptation: Qwen-MedVL-2B produced the strongest
validation candidates among the evaluated backbones, despite being smaller than the general-purpose
Qwen3-VL-4B model. These results suggest that medical-domain initialization and sequence-level
post-SFT optimization are useful for improving benchmark-oriented medical caption generation.

Our best standard-track submission achieved an official overall score of 0.3755, and our best
synthetical-track submission achieved an official overall score of 0.5840. Both systems ranked first
by overall score on the official final leaderboards. These final results reflect the combined effects of
backbone selection, supervised fine-tuning, GDPO, reward scheduling, checkpoint selection, beam-
search-based decoding, and conservative submission-level post-processing. Therefore, they should be
interpreted as system-level results rather than as isolated evidence for any single component.

Overall, the findings suggest that medical-domain vision-language backbones, multi-objective post-
SFT optimization, and carefully controlled inference-time selection form an effective framework for
competitive medical image captioning under the ImageCLEFmedical Caption 2026 evaluation protocol.
At the same time, strict claim-level factuality remains an important open challenge. Future work will
focus on relation-aware clinical rewards, AlignScore- or entailment-aware optimization, and more
systematic ablations to better balance relevance, visual grounding, concept coverage, and support-based
factual consistency.
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Appendix

A.1. Training and Inference Hyperparameters

Table A.1 summarizes the main hyperparameters used for supervised fine-tuning, post-SFT GDPO,
rollout generation, final inference, and the training environment.

Table A.1: Main training and inference hyperparameters used in the reported runs.
Stage Hyperparameter Value

SFT

Optimization Full-parameter fine-tuning
Epochs 5
Optimizer AdamW (fused)
Precision bfloat16
Learning rate 2× 10−5

Scheduler / warmup Cosine schedule with 5% warmup
Effective batch size 128
Maximum sequence length 2,048
Maximum image size 802,816 pixels

GDPO

Optimizer AdamW
Learning rate 5× 10−6

Maximum steps 3,000
Warmup ratio 0.01
Gradient clipping 1.0
KL coefficient 𝛽 = 0.001

Clipping parameter 𝜖 = 0.2

Group size 16
Effective policy batch size 16
Maximum completion length 100
Save interval 250 steps
Rollout sampling Temperature 1.2, top-𝑝 0.9

Inference

Checkpoint screening Greedy decoding, beam size 1
Submission decoding Beam search, beam size 4
Maximum new tokens 100
Length penalty 1.0
Temperature 0
Disabled constraints No minimum-length constraint, no no-repeat n-gram blocking, no

top-𝑝 or top-𝑘 sampling

Environment Random seed 42
Hardware NVIDIA A100 80GB GPU



A.2. Internal Validation Results

Table A.2 reports representative internal validation results used for checkpoint, decoding, and candidate-
pool selection. Relevance is computed as the average of the four relevance metrics, factuality as the
average of UMLS Concept F1 and AlignScore, and overall as the average of relevance and factuality.

Table A.2: Representative internal validation results used for checkpoint and candidate selection.
Track Backbone Setting Candidate Rel. Fact. Overall

Standard

Qwen3-VL-4B fixed GDPO step 2750 0.5663 0.1545 0.3604

MedGemma-4B fixed GDPO step 1500 0.5715 0.1582 0.3649
beam-4 #1 0.5712 0.1612 0.3662

Qwen-MedVL-2B

fixed GDPO step 2750 0.5770 0.1550 0.3660
beam-4 #1 0.5771 0.1598 0.3684

piecewise GDPO step 2750 0.5776 0.1544 0.3660
beam-4 #1 0.5773 0.1584 0.3678

dynamic GDPO step 3000 0.5750 0.1488 0.3619

Synthetical

Qwen3-VL-4B fixed GDPO step 2000 0.6905 0.4053 0.5479

MedGemma-4B fixed GDPO step 2000 0.7071 0.4309 0.5690
beam-4 #1 0.7030 0.4346 0.5688

Qwen-MedVL-2B

fixed GDPO step 2750 0.7129 0.4347 0.5738
piecewise GDPO step 2750 0.7108 0.4373 0.5740

dynamic GDPO step 3000 0.7119 0.4389 0.5738
beam-4 #1 0.7135 0.4460 0.5797
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