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Abstract
Medical large vision-language models (Med-LVLM) have enabled automatic medical

report generation (MRG), yet two fundamental challenges persist which undermines

diagnostic utility. First, models frequently exhibit a normality bias, under-detecting

abnormalities and results in incomplete coverage of clinically relevant findings across

disease categories. Second, mainstream training relies on token-level imitation, cap-

turing lexical style rather than clinical correctness and report-level semantic align-

ment. To address these issues, this thesis presents a new framework comprising

two complementary pillars: (i) MRGAgents, a multi-agent system (MAS) that intro-

duces disease-specific multi-agent modeling to decompose reporting into condition-

focused subtasks for more balanced and comprehensive coverage and, (ii) MRG-R1, a

finetuning-paradigm via semantic-driven reinforcement learning (SRL) that directly

optimizes report-level clinical correctness and factual alignment beyond surface flu-

ency.

The proposed MRGAgents comprises specialized agents trained on curated disease-

specific subsets of IU X-ray and MIMIC-CXR, endowing each agent with stronger

discrimination and descriptive capability for its target conditions. At inference, their

outputs are aggregated to achieve a better balance between normal and abnormal

findings and to ensure more comprehensive category-specific descriptions pertinent to

diagnosis. Empirically, MRGAgents consistently improved coverage and abnormality

reporting over state-of-the-art baselines and contemporary counterparts, mitigating

missed findings.

From the training method perspective, MRG-R1 introduces SRL with Group Rela-

tive Policy Optimization (GRPO) and a margin Chexbert cosine similarity (MCCS)
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reward computed on key radiologic findings. This directly optimizes report-level

clinical-label agreement and semantic consistency beyond surface-level style mimicry.

In this project, Medical Report Generation with SRL (MRG-R1) was evaluated on

two datasets: IU X-Ray and MIMIC-CXR using clinical efficacy (CE) metrics. MRG-

R1 achieved state-of-the art performance with CE-F1. Ablation studies identify two

primary drivers of improvement. First, the proposed MCCS reward provided finer-

grained supervision compared to traditional CE-F1-based objectives, enabling the

model to capture more nuanced clinical semantics. Second, incorporating an explicit

reasoning-to-report process encouraged structured generation, leading to more co-

herent and diagnostically accurate reports. Notably, these gains were achieved with

minimal computational overhead, maintaining practicality for real-world deployment.

Overall, the architectural (multi-agent, disease-specific modeling) and training method

(clinically aligned reinforcement learning) contributions advance report comprehen-

siveness, abnormality sensitivity, and clinical correctness for chest X-ray report gen-

eration.
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Chapter 1

Introduction

1.1 Background and Motivation

Medical imaging is central to modern diagnostics, and radiology reports are the pri-
mary vehicle for communicating evidence-based findings and guiding treatment. How-
ever, producing detailed and accurate reports is time-consuming and labor-intensive,
with mounting imaging volumes exacerbating workload, turnaround times, and cog-
nitive burden [30, 81, 104]. Interpreting large image sets and translating observations
into narratives that cover both normal and abnormal findings demands sustained
expertise, and under pressure even experienced radiologists can miss subtle abnor-
malities, misspecify negations or uncertainties, and apply terminology inconsistently
across cases [30, 65]. Against this backdrop, automatic medical report generation
(MRG) has emerged as a promising means to alleviate workload, improve efficiency
and consistency, and reduce human error so clinicians can focus on complex cases and
patient care [81, 104]. Recent research has advanced MRG from early encoder-decoder
models to more sophisticated Transformer-based frameworks that better map complex
visual inputs into coherent textual descriptions and integrate multi-modal information
[9, 11]. Moreover, large vision-language models (LVLM) tailored to medicine (e.g.,
BioMedGPT, LLaVA-Med) have demonstrated encouraging fluency and adaptability
across downstream tasks, including report generation [37, 106]. While LVLM-based
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Figure 1.1 – A conceptual framework of medical report generation

report generators have improved in fluency, however monolithic models remain vul-
nerable to normality bias and incomplete coverage of clinically relevant regions. This
is primary because heterogeneous and long-tailed chest X-ray pathologies are averaged
within a single model’s representation [9, 11, 19, 54]. In such settings, because most
training reports describe normal findings while only a small fraction contain abnor-
malities, the model’s learning process becomes dominated by the abundant "normal"
patterns. As a result, abnormal cases contribute only weak and noisy gradients, lead-
ing the model to under-represent disease-related features in its learned representation
space and reducing its sensitivity to individual findings. To address such challenges
in other complex domains, multi-agent systems (MAS) have been widely explored
for their ability to leverage task specialization and collaborative reasoning. By de-
composing a problem into coordinated subtasks handled by specialized agents, MAS
approaches have demonstrated improvements in both efficiency and decision quality
across diverse fields, including healthcare [31, 79, 98]. Given that medical report
generation similarly involves multiple interdependent subtasks: detecting, describing,
and contextualizing findings, this paradigm of structured specialization and collabo-
ration offers a natural direction for mitigating the limitations of monolithic models.

Although modern LVLM pipelines have improved fluency and stylistic coherence,
their primary training objective remains token-level imitation which is predicting
the next word based on local context. This process rewards lexical resemblance to
reference reports rather than ensuring report-level clinical accuracy, meaning the
model learns to mimic the surface form of text instead of understanding or verifying
underlying medical facts. As a result, the generated outputs often take the form of
grammatically fluent yet semantically shallow narratives, which may not fully align
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with image evidence and tend to exhibit fragility in expressing negation or uncertainty
[53, 65, 68]. To overcome this limitation, several studies have attempted to inject
semantic supervision through methods such as contrastive learning and image-text
matching, multitask objectives with auxiliary classification or localization heads, and
dynamic traceback curricula. While these approaches enhance alignment between
image and text to some extent, they remain insufficiently fine-grained: they often
overlook subtle findings and entity-relation structures [28, 40, 92, 94, 95, 103, 109].
Consequently, existing methods still focus on stylistic imitation rather than optimizing
for clinical faithfulness and report-level semantic correctness.

Despite steady advances in Med-LVLM pipelines, current MRG remains misaligned
with clinical needs in two fundamental ways. First, data and task imbalance combined
with cross-disease heterogeneity lead to a persistent normality bias and incomplete
coverage: normal patterns dominate corpora while minority disease signals receive
weak gradients. A single monolithic Med-LVLM further averages across heteroge-
neous conditions, diluting disease-specific cues and under-calling abnormalities, re-
sulting in reports that downplay or omit clinically significant findings and regions
[9, 11, 19, 54]. Second, the prevailing learning objective is token-level imitation
(next-token likelihood, n-gram overlap), which optimizes surface fluency and stylis-
tic resemblance rather than report-level clinical correctness; this mismatch produces
plausible but unsupported statements and fragile handling of negation or uncertainty
[53, 65, 68]. Motivated by these gaps, this thesis focuses on the problem of automat-
ically generating radiology reports from chest X-ray (CXR) images that are faithful
to image evidence and useful at the point of care. The objective is to produce reports
that (1) deliver complete and sensitivity-aware coverage of clinically relevant findings,
capturing both normal and abnormal observations without omissions or defaulting to
"normal". (2) Maintain report-level clinical correctness, including consistent treat-
ment of negation and uncertainty.
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1.2 Contribution

To address these challenges, this thesis presents two complementary contributions
that advance both architectural design and training paradigms to produce higher-
quality, clinically aligned medical reports in the CXR domain. To rigorously evaluate
these contributions, the framework is applied to chest X-ray data—chosen for its
clinical ubiquity, standardized reporting conventions, and the availability of large,
publicly benchmarked datasets (e.g., MIMIC-CXR and IU X-Ray), making it an
ideal and representative testbed for developing and assessing medical report genera-
tion systems. First contribution delivers the design and implementation of a disease-
specialized multi-agent LVLM architecture (MRGAgents) that decomposes report-
ing into CheXbert-anchored, disease-specific sentence tasks and aggregates multiple
agent outputs into a structured narrative. In the second contribution, the develop-
ment of a semantic-driven reinforcement learning framework (MRG-R1) is introduced
that directly optimizes report-level clinical correctness via Group Relative Policy
Optimization (GRPO)—a value-free, groupwise policy-gradient method that stabi-
lizes training by comparing samples within a batch rather than relying on a learned
critic—combined with clinically informed rewards and instruction-guided formatting.
Together, these contributions address normality bias, improve coverage of clinically
relevant regions and findings, and align generation with clinical semantics within the
chest-X-ray MRG domain.

1. MRGAgents: A disease-specialized, multi-agent LVLM architecture

for MRG applications.

Radiology reporting is inherently disease-centric: narratives are organized around
findings, and radiologists reason and communicate through condition-specific
descriptions. Building on this observation, the MRGAgents framework intro-
duces a disease-specialized multi-agent large vision-language model (LVLM)
architecture that reformulates report generation as a set of condition-specific,
sentence-level subproblems anchored by CheXbert supervision. Each agent is
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trained on a curated, disease-specific subset to strengthen its ability to discrimi-
nate and describe its target findings, and their parallel outputs are subsequently
integrated into a coherent, structured report. This architecture leverages task
specialization and coordinated aggregation to counter normality bias, enhance
sensitivity to abnormal findings, and improve completeness across clinically rel-
evant regions and categories. The resulting framework produces balanced and
clinically consistent chest X-ray narratives, addressing the core coverage inher-
ent in monolithic Med-LVLM approaches.

2. MRG-R1: A semantic-driven reinforcement learning framework that

directly optimizes report-level clinical correctness.

The MRG-R1 framework introduces a semantic-driven reinforcement learning
paradigm designed to optimize report-level clinical correctness beyond token-
level imitation. This approach formulates post-training as a reinforcement learn-
ing process that directly maximizes agreement between generated reports and
key radiologic findings, grounding the reward signal in CheXbert-derived clinical
labels to emphasize factual completeness and semantic alignment rather than
lexical overlap. To make this optimization stable and computationally efficient
for large vision-language models (LVLM), MRG-R1 employs GRPO, groupwise
variant related to Proximal Policy Optimization (PPO), which stabilizes learn-
ing through case-conditioned relative advantages instead of a learned critic,
enabling reliable updates under sparse and non-differentiable rewards [76, 78].
A margin-based cosine reward further refines this process by measuring seman-
tic consistency between predicted and reference findings. Complementing this
optimization, lightweight instruction-guided formatting elicits an interpretable
"reasoning → report" structure without annotated Chain-of-Thought (CoT),
improving factual consistency, the handling of negation and uncertainty, and
the overall diagnostic utility of generated chest X-ray reports.
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1.3 Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 2 reviews related work on medical report generation and vision-language
modeling, with emphasis on chest X-ray applications. It surveys Transformer-
based and LVLM approaches, multi-agent methodologies in clinical AI, and
semantic supervision strategies, highlighting gaps that motivate architectural
specialization and clinically aligned optimization.

• Chapter 3 presents MRGAgents, a disease-specialized multi-agent framework
for medical report generation. The chapter details the CheXbert-anchored,
sentence-level task decomposition, the curation of disease-specific training sub-
sets from IU X-ray and MIMIC-CXR, the parallel inference and structured
aggregation mechanism, and the evaluation protocol centered on coverage of
clinically relevant findings and balanced normal/abnormal reporting.

• Chapter 4 introduces MRG-R1, a semantic-driven reinforcement learning frame-
work for clinically aligned report generation. It describes the GRPO-based opti-
mization scheme, the margin-based cosine reward derived from CheXbert labels
to capture report-level clinical semantics, and an instruction-guided formatting
strategy to elicit explicit reasoning, together forming a training procedure that
aligns generation with clinical objectives on chest X-ray data.

• Chapter 5 first summarizes the overall work presented in this thesis, and then
explores its strengths, limitations, and potential future directions in this field.



Chapter 2

Literature Review

2.1 Background and Chapter Overview

Medical report generation (MRG) converts medical images into radiology-style re-
ports that document clinically relevant findings, impressions, and recommendations
in a clinician-familiar format [50, 91]. Interest in MRG has grown because radiol-
ogy workloads and reporting pressures continue to rise, where variability, omissions,
and clinical uncertainty affect report quality and turnaround time [6, 65, 72]; by au-
tomating parts of the image-to-text pipeline, AI systems can help improve efficiency,
consistency, and clinical fidelity. Recent surveys synthesize this trend, summarizing
multimodal pipelines (images, clinical text, knowledge), structured-report genera-
tion, public datasets, evaluation methods, and the remaining barriers to practical
[25, 63, 91].

This chapter first surveys advances in MRG in Section 2.2; then Medical Large Vision-
Language Models in Section 2.3; followed by Multi-Agent Systems in Healthcare in
Section 2.4; Semantic Supervision in Section 2.5; Reinforcement Learning for Large
Vision-Language Models in Section 2.6.
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2.2 Medical Report Generation

MRG aims to produce sectioned narratives that capture anatomy, attributes, and clin-
ically meaningful qualifiers within radiology reports. Beyond linguistic fluency, MRG
models must ensure report-level factual adequacy, comprehensive coverage of clini-
cally salient findings, and internal consistency. Historically, MRG emerged from the
image-captioning paradigm [60], where encoder–decoder architectures were trained
via maximum-likelihood objectives to map visual representations to natural-language
descriptions; a canonical example is Show and Tell [89], which couples a deep visual
feature extractor with a recurrent sequence generator to produce captions. Early
MRG work adapted this recipe to longer, multi-sentence outputs with clinical ter-
minology. Jing et al. [28] introduced hierarchical LSTMs with co-/cross-attention
with auxiliary disease tags to improve sentence planning and grounding for chest-
X-ray findings. Retrieval–generation hybrids such as HRGR-Agent [41] coupled a
generator with a retrieval policy to stabilize long-form outputs, while TieNet [92]
jointly learned imag-text embeddings for thorax disease classification and produced
preliminary reports, tightening visual-textual coupling. With Transformers, MRG
shifted beyond recurrent decoders. R2Gen [11] introduced a memory-driven Trans-
former that caches global cues to manage long-range context across sentences and
performs strongly on IU X-Ray and MIMIC-CXR. Beyond R2Gen, R2GenCMN [9]
augments the memory-driven Transformer with cross-modal memory under teacher-
forcing training, achieving stronger maximum-likelihood baselines on IU X-Ray and
MIMIC-CXR. Knowledge-aware variants (e.g., PPKED [44]) mitigate visual/textual
bias but keep the same learning target. Despite architectural differences, most sys-
tems still optimize token-level likelihood, favoring lexico-syntactic overlap over clini-
cally grounded semantics.

Recently, Med-LVLMs have pushed capacity and generality. LLaVA-Med [37] instruction-
tunes a vision–language backbone on biomedical image-text pairs for dialogue, cap-
tioning, and Visual Question Answering (VQA); Med-Flamingo [55] adapts Open-
Flamingo [1] for few-shot generative medical VQA with physician blind review; HuatuoGPT-
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Vision [8] injects medical visual knowledge at scale into Qwen2-VL [90] and Qwen2.5VL
[2] using an LLaVA-style training pipeline; MedGemma [77] adapts Gemma [86] to the
medical domain via instruction tuning and evaluated on biomedical tasks. CheXagent
[12] targets chest-X-ray interpretation and multi-task evaluation via a curated instruc-
tion datasets. Radiology-focused variants such as CXR-LLaVA [35] tailor LLaVA [46]
to chest X-rays and study zero-/few-shot reporting or recognition; broader generalist
biomedical models (e.g., BioMedGPT [106]) and radiology foundation efforts (e.g.,
RadFM [97]) pursue unified pretraining across modalities. Despite these advances,
recent benchmarking still finds that general-purpose LLM/LVLM pipelines underper-
form on clinically faithful reporting without explicit clinical objectives or specialized
training [93].

Beyond lexical overlap, recent work evaluates clinical factuality using finding-aware
labelers and structured graphs. In particular, Metrics such as RadGraph-F1 [26] and
the RadCliQ [105] correlate better with radiologists’ error judgments than BLEU
[64]/ROUGE [42]/BERTScore [107] , and are now recommended for CXR report
generation. This shift underscores the need to optimize clinical content rather than
style alone.

Chest-Xray corpora such as MIMIC-CXR [29], CheXpert [24], PadChest [7], VinDr-
CXR [57] underpin most progress; automatic labelers (e.g., CheXpert [24]/CheXbert
[80], NegBio [65]) enable scalable supervision yet introduce polarity and uncertainty
noise, especially for devices and localization.

Despite richer prompting, retrieval, and tool integration, most medical report gener-
ators—from memory-driven Transformers (e.g., R2Gen, R2GenCMN) to instruction-
tuned LVLMs (e.g., LLaVA-Med, HuatuoGPT-Vision)—remain limited in two fun-
damental ways. First, monolithic architectures trained on long-tailed, heterogeneous
datasets tend to overfit to dominant "normal" patterns, leading to normality bias and
incomplete coverage of clinically significant abnormalities. Second, their learning ob-
jective is still dominated by token-level maximum likelihood estimation (MLE), which
optimizes surface fluency and lexical resemblance rather than clinically grounded se-
mantics, producing text that may read well but lacks diagnostic fidelity.
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2.3 Medical Large Vision-Language Model

Med-LVLMs adapt the LLM-plus-visual-encoder paradigm to clinical images for in-
struction following, report-like generation, and multimodal reasoning. Early “general-
ist biomedical” LVLMs demonstrated breadth across many medical tasks: BioMedGPT
[106] proposed an open, lightweight generalist LVLM trained over diverse biomed-
ical tasks; LLaVA-Med [47] showed cost-efficient instruction tuning from general
LLaVA [37] to biomedical use; Med-Flamingo [55] extended OpenFlamingo for [1]
few-shot generative medical VQA with physician evaluation; and Med-PaLM Mul-
timodal (Med-PaLM M) [87] pursued a single model operating over text, medical
images, and even genomics, with radiologist side-by-side preferences on chest-X-ray
reporting. Recent general-purpose medical LVLMs further broaden this landscape:
MedGemma [77] introduces a family of Gemma-3 based [86] medical vision-language
foundation models aimed at broad clinical tasks; Lingshu [99] presents a medical-
specialized MLLM trained with a multi-stage curriculum and a unified evaluation
toolkit (MedEvalKit) for multimodal and textual benchmarks. These efforts high-
light the promise and the difficulty of clinical grounding at scale.

Radiology-centric foundation models have emerged to specialize capacity and data
curation. RadFM [97] targets a unified radiology foundation model with large multi-
modal datasets (MedMD) and reports strong results across 2D/3D scans. Meanwhile,
CXR-LLaVA [35] fine-tunes LLaVA [47] for chest X-rays; CheXagent [12] builds
a chest-X-ray foundation model by using CheXinstruct/CheXbench resources and
reports prospective time-savings in clinician editing; Collectively, these radiology-
focused LVLMs pursue reporting assistance and VQA while probing hallucination
control, uncertainty handling, and domain adaptation.

Beyond radiography, pathology-focused LVLMs address gigapixel slides and multi-
resolution context. PathAsst [82] pairs a pathology-tuned encoder with Vicuna-13B
[110] and a pathology toolkit for generative assistance; PA-LLaVA [15] combines a
pathology image-text encoder [73] with scale-invariant connectors before instruction
tuning for whole-slide VQA. These works illustrate that medical LVLMs often require
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bespoke data pipelines and connectors even within a shared architecture paradigm.

A critical enabler across many medical LVLMs is vision-language pretraining (VLP)
on paired image-report corpora and biomedical figure-caption collections. ConVIRT
[108] pioneered contrastive pretraining from chest X-ray and report pairs; GLo-
RIA [23] added global–local alignment between image regions and report tokens;
BioViL/BioViL-T [5] introduced temporal CXR-text pretraining with progression sig-
nals; large-scale figure–caption models such as PMC-CLIP and BiomedCLIP (PMC-
15M) [43] provide broad biomedical backbones that many LVLMs later adapt or
build upon. These VLP advances improve data efficiency, zero/few-shot transfer, and
phrase-level grounding—key ingredients for clinically faithful generation.

Recent trends emphasize multilingual and data-centric scaling. HuatuoGPT-Vision
curated and denoised PubMedVision (≈ 1.3M medical VQA samples) to inject medi-
cal visual knowledge into multimodal LLMs [8]; Qilin-Med-VL [48] targeted a Chinese
medical LVLM with two-stage alignment and a million-scale image–text dataset to
broaden language coverage.

Despite steady progress, current medical LVLMs still lack mechanisms for fine-grained
clinical grounding and disease-specific reasoning, leaving gaps between fluent genera-
tion and diagnostic reliability.

2.4 Multi-Agent System in Healthcare

Healthcare multi-agent systems (MAS) orchestrate cooperating LLM/LVLM agents
with distinct roles (retrieval, reasoning, tool use, auditing) to address the sequential,
uncertain, and multimodal nature of clinical work. Recent frameworks include MDA-
gents [31], which automatically assigns collaboration topologies to teams of LLMs for
complex medical decision-making; ArgMed-Agents [21], which promotes explainable
clinical reasoning via self-argumentation and conflict graphs, making deliberations
auditable. These systems aim to reduce single-model brittleness and expose interme-
diate rationale for safety review.
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Microsoft’s Sequential Diagnosis with Language Models [59] casts diagnosis as a step-
wise encounter, building the Sequential Diagnosis Benchmark (from 304 NEJM-CPC
cases) where an agent must iteratively query for new findings before updating the
hypotheses: an agentic setup that better reflects real clinics than static QA. Contem-
porary analyses and coverage also describe orchestration among multiple models for
differential diagnosis under cost constraints. Complementary testbeds such as Agent-
Clinic [75] simulates doctor–patient–tool interactions across specialties and languages,
and shows substantial performance drops when models must plan, gather evidence,
and handle bias. Emerging benchmarks like MedAgentsBench [84] further stress
multi-step reasoning, diagnosis formulation, and treatment planning to differentiate
thinking models and agent frameworks.

In structured data settings, EHRAgent [79] equips an LLM with code-execution and
memory to decompose multi-table electronic health record (EHR) questions into exe-
cutable tool chains, achieving few-shot complex query answering; in multi-modal tool
ecosystems, MMedAgent [36] learns to select among specialist medical tools (span-
ning modalities and tasks), showing how a coordinator agent can improve performance
while remaining extensible as new tools are added. These works demonstrate MAS
as a natural fit for clinical data orchestration, where different competencies, query
planning, coding, image analysis, are delegated to specialised agents or tools.

Despite rapid progress in clinical reasoning, diagnosis, and decision-support, current
medical multi-agent systems have rarely been applied to medical report generation
(MRG). Existing frameworks focus primarily on diagnostic dialogue, retrieval, and
multimodal reasoning rather than narrative synthesis. Extending the MAS paradigm
to MRG remains an open opportunity, where disease-specialized agents could collab-
oratively produce comprehensive, clinically faithful reports aligned with radiologic
workflows.
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2.5 Semantic Supervision

To mitigate the mismatch between token-level objectives and clinical goals, recent
work augments MRG with semantic supervision that directly encodes medical knowl-
edge, grounding, and clinical consistency. Knowledge-centric methods explicitly en-
code medical structure. KERP [38] learns an abnormality graph and paraphrases it
into text to improve entity–relation fidelity; GSKET [102] integrates general (graph-
based) and specific (retrieved case) knowledge to guide sentence planning. Knowledge
graph and knowledge base variants continue this line, for example, Attributed Abnor-
mality Graph (ATAG) [100] and Dynamic Graph Enhanced Contrastive Learning [39]
that update graph structure and add contrastive/matching losses for finer semantics.

A complementary thread strengthens image-text grounding via matching or con-
trastive signals. Co-training a generator with image-text matching (ITM) heads
("self-boosting" [95]) improves clinical alignment by penalizing mismatched pairs. Re-
inforced Cross-modal Alignment [66] introduces an RL objective over a cross-modal
memory to better couple visual and textual cues; and segment-enhanced contrastive
learning (MSCL [109]) leverages segmentation (e.g., SAM [32]) to focus alignment on
clinically meaningful regions of interest and reduce dataset bias. Retrieval-assisted
systems operationalize this alignment at inference time: X-REM [27] learns a con-
trastive matching score to retrieve report sentences conditioned on the image, im-
proving grounding and reducing unsupported statements. CXRMate [58] introduces
longitudinal semantic rewards that leverage follow-up consistency signals to reduce
hallucinations and improve clinically coherent reporting in chest X-rays.

Moving closer to clinically grounded objectives [45], labeler- and information extrac-
tion (IE) -based supervision turns clinical extractors into training signals. Clinically
Accurate Chest X-ray Report Generation [45] optimizes an RL reward tied to clinical
coherence; CheXbert [80] provides a BERT-based automatic labeler widely used to
score presence/absence of 14 observations. On the IE side, RadGraph [26] introduces
chest-x-ray entity–relation annotations, enabling RadGraph-based rewards that di-
rectly optimize factual completeness/correctness. Beyond rewards, Dynamic Trace-



2.6 Reinforcement Learning for Large Vision-Language Model 14

back Learning [103] regularizes causal consistency by masking/back-tracing across
modalities so tokens can be "explained" by visual evidence, reducing spurious corre-
lations.

Despite these advances, most existing methods incorporate semantic or clinical sig-
nals only as auxiliary objectives rather than core optimization targets. As a result,
token-level likelihoods still dominate the training signal, leaving a gap between lin-
guistic fluency and clinically faithful reasoning—calling for reinforcement learning
frameworks that directly optimize report-level clinical correctness.

2.6 Reinforcement Learning for Large Vision-Language

Model

Post-training for LLMs and LVLMs increasingly adopts preference-based objectives
that align models with human or AI feedback [3, 62]. The standard Reinforcement
Learning from Human Feedback (RLHF) framework [62] first trains a reward model
on human preference data and then optimizes the policy using Proximal Policy Opti-
mization (PPO) [76] under a Kullback–Leibler (KL) divergence constraint [33]. This
setup, popularized by InstructGPT, uses PPO’s clipped objective to ensure stable
updates during finetuning. To reduce dependence on costly human annotation, Re-
inforcement Learning from AI Feedback (RLAIF) or Constitutional AI [3] replaces
human preferences with AI-generated critiques guided by rules or principles. Direct
Preference Optimization (DPO) [67] simplifies RLHF by eliminating the separate re-
ward model and directly fitting model outputs to preference pairs. Group Relative
Policy Optimisation (GRPO) [78] further improves efficiency by comparing multiple
sampled responses within a group to compute relative advantages, avoiding learnt
value functions while improving reasoning performance. Other recent variants, such
as Odds Ratio Preference Optimization (ORPO) [20] and Kahneman-Tversky Opti-
mization (KTO) [18], explore lighter-weight formulations that remove the reference
model or use binary desirability signals inspired by human decision theory.
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In computer vision and captioning, reinforcement learning has long been used to
bridge the gap between likelihood training and evaluation metrics. MIXER [69] gradu-
ally shifts from teacher-forced learning to sampled decoding and applies REINFORCE
[96] to optimize non-differentiable metrics such as BLEU [64] and ROUGE [42]. Self-
Critical Sequence Training (SCST) [71] stabilizes learning by using the model’s greedy
caption as a baseline, achieving strong results on CIDEr [88] and BLEU. Later work
introduced SPIDEr (SPICE + CIDEr) [49] and other actor–critic or embedding-based
methods to better align captions with visual semantics. More recently, the reward
functions themselves have evolved: CLIP-based [13] rewards emphasize recognizabil-
ity and distinctiveness, while PACScore [74] offers a learned, human-correlated eval-
uation model. At the same time, RL-free methods have appeared—such as DiCO
[56], which distills CLIP/PAC preferences directly into the model, and DMO [83],
which performs offline reward-weighted augmentation—offering compute-efficient al-
ternatives that retain semantic fidelity without full reinforcement learning loops.

Despite these advances, most preference-based post-training frameworks still opti-
mize linguistic quality rather than domain-grounded semantics. In clinical report
generation, where factual and diagnostic precision are critical, this creates a gap be-
tween fluent text generation and clinically faithful reasoning—highlighting the need
for clinically informed, semantic-driven reinforcement learning.



Chapter 3

MRGAgents: A Multi-Agent

Framework for Improved Medical

Report Generation with

Med-LVLMs

3.1 Introduction

Medical imaging plays a critical role in clinical diagnostics, with radiology reports
serving as essential tools for communicating diagnostic findings and guiding treatment
decisions. However, the process of generating detailed and accurate medical reports
remains time-consuming and labor-intensive [81, 104]. Automated medical report
generation has emerged as a promising solution, offering the potential to reduce radi-
ologists’ workload, improve efficiency, and minimize human errors, and thus allowing
clinicians to focus more on complex cases and patient care. Over the past few years,
significant research efforts have been dedicated to medical report generation (MRG),
with models progressively advancing towards more sophisticated Transformer-based
frameworks. These models aim to map complex visual data into coherent textual
descriptions, improving the integration of multi-modal information.
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Recent advancements [9, 37, 106] in Large Vision-Language Models (LVLMs) have
accelerated the progress in the field, enabling models to process and understand
both medical images and textual data more effectively. Notable examples, such as
BioMedGPT [106] and LLaVA-Med [37], have demonstrated their versatility across
various medical downstream tasks, particularly in MRG [9, 11]. Despite these ad-
vancements, existing methods continue to face significant challenges. First, prior
studies [19] have shown that current models tend to be biased toward normal findings.
Because normal descriptions dominate most training corpora, the model gradients are
driven mainly by these majority patterns; consequently, within a single optimization
step, the network receives only weak or noisy signals for minority diseases, and crit-
ical abnormalities are often under-represented in the learned feature space. This
imbalance translates into reports that downplay or altogether omit rare but clinically
significant findings, and thus limiting their diagnostic usefulness. Second, reports gen-
erated by Medical LVLMs (Med-LVLMs) often lack comprehensiveness [54], which is
defined as the ability of a generated medical report to cover all clinically relevant
findings, including both normal and abnormal observations, without omitting key
diagnostic information.

Meanwhile, recent studies have shown that multi-agent systems (MAS)—collections of
cooperating autonomous agents— can enhance task efficiency, improve decision-making
[31], and optimise resource allocation across diverse domains, including healthcare
[79], autonomous driving, and large-scale data processing [98]. By leveraging the
principle of task specialization, multi-agent systems can decompose complex prob-
lems into sub-tasks. This lets specialized agents focus on distinct aspects of the task,
thereby improving both efficiency and accuracy [31, 85]. However, existing medical
multi-agent frameworks primarily focus on Med-QA (Medical Question Answering)
[85] and Med-VQA(Medical Visual Question Answering) [21, 31, 36], and their ap-
plications to medical report generation remains unexplored. Given that MRG is
inherently a complex task requiring fine-grained descriptions across multiple disease
categories, a multi-agent framework is proposed to decompose the report-generation
process into more manageable sub-problems.
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In this study, Medical Report Generation Agents (MRGAgents) is introduced as
the first multi-agent LVLM-based framework for medical report generation.
Building on recent advances in multi-agent systems [21, 31, 36, 85], the approach lever-
ages the capacity of multi-agent collaboration to meet the unique demands of medical
report generation. The pipeline begins with CheXbert [80], a BERT-based classifier
that assigns each sentence in a chest X-ray report to one or more of 14 predefined
observations (e.g., cardiomegaly, pleural effusion, pneumothorax) and labels them as
positive, negative, or uncertain. CheXbert outputs are then used to partition each
report into sentence-level, disease-specific subsets, which subsequently serve as train-
ing data for 13 specialized agents, each corresponding to a specific disease category.
Radiology reports are naturally organised around findings such as heart size, lung
opacity, or pleural effusion, and clinicians review prior studies by the same disease
labels. Training sentences at this granularity therefore produces output that matches
how radiologists read, dictate, and archive reports. At inference, a chest X-ray is
broadcast to all agents, which run in parallel, each agent returns one concise state-
ment that explicitly indicates whether its own finding is present, absent, or uncertain.
Concatenating the 13 sentences yields a structured report that systematically covers
every disease category, potentially delivering higher recall and richer detail than a
single Med-LVLM.

The key contributions are as follows:

• The first multi-agent LVLM framework for medical report generation (MRG) is
presented, in which 13 task-specific agents operate in parallel—each producing
a disease-focused sentence, and the resulting sentences are aggregated into a
single, clinically meaningful report.

• A sentence-level task decomposition strategy is introduced to segment reports
into disease-specific components, enabling finetuning of multiple specialized
agents on distinct medical conditions. Furthermore, disease-specific subsets
are curated from the IU X-ray and MIMIC-CXR datasets, demonstrating that
MRGAgents achieves improved performance across most disease categories.
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Figure 3.1 – Overall Framework of the proposed MRGAgents.

• Experimental results on two widely used medical report generation benchmark
datasets demonstrate superior performance of MRGAgent compared to existing
Med-LVLM baselines.

3.2 Methods

3.2.1 Overall Framework of MRGAgents

The MRGAgents framework (Figure 3.1) operates in two phases: task decomposition
and category-specific finetuning.

Training phase. Instead of finetuning a single Med-LVLM on all findings, CheXbert
[80] is first applied to divide each report into 13 disease-specific sentence sets. Thirteen
lightweight agents are then fine-tuned, each using only the sentences that describe
its assigned disease. Sentences with no positive finding are labelled "No Finding"
and omitted from training. This specialisation allows every agent to focus on one
pathology, improving both precision and coverage.
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Inference phase. Given a chest X-ray, each agent generates a single sentence for its
disease category. These sentences are finally concatenated to produce the complete
radiology report.

3.2.2 Task Decomposition: Sentence-Level Report Splitting

Medical reports typically comprise several sentences, each conveying different types
of clinical information—normal anatomy, abnormal findings, lesion location, and so
on. Prior work [37, 106] on automatic report generation often produces overly gen-
eral statements that miss such fine-grained details. To address this limitation, a
sentence-level task-splitting strategy is adopted to enhance both the specificity and
completeness of the generated reports.

CheXbert [80], a BERT-based model for multi-label classification of radiology text, is
employed to assign each sentence to one or more of 14 predefined observations: En-
larged Cardiomediastinum, Cardiomegaly, Lung Opacity, Lung Lesion, Edema, Con-
solidation, Pneumonia, Atelectasis, Pneumothorax, Pleural Effusion, Pleural Other,
Fracture, Support Devices, and No Finding. For every observation it predicts a label
of positive, negative, uncertain, or blank.

These fine-grained labels allow us to build dedicated training subsets for specialised
agents. By separating each report into disease-specific components, every agent learns
to generate precise, clinically relevant sentences for its assigned category. Aggregating
the outputs of all agents therefore yields a final report that is markedly more detailed
and informative than those produced by single Med-LVLM.

3.2.3 Agent Finetuning and Inference Process

Each agent in the framework is fine-tuned with the original BioMedGPT hyper-
parameter settings [106]: AdamW optimiser, learning-rate 5 × 10−5, batch size 16,
weight decay 0.01, a linear warm-up over the first 10% of three training epochs, and
early stopping on the validation loss. Following the BioMedGPT fine-tuning pipeline,
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agent training adopts a standard autoregressive sequence-to-sequence maximum-likelihood
objective. Given the input chest X-ray (encoded as visual tokens) together with the
instruction/prompt text x, the model generates the target disease-specific sentence
y = (y1, . . . , yT ) token-by-token in a left-to-right manner under teacher forcing, and
the parameters are optimized by minimizing the negative log-likelihood (token-level
cross-entropy):

LMLE(θ) = −
T∑

t=1
log pθ (yt | y<t, x) . (3.1)

At inference time, every agent generates one finding sentence for its assigned disease
category, and these sentences are concatenated to form the final radiology report.
Both training stage and inference stage are deployed on a server with i7-5930K CPU
and two 48GB NVIDIA A6000 GPUs. MRGAgents does not introduce a new or
disease-specific prompt; all agents follow the default BioMedGPT captioning/report-
generation instruction. Agent specialization is achieved purely through disease-wise
data partitioning. The exact prompt setting is provided in Appendix A.1.1.

3.3 Experiment

3.3.1 Datasets

The proposed framework was evaluated on two benchmark medical report generation
datasets: IU X-ray [17] and MIMIC-CXR [29].

Throughout the rest of this paper, the following two-letter abbreviations are em-
ployed: EC = Enlarged Cardiomediastinum, CM = Cardiomegaly, LO = Lung Opac-
ity, LL = Lung Lesion, ED = Edema, CS = Consolidation, PN = Pneumonia, AT =
Atelectasis, PT = Pneumothorax, PF = Pleural Effusion, PO = Pleural Other, FX
= Fracture, SD = Support Devices, and NF = No Finding.

IU X-ray includes 7,470 chest X-ray images paired with 3,955 reports, while MIMIC-
CXR contains 377,110 images and 277,835 reports. Both datasets follow their official
splits, with IU X-ray divided into 4,118 training, 588 validation, and 2,764 testing
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Table 3.1 – Sentence distribution of IU X-ray and MIMIC-CXR.

IU X-ray MIMIC-CXR
training validation test training validation test

EC 1546 244 452 156,405 1213 1394
CM 2486 378 720 136,645 1093 2107
LO 2660 362 762 102,548 752 2306
LL 310 50 100 14,702 162 313
ED 1704 228 460 75,091 587 1367
CS 242 32 70 109,220 879 1260
PN 1396 222 416 32,083 248 613
AT 162 26 50 61,139 441 1074
PT 176 20 38 198,670 1557 2441
PF 3044 436 860 232,670 1850 3296
PO 3180 456 904 5,635 47 167
FX 38 4 8 20,810 131 324
SD 202 28 50 103,934 786 2507
NF 230 38 68 929,135 7168 12,149
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Figure 3.2 – The distribution of positive and negative sentences in each disease.

samples, and MIMIC-CXR split into 270,790 training, 2,130 validation, and 3,858
testing samples.

Each report is segmented into individual sentences and automatically labelled with
CheXbert [80]. Only sentences marked as positive or negative for at least one ob-
servation are retained for finetuning the disease-specific agents. If a sentence men-
tions multiple categories, it is supplied to every corresponding agent. The resulting
sentence-level label statistics are summarised in Table 3.1. To provide a more intu-
itive view of category prevalence, Figure 3.3 plots a bar chart whose x-axis lists the
13 disease categories and whose y-axis reports the number of labelled sentences.

3.3.2 Experimental Design

The performance of the proposed MRGAgents framework was benchmarked against
established models for medical report generation to demonstrate its effectiveness.
BioMedGPT is used as the base model for MRGAgents framework. Each agent is
trained on sentences corresponding to a specific disease category, In particular, no
agent is trained for the "no finding" category. All agents are fine-tuned based on the
default configuration of the BioMedGPT finetuning script. Additionally, accuracy was
computed for each disease to assess the ability of MRGAgents to correctly identify
medical conditions.
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3.3.3 Evaluation metrics

Three standard natural language generation (NLG) metrics are reported: ROUGE-L
[42], METEOR [4], and CIDEr [88]. ROUGE-L measures the longest common sub-
sequence between the generated and reference reports, while METEOR aligns tokens
through both exact and synonym matching. CIDEr computes a TF-IDF–weighted n-
gram similarity that rewards clinical details appearing across multiple references. For
clinical efficacy evaluation, the protocol of Chen et al. [9] is followed: each generated
report is converted into 13 binary disease labels using CheXbert, and macro-averaged
precision, recall, and F1 scores are calculated against the ground-truth labels.

3.4 Result and Discussion

3.4.1 Comparison with Existing Models

Table 3.2 presents the comparison results between proposed MRGAgents and the
state-of-the-art MRG methods, for examples, BioMedGPT and R2Gen. Compared to
the single-agent BioMedGPT, MRGAgents resulted in gains on the IU X-ray bench-
mark. For language quality, the CIDEr score increased from 0.401 to 0.426, and
METEOR improved from 0.191 to 0.205. The higher scores shows that splitting
the report into disease-specific descrption sentences help the system capture more of
phrasing and detail found. On the clinical side, precision metric improved from 0.360
to 0.369, and recall also improved from 0.354 to 0.376, indicating its enhanced ability
to capture clinical findings.

The increased performance is further evident with on the larger MIMIC-CXR dataset.
METEOR results almost doubled from 0.072 to 0.144, and ROUGE-L increased from
0.144 to 0.178. Clinical recall shows the most improvement from 0.314 to 0.382,
making it the second-highest among all models, which is particularly important for
reducing missed diagnoses. Precision also increased from 0.290 to 0.369. Although
the resulting macro-averaged F1 (0.258) was lower than BioMedGPT’s 0.286, recall
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Table 3.2 – Comparisons of MRGAgents with state-of-the-art MRG methods. ’*’in-
dicates that the results were obtained through reproduction. The best results are
highlighted in bold. Methods with additional annotations are showed in gray for
reference. In the table, the BioMedGPT results on IU X-ray are reported as fol-
lows: the NLG metrics are taken directly from the original paper, while the CE
metrics are obtained using the authors’ released checkpoint. For MIMIC-CXR,
all metrics are reproduced implementation following the settings described in the
original work.

Data Model CE Metrics NLG Metrics
Precision Recall F1 MT CDr RG-L

IU R2GenCMN [9] - - - 0.191 - 0.375
R2Gen [11] 0.142 0.371
LKAM [101] - - - - 0.407 0.399
BioMedGPT* [106] 0.360 0.354 0.355 - 0.401 -
MGSK [102] - - - - 0.382 0.381
MRGAgents 0.369 0.376 0.346 0.205 0.426 0.331

MIMIC R2GenCMN [9] 0.334 0.275 0.278 0.142 - 0.278
R2Gen [11] 0.333 0.273 0.276 0.142 0.277
LKAM [101] 0.420 0.339 0.352 - 0.111 0.274
BioMedGPT* [106] 0.290 0.314 0.286 0.072 0.02 0.144
MGSK [102] 0.458 0.348 0.371 - 0.203 0.284
MRGAgents 0.369 0.382 0.258 0.144 0.031 0.178

improvement was considered particularly valuable in clinical practice, as it reduced
the risk of missed abnormalities.

When compared to other state-of-the-art models, MRGAgents remained competitive.
On IU X-ray, it achieved the highest CIDEr (0.426) and METEOR (0.205) scores
among all evaluated models, while maintaining strong CE metrics. In the MIMIC-
CXR dataset, MGSK achieved the highest CE metrics, likely due to its external
knowledge source, which supplements training data with additional clinical informa-
tion. The lower ROUGE-L score may be due to the increased length and structural
differences in the generated reports, which, despite being more comprehensive, reduce
the longest common subsequence overlap with the reference reports. LKAM indeed
achieves the highest ROUGE-L on IU X-ray (0.399) and the best CE precision/F1 on
MIMIC-CXR (0.420/0.352), reflecting its advantage in exploiting structured knowl-
edge signals and cross-modal alignment to improve clinical correctness. In contrast,
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MRGAgents focuses on multi-agent specialization, which tends to improve coverage
and detail via category-specific reasoning, explaining why it leads on several NLG
metrics while remaining competitive on CE metrics.

These results demonstrate that MRGAgents enables each model to pick up subtle,
category-specific cues that a single Med-LVLM system tends to overlook, resulting in
reports that are both more detailed and more faithful to the reference findings than
those produced by the original BioMedGPT.

3.4.2 Quantitative Analysis in Disease Level

Beyond whole-report metrics, the evaluation also examines how effectively each model
recognizes individual pathologies. For this experiment, BioMedGPT was trained as
a single, generic decoder, whereas MRGAgents employed 13 disease-specific agents
produced by the task-decomposition strategy described in Section 3. BioMedGPT
is selected as a baseline because it represents a strong, general-purpose biomedical
LVLM trained across multiple medical tasks, providing a fair reference for evaluating
the benefits of disease-specific specialization. Table 3.3 summarises the per-category
accuracies.

On IU X-ray, MRGAgents either matched or improved BioMedGPT in 11 out of
13 categories. The highest gain occurred with the previously under-detected disease
categories: "Consolidation" increased from 0.171 to 0.857 and "Pleural Effusion" from
0.288 to 0.979. It further detected conditions that BioMedGPT missed entirely, such
as "Lung Lesion" (0 to 0.480) and "Pneumonia" (0 to 0.404).

A similar improvement is observed on the much larger MIMIC-CXR benchmark, re-
inforcing the trend consistently seen across all evaluations conducted: across datasets
and metrics, MRGAgents consistently outperforms its baseline model. MRGAgents
outperformed the baseline in 10 categories, with increases for "Cardiomegaly" (0.036
to 0.758), "Atelectasis" (0.103 to 0.987) and "Pleural Effusion" (0.636 to 0.772). It also
recovered "Pleural Other" (0 to 0.904) and "Fracture" (0 to 0.185), two classes that
BioMedGPT failed to recognise. The only clear shortfall is the "Support Devices"
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class, whose highly variable appearance remains challenging for the visual pipeline.
In MIMIC-CXR, the Support Devices category covers a heterogeneous set of objects,
such as pacemaker or ICD leads, central venous and PICC lines, chest tubes, en-
dotracheal or tracheostomy tubes, and nasogastric/orogastric tubes, whose shapes,
sizes, and positions vary substantially across cases [24]. Beyond this category-specific
weakness, a deeper inspection of model outputs reveals several recurrent failure modes
that are not fully captured by aggregate report-level metrics. First, omission of low-
prevalence or visually subtle findings remains a common error pattern, especially for
categories with limited training sentences (e.g., LL and FX) or weak visual salience.
Although MRGAgents substantially improves coverage compared with BioMedGPT,
some abnormalities are still missed when the visual evidence is faint, overlapped
by surrounding structures, or described with highly variable reporting styles. Sec-
ond, support-device under-recognition and device-type confusion persists because the
current disease-specialized decomposition is optimized primarily for pathology find-
ings, rather than for elongated, small, and procedurally placed devices. Third, label-
consistent but text-structure-misaligned generation can occur, where the generated
report contains clinically relevant statements but differs from the reference in wording
order, granularity, or sentence composition. This helps explain why MRGAgents im-
proves recall and several NLG metrics while not always improving ROUGE-L, which
is sensitive to sequence overlap.

These failure modes have distinct clinical implications. Accordingly, MRGAgents is
positioned as a report drafting assistant rather than an autonomous reporting system;
in real-world use, all generated reports must be reviewed, edited, and signed off by
a qualified clinician before being used for clinical decision-making. Missed abnormal
findings primarily affect diagnostic sensitivity and may delay further investigation
or treatment escalation, whereas support-device errors may affect procedural safety
and post-procedural monitoring, particularly in acute-care settings where chest radio-
graphs are routinely used to confirm device placement and detect device-related com-
plications. By contrast, wording or structural mismatch without factual error mainly
affects report standardization and automatic metric scores, rather than immediate
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Table 3.3 – Comparison of the proposed MRGAgents with previous studies on the
curated subset of IU X-ray, evaluating the accuracy of disease classification. The
best results are highlighted in bold.

IU X-ray MIMIC-CXR
BioMedGPT MRGAgents BioMedGPT MRGAgents

EC 0 0.04 0.374 0.641
CM 0.856 0.850 0.036 0.758
LO 0.076 0.163 0.005 0.481
LL 0 0.480 0 0.556
ED 0.035 0.583 0.199 0.715
CS 0.171 0.857 0.818 0.834
PN 0 0.404 0 0.261
AT 0 0.160 0.103 0.987
PT 0 0.053 0.885 0.962
PF 0.288 0.979 0.636 0.772
PO 0 0 0 0.904
FX 0 0 0 0.185
SD 0 0.440 0.115 0

clinical decision-making. Overall, these results indicate that report decomposition
not only improves recall but also broadens disease coverage, particularly for subtle or
infrequent findings. For example, lung lesion (LL) has only 310 training sentences in
IU X-ray, yet its accuracy climbs from 0 to 0.480. Fracture (FX) has just 38 train-
ing sentences, but it still rises from 0 to 0.185 on MIMIC-CXR. Likewise, Pleural
Other (PO), with fewer than 6,000 sentences in the MIMIC-CXR training split, im-
proves from 0 to 0.904. These cases confirm that decomposing the task by disease
not only boosts overall recall but also broadens coverage to subtle or infrequent find-
ings that a single-decoder model tends to miss. Although running 13 independent
agents introduces a modest increase in computational load, the additional latency
is imperceptible to radiologists and is offset by reductions in missed abnormalities,
follow-up corrections, and double-reading overhead. These observations also suggest
several directions for future improvement, including a dedicated device-focused agent
(or support-device pathway), stronger visual grounding for small elongated objects,
and additional factuality-oriented constraints to reduce omissions while preserving
the recall gains of task decomposition.
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Figure 3.3 – Examples of generated reports, with different text colors highlighting
various medical descriptions for comparison with the Ground Truth. All reports
generated by MRGAgents consist of 13 sentences, each corresponding to a specific
disease category.
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3.4.3 MRGAgents Visualization

Figure 3.3 presents a case study comparing reports generated by MRGAgents, BioMedGPT,
and the ground truth, where MRGAgents produced most comprehensive and clinically
relevant reports compared to the baseline models. In the first example, MRGAgents
accurately identified key clinical findings such as "Cardiomegaly", "Pleural Effusion",
and "Low Lung Volumes", which were absent with BioMedGPT. This improvement
likely stems from the agent-based design, which systematically addresses all relevant
disease categories.

MRGAgents has several limitations, as it fails to describe support devices present in
the images. This highlights the need for further refinement to improve coverage of
non-disease-related findings, such as medical implants and assistive devices.

3.5 Conclusions

In summary, MRGAgents is introduced as the first multi-agent, Med-LVLM-based
framework for radiology report generation. By splitting the task into 13 disease-
specific sub-agents—each fine-tuned on sentences that mention its target pathol-
ogy—we move beyond the limitations of monolithic decoders and produce reports
that are both richer in clinical detail and more diagnostically accurate. Extensive
tests on IU X-ray and MIMIC-CXR show consistent gains over a strong BioMedGPT
baseline: higher CIDEr and METEOR scores, markedly better recall of critical find-
ings, and only a negligible increase in inference latency thanks to parallel execution.
These results demonstrate that targeted specialisation is a practical way to boost re-
port quality without onerous computational costs, and they open the door to future
extensions such as device-focused agents, ensemble distillation, and knowledge-base
integration.



Chapter 4

MRG-R1: Reinforcement Learning

for Clinically Aligned Medical

Report Generation

4.1 Introduction

Automatic medical report generation (MRG) produces radiology-style narratives from
medical images, documenting clinically relevant findings, impressions, and recommen-
dations in a format familiar to clinicians. This is a timely and important technology,
as clinicians face mounting challenges with the growing volume of imaging studies due
to the increasing clinical use of medical imaging [34]. Efficiently interpreting large im-
age sets and translating observations into comprehensive diagnostic reports requires
significant expertise and time, motivating efforts to automate this process. Even for
experienced radiologists, the process is labor-intensive and vulnerable to error under
workload pressure [30], missing subtle abnormalities or uncertainties mis-specified
[65], and terminology applied inconsistently across cases. At the same time, the
adoption of more complex imaging workflows—such as high-resolution cross-sectional
scans, dynamic/multi-phase protocols, and multi-modality fusion—further elevates
interpretation demands and error risk. Automatic medical report generation has
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therefore emerged as a promising approach to alleviating radiologists’ workload, im-
proving efficiency, and enhancing consistency and clinical fidelity.

Recently, automatic medical report generation has garnered significant interest and
achieved substantial advancements with deep learning (subset of AI) applied and op-
timized to healthcare applications [10, 11, 28, 92, 103]. Accurately capturing the full
semantics of a radiology report is critical for clinical utility, as diagnostic reasoning
depends on consistent representation of findings, attributes, and anatomical context
across the entire narrative. Yet most existing methods are trained with token-level
supervision, which optimizes next-word prediction and surface n-gram overlap. Con-
sequently, these models often produce linguistically fluent but clinically inaccurate
reports, as token-level losses fail to enforce report-level semantic consistency. Early
methods for MRG adopted encoder-decoder architecture with CNN backbones to ex-
tract visual features and LSTM/GRU decoders producing sentences [28, 41, 92]. With
the advent of Transformers, models improved global context modeling and paralleliza-
tion, enabling stronger cross-modal alignment and better handling of long-range de-
pendencies across multiple sentences and report sections [10, 44]. Most recently, large
vision-language models (LVLMs)—which couples high-capacity visual encoders with
instruction-tuned language models—have shown impressive zero-/few-shot fluency
and style transfer, and can be augmented with retrieval or tool use [35, 103, 106]. De-
spite these advances, the standard training paradigm remains misaligned with clinical
objectives. Token-level supervision optimizes lexical overlap and local fluency rather
than factual correctness and clinical reasoning [53]. It also induces bias, encourages
hallucinations that read plausible but are unsupported by images, and offers weak
guidance for factual coverage [68]. Consequently, CNN+LSTM models, Transformers,
and even LVLMs can produce stylistically consistent but clinically incorrect reports,
underscoring the need for learning signals that directly optimize clinical correctness
instead of token-by-token imitation.

Building on this mismatch between token-level training and clinical goals, a growing
line of work injects semantic supervision to better align text with image-grounded
evidence. Contrastive learning aligns image-report pairs in a shared representa-
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tion space; yet offering only global signals that overlook fine-grained phenomena
and entity-relation structure [40, 95, 109]. Multitask learning jointly trains classifi-
cation/localization with report generation, providing explicit semantic anchors that
improve coverage and inhibit hallucinations. However, labels are incomplete or noisy,
the categories are coarse, and extra heads push the model toward frequent findings and
away from rare but critical ones [28, 92, 94]. Dynamic traceback learning partially ad-
vance the semantic consistency by masking or backtracking from generated tokens to
visual evidence, improving robustness to spurious correlations; still, it relies on proxy
curricula that do not directly reflect clinical quality [103]. To address these gaps, a
semantic-driven reinforcement learning (SRL) method for medical report generation,
termed MRG-R1, is proposed to directly optimize clinical correctness rather than to-
ken overlap. Specifically, a pretrained X-ray–specialized BERT model [80] is employed
as the reward model to align generated reports with clinical annotations. Training
is optimized using Group Relative Policy Optimization (GRPO) [78], a lightweight
alternative to Proximal Policy Optimization (PPO) [76], which stabilizes learning via
group-relative comparison and naturally encourages exploration of diverse description
styles and latent Chain-of-Thought (CoT) without requiring explicit CoT annotations
[14]. Concretely, the CheXbert-based margin-cosine reward (MCCS) delivers polarity-
sensitive, sequence-level supervision that rewards per-finding agreement and overall
coverage while sharply penalizing unsupported or contradictory statements, directly
correcting the style–vs.–correctness mismatch of token-likelihood training. In par-
allel, GRPO’s group-relative baseline amplifies the best candidate within each case
without a learned value network, lowering variance and compute, and thus provides
a stable, scalable training regime that remains clinically anchored.

The SRL framework is instantiated by transforming clinical semantics into a reward
and optimizing the model using GRPO. For each study, a small group of candidate
reports is generated from the current policy, and a clinical-efficacy reward is computed
using CheXbert [80]. Specifically, CheXbert produces 14 disease labels for both the
generated report and the reference, which are mapped to 14-dimensional vectors; a
margin-based cosine similarity between the two vectors serves as the reward signal,



4.1 Introduction 34

directly evaluating semantic agreement rather than n-gram overlap. To elicit explicit
reasoning without annotated Chain-of-Thought (CoT) data, a brief system instruc-
tion is prepended, and a format reward is applied that grants additional points when
the model adheres to a "Reasoning → Report" structure. The total reward combines
the clinical-efficacy and format components in a weighted sum. Group Relative Pol-
icy Optimization (GRPO) [78] is then employed, normalizing rewards within each
group using a groupwise baseline to form relative advantages, thereby producing low-
variance updates that stabilize training compared with token-level objectives.

In this work, MRG-R1 is presented as a medical LVLM fine-tuned with GRPO to
produce clinically aligned reports with explicit, self-generated reasoning. The main
contributions are summarized as follows:

• Semantic-Driven RL with GRPO for Clinically Aligned Medical Re-

port Generation. A semantic-driven reinforcement learning (SRL) framework
is introduced for clinically aligned medical report generation, optimizing a clin-
ically grounded reward and updating the policy via GRPO. This finetuning
procedure enhances clinical alignment and elicits explicit reasoning without de-
pendence on token-level supervision. The resulting model, MRG-R1, generates
step-by-step rationales and radiology reports that adhere to clinical semantics.

• CheXbert-Guided Clinical Efficacy Reward and Instruction-Driven

Explicit Reasoning. CheXbert’s 14-label outputs for both generated and ref-
erence reports are converted into vectors, and a margin-based cosine-similarity
reward is computed to provide a clinically grounded semantic supervision signal.
Additionally, an instruction and format reward encourage a clear “Reasoning
→ Report” narrative without the need for annotated Chain-of-Thought (CoT)
data.

• Comprehensive Empirical Gains and Ablations on MIMIC-CXR and

IU X-Ray. Extensive experiments and ablation studies conducted on the IU
X-Ray [17] and MIMIC-CXR [29] datasets validate the clinical efficacy and
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Figure 4.1 – Overview of SRL. For each study, the policy samples a group of candidate
reports; a margin CheXbert cosine reward (MCCS) and a lightweight format reward
are combined to compute group-relative advantages for GRPO updates under a KL
constraint to a reference policy.

robustness of the proposed approach, demonstrating consistent improvements
across standard evaluation metrics.

4.2 Method

Post-training for medical report generation is formulated as reinforcement learning
over a clinically grounded reward, prioritizing report-level semantic fidelity rather
than token likelihood. Concretely, the LVLM is fine-tuned using GRPO [78], a value-
free, groupwise policy-gradient method chosen for its stability and computational
efficiency when optimizing non-differentiable, report-level clinical rewards. The opti-
mization signal is a CheXbert-guided reward that scores agreement across 14 chest-
x-ray observations between the generated report and the reference, providing direct
supervision on clinical content and reducing the reliance on n-gram overlap. The fol-
lowing sections detail (i) the GRPO training loop—covering sampling, group-relative
advantage computation, and update rule—and (ii) the reward functions, including
the CheXbert margin-cosine design and its aggregation at the report level.
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4.2.1 Group Relative Policy Optimization (GRPO)

PPO [76] and GRPO [78] instantiate a family of post-training alignment algorithms
that optimize reward-defined objectives rather than likelihood. This mechanism bi-
ases generation toward clinically aligned, report-level targets, providing direct super-
vision on semantic fidelity beyond token overlap. GRPO is closely related to PPO but
differs in two key aspects: first, GRPO estimates the advantage using group-based
estimation rather than a value function; second, it employs a set of fixed rules as the
reward signal instead of a learned reward model.

Let P (Q) denote the training set of inputs ("studies"); a single input is q ∈ P (Q) ,
πθold and πθnew for the old policy (used to sample responses in the current update) and
the current policy (parameters being optimized), respectively. A complete response
o means the full generated report for q. A frozen reference policy, πθref , is employed
to regularize updates. Let G be the group size, the number of responses sampled per
input q at each iteration, yielding {oi}G

i=1.

The GRPO objective is

JGRPO(θ) = E q∼P (Q), {oi}G
i=1∼πθold (·|q) 1

G

G∑
i=1

min
πθnew(oi | q)

πθold(oi | q) Ai,

clip
(

πθnew(oi | q)
πθold(oi | q) , 1 − ϵ, 1 + ϵ

)
Ai


− β DKL

(
πθnew

∥∥∥ πθref

)

(4.1)

Here, the policy ratio πθnew (oi|q)
πθold (oi|q) measures how the new policy probability of oi changes

relative to the old policy; Ai is the estimated advantage for response oi; ϵ > 0 is the
clipping threshold that limits overly large updates by replacing the raw ratio with
its clipped version; and DKL(P∥Q) is the KL divergence [33] between the new policy
and the reference policy, scaled by β ≥ 0 to control policy drift. Intuitively, the
"min" enforces the clipped surrogate familiar from PPO, while the KL term keeps the
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updated policy close to πθref .

Unlike PPO—which estimates Ai via a learned value function/critic—GRPO com-
putes Ai within the sampled group for the same input to avoid value estimation.
Concretely, with rewards ri = R(q, oi) from our rule/labeler-based clinical reward R,
a normalized, within-group advantage used

r̄ = 1
G

G∑
i=1

ri,

σr =

√√√√ 1
G

G∑
i=1

(ri − r̄)2 + ε,

Ai = ri − r̄

σr

.

(4.2)

where r̄ and σr are the group mean and standard deviation, Here, ε > 0 is a small
constant for numerical stability; when the group rewards are identical (variance near
zero), set ε to a value on the order of 10−8–10−6. This relative construction compares
candidates conditioned on the same study q. sharpening the learning signal for report-
level clinical rewards without training a critic.

4.2.2 Reward Functions

Format Reward

A format reward is applied to elicit explicit, auditable reasoning without requiring
CoT annotations. The prompt asks the model to place intermediate reasoning inside
<think>...</think> and the final radiology report inside <report>...</report>.
A rule-based scorer evaluates only structure: tags must be present, correctly ordered,
well-formed (balanced), and non-empty. Outputs that fully comply receive a score of
1, with partial credit for minor violations; otherwise the score is 0. This term is added
with a small weight relative to the clinical reward so optimization remains driven by
medical correctness. Under GRPO’s group-relative updates, candidates that satisfy
the structure reliably obtain higher relative advantages within the same case, teaching
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the policy to produce a stable two-stage "reasoning → report" format. The benefits are
threefold: (i) decoupling thinking from the final narrative, (ii) improving readability
and downstream parsing, and (iii) enabling auditability to localize hallucinations or
inconsistencies.

Margin Chexbert Cosine Similarity Reward (MCCS)

Beyond enforcing output structure via the format reward, optimization is driven pri-
marily by a clinically grounded signal that evaluates report-level semantics. This
signal is instantiated as a Margin CheXbert Cosine Similarity (MCCS) reward, which
converts CheXbert’s 14-label [80] outputs into signed vectors and rewards their margin-
calibrated cosine agreement, providing a continuous target for GRPO. For each study,
CheXbert provides a 14-way multi-class label over common chest X-ray observations
(e.g., Atelectasis . . . No Finding). Each observation is then mapped to a scalar by

f(pos) = 1, f(neg) = −1, f(uncertain) = 1, f(blank) = 0. (4.3)

and construct report-level vectors z(y), z(y⋆) ∈ R13 over the 13 disease-specific cate-
gories only (exclude No Finding) for the generated report y and the reference y⋆.

zj(y) = f
(
ℓj(y)

)
, zj(y⋆) = f

(
ℓj(y⋆)

)
, j = 1, . . . , 13. (4.4)

Mapping uncertain to 1 treats hedged mentions as actionable suspicion rather than
neutrality, which matches clinical practice: when radiologists hedge, they are flagging
a possible abnormality that warrants attention. By contrast, blank is 0, reflecting true
omission. This choice biases the reward toward sensitivity—it favors correctly surfac-
ing potential findings and still penalizes polarity reversals (positive vs. negative) most
strongly via the signed embedding. It also discourages "safe" under-calling: labeling
everything as uncertain no longer evades penalties if the reference is negative (–1) or
omitted (0), and it earns credit only when uncertainty aligns with a true or suspected
abnormality. The No Finding dimension is also excluded from the cosine similarity.
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In CheXbert [80], No Finding is typically set to 1 when all other disease labels are
0. As a result, it can dominate vector norms and inflate apparent agreement via
complementarity, and it is highly sensitive to reporting style or templated omissions,
thereby introducing noise. Removing this dimension focuses the signal on per-finding
clinical agreement and avoids pseudo-alignment driven by a global catch-all label.

Then measure report-level agreement via cosine similarity

CCS(y, y⋆) = ⟨z(y), z(y⋆)⟩(
∥z(y)∥2 + ε

)(
∥z(y⋆)∥2 + ε

) , ε = 10−8. (4.5)

This ε guarantees numerical safety even when one vector is (nearly) zero after prepro-
cessing (e.g., with the No Finding dimension removed), while leaving values effectively
unchanged when norms are in a normal range. To calibrate the signal and emphasize
clinically meaningful improvements, The cosine similarity is converted into a margin-
shaped reward:

MCCS(y, y⋆, m) = max
(

CCS(y, y⋆) − m

1 − m
, 0
)

, m ∈ (−1, 1). (4.6)

This piecewise-linear shaping has three advantages. (i) Margin filtering. Scores at
or below m yield zero reward, suppressing weak alignments (e.g., incidental overlap)
and focusing learning on clinically aligned matches. (ii) Dynamic-range normaliza-
tion. The division by (1 − m) maps CCS ∈ [m, 1] to [0, 1], ensuring comparable
reward scales across studies and increasing within-group variance when m is moder-
ate—beneficial for GRPO’s group-relative advantages. (iii) Stable gradients. The lin-
ear slope 1/(1 − m) avoids early saturation near high similarity and provides smooth,
interpretable shaping; MCCS = 1 if and only if the two label vectors coincide up to
positive scaling.

In all cases, MCCS acts as a continuous, clinically grounded reward at the report
level, providing partial credit for near matches and stronger penalties for polarity
mistakes than for uncertainty/omission, thereby aligning optimization with clinical
correctness rather than token overlap.
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4.3 Experimental Setup

4.3.1 Datasets

The experiments are conducted on the MIMIC-CXR [29] and IU X-Ray [17] datasets.
MIMIC-CXR is the larger corpus, containing 473,057 chest X-ray images and 227,835
radiology reports, whereas IU X-Ray comprises 7,470 images and 3,955 reports. For
fair comparison with prior work, the MIMIC-CXR split of approximately 222.8k/1.8k/3.3k
samples for training, validation, and test is adopted following [10, 102]. For IU X-Ray,
a 70/10/20 train/validation/test split is used following [10, 11]. Unless otherwise
noted, multi-view studies (reports associated with multiple images) are treated as
multiple image–report pairs, with each image paired to the same report and counted
as a separate sample.

4.3.2 Implementation Details

All experiments are conducted on an AMD EPYC 7742 CPU with 64 cores and two
NVIDIA A100 GPUs under CUDA 12.4. Finetuning is performed on HuatuoGPT-
Vision-7B-Qwen2.5VL 1 [8], a Qwen2.5-VL 2 [2]-based vision–language model further
aligned with medical image–text and instruction data. Training utilizes FlashAttention-
2 [16] and bfloat16 mixed precision. For parameter-efficient tuning, LoRA [22] is ap-
plied with rank r = 128, scaling α = 256, and dropout 0.05. Adapters are inserted
into the attention query/key/value/output projections and the MLP gate/up/down
projections. Optimization employs AdamW (8-bit) [52] with a learning rate of 5e-6,
momentum terms β1 = 0.9, β2 = 0.99, and weight decay 0.1. A cosine learning-rate
schedule with 10 DeepSpeed ZeRO-1 [70] is enabled for optimizer-state sharding and
memory efficiency. For GRPO, each prompt yields four sampled completions, and
group-relative advantages are computed against the reference policy. During train-
ing, decoding employs stochastic sampling with temperature = 1.0, top-p = 0.9, top-k

1https://huggingface.co/FreedomIntelligence/HuatuoGPT-Vision-7B-Qwen2.5VL
2https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
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= 50, and repetition penalty = 1.05. In the experiment combining multiple rewards,
the total reward is defined as a weighted sum of the clinical and format rewards with
coefficients 0.75 and 0.25, respectively. During RL post-training, we use a system
prompt to specify the task and enforce a structured output format with <think> and
<report> tags. Only the content inside <report> is used for reward computation and
evaluation, while <think> is not evaluated and serves only as an optional scaffold.
The full training prompt is listed in Appendix A (Listing A.1).

4.3.3 Evaluation Metrics

The quality of generated reports is evaluated using clinical efficacy (CE) metrics that
emphasize factual correctness rather than stylistic similarity. Specifically, CheXbert-
based precision, recall, and F1 scores are computed over 14 chest X-ray observa-
tions defined by CheXbert, following the standard evaluation protocol established
in prior work [12, 80, 102, 103]. In contrast, conventional NLG metrics such as
BLEU, ROUGE, and CIDEr primarily reward n-gram overlap and template reuse,
which often obscure factual adequacy and fail to penalize polarity errors. Multiple
studies have shown that such lexical metrics correlate weakly with radiologists’ judg-
ments of factual accuracy, whereas CE metrics better track clinically relevant errors
[51, 61, 105]. At inference time, we adopt a minimal instruction prompt to request
a radiology report, and the generated <report> text is used for metric computation.
The exact evaluation prompt is provided in Appendix A (Listing A.2).

4.3.4 Baselines

In this study, MRG-R1 compared with three families of baselines in IU X-Ray and
MIMIC-CXR, using code / checkpoints released when available and retraining with
the authors’ settings otherwise. (A) Token-level MLE generators: R2Gen [11] and
R2GenCMN [9], representative encoder - decoder / transformer models trained under
teacher forcing. (B) Instruction-tuned medical LVLMs: BioMedGPT [106], LLaVA-
Med [37], CheXagent [12], HuatuoGPT-Vision [8], and MedGemma-4B/27B [77],
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evaluated under a uniform prompting and decoding setup without additional fine-
tuning on splits to probe zero / few shot reporting ability and domain alignment. (C)
Semantic supervision: DTrace [103], DCL [39], GSKET [102], CXRMate [58], and
RadFM [97], which inject clinical semantics through traceback, contrastive / match-
ing, knowledge graphs or radiology-focused pre-training. Note that some baselines
(e.g., CheXagent, MedGemma) are instruction-tuned on substantially broader med-
ical corpora beyond MIMIC-CXR and IU X-Ray, and their performance may partly
reflect pretraining coverage rather than architecture alone, therefore treat them as
strong external baselines rather than strictly comparable models.

4.4 Results

4.4.1 Quantitative Analysis

In this study, the proposed method compared against various established report gen-
eration models across two datasets.

Across both datasets, MRG-R1 delivers strong clinical efficacy (CE) and is especially
competitive on IU X-Ray. On IU X-Ray, MRG-R1 attains the highest F1=51.88, edg-
ing out classical encoder–decoder baselines such as R2GenCMN (50.53) and matching
the top LVLM-style systems (e.g., CheXagent 51.15). The gains come from a bal-
anced improvement in both precision (50.86) and recall (52.98), indicating that SRL
with GRPO improves sensitivity to clinically salient findings while maintaining low
false positives.

On MIMIC-CXR, MRG-R1 achieves F1=40.39, competitive with recent medical LVLMs
(e.g., MedGemma-4B 41.08) and clearly above classic MLE baselines such as R2GenCMN
(27.8). Notably, MRG-R1 exhibits higher precision (45.32) than MedGemma-4B
(40.77) but somewhat lower recall (37.70 vs. 41.40), suggesting the clinically grounded
reward reduces unsupported findings while remaining conservative on ambiguous
cases. While CheXagent and MedGemma perform well, part of the gains may re-



4.4 Results 43

Method IU X-Ray MIMIC-CXR
Precision Recall F1 Precision Recall F1

R2Gen [11] 50.60* 48.76* 46.99* 33.30 27.30 27.60
R2GenCMN [9] 50.00* 51.07* 50.53* 33.40 27.50 27.80
RadFM [97] 14.27* 11.93* 12.99* 10.03* 12.08* 10.96*
MedGemma-4B [77] 23.93* 22.83* 23.37* 40.77* 41.40* 41.08*
MedGemma-27B [77] 15.40* 21.21* 17.84* 35.18* 36.95* 36.04*
BioMedGPT [106] 36.00* 35.40* 35.50* 29.00* 31.40* 28.60*
LLaVA-Med [37] 18.63* 23.37* 20.73* 26.99* 12.03* 16.64*
CheXagent [12] 50.37* 51.96* 51.15* 45.60* 24.59* 31.95*
HuatuoGPT-Vision [8] 5.87* 7.33* 6.52* 23.67* 16.51* 19.45*
DTrace [103] – – – 41.10 43.60 39.10
DCL [39] – – – 47.10 35.20 37.30
GSKET [102] – – – 45.80 34.80 37.10
CXRMate [58] 28.30 35.10 27.70 43.80 34.90 35.70
MRG-R1 50.86 52.98 51.88 45.32 37.70 40.39

Table 4.1 – Clinical efficacy (CE) comparison on IU X-Ray and MIMIC-CXR. CE is
computed with CheXbert over the 14 standard observations. * denote scores is
not provided by author and reproduced by me. Bold marks the best performance
per column; underline marks the second best. For IU X-Ray, CE is obtained by
running CheXbert on both the generated and the ground-truth reports, consistent
with prior work.

flect wider pretraining corpora beyond MIMIC-CXR/IU X-Ray rather than architec-
ture alone; these models are therefore regarded as strong external baselines rather
than strictly comparable counterparts. Compared with instruction-tuned or gen-
eralist LVLMs (e.g., LLaVA-Med, BioMedGPT), the CE advantage is substantial,
underscoring the benefit of optimizing a clinical signal rather than relying solely on
token-level imitation or generic instruction tuning.

It is also observed that methods injecting semantic signals without reinforcement
learning (RL) exhibit limited improvements in clinical alignment (e.g., DTrace’s trace-
back supervision; CXRMate’s longitudinal semantic reward) yield stronger CE than
early MLE systems, but MRG-R1 remains competitive or superior on average while
using a lightweight, value-free GRPO objective. To further illustrate the effectiveness
and stability of RL post-training, we report training dynamics including total reward
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Figure 4.2 – IU X-Ray qualitative comparison (ID: CXR2787IM − 1222). Differ-
ent text colors highlighting various medical descriptions for comparison with the
Ground Truth.

(and its components), KL divergence to the reference policy, and completion length.
The full training curves on IU X-ray and MIMIC-CXR are provided in Appendix A
(Figures A.1 and A.2).

4.4.2 Qualitative Analysis

Beyond aggregate CE scores, report outputs from MRG-R1 are compared with strong
baselines on representative IU X-Ray and MIMIC-CXR studies (Figures 4.2 - 4.3).
The examples illustrate four recurrent dimensions that drive clinical utility: (i) polar-
ity handling (affirmation/negation of key findings), (ii) uncertainty expression, (iii)
omission vs. hallucination, and (iv) structural coherence.



4.4 Results 45

Figure 4.3 – MIMIC-CXR qualitative comparison (ID: p16855430). Different text
colors highlighting various medical descriptions for comparison with the Ground
Truth.
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On IU X-Ray (Fig.4.2), the reference emphasizes normal lungs and pleura with a
heart size at the upper limit of normal. MRG-R1’s think→report format yields con-
cise itemized statements that preserve correct negatives (no pneumothorax/effusion/-
consolidation) and a near-normal cardiac size, aligning closely with the ground truth.
Several baselines deviate: MedGemma-4B hallucinates cardiomegaly which is polarity
error, R2GenCMN introduces extraneous skeletal comments which is hallucination,
and instruction-tuned LVLMs (e.g., LLaVA-Med) generate fluent but generic prose
that under-specifies required clinical elements.

On MIMIC-CXR (Fig.4.3), the report documents cardiomegaly, pulmonary edema,
and likely effusions. MRG-R1 captures all three with consistent polarity, while
CheXagent denies effusion which is polarity inversion, R2GenCMN hedges on heart
size, and BioMedGPT emphasizes line positions while missing pathology (omission).
MedGemma-4B identifies edema/cardiomegaly but is less reliable on effusions. These
patterns mirror the quantitative findings: optimizing a polarity-sensitive, sequence-
level reward (MCCS) plus a light reasoning format reduces unsupported positives/neg-
atives, improves coverage of salient findings, and yields reports that are both clinically
faithful and structurally auditable.

4.4.3 Ablation Studies

In this section, ablation studies are conducted on the proposed SRL using the IU X-
Ray and MIMIC-CXR datasets to assess the contribution of each component within
the method.

SRL is ablated on both datasets to analyze the contribution of each component
(Table 4.2). (1) supervised finetuning (SFT, cross-entropy), (2) text-level NLG re-
wards (BLEU/ROUGE/CIDEr), (3) a format-only reward that enforces a <think>

→ <report> structure (Format), (4) a clinical reward via report-level CE-F1 (with-
/without Format), and (5) the proposed margin CheXbert cosine similarity (MCCS,
with/without Format). This sequence disentangles stylistic supervision, structural
guidance, and clinically grounded objectives.



4.4 Results 47

Method IU X-Ray MIMIC-CXR

Precision Recall F1 Precision Recall F1

Base 5.87 7.33 6.52 23.67 16.51 19.45
Base
+ SFT 3.86 7.09 4.99 24.27 15.00 14.64

Base
+ NLG 41.19 15.93 22.97 24.74 8.56 12.72

Base
+ CE F1 45.89 43.78 44.81 36.38 25.08 29.69

Base
+ reasoning 24.21 38.33 29.67 27.71 25.53 26.58

Base
+ CE F1
+ reasoning

50.04 52.73 51.35 33.00 28.87 29.50

Base
+ MCCS 53.27 46.51 49.66 36.07 44.69 38.67

Base
+ MCCS
+ reasoning

50.86 52.98 51.88 45.32 37.70 40.39

Table 4.2 – Ablation on IU X-Ray and MIMIC-CXR starting from a zero-shot
HuatuoGPT-Vision-7B (Base). Incrementally add: supervised finetuning (SFT,
cross-entropy), text-level NLG rewards (BLEU+ROUGE+CIDEr), a format-only
reward enforcing a <think> → <report> structure (Format), a clinical reward via
report-level CE-F1 (with/without Format), and the margin CheXbert cosine simi-
larity (MCCS, with/without Format). Bold marks the best per column; underline
the second best.

Relative to Base, optimizing purely lexical NLG rewards ( +NLG ) improves fluency
but yields limited clinical efficacy (CE): F1 rises only to 22.97 on IU X-Ray and 12.72
on MIMIC-CXR, consistent with the weak linkage between n-gram overlap and factual
correctness. Replacing the objective with a clinical signal ( +CE-F1 ) substantially
improves CE (IU 44.81; MIMIC 29.69), indicating that label-consistency supervi-
sion reduces polarity errors and under-calling. A format-only constraint ( +Format )
increases recall (IU 38.33; MIMIC 25.53) at some cost to precision, while +CE-
F1+Format stabilizes negation/uncertainty templates and recovers a strong preci-
sion–recall balance (IU F1 51.35).
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MCCS is the most effective shaping in this setting. Compared with CE-F1, MCCS
maps CheXbert labels to signed vectors (pos = 1, neg = -1, blank = 0, uncertain = 1),
excludes the catch-all No Finding, and applies a margin that suppresses weak matches.
This polarity-sensitive, sequence-level signal widens case-level score separation, which
GRPO’s group-relative updates leverage to amplify the best candidate per study.
Empirically, +MCCS boosts recall on MIMIC-CXR (44.69; second-best F1 38.67),
and +MCCS+Format delivers the best overall CE on both datasets (IU F1 51.88;
MIMIC F1 40.39) with the highest MIMIC precision (45.32). These trends support
MCCS as a stronger clinical reward than CE-F1 under GRPO and motivate pairing
it with a light format constraint for stable long-form generation.

4.5 Discussion

4.5.1 Clinical Significance of Quantitative Gains

Table 4.1 shows that optimizing a clinically grounded signal yields consistent CE
improvements across datasets, achieving a strong precision–recall balance on IU X-
Ray and competitive results on MIMIC-CXR. These findings confirm that integrating
GRPO, MCCS, and reasoning supervision enhances clinical usefulness.

Such gains arise from a reward design that explicitly encodes clinical semantics and
polarity awareness, enabling the model to reason about findings rather than mimic
lexical patterns. The MCCS reward defines a polarity-sensitive, sequence-level ob-
jective: CheXbert labels are mapped to signed vectors (pos=1, neg=–1, blank=0,
uncertain=1), which penalizes polarity errors most strongly while treating clinically
appropriate uncertainty as actionable. Excluding "No Finding" prevents a catch-all
dimension from inflating apparent agreement, and the margin shape suppresses weak
overlaps while expanding the useful dynamic range. Under GRPO’s group-relative
updates, this larger within-case variance helps the policy prefer the best candidate
per study and supports stable updates, so the reward targets case-level coverage and
polarity rather than token overlap.
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A lightweight reasoning format (<think>...</think> → <report>...</report>)
further encourages self-generated intermediate reasoning without human-annotated
CoT. In GRPO’s groupwise comparisons, well-formed outputs tend to receive higher
rewards, helping the policy consistently produce coherent, auditable finding lists with
stabilized negation/uncertainty templates.

Overall, these findings demonstrate that semantic supervision delivers stronger clini-
cal alignment than MLE or SFT objectives. Whereas token-level training distributes
local credit based on lexical similarity, semantic rewards provide global, polarity-
aware feedback that suppresses hallucinations and improves finding coverage. This
behavior aligns with prior evidence that lexical metrics correlate weakly with factual
accuracy in radiology reporting.

4.5.2 Qualitative Insights and Error Taxonomy

Building on the qualitative examples above, model behaviors are synthesized into
a broader taxonomy of strengths and error modes. MRG-R1 consistently demon-
strates four qualitative improvements across the case studies in Figures 4.2–4.3: ro-
bust polarity control that reduces internal contradictions; broader coverage of salient
findings beyond generic normal templates; calibrated use of uncertainty that avoids
over-assertion; and clearer, auditable structure induced by the from think to report
format. Together, these behaviors reflect a shift from pattern-based text imitation
toward reasoning-driven clinical articulation.

Despite these advances, several residual errors persist. The most frequent are omis-
sions of subtle or localized abnormalities, occasional polarity inversions in challenging
studies, incomplete handling of devices or lines not covered by the reward schema,
and conservative summaries on ambiguous cases. These limitations reflect how the
current reward design and inputs shape model behavior.

These patterns trace to a clinically grounded but coarse reward space (14 labels),
single-timepoint and variable-quality inputs, and the group-relative update that can-
not recover cues missed by all sampled candidates. Mitigations include expanding re-
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wards to device and localized labels, adding multi-view and prior-study conditioning,
lightly calibrating confidence (penalizing over-certainty, rewarding warranted hedges),
applying simple decoding constraints tied to auxiliary detectors, and targeted aug-
mentation plus radiologist-in-the-loop preference updates for borderline findings.

Overall, sequence-level, polarity-aware optimization with light structural guidance
yields clinically readable reports with fewer contradictions; addressing the coarse
reward coverage and ambiguous-evidence cases should further translate these gains
into dependable clinical utility.

4.5.3 Ablation-Driven Design Guidance

Table 4.2 summarizes ablations starting from a zero-shot HuatuoGPT-Vision-7B
and progressively adding: (1) supervised finetuning (SFT, cross-entropy), (2) text-
level NLG rewards (BLEU/ROUGE/CIDEr), (3) a format-only reward enforcing a
<think> → <report> structure, (4) clinical rewards via report-level CE-F1 (with-
/without format), and (5) margin CheXbert cosine similarity (MCCS) reward (with-
/without format). This sequence isolates stylistic supervision, structural guidance,
and clinically grounded objectives.

First, the format constraint is complementary. Used alone, it tends to increase re-
call at a modest cost to precision—encouraging the model to surface more candidate
findings. Combined with a clinical reward (+CE-F1+format), it stabilizes nega-
tion/uncertainty templates and yields a better precision–recall balance, especially on
IU X-Ray.

Second, MCCS is the most effective shaping in default setting. Compared with CE-
F1, MCCS maps CheXbert labels to signed vectors (pos=1, neg=–1, blank=0, un-
certain=1) and applies a margin that suppresses weak matches while excluding the
catch-all "No Finding"dimension. This polarity-sensitive, sequence-level signal pro-
duces larger case-level score separation, which GRPO leverages in its group-relative
updates to amplify the best candidate per study. Empirically, this yields stronger
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recall on MIMIC-CXR (+MCCS) and the best overall F1 when coupled with the
format constraint (+MCCS+format).

Taken together, these trends suggest a practical recipe: prioritize a clinically grounded
reward; add lightweight format guidance to stabilize long-form outputs; and favor
margin-shaped, polarity-aware objectives (MCCS) when using GRPO, as they create
clearer within-case preference signals that translate into consistent CE gains (Ta-
ble 4.2).

4.6 Conclusion

This study addresses the gap between token-level objectives and clinical goals in med-
ical report generation by introducing a semantic-driven reinforcement learning (SRL)
method that fine-tunes LVLMs with Group Relative Policy Optimization (GRPO)
and a Margin CheXbert Cosine Similarity (MCCS) reward, complemented by a
lightweight format reward. On MIMIC-CXR and IU X-Ray, the resulting MRG-R1
system achieves consistent gains on CheXbert-based precision, recall, and F1, with
fewer polarity mistakes and fewer unsupported statements; training remains stable
and compute-efficient due to GRPO’s group-relative advantages and value-free up-
dates. Ablations validate the contribution of medical-domain initialization, MCCS
shaping, and the format constraint.



Chapter 5

Conclusions and Future Work

5.1 Conclusion

This thesis addressed two persistent barriers to clinically useful medical report gener-
ation: (i) incomplete coverage of salient findings, often skewed toward "normal" and
(ii) weak alignment between token-level training objectives and clinically grounded
correctness. To overcome these gaps, two complementary contributions were pre-
sented. MRGAgents reframes reporting as a disease-specialized, multi-agent process
in which each agent generates a concise, category-focused sentence, yielding more
systematic coverage and mitigating normality bias. MRG-R1 recasts post-training
as reinforcement learning over a clinically grounded, report-level reward optimized
with GRPO, reducing polarity errors and unsupported statements while maintaining
fluency. Evaluations on standard chest X-ray benchmarks demonstrated consistent
gains in clinical efficacy alongside competitive language quality, indicating tangible
benefits for triage and drafting.

Beyond raw scores, the two contributions offer a coherent recipe for clinically aligned
generation. MRGAgents improves what is covered—breadth and recall across disease
categories—by enforcing a checklist-like structure that maps naturally to radiology
reading patterns. MRG-R1 improves how it is stated—factuality, calibrated uncer-
tainty, and fewer hallucinations by optimizing a polarity-aware, sequence-level signal
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rather than n-gram overlap. Together, they enhance auditability: sentence-scoped
outputs are easier to verify, and a "reasoning → report" discipline clarifies evidential
grounding.

This work remains scoped to chest X-ray reporting and leverages automatic labelers
for supervision and evaluation, which can introduce noise and leave device/localiza-
tion details under-specified; multi-agent aggregation, while parallelizable, also ben-
efits from stronger coordination to preserve cross-sentence coherence. Within these
bounds, the thesis advances a principled stance for safety-critical generation: de-
sign for comprehensive coverage, then optimize for clinically grounded correctness.
The resulting synthesis, task decomposition for completeness plus clinically aligned
reinforcement learning for correctness offers a practical path toward more reliable,
workflow-compatible reporting systems.

5.2 Future Work

From a methodological perspective, the objective is to progress from "style imitation"
to verifiable clinical reasoning. This entails shaping training objectives with struc-
tured rewards that explicitly encode entities, relations, anatomic locations, and polar-
ities, aligning optimization with the factual schema radiologists rely on. In parallel,
preference learning: from expert pairwise comparisons and multi-criteria judgments
can complement rule-based rewards to better capture trade-offs among coverage, cor-
rectness, and clarity. Within the multi-agent paradigm, the framework evolves from
parallel specialists to cooperative agents that exchange evidence, resolve conflicts,
and reach consensus under a lightweight global controller. Finally, knowledge dis-
tillation will be explored to compress multi-agent behavior into a single deployable
model, while uncertainty modeling and calibration (including selective generation,
risk-sensitive decoding, and confidence-aware scoring) will be integrated so that the
system can "acknowledge uncertainty" and propagate calibrated confidence through-
out training and evaluation loops.

On the task and data side, the scope will be broadened beyond single-study chest ra-
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diographs to encompass multi-modal, multi-temporal, and multi-organ settings—spanning
CT, MRI, and ultrasound, as well as multi-view X-rays and longitudinal follow-up.
Textually, the scope extends from Findings to Impression, Comparison, and Recom-
mendations, thereby strengthening the linkage between evidence and clinical decision
support. This will be paired with richer supervision (e.g., region-level grounding,
lesion attributes, temporal change labels) and evidence-linked generation that high-
lights where each statement is supported in the image(s), improving traceability and
auditability.

In summary, future work will (i) re-center optimization on structured, preference-
informed, and uncertainty-aware clinical reasoning; (ii) advance multi-agent collab-
oration and distill it into compact models; and (iii) expand modalities, temporal
context, and clinical sections to close the gap between fluent reporting and clini-
cally verified, evidence-grounded reporting. These directions are mutually reinforcing
and chart a path from accurate sentences toward trustworthy, end-to-end radiology
assistance.
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Appendix

A.1 Implementation Details

A.1.1 Prompt Design of MRGAgents

The MRGAgents does not introduce a new or disease-specific prompt design. Instead,
all agents follow the default prompt setting in the original BioMedGPT captioning/report-
generation pipeline (e.g., the fixed captioning instruction used in BioMedGPT data
construction, such as “what does the image describe?” in the GPT2BPE setting).
The agent specialization in MRGAgents is achieved through data partitioning rather
than prompt modification.

A.1.2 Prompt Design in Training Process of MRG-R1

For RL post-training, we use a system prompt to define the task and to enforce
a structured output format. The model is instructed to produce an intermediate
reasoning block and a final answer using <think> and <report> tags. We note that
only the <report> content is used for reward computation and evaluation, while
<think> is not evaluated and serves only as an optional scaffold during generation.
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Listing A.1 – System prompt used for MRG-R1 training� �
Below is an instruction that describes a task, paired with an input that

provides further context. Write a response that appropriately

completes the request.Before answering, think carefully about the

question and create a step-by-step chain of thoughts to ensure a

logical and accurate response.

### Instruction:

You are a medical expert with advanced knowledge in clinical reasoning,

diagnostics, and medical report generation.Please answer the following

medical question based on the input image. Output the thinking process

in <think> </think> and final answer in <report> </report> tags.The

output answer format should be as follows:

<think> ... </think>

<report> ... </report>� �

A.1.3 Prompt Design in Evaluation Process of MRG-R1

During evaluation/inference, we adopt a minimal instruction prompt to request a
radiology report, and the generated report text is used for computing clinical efficacy
metrics. No additional constraints beyond the standard decoding settings are imposed
unless otherwise stated.

Listing A.2 – System prompt used for MRG-R1 evaluation� �
Please generate a radiology report.� �
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A.2 Additional Results

A.2.1 Training Curve of MRG-R1

Figures A.1 and A.2 report the training dynamics of MRG-R1 during RL post-training
on IU X-ray and MIMIC-CXR, respectively. The total reward is computed as a
weighted combination of the MCCS clinical reward and a lightweight format reward,
while the KL divergence to the reference policy is monitored to ensure controlled
updates. The x-axis denotes optimization steps (one policy update per step), and
completion length is measured in generated tokens. Overall, the curves show rapid
early improvements in reward followed by stabilization, with an early saturation of
the format reward and a plateauing KL divergence, indicating stable convergence
under KL regularization.
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Figure A.1 – Training curves of MRG-R1 on IU X-ray. It shows the total reward
(and reward standard deviation), the MCCS reward and the format reward used
in the composite objective, the KL divergence between the current policy and the
reference model, and the average completion length (in tokens) over training steps,
illustrating stable optimization and convergence under KL regularization.
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Figure A.2 – Training curves of MRG-R1 on MIMIC-CXR. It shows the total reward
(and reward standard deviation), the MCCS reward and the format reward used
in the composite objective, the KL divergence between the current policy and the
reference model, and the average completion length (in tokens) over training steps,
illustrating stable optimization and convergence under KL regularization.
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