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Abstract

Automatic medical report generation can greatly reduce the
workload of doctors, but it is often unreliable for real-world
deployment. Current methods can write formally fluent sen-
tences but may be factually flawed, introducing serious medi-
cal errors known as clinical hallucinations, which make them
untrustworthy for diagnosis. To bridge this gap, we introduce
HiMed-RL, a Hierarchical Medical Reward Learning Frame-
work designed to explicitly prioritize clinical quality. HiMed-
RL moves beyond simple text matching by deconstructing
reward learning into three synergistic levels: it first ensures
linguistic fluency at the token-level, then enforces factual
grounding at the concept-level by aligning key medical terms
with expert knowledge, and finally assesses high-level diag-
nostic consistency at the semantic-level using a specialized
LLM verifier. This hierarchical reward is implemented via
a Human-inspired Dynamic Reward Adjustment, a strat-
egy which first teaches the model to learn basic facts before
progressing to more complex diagnostic reasoning. Exper-
imentally, HiMed-3B achieves state-of-the-art performance
on both in-domain and out-of-domain benchmarks, particu-
larly on the latter, with an improvement of 12.1% over the
second-best baseline. Our work provides a robust paradigm
for generating reports that not only improve fluency but clin-
ical fine-grained quality.

Code — https://github.com/Venn2336/HiMed-RL

Introduction

Automatic Medical Report Generation (MRG), which aims
to generate textual descriptions from medical images, is a
promising solution to alleviate the documentation burden in
clinical practice (Kyung et al. 2025; Guo et al. 2024). More
than just writing fluently, reports must be factually accurate
with the visual information and show a deep understanding
of medical knowledge (Zheng et al. 2024). However, current
methods often struggle to meet these clinical standards.
Conventional ~MRG-specific  methods, such as
R2Gen (Chen et al. 2020) and Att2in (Xu et al. 2016),
tend to overfit the training data; while achieving high key-
word overlap, they often underperform on clinical metrics
that assess semantic accuracy and medical relevance (Li
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et al. 2025). Besides, another line of research has focused
on refining the language modeling process within the Super-
vised Fine-Tuning (SFT) paradigm for Multi-modal Large
Language Models (MLLMs) (Liu et al. 2024; Jiang et al.
2025). These efforts include advanced prompt engineering
with medical entities (Jin et al. 2024) or question-driven
cues (Zhang et al. 2025a), and enhanced fine-tuning strate-
gies to improve visual comprehension (Zheng et al. 2024).
However, such methods are fundamentally bottlenecked by
the SFT objective itself. The standard goal of maximizing
token-level likelihood (Zeng et al. 2024) does not inherently
enforce the factual integrity and logical consistency that are
paramount for deployment in clinical practice.
Reinforcement Learning (RL) has demonstrated excep-
tional capabilities in generalization, complex reasoning, and
trustworthy alignment, making it a highly suitable paradigm
for MRG. However, the potential of RL in this domain is cur-
rently hindered by simplistic reward designs. Current meth-
ods rely on rule-based rewards that operate at lower linguis-
tic levels, mainly focusing on token and concept matching.
As we illustrate in Figure 1(a), linguistic quality in MRG
can be assessed at three levels: token, concept, and semantic.
For instance, token-level approaches often depend on super-
ficial metrics like BLEU (Zou et al. 2025). At the concept-
level, a significant body of work incentivizes matching med-
ical keywords to improve clinical utility (Zhang et al. 2025c;
Dai et al. 2025a; Fan et al. 2025; Zhang et al. 2025b).
However, we argue that the complexity of MRG neces-
sitates a semantically coherent and procedurally trustworthy
reasoning process, which cannot be adequately addressed by
the aforementioned reward types alone. Previous reward de-
signs fall short, particularly in generating clinically consis-
tent reports (Hou et al. 2024), mitigating factual hallucina-
tions (Wu et al. 2024; Xu et al. 2023), resolving semantic
contradictions (Zhou et al. 2021), and perceiving underly-
ing pathological structures (Bu et al. 2024), since rule-based
mechanisms struggle to evaluate these challenges directly.
Hence, we introduce HiMed-RL, a hierarchical reward
learning paradigm for MRG. Specifically, as shown in Fig-
ure 1, at the token-level, we ensure linguistic fluency and
syntactic correctness to establish report readability. Next,
at the concept-level, our reward encourages alignment with
key medical terminology and domain knowledge, reinforc-
ing entity consistency and factual grounding to mitigate clin-
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Figure 1: (a) Token-level, the report text is decomposed
into individual words or sub-word tokens for assessment.
Concept-level, relevant tokens are aggregated into clinically
significant medical concepts, e.g., postsurgical changes.
Semantic-level aims to comprehend the core meaning and
diagnostic conclusion of the entire report. (b) Our HiMed-
3B model outperforms Qwen2.5-VL-7B across three evalu-
ation levels: at the token-level, with a comparable average
BLEU score; at the concept-level, by correctly identifying
three medical entity types and achieving superior ROUGE-
L and METEOR scores; and at the semantic-level, demon-
strating enhanced accuracy, relevance, and completeness.

ical hallucinations. In contrast to previous works (Fan et al.
2025), our method introduces an LLM verifier to conduct
a high-level evaluation of the semantic integrity and di-
agnostic consistency of the entire report, ensuring the ra-
tionality of the reasoning logic and the credibility of the
medical judgment. In terms of training strategy, inspired by
the real-scenario radiologist-decision process, we use dy-
namic reward weight adjustment, starting with learning ba-
sic facts and gradually transitioning to training more chal-
lenging diagnostic reasoning abilities. This phased opti-
mization method not only improves learning stability but
also more closely follows the physician’s thought process
of from factual statement to clinical judgment when writing
reports. Our contributions are three-fold:

e We reconceptualize MRG as a complex long se-
quence modeling task. Unlike the previous textual-
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similarity—driven optimization paradigm, we introduce
HiMed-RL, a framework that jointly optimizes reward
signals at the token, concept, and semantic levels.

We introduce Human-inspired Dynamic Reward Ad-
justment policy during training. This mechanism guides
the model through a progressive optimization process,
transitioning from foundational linguistic expression to
complex medical reasoning, thereby mirroring the cog-
nitive workflow of clinicians in real-world scenarios.

We conduct extensive experiments to demonstrate
that our proposed HiMed-3B achieves state-of-the-art
(SOTA) performance on multimodal medical imaging
datasets. Our detailed evaluations validate the effective-
ness and superiority of our approach.

Related Work
Medical Report Generation

MRG, a specialized sub-task of vision-language learning,
aims to automatically generate coherent and accurate di-
agnostic reports from medical images. Prior efforts have
sought to enhance model performance by integrating ex-
ternal structures and knowledge. These strategies include
embedding cognitive modules into the network architec-
ture (Huang, Zhang, and Zhang 2023; Huang et al. 2025),
leveraging medical knowledge graphs (Li et al. 2024), and
employing multi-task learning to foster more robust and
clinically-aware representations (Jin et al. 2024). However,
those methods are inherently limited by their reliance on
training from scratch with small-scale medical datasets,
which restricts generalization. The advent of LLMs marks
a paradigm shift (Ma et al. 2025); the extensive pre-training
on vast corpora provides robust reasoning and fluency that
can overcome the data scarcity issues to the medical domain,
fundamentally reshaping the technical landscape for MRG.

Reward Learning

Reward learning has significantly advanced the reasoning
and generation capabilities of LLMs, enhancing the out-of-
domain generalization. Nevertheless, designing an appropri-
ate reward learning framework tailored to the unique de-
mands of different tasks remains a challenge. This often re-
quires task-specific reward engineering. For instance, text
summarization may employ rewards for information over-
lap alongside penalties for excessive length (Aggarwal and
Welleck 2025); Question-Answering tasks frequently rely
on accuracy-based rewards (Wang et al. 2025). In this work,
we address this challenge within the context of MRG.

Methodology

In this section, we present our approach, which employs RL
with a Hierarchical Medical Reward Learning Framework
and Human-inspired Dynamic Reward Adjustment policy,
as shown in Figure 2.

Hierarchical Medical Reward Scaling

As discussed in the introduction, current reward designs for
MRG cannot sufficiently address issues such as clinical hal-
lucinations, semantic contradictions, and overall coherence.
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Figure 2: An overview of the HiMed-RL pipeline. MRG task is trained by a Hierarchical Reward Learning Framework that
integrates token-level, concept-level, and semantic-level rewards. Human-inspired Dynamic Reward Adjustment strategy guides
the model’s learning process, transitioning from foundational fluency to complex medical reasoning, to optimize report quality.

This is primarily because a comprehensive reward learning
framework for MRG is still absent. To address this limi-
tation, we propose Hierarchical Reward Learning strategy.
(Details of prompt design are given in Appendix A.2)

Preliminaries and Formal Definitions In our setting,
given a medical image I, the goal of our policy model 7 is
to generate a piece of text description, that is, a medical re-
port Y. We formalize both the generated report Y and the

gold standard reference report Y as a sequence of tokens:

* Generated Report: Y = (y1,y2,...,y5), with a se-
quence length of L.

* Reference Report: ¥ = (41, Yo, - - -
quence length of L.

.9 ), with a se-

For the precise definition of subsequent reward functions,
we first introduce the concept of n-gram. An n-gram is a
continuous subsequence of length n extracted from a token
sequence. We use grams,, (.S) to denote the set of all n-grams
extracted from an arbitrary sequence S.

Token-Level Reward (Ryken) It is designed to measure
the linguistic similarity between a generated sequence Y and
a reference sequence Y. Its formulation is inspired by the
BLEU score and integrates two key components: modified
n-gram precision and a brevity penalty.

A simple calculation of n-gram precision measures the
fraction of n-grams in the candidate sequence Y that ap-
pear in the reference sequence Y. However, this approach
improperly handles repeated words, as a model could be
rewarded for the over-generation of high-frequency terms.
Therefore, we employ a modified n-gram precision, denoted
as py,, which incorporates a clipping mechanism.

ZgEgramsn(Y) mln(C(g, Y)’ C(Q? Y))
Zg’Egramsn(Y) C(glv Y) 7

where grams,, (S) represents the multiset of n-grams in a se-
quence S, and C(g,S) denotes the count of a specific n-
gram g within S.

(YY) = (1)
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In addition, to penalize generated sequences that are un-
duly shorter than their references, we introduce a brevity
penalty (BP). This factor is defined as:

BP = min (1,exp <

where L and L are the respective lengths of the generated
sequence Y and the reference sequence Y.
The final reward function Ry, combines these elements:

1-=

i)

i 2

4
Rigken(Y;Y) = BP- > Xupu(Y,Y), 3)

n=1

in our implementation, we use the standard BLEU-4 formu-
lation, where \,, are weights for each n-gram order.

Concept-Level Reward (Rconcept) Above the form,
Reoncept aims to assess the consistency of the generated se-

quence Y with Y in clinical factual content. It is composed
of a base alignment reward Ry, and a constrained en-
tity reward bonus Rponus. The former is measured through
ROUGE-L and METEOR to evaluate the coverage and ac-
curacy of basic clinical concepts,

Rpae(Y,Y) = Fies(Y,Y) + METEOR(Y,Y), (4)

where Fics is the Fl-score component of ROUGE-L, cal-
culated using the Longest Common Subsequence (LCS) be-
tween the candidate sequence Y and reference Y.

To encourage the generation of key medical entities, we
introduce a bonus reward, Rpoqs. This reward is granted
based on a predefined set of critical keywords, &, which in-
cludes terms from USMLE ! and RSNA (Langlotz 2006)
standardized medical vocabularies. A reward is given for
each keyword £ € K (represented as a token sequence)
found as a subsequence in the output Y. To prevent the

"United States Medical Licensing Examination



model from exploiting this reward through simple repetition,
the total bonus is capped at a maximum value of Tjip;.
Finally, the total concept-level reward combines the base
and bonus components as follows:
Rconcept(y7 Y)

Rpase(Y, V) 4+ min (Crex B 1k CY), Timit) , (5)

where I(k C Y') is an indicator function that returns 1 if
keyword k is found in the output Y, and § is the reward
value for a single match.

Semantic-Level Reward (Rgemantic) While token-level
and concept-level rewards ensure linguistic fluency and fac-
tual accuracy of individual clinical entities, they are insuf-
ficient for evaluating the overall clinical coherence and di-
agnostic integrity of the entire report. To bridge this gap,
we introduce a semantic-level reward, Rgemantic, Which lever-
ages a powerful clinical verifier as an impartial judge to per-
form a holistic evaluation of the generated report. This LLM
verifier assesses the report’s quality along three critical axes
of clinical utility: Accuracy, Relevance, and Completeness,
grounded in the Standards for Reporting of Diagnostic Ac-
curacy (STARD) 2015 guidelines (Cohen et al. 2016).

We formalize the scoring function as 7, which takes the

generated report Y and the ground-truth reference report Y
as inputs. It then outputs a vector of scores, where each score
is normalized to the range [0, 1].

j(Y7 )A/) = Sacc + Srel +Scoms  Saccs Srels Scom € [07 1]- (6)

The evaluation dimensions are defined as follows:

* Accuracy (saec): Assesses factual correctness by penal-
izing clinical hallucinations (unfounded findings) and
contradictions against the reference report. This metric
is guided by STARD’s principles of reporting diagnos-
tic accuracy (Items 1, 24) and systematically comparing
results against a reference standard (Item 23).

Relevance (sr): Measures clinical pertinence by evalu-
ating whether the report prioritizes critical pathological
findings and avoids verbose, non-contributory descrip-
tions. This aligns with STARD’s emphasis on defining
the test’s clinical role (Item 3) and its implications for
practice (Item 27).

Completeness (s¢om): Quantifies the coverage of all es-
sential clinical observations from the reference, penal-
izing the omission of significant findings. Inspired by
STARD’s requirement for comprehensive data reporting
(Items 19-21, 23).

For semantic-level reward evaluation, our prompt tem-
plate follow the STARD guidelines, which includes both the
generated report (Y) and the reference report (Y). (Details
of LLM Verifier Case Study will be seen in Appendix A.3).

Format Reward We use regular expression extrac-
tion to enforce a structured response format. The
model is required to place its reasoning process within
<think></think> tags and provide the med-
ical report inside <finding></finding> and
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<impression></impression> The format

reward score (Rormat) 1S computed as:

L,
Rformal = {

tags.

if format is correct
if format is incorrect

0 @)
Total Reward Function To synergistically optimize for
both foundational correctness and high-level clinical reason-
ing, we construct a composite total reward, Ryoy. First, Low-
Level Reward Rjow-1evel, Which assesses structural and factual
integrity, is formulated below:

®)

Riow-tevel = WiRioken + chconcept +wy Reormats

where w;, w., and wy are scalar weights.

The total reward, Ryo,, is then defined as a dynamically
weighted combination of this low-level reward and the high-
level semantic reward, Rgemantic- At any given training step ,
the function is:

Rtotal(t) = al(t) - Riow-level + 2 (t) - Ryemantic )
The time-varying hyperparameters, 1 (t) and «o(¢), are cru-
cial for our training strategy, enabling a strategic shift in op-
timization focus as training progresses.

Human-inspired Dynamic Reward Adjustment

A critical question arises within a multi-level reward learn-
ing framework: how can we orchestrate its various com-
ponents to foster a coherent learning progression? Hence,
we propose the Human-inspired Dynamic Reward Adjust-
ment policy, which guides the model through a progressive
learning process, transitioning from mastering fundamental
concepts to performing complex reasoning. The adjustment
mechanism is scheduled as follows:

* Initial Phase: At the beginning of the training, we set a
high value for o (t) and a low value for a2 (t). This en-
courages the model to focus on generating linguistically
fluent and factually accurate text, mastering the building
blocks of a valid report.

Transition Phase: As training progresses, we gradually
decrease «(t) while simultaneously increasing s (t)
We employ a linear scheduling function to ensure a
smooth transition:

a1(t) = max <1 — ;,am,—n> , as(t)=1—aq(t) (10)

RL Algorithm We employ the Group Reward Policy Opti-
mization (GRPO) algorithm (Shao et al. 2024) for training.
For each input ¢, we sample a group of candidate outputs
{o; }iG:D compute their advantages A; based on our rule-
metric mixed rewards, and then optimize the policy 7y by
maximizing the GRPO objective function:

Jarro(0) = EqNP(Q) (0}E

Zml(

mg(0i | q)

TOo1a (Oi | q)

L1~To44 (Ola)

o 074 | q) A
7T9011(01 ‘ Q) v

Y

clip( ,1—¢, 1+E)Ai)

— B Dkw(mo || Wref)] ;



where ¢ is the clipping hyperparameter and /3 controls
the KL divergence penalty against a reference policy 7yef.
Our implementation and hyperparameter settings follow the
original work (Shao et al. 2024).

Experiment
In our experiments, we aim to answer three core questions:

Q1 Does our proposed model outperform contempo-
rary baselines, including MRG-specific methods and
MLLMs-based MRG methods? A1: Main Results.

Q2 Does our hierarchical reward design, emphasizing multi-
ple linguistic granularities, enhance the generation of co-
herent, consistent, and semantically aligned medical re-
ports to the ground truth? A2: Ablation Study.

Q3 Does our Human-inspired Dynamic Reward Adjust-
ment strategy effectively align the generation process of
HiMed-RL with the diagnostic workflow of human radi-
ologists, from basic facts interpretation to comprehensive
report synthesis? A3: Discussion and Case Study.

Experiment Settings

Baselines and Datasets. We benchmarked HiMed-RL
against four categories of baselines: (1) general multi-
modal models such as Qwen2.5-VL (Bai et al. 2025)
and InternVL3 (Zhu et al. 2025); (2) medically fine-
tuned models including LLaVA-Med (Li et al. 2023) and
MedGemma (Sellergren et al. 2025); (3) reinforcement
learning-based methods like QoQMed-VL (Dai et al. 2025b)
and MedVLM-R1 (Pan et al. 2025); (4) MRG-specific meth-
ods like R2Gen (Chen et al. 2020), RGRG (Tanida et al.
2023). We used MIMIC-CXR (Johnson et al. 2019), Chex-
pert (Irvin et al. 2019), and [U-Xray (Demner-Fushman et al.
2015) for in-domain evaluation, and Padchest-GR (de Cas-
tro et al. 2025) for out-of-domain generalization test (see
Appendix A.1 for details).

Evaluation Metrics. To ensure a thorough and multi-
faceted evaluation, we adopt a comprehensive suite of met-
rics organized across three distinct levels of granularity for
a complementary and detailed assessment of report qual-
ity. Specifically, at the token-level, we employ BLEU-1
through BLEU-4 to measure n-gram precision and fluency.
For concept-level, METEOR can consider precise word
matching, including synonyms and rewriting, and provide a
more detailed report quality assessment (Banerjee and Lavie
2005). At the semantic level, clinical accuracy was assessed
using the RaTEScore metric, which is specifically designed
for the evaluation of medical reports. This metric prioritizes
the accuracy of medical entities, such as anatomical details
and diagnostic findings (Zhao et al. 2024).
Implementation Details. We implement our HiMed-3B
model and its training pipeline using the verl framework.
The backbone is initialized from Qwen2.5-VL-Instruct-3B,
and then undergoes supervised fine-tuning on the target
medical datasets as a cold-start phase. For the reinforcement
learning stage, we adopt GRPO algorithm. The learning rate
is set to 1 x 1075, with a mini-batch size of 32. At each
GRPO step, we sample a group of G = 16 candidate reports

for each set of medical images. The PPO clipping thresh-
old is set to € = 0.2, and the KL-divergence penalty weight
is set to 8 = 0.1. For the semantic-level reward, we employ
gwen3-30b—-a3b as the LLM verifier. All experiments are
conducted on a cluster of eight NVIDIA A100 GPUs. Hy-
perparameters settings are given in Appendix A.§.

Components Performance Metrics

W /Reemantic W/Reoncept W/Rioken MIMIC-CXR CheXpert [U-Xray
0.050 0.054 0.073

v 0.192 0.129 0.263

v 0.191 0.117 0.289

v 0.101 0.125 0.288

v v 0.258 0.138 0.301

v v v 0.271 0.157 0.319

Table 1: Ablation study of different components perfor-
mance. We use Rouge-L to evaluate each datasets.

Configuration ROUGE-LL. METEOR RATE
No Adjustment (Fixed)
a1 =0.5,a2 =0.5 0.264 0.211 0.525
Linear Decay Adjustment
T = 5k, amin = 0.1 0.266 0.214 0.536
T = 20k, atmin = 0.1 0.269 0.218 0.539
T = 10k, amin = 0.0 0.268 0.216 0.541
T = 10k, omin = 0.3 0.272 0.219 0.535
T =10k, min = 0.1 0.271 0.220 0.544

Table 2: Impact of Human-inspired Dynamic Reward Ad-
justment hyperparameters on the MIMIC-CXR. Our final
configuration is highlighted.

Main Results

We compare our proposed method with SOTA approaches,
which are categorized into general-purpose, medical-
domain, RL-based models, and MRG-specific methods. As
shown in Table 3, our proposed HiMed-RL achieves the
best performance across the majority of metrics. Notably,
our model achieves the highest scores on the semantic-level
RATE, indicating that it not only generates linguistically flu-
ent and contextually relevant reports but, more importantly,
accurately preserves the essential medical findings and im-
pressions. Furthermore, our HiMed-RL model secures this
SOTA performance with a relatively compact size of 3B pa-
rameters, surpassing various models with significantly larger
parameter counts and thus highlighting the efficiency of our
training strategy. Moreover, we compare our method with
MRG-specific baselines. (Details analysis and results in Ap-
pendix A.6) The results confirm their tendency to overfit on
token-level details, which leads to a significant degradation
in overall semantic quality.

Ablation Study

Ablation studies are illustrated in Figure 4, we first eval-
uated the performance of the different training stages. We



Token-level

Concept-level Semantic-level

Dataset Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR RATE
Lingshu-7B* 0.202 0.100 0.048 0.026 0.303 0.098 0.289 0.183 0.532
MedGemma-27B* 0.228 0.113 0.052 0.019 0.247 0.061 0.233 0.215 0.520
HuatuoGPT-V-7B* 0.226 0.100 0.035 0.010 0.230 0.045 0.214 0.196 0.489
HuatuoGPT-V-34B* 0.225 0.096 0.035 0.010 0.231 0.045 0.216 0.199 0.490
Qwen2.5-VL-7B* 0.214 0.094 0.034 0.008 0.242 0.050 0.226 0.190 0.472
BiMediX2-8B* 0.159 0.050 0.005 0.001 0.186 0.025 0.173 0.118 0.446

MIMIC-CXR  LLaVA-Med-7B* 0.042 0.012 - - 0.150 0.023 0.138 0.066 0.425
HealthGPT-14B* 0.205 0.084 0.018 0.002 0.205 0.039 0.193 0.172 0.473
InternVL3-8B* 0.189 0.085 0.025 0.003 0.234 0.052 0.222 0.185 0.493
InternVL3-14B* 0.223 0.101 0.043 0.010 0.226 0.048 0.210 0.219 0.487
QoQMed-VL-7B$ 0.122 0.056 0.022 0.006 0.185 0.037 0.174 0.188 0.495
MedVLM-R1-2B? 0.184 0.067 0.013 0.002 0.192 0.027 0.178 0.145 0.417
HiMed-3B? 0.292 0.156 0.088 0.052 0.289 0.079 0.271 0.220 0.544
Lingshu-7B* 0.179 0.071 0.027 0.011 0.194 0.033 0.181 0.163 0.439
MedGemma-27B* 0.117 0.047 0.018 0.006 0.165 0.033 0.153 0.183 0.471
HuatuoGPT-V-7B* 0.130 0.047 0.016 0.003 0.157 0.026 0.145 0.180 0.435
HuatuoGPT-V-34B* 0.093 0.031 0.010 0.002 0.151 0.024 0.141 0.151 0.431
Qwen2.5-VL-7B* 0.046 0.019 0.007 0.002 0.103 0.017 0.097 0.135 0.427
BiMediX2-8B* 0.094 0.022 0.002 - 0.099 0.011 0.092 0.120 0.353

CheXpert LLaVA-Med-7B* 0.133 0.040 0.003 - 0.136 0.019 0.122 0.138 0.404
HealthGPT-14B* 0.119 0.041 0.012 0.003 0.158 0.026 0.146 0.165 0.452
InternVL3-8B# 0.074 0.029 0.008 0.002 0.116 0.021 0.111 0.175 0.441
InternVL3-14B* 0.080 0.028 0.008 0.002 0.120 0.019 0.114 0.173 0.432
QoQMed-VL-7B$ 0.033 0.015 0.005 0.001 0.090 0.014 0.086 0.115 0.454
MedVLM-R1-2B% 0.039 0.012 0.002 0.001 0.116 0.014 0.110 0.095 0.399
HiMed-3B} 0.182 0.077 0.032 0.017 0.163 0.048 0.157 0.219 0.487
Lingshu-7B* 0.362 0.203 0.130 0.085 0.386 0.138 0.359 0.312 0.590
MedGemma-27B* 0.268 0.134 0.074 0.038 0.300 0.081 0.282 0.282 0.609
HuatuoGPT-V-7B* 0.134 0.061 0.025 0.006 0.215 0.040 0.207 0.266 0.544
HuatuoGPT-V-34B* 0.131 0.063 0.031 0.014 0.232 0.051 0.221 0.266 0.582
Qwen2.5-VL-7B* 0.057 0.027 0.011 0.004 0.158 0.031 0.154 0.181 0.569
BiMediX2-8B* 0.094 0.018 0.002 0.001 0.100 0.009 0.096 0.134 0.420

TU-Xray LLaVA-Med-7B* 0.116 0.036 0.003 - 0.140 0.018 0.131 0.142 0.432
HealthGPT-14B* 0.126 0.053 0.022 0.010 0.207 0.040 0.193 0.227 0.541
InternVL3-8B¥ 0.082 0.037 0.018 0.007 0.149 0.034 0.142 0.233 0.561
InternVL3-14B* 0.100 0.042 0.017 0.004 0.166 0.032 0.158 0.242 0.556
QoQMed-VL-7B$ 0.034 0.018 0.009 0.003 0.137 0.029 0.132 0.133 0.572
MedVLM-R1-2B% 0.184 0.067 0.013 0.001 0.153 0.021 0.149 0.145 0.531
HiMed-3B*} 0.407 0.259 0.171 0.115 0.320 0.089 0.319 0.411 0.611

Table 3: The performance of different models on the MIMIC-CXR, CheXpert and IU-Xray datasets. Model types are separated
into: ¥General Model, *Medical Model, $RL-Based Model. Higher scores are better for all metrics.

observed significant performance gains after both the initial
cold-start SFT and the subsequent HiMed-RL fine-tuning.
Notably, performance is enhanced during the RL phase,
which demonstrates the powerful advantage of our training
strategy in enhancing the quality of reports. Next, our abla-
tion study on the reward components in Table 1 reveals two
key findings. First, each reward level individually provides
an effective optimization signal, targeting distinct granular-
ities: fluency (token), factual consistency (concept), and di-
agnostic logic (semantic). Second, combining these compo-
nents demonstrates a strong synergistic effect, yielding the
best performance across three datasets.

Discussion

Human-inspired Dynamic Reward Adjustment Analysis.
We analyze the impact of this module’s hyperparameters on
HiMed-3B’s performance, as shown in Table 2. The fixed-
weight configuration yields ROUGE-L of 0.264, METEOR
of 0.211, and RATE of 0.525. In contrast, the optimal con-
figuration (T = 10k, apmin = 0.1) achieves ROUGE-L of
0.271, METEOR of 0.220, and RATE of 0.544, with im-
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provements of 2.7%, 4.3%, and 3.6%, respectively. These
findings validate that a balanced transition from factual ac-
curacy to semantic coherence, as facilitated by 7" = 10k
and o, = 0.1, best mimics clinical reasoning, enhancing
report quality and mitigating hallucinations.

Method BLEU-1 METEOR RATE
Qwen2.5VL-7B 0.024 0.067 0.348
InternVL3-8B 0.010 0.004 0.027
Lingshu 0.074 0.149 0.331
HiMed-3B (OllI'S) 0-121+63.5% 0.1784.19,5% 0.371+12,1%

Table 4: Out-of-distribution performance on the Pad-Chest
dataset. We compare HiMed-3B, against several strong base-
lines. Evaluation is conducted using: BLEU-1 (Ryoken), ME-
TEOR (Rconcept), and RATE (Rsemamic)-

Generalization Study. The generalization test is a core ex-
periment in deep learning. For the bilingual Padchest-GR
dataset, we specifically utilized the English subset to en-
sure linguistic consistency with our training data. As shown
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Reward/Accuracy

Ground Truth

Y

<finding>Heart size and
pulmonary vascularity
appear within normal limits.
The lungs are free of focal
airspace disease.
<impression>No pleural
effusion or pneumothorax is

Example in Initial Phase

<finding> The heart appears
prominent. Lungs
demonstrate diffuse
interstitial opacities. There is
evidence of fluid overload.
The lungs are clear.
<impression> Findings are
concerning for pneumonia
and congestive heart failure.

High BLEU. However, there is a
concatenation of common
medical terms caused by the
phenomenon of reward hacking

Example in Transition Phase

<finding> a normal heart and
clear lungs. There is no focal
consolidation, pleural effusion,
or pneumothorax. The
cardiomediastinal silhouette

is within normal limits.
<impression> No acute
cardiopulmonary process. No
visible pleural effusion or
pneumothorax.

Factual Accuracy and

Semantic Coherence
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Figure 3: (a) Accuracy reward training curve. (b) Comparison of generated reports between the initial and transition phases.

in Table 4, HiMed-RL achieves significant improvements
against three strong baselines across all metrics, affirming its
impressive generalization capabilities on unseen data. Re-
sults indicate that our strategy enables MLLMs to master
intrinsic MRG patterns rather than rote memorization, en-
suring practical value for real-world clinical applications.
LLM Verifier Analysis. The effects of different LLM veri-
fiers are presented in Table 5. First, compared to the baseline
without a verifier, introducing an LLM to provide semantic-
level reward signals significantly enhances the quality of
the final generated reports. Second, across all three datasets,
Qwen3-a3b (30B) comprehensively outperforms the smaller
models. This indicates that a more capable and larger-scale
LLM, when acting as a “semantic referee,” provides more
precise and effective reward signals, thereby improving re-
port generation performance.

Case Study

Figure 3 (b) presents a case comparison that highlights the
efficacy of our proposed adjustment strategy. In the initial
training phase, the generated report achieves a high token-
level reward (Ryen), yet it contains severe contradictions
and factual errors. For instance, it simultaneously claims the
presence of “diffuse interstitial opacities” and that the “lungs
are clear.” Furthermore, the impression of “pneumonia and
congestive heart failure” is entirely inconsistent with the
ground truth. We attribute this phenomenon to reward hack-
ing, wherein the model naively stacks professional medical
terminology to maximize superficial rewards, while disre-
garding semantic coherence and factual alignment.

LLM verifier Params | MIMIC-CXR CheXpert IU-Xray

w/o R.r('mamir - ‘ 0.258 0.138 0.301
Llama3.2 8B 0.267 0.134 0.311
Qwen2.5-1 7B 0.266 0.135 0.313
InternVL2 7B 0.265 0.133 0.310
Qwen3-a3b 30B | 0.271 0.157 0.319

Table 5: Analysis on the LLM verifier for the semantic-level
reward (Rgemanic)- The best judge verifier is highlighted. We
use Rouge-L to compare the performance.
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Turning to the transition phase, after adjusting the weights
of the semantic-level rewards, the generated report becomes
coherent and highly consistent with the ground truth, achiev-
ing high scores across all three reward levels. This compar-
ison reveals the essence of our hierarchical reward learning
paradigm: by optimizing these reward signals, we guide the
model beyond superficial mimicry towards a genuine under-
standing of the medical concepts within the image, thereby
producing logically sound and factually accurate reports.

The reward curve in Figure 3 (a) corroborates this qual-
itative analysis. The model’s accuracy reward consistently
improves throughout training. After a period of slow and
unstable improvement in the initial phase, the performance
accelerates significantly during the transition phase.

----- Average
mimic
iu-xray
chexpert

0.275

Scores

0.157

0.092

baseline w/ Cold Start w/ HiMed-RL
Figure 4: Ablation study results showcasing performance
improvements in HiMed-3B across initial cold start and RL

fine-tuning stages.

Conclusion

We proposed HiMed-RL, a hierarchical reward learning
framework, which leverages reward signals from multi-
ple linguistic granularities to guide the generation of high-
quality reports, and its effectiveness is demonstrated through
comprehensive experiments. The insight of our work is that
by coordinating complementary reward signals with a dy-
namic learning strategy, we can impel an MLLMs to transi-
tion from superficial mimicry to genuine understanding.
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