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Abstract

Radiology Report Generation (RRG) aims to
reduce the burden of clinical documentation,
yet generating reports that remain visually
grounded in the input image remains challeng-
ing. Current medical vision-language models
(Med-VLMs) often rely on curated preference
data, retrieval augmentation, or large-scale la-
beled corpora, but remain prone to hallucinated
findings due to weak cross-modal alignment.
To address this challenge, we propose GRAIL:
Grounded Visual Alignment of MedIcal Vision-
Language Models for Radiology Report Gener-
ation, a two-stage multimodal alignment frame-
work for grounded RRG. First, Clinically In-
formed Textual Reasoning improves report
structure and medical terminology using ver-
ifiable language rewards with periodic clini-
cal guidance. Second, Expert-guided Visual
Reasoning leverages a domain expert to rank
generated reports using image-report alignment
scores, encouraging visually grounded report
generation without curated preference pairs or
retrieval data. Experiments on multiple bench-
marks show that GRAIL consistently improves
both report generation quality and clinical ac-
curacy, achieving relative gains over strong
post-training baselines by up to 15% in clin-
ical accuracy and 13% in generation quality.
GRAIL also outperforms proprietary general-
purpose and medical VLMs, highlighting the ef-
fectiveness of self-supervised multimodal post-
alignment for reducing hallucinations in visu-
ally grounded radiology report generation.

1 Introduction

Automated chest X-ray report generation has
emerged as a promising approach for reducing
the reporting burden on radiologists. Recent ad-
vances in Medical Vision-Language Models (Med-
VLMs) (Li et al., 2023a; Zhou et al., 2023b,a; Sel-
lergren et al., 2025; Nath et al., 2025) have estab-
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RADAR (Hou et al., 2025) ✓ ✗ ✗
GRAIL ✓ ✓ ✓

Figure 1: Comparison with SOTA methods. GRAIL
improves generation quality (Papineni et al., 2002; Lin,
2004; Denkowski and Lavie, 2011) and clinical accu-
racy (Irvin et al., 2019; Ostmeier et al., 2024; Zhao et al.,
2024) without curated preference data or retrieval-based
augmentation. Unlike prior methods, GRAIL explicitly
performs disease-specific visual grounding.

lished a dominant paradigm that leverages large-
scale multimodal pretraining and clinical knowl-
edge to generate reports directly from medical
images. Despite their success, these models fre-
quently generate findings that are clinically plau-
sible but inconsistent with the input image, a phe-
nomenon commonly referred to as visual halluci-
nation (Fig. 2). This limitation arises because Med-
VLMs often rely on statistical patterns learned from
text-heavy pretraining corpora rather than perform-
ing genuine cross-modal reasoning (Leng et al.,
2024; Huang et al., 2024; Liu et al., 2025; Amirloo
et al., 2024; Cao et al., 2024; Zhou et al., 2024).
The problem is further exacerbated in retrieval-
augmented pipelines, where retrieved clinical state-
ments may conflict with the visual evidence in the
input X-ray (Xia et al., 2024b; Hou et al., 2025;
Chen et al., 2024a). These limitations motivate a
central question: Can we design a framework that
generates clinically accurate reports that remain
visually grounded in the input image?

Existing efforts to mitigate visual hallucinations
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Figure 2: Overview: We introduce GRAIL, a multimodal alignment framework for reducing visual hallucinations in
Med-VLMs (Li et al., 2023a). Left: Vanilla Med-VLM generates image-misaligned findings in red and generic
non-medical text in cyan. Existing methods rely on costly task-specific preference data or retrieved reports, without
directly addressing multimodal alignment. Right: GRAIL uses visual reasoning with multimodal rewards to generate
clinically informed, image-grounded reports, marked in green.

suffer from two key limitations. First, Data Re-
liance: methods based on preference optimiza-
tion (Chen et al., 2024c; Cui et al., 2024; Ouyang
et al., 2022; Zhu et al., 2025) depend heavily on cu-
rated preference pairs, which are often constructed
using heuristic or weakly informed criteria with
limited clinical grounding. Moreover, preference
optimization is typically performed entirely in the
textual space, without verifying whether generated
reports are actually supported by the provided im-
age. As a result, these approaches fail to address
the inherent gap between textual reports and visual
evidence. Second, Visual Misalignment: retrieval-
augmented approaches (Jin et al., 2021; Xia et al.,
2024b; Sun et al., 2025; Hou et al., 2025) inject ex-
ternal clinical context, but retrieved reports may
contain findings absent from the current X-ray
(Fig. 2), introducing an additional source of hal-
lucination. These methods also require domain-
specific retrieval systems and additional computa-
tional overhead. More fundamentally, the semantic
gap between retrieved reports and the input image
cannot be resolved solely through retrieval quality.
Consequently, existing paradigms fail to directly
align generated reports with image evidence with-
out relying on curated preference data, retrieval sys-
tems, or additional annotations (Fig. 1). In contrast,
our goal is to directly optimize report generation us-
ing image-report consistency rewards, encouraging
alignment with disease-relevant visual information
without external guidance.

To this end, we propose GRAIL: Grounded Visual
Alignment of MedIcal Vision-Language Models for
Radiology Report Generation. Specifically, GRAIL

employs a two-stage multimodal alignment frame-
work for radiology report generation. In the first
stage, Clinically Informed Textual Reasoning,
the model is optimized using verifiable language
rewards with periodic clinical guidance to improve
report structure and medical terminology. In the
second stage, Expert-Guided Visual Reasoning,
GRAIL leverages a frozen multi-label expert model
to rank image-report consistency between the X-
ray and generated candidate reports. These scores
are converted into rank-normalized visual advan-
tages that provide relative supervision across gen-
erated candidates, directly steering policy optimiza-
tion toward visually grounded report generation
without curated preference datasets, retrieval sys-
tems, or additional annotations.

In summary, our main contributions are:

1. We introduce a expert-guided visual align-
ment strategy that converts image-report sim-
ilarity scores from a frozen domain expert
into rank-normalized visual advantages for
policy optimization, enabling effective visual
grounding through image-report consistency
optimization.

2. We propose GRAIL, a multimodal post-
alignment framework that directly aligns gen-
erated radiology reports with disease-relevant
image evidence through successive textual
and image-conditioned reasoning stages, re-
ducing hallucinations while improving image-
report consistency.

3. We conduct extensive evaluations on IU-
XRay (Demner-Fushman et al., 2015) and
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MIMIC-CXR (Johnson et al., 2020), jointly
assessing report generation quality, clinical
accuracy, and visual grounding. GRAIL con-
sistently shows strong relative gains over post-
training baselines by up to 13% in report gen-
eration quality and 15% in clinical accuracy,
while reducing hallucinated findings and im-
proving image-report grounding consistency.

2 Related Works

Radiology Report Generation (RRG). Radiology
report generation aims to describe medical images
through detailed “Findings” and “Impression” sec-
tions, with prior works exploring this task (Huang
et al., 2023; Jin et al., 2024; Li et al., 2023b).
Existing RRG methods generally fall into two
categories. The first improves encoder-decoder
architectures for more consistent and clinically
accurate reports, including LSTM-based hierarchi-
cal models (Hochreiter and Schmidhuber, 1997;
Tanida et al., 2023), dynamic graph-based con-
trastive learning (Li et al., 2023b), and supervised
multimodal pre-training (Wang et al., 2023; Park
et al., 2025). The second uses retrieval-augmented
generation, where report retrievers are trained
using clinical similarity, domain knowledge, or
disease overlap (Li et al., 2024b; Dong et al.,
2025; Xia et al., 2024a; Chu et al., 2025; Hou
et al., 2025). However, these methods often rely
on paired multi-modal data, retrieved data during
training or inference, or may generate clinical
terminology misaligned with the X-ray, limiting
clinical effectiveness.

Reinforcement Learning in LLMs/VLMs. Be-
yond Supervised Fine-Tuning (SFT), reinforcement
learning (RL)-based alignment has become increas-
ingly popular for improving robustness, aligning
model behavior with human preferences, and re-
ducing hallucinations (Yu et al., 2025; Zhou et al.,
2024; Wang et al., 2025). In the medical domain,
MMedPO (Zhu et al., 2025) adopts Direct Pref-
erence Optimization (DPO) with curated prefer-
ence data to mitigate hallucinations in Med-VLMs.
However, such preference data is expensive to col-
lect and may not generalize beyond curated exam-
ples. Moreover, preference optimization is typi-
cally performed in the textual space without explic-
itly enforcing alignment with image evidence. Re-
cent work has also explored reinforcement learning
for improved radiology report generation (Gunder-

sen et al., 2026). Unlike these approaches, GRAIL
performs multimodal post-alignment using image-
conditioned rewards derived from image-report
consistency, encouraging visually grounded report
generation.
Medical Reasoning in Vision Language Mod-
els. Following CLIP (Radford et al., 2021), sev-
eral medical VLMs have emerged, including Med-
Flamingo (Moor et al., 2023), BioMedGPT (Zhang
et al., 2024a), and HuatuoGPT-Vision (Chen et al.,
2024c). Related models such as CheXzero (Tiu
et al., 2022), Med-CLIP (Wang et al., 2022),
and BioMedCLIP (Zhang et al., 2023) improve
image-report alignment, while BioVIL (Boecking
et al., 2022) and BioVIL-T (Bannur et al., 2023)
strengthen medical text representations. More re-
cent methods incorporate spatial relations (Wu
et al., 2023; Jain et al., 2021), expert annotations,
or external tools (Li et al., 2024a; Nath et al.,
2025), while alignment-based approaches such as
RadAlign (Gu et al., 2025) and MCA-RG (Xing
et al., 2025) improve RRG through concept-level
reasoning and multimodal consistency. Despite this
progress, many methods rely on large labeled cor-
pora, retrieval resources, preference annotations,
or tool supervision, with limited emphasis on di-
rectly aligning model reasoning to the X-ray. In
contrast, GRAIL improves visual grounding through
image-conditioned post-alignment using image-
report consistency rewards, without curated prefer-
ence data or retrieval-based supervision.

3 Methodology

We describe the GRAIL framework below in two
parts: (1) Instruction-Following Warmup, which
stabilizes the Med-VLM for structured report gener-
ation and prevents degenerate outputs during subse-
quent optimization, and (2) Multi-Stage Rewards
for Clinical and Visual Alignment, which progres-
sively guides the policy toward clinically precise
and visually grounded reports.

3.1 Instruction-Following Warmup

We perform a supervised fine-tuning (SFT) phase
to enhance the instruction following capabilities of
the Med-VLM M(·) for radiology report genera-
tion. SFT is carried out on a subset of the training
data to improve formatted generation and stabilize
optimization (Sun et al., 2024; Zhu et al., 2025).
Given the SFT dataset Dsft = {(I,Rsft)} of chest
X-rays I, prompts P , and reports Rsft, we update
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Figure 3: Workflow of GRAIL. Left: In Stage-1, GRAIL is trained with verifiable textual rewards Rver with periodic
clinical guidance Rclin every kclin policy steps to familiarize the base Med-VLM M(·) with radiology reasoning
patterns. Right: In Stage-2, GRAIL is further optimized with rewards aligned using image-text similarity scores
computed from embeddings obtained utilizing the multi-label domain expert model G, shifting the model’s reasoning
focus from textual knowledge, to grounded, region-wise disease reasoning capabilities in a self-supervised fashion.
We also utilize format rewards to maintain structure of generated reports using <report> tags.

the parameters of M(·) by minimizing the negative
log-likelihood w.r.t. ground-truth tokens,

LSFT(θ) = E(I,Rsft)∼D

[
−∑T

t=1 log πθ
(
rsft
t

∣∣ I, rsft
<t

)
]

(1)

where Rsft = (rsft
1 , . . . , rsft

T ) denotes the tokenized
report, and πθ is the conditional distribution in-
duced by M(·). This SFT warmup teaches the
model to respect the report structure and produce
structurally well-formed reports conditioned on the
input image I and prompt P . In practice, we find
that starting from an SFT checkpoint leads to faster
convergence and avoids degenerate “cold-start” to-
kens. This SFT fine-tuned policy πθ is then post-
trained using our multistage rewards below.

3.2 Multi-Stage Rewards for Clinical and
Visual Alignment

To guide the policy toward radiology knowledge
and visually grounded outputs, we design a multi-
tier reward system. The first stage focuses on se-
mantic alignment, format adherence, and clinical
accuracy using textual rewards, whereas the sec-
ond phase emphasizes image–text alignment be-
tween the generated report and input image, inject-
ing disease-relevant visual reasoning.
Clinically Informed Textual Reasoning. Here,
we adapt the Med-VLM using verifiable text
rewards that can be computed directly from the
ground truth report. We combine NLG Metrics (Pa-
pineni et al., 2002; Lin, 2004), which emphasize
report token similarity, with semantics (Zhang
et al., 2019), which measures semantic coherence
while being less sensitive to generic template text.
At each alignment step, M(·) rolls out a set of

candidate reports {oi}Gi=1 from the current policy
πθ. For each candidate report oi and ground truth
report g, the verifiable text reward is given as,

Rver(oi, g) = λlex[BLEU4(oi, g) + ROUGEL(oi, g)]

+ (1− λlex) BERTScore(oi, g).
(2)

where weight hyperparameter λlex≥ 0 controls the
tradeoff between lexical fidelity and semantics.

To encourage clinically correct disease terms, we
use the micro-averaged F1 scores from CheXbert
and RadGraph entities as periodic rewards. Let
scx, srg ∈ [0, 1] denote normalized F1 scores be-
tween labels (or triplets) and entities extracted from
oi and g. We define the clinical reward as,

Rclin(oi, g) = scx(oi, g) + srg(oi, g), (3)

Rather than applying clinical rewards at every
policy step, which destabilizes the optimization, we
inject them only every kclin updates. Let k denote
each rollout from the global policy update step.
Then, the Stage-1 scalar reward used to compute
group relative advantages is combined as,

Rtext(oi, g; k) =




Rver(oi, g) + λclin Rclin(oi, g), if k = kclin,

Rver(oi, g), otherwise,
(4)

where λclin≥ 0 controls the strength of the periodic
clinical contribution. This design provides dense,
verifiable supervision at every step while periodi-
cally nudging the policy toward clinically faithful
language without allowing natural language met-
rics to entirely dominate the training process.
Expert-Guided Visual Reasoning. In Stage-2,
we introduce image-text similarity scores that ex-
plicitly tie each candidate report with the provided
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Table 1: We compare GRAIL with the base Med-VLM (Li et al., 2023a), SFT, DPO (Rafailov et al., 2023),
GRPO (Shao et al., 2024), and the post-trained RRG baseline MMedPO (Zhu et al., 2025) on generation quality (Pa-
pineni et al., 2002; Lin, 2004; Denkowski and Lavie, 2011) and clinical accuracy (Smit et al., 2020; Ostmeier et al.,
2024; Zhao et al., 2024). The last two rows show the effect of visual alignment, with GRAIL achieving the best
overall performance on both benchmarks. Best results are in bold and second best in italics.

Generation Quality Clinical Accuracy

Model BLEU ↑ ROUGE-L ↑ METEOR ↑ F1-Score ↑ GREEN ↑ RaTEScore ↑

IU
-X

ra
y

LLaVA-Med v1.5 8.55 7.58 4.56 40.6 0.14 0.18

B
as

el
in

es

+ SFT 14.56 10.31 10.95 38.8 0.11 0.16
+ DPO (Rafailov et al., 2023) 16.09 12.95 17.13 40.5 0.12 0.16
+ GRPO (Shao et al., 2024) 17.90 14.22 19.60 41.4 0.14 0.19

A
dv

an
ci

ng

MMedPO (Zhu et al., 2025) 23.57 29.52 34.16 49.8 0.26 0.45
GRAIL (w/o Visual Alignment) 25.61 31.80 35.90 55.8 0.32 0.52
GRAIL 27.03 33.10 36.88 57.2 0.34 0.53

M
IM

IC
-C

X
R

LLaVA-Med v1.5 3.85 9.42 5.62 50.2 0.08 0.11

B
as

el
in

es

+ SFT 11.11 9.38 7.71 49.8 0.10 0.14
+ DPO (Rafailov et al., 2023) 11.20 9.45 7.81 50.4 0.11 0.16
+ GRPO (Shao et al., 2024) 12.26 10.58 9.22 51.2 0.13 0.19

A
dv

an
ci

ng

MMedPO (Zhu et al., 2025) 12.02 10.96 9.88 58.7 0.22 0.34
GRAIL (w/o Visual Alignment) 12.90 10.30 9.65 61.9 0.26 0.40
GRAIL 13.52 10.85 9.95 63.7 0.29 0.46

X-Ray. For an image I , we obtain a continuous
domain feature vector FD = G(I) from the frozen
expert model, and for each sampled candidate oi,
we compute a text embedding etxt

i = Gtxt(oi) in the
same space as above. We then define the image-text
similarity score for each candidate i,

Si = sim
(
etxt
i , FD

)
, i = 1, . . . , G (5)

where sim(·, ·) denotes cosine similarity, and a
larger Si indicates a stronger agreement between
the report and disease-relevant visual features.

To obtain a scale-free visual signal, we convert
these scores into rank-normalized visual rewards.
Let rank(Si) return 1 for the largest similarity and
z for the smallest; we define,

rvisi = 1 − rank(Si)− 1

z − 1
, (6)

so that rvisi ∈ [0, 1] assigns the highest score to the
most image-consistent candidates in each group.

We retain the scalar textual reward Rtext(oi, g; k)
from Eq. (4), and then define the composite visual-
alignment reward,

Rvis(oi, g, I; k) = (1− λvis)Rtext(oi, g; k) + λvis r
vis
i (7)

where λvis ∈ [0, 1] acts as the mixing coefficient
that controls the strength of visual grounding. The

group-relative advantages are then obtained by
rank-normalization over this composite reward,

Avis
i = RankNorm

(
{Rvis(oj , g, I; k)}Gj=1

)
. (8)

Thus, we simply replace Stage-1 advantages with
Avis

i , which biases the policy toward candidates
that are both textually faithful and visually aligned.
Therefore, the optimization objective is given as,

LGRAIL(θ) = − 1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

min
(
rvisi,t (θ)A

vis
i,t ,

clip
(
rvisi,t (θ), 1− ϵ, 1 + ϵ

)
Avis

i,t

)
− β DKL[πθ ∥πref ] ,

(9)
where, DKL

(
πθ ∥πref

)
serves as a regularization

term penalizing divergence of the current policy πθ
from the reference policy πref , with β controlling
the regularization strength w.r.t. the policy.
Format Reward. To ensure that generated candi-
date reports follow the proper format, we impose a
format reward (denoted as Rformat) in both stages
to contain the required tag. Specifically, the re-
port must be contained within the <report> and
</report> tags, respectively.

4 Experiments

4.1 Experimental Settings

Datasets and Evaluation Metrics. We benchmark
GRAIL on IU-XRay (Demner-Fushman et al., 2015)
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Figure 4: Generated reports with GRAIL. First Case: Med-VLM fails to detect subtle reasoning patterns needed
for accurate diagnosis, resulting in hallucination of disease observations such as “consolidation” (top left). In
contrast, GRAIL with verifiable guidance leads to significantly better reasoning and diagnosis capabilities (top
right). With visual alignment, GRAIL’s enhanced multimodal reasoning leads to correct diagnosis of all observations,
showcasing the need for awareness of disease-relevant portions and focused attention. The Med-VLM again
hallucinates diseases due to insufficient visual focus (bottom left), in comparison GRAIL reduces hallucinations and
generates reports faithful to the X-Ray exhibiting better anatomical and semantic awareness. (bottom right).

and MIMIC-CXR (Johnson et al., 2020), evalu-
ating both generation quality and clinical accu-
racy. Following prior RRG work (Chen et al., 2020,
2022; Wang et al., 2023), we report CheXbert-F1
over 14 disease labels (Smit et al., 2020), along
with clinically oriented metrics GREEN (Ostmeier
et al., 2024) and RaTEScore (Zhao et al., 2024).
For report quality, we use standard NLG metrics:
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and METEOR (Denkowski and Lavie, 2011). For
ROI overlap, we examine anatomical regions asso-
ciated with target disease tokens and evaluate atten-
tion overlap. We provide additional attention map
and grounding evaluation details in Appendix B.

Baselines and Implementation Details. We com-
pare GRAIL against direct baselines built on the base
Med-VLM, including SFT, DPO (Rafailov et al.,
2023), GRPO (Shao et al., 2024), and GRPO with-
out the proposed clinical and visual alignment. We
also compare with MMedPO (Zhu et al., 2025), a
recent DPO-based medical post-alignment method
which only evaluates generation quality and not
clinical accuracy. Following (Zhu et al., 2025),
we use LLaVA-Med v1.5 (Li et al., 2023a) as the
base Med-VLM and provide additional QwenVL-
2.5-7B (Bai et al., 2025) results in the supple-
mentary. Clinical accuracy is evaluated using 14

disease labels with F1, GREEN (Ostmeier et al.,
2024), and RaTEScore (Zhao et al., 2024). We
further compare against zero-shot proprietary gen-
eral VLMs, including GPT-4o (Hurst et al., 2024),
GPT-4.1 (Achiam et al., 2023), and Gemini-2.5
Pro (Comanici et al., 2025), as well as medical
VLMs such as MedFlamingo (Moor et al., 2023),
MAIRA-2 (Bannur et al., 2024), and HuatuoGPT-
V-8B (Chen et al., 2024b). For GRPO training, we
use LoRA fine-tuning (Hu et al., 2022) with batch
size 8, learning rate 1e-6, and train for 3 epochs.
Additional details, prompts, and implementation
settings are provided in Appendix A.

4.2 Comparison with SOTA Methods

Enhanced Clinical Reasoning and Generation
Quality. We show qualitative report examples in
Fig. 4. Compared to the baselines, GRAIL gener-
ates reports that better match the image evidence
while preserving clinically meaningful terminology.
In the top row, GRAIL correctly captures findings
such as “atelectasis”, “cardiomegaly”, and
“edema”, whereas the base Med-VLM either misses
subtle abnormalities or produces unsupported ob-
servations. Although GRAIL without visual align-
ment improves over the base model by incorporat-
ing disease findings, it can still fail when disease
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Figure 5: Attention Map Visualization. For the input X-Ray I, we visualize the specific areas the Med-VLM (Li
et al., 2023a) and GRAIL focuses on while generating the report. Top Right, Both Cases: is the attention map for
the MedVLM (Li et al., 2023a) which misses the lung region due to lack of anatomical reasoning, leading to the
generated report containing the inaccurate conclusion that no diseases can be detected.

localization is required. In contrast, the full GRAIL
model produces disease-relevant observations that
are more consistent with the input X-ray, high-
lighting the role of visual alignment in clinically
grounded generation. More details in Appendix E.
Visual Reasoning and Grounding Abilities. In
Fig. 5, we visualize disease-token attention maps
to analyze where each model attends while gen-
erating clinically relevant findings. The base
Med-VLM exhibits diffuse attention over regions
unrelated to the reported abnormality, leading
to incorrect conclusions such as “no visible
abnormalities.” GRAIL without visual align-
ment attends more to thoracic regions but remains
partially mislocalized. After visual alignment,
GRAIL produces more concentrated attention over
disease-relevant regions, which aligns with the gen-
erated findings “opacity”, “atelectasis”, and
“consolidation.” We use these attention maps
as post-hoc diagnostic evidence, supported by the
quantitative attention analysis in Table 5. Detailed
analysis is in Appendix D and more grounding re-
sults in Appendix E.
Comparison w.r.t. Post-Trained Models. We
evaluate GRAIL on two important tasks: gener-
ation quality and clinical accuracy on the two
radiology report benchmarks IU-XRay (Demner-
Fushman et al., 2015) and MIMIC-CXR (John-
son et al., 2020), outperforming state-of-the-art
preference tuning method MMedPO (Zhu et al.,
2025), DPO (Rafailov et al., 2023) and GRAIL with-
out visual grounding in Table 1. We obtain a sig-
nificant improvement over MMedPO on all three
natural language metrics and GRAIL with visual

alignment. To assess clinical accuracy, we fur-
ther report CheXpert-F1 accuracy and more clin-
ically aligned metrics GREEN (Ostmeier et al.,
2024) and RaTEScore (Zhao et al., 2024) in Ta-
ble 1. On IU-Xray, GRAIL achieves the best F1
score (57.2%), clearly improving over LLaVA-
Med (40.6%) and MMedPO (49.8%) by more than
+10%, on GREEN and RaTEScore by more than
+15% on average. As it can be seen from both
benchmarks, the alignment step of our model is
crucial for obtaining a large improvement. Overall,
these results demonstrate that GRAIL not only pro-
duces more fluent and semantically aligned reports
but also maintains strong clinical accuracy.
Comparison w.r.t. SOTA Multimodal LLMs
and RRG Methods. We also compare our model
against proprietary general LLMs such as GPT-
4o (Hurst et al., 2024), GPT-4.1 (Achiam et al.,
2023) and Gemini Pro (Comanici et al., 2025) and
medical LLMs (Moor et al., 2023; Bannur et al.,
2024; Chen et al., 2024c) in a zero-shot setting
in Table 2. Our method outperforms GPT-4 se-
ries (Hurst et al., 2024), Gemini (Comanici et al.,
2025) by +10% and SOTA medical MLLMs by
an average margin of +12% in generation qual-
ity. Therefore, GRAIL consistently performs better
than both general-purpose and medical multimodal
LLMs, showing more anatomy of visual knowledge
along with enhanced clinical accuracy despite the
significantly larger pre-training knowledge corpus
of these models on large amounts of data without
the need of curated preference or retrieved data.
We provide further results against specialized RRG
methods and more baselines in Appendix C.

11268



Table 2: We compare GRAIL against SOTA medical and general VLMs on both RRG benchmarks, reporting
generation quality (Papineni et al., 2002; Lin, 2004; Denkowski and Lavie, 2011) and clinical accuracy using
F1-Score (Smit et al., 2020). GRAIL consistently outperforms both general-purpose and medical VLMs. The best
results are highlighted in bold and the second best in italics.

Type Models
IU-Xray MIMIC-CXR

BLEU ↑ ROUGE-L ↑ METEOR ↑ F1-Score ↑ BLEU ↑ ROUGE-L ↑ METEOR ↑ F1-Score ↑

General VLM
GPT-4o (Hurst et al., 2024) 15.32 18.80 11.50 28.6 12.10 17.20 10.30 30.6

GPT-4.1 (Achiam et al., 2023) 16.48 19.95 12.34 39.2 12.94 17.88 10.92 35.5

Gemini-2.5 Pro (Comanici et al., 2025) 17.26 21.10 13.05 – 13.42 18.76 11.48 27.2

Medical VLM
MedFlamingo (Moor et al., 2023) 14.85 24.10 22.44 – 11.76 21.95 19.84 –

MAIRA-2 (Bannur et al., 2024) 20.22 30.60 32.36 52.9 18.40 28.90 30.10 58.1

HuatuoGPT-V-8B (Chen et al., 2024c) 18.76 28.40 29.05 54.2 17.12 27.35 28.44 59.6

GRAIL 27.03 33.10 36.88 57.2 24.30 31.50 34.20 63.7

4.3 Ablation Studies

Need for Multi-Stage Reward Guidance.
Fig. 6(a) ablates the Stage-2 mixing weight
λvis in Eq. (7). We observe that BLEU-4,
ROUGE-L, and CheXbert F1 consistently peak
when λvis ∈ [0.4, 0.6], indicating that neither
purely textual nor purely visual optimization is
sufficient. Lower weightage under-utilizes visual
informativeness and reduces Stage-2 to Stage-1
behavior, whereas large values collapse training
towards only disease terms. This confirms that
gains of GRAIL arise from a balanced combination
of textual faithfulness and visual grounding,
reflected in improvements reported in Table 3.
Clinical/Visual Intervention. Fig. 6(b) studies
the periodicity of clinical reward injection through
kclin. Very frequent supervision (small kclin) desta-
bilizes optimization and biases the policy toward
short, overly conservative clinical phrases, while
overly sparse supervision weakens the clinical sig-
nal and under-utilizes Stage-1 guidance. A moder-
ate reward period yields the best trade-off, as also
shown in Table 4. Fig. 6 justifies this design by
showing clear performance jumps both at the onset
of periodic clinical guidance and again at the be-
ginning of Stage-2, showing clinical intervention
improves report faithfulness, while visual interven-
tion further strengthens grounded generation. More
ablations/details in Appendix D.
Grounding Analysis. We quantify disease-token
attention localization in Table 5.Compared to
the base Med-VLM and GRAIL without visual
alignment, GRAIL assigns more attention mass to
clinically relevant regions, improves Hit@1 lo-
calization, and produces lower-entropy attention
maps, suggesting more image-conditioned reason-
ing. These localization results suggest that visual

Table 3: Stage-II visual
sensitivity. Effect of λvis

(Eq. (7)) on BLEU and F1
Score. – ✗ denotes non-
convergence.

λvis
IU-Xray MIMIC-CXR

BLEU↑ F1↑ BLEU↑ F1↑
0.0 25.61 55.8 12.90 61.9
0.5 27.03 57.2 13.52 63.7
1.0 – ✗ – ✗ – ✗ – ✗

Table 4: Periodic clinical
reward sensitivity. Effect
of kclin (Eq. (4)) on BLEU
and F1 Score. – ✗ de-
notes non-convergence.

kclin
IU-Xray MIMIC-CXR

BLEU↑ F1↑ BLEU↑ F1↑
dense – ✗ – ✗ – ✗ – ✗

moderate 27.03 57.2 13.52 63.7
rare 26.30 55.1 12.14 62.4

Model ROI Mass ↑ Hit@1 ↑ Entropy ↓
LLaVA-Med v1.5 0.11 28.4 5.81
GRAIL w/o Visual Align. 0.40 52.7 3.46
GRAIL 0.51 64.9 2.18

Table 5: Quantitative attention analysis. ROI Mass
and Hit@1 measure whether disease-token attention
localizes specifically within clinically plausible regions
in the X-Ray, thus lowering entropy.

alignment improves not only where the model at-
tends, but also whether the generated disease find-
ings are supported by the provided X-ray.
Role and Reliability of Expert Ranking. Our
Stage-2 reward uses the expert similarity score as
a proxy for distinguishing better report candidates.
Since the text-side feature extractor is a frozen
CheXbert labeler, it is independent of GRAIL’s train-
ing paradigm. After SFT warmup and Stage-1
alignment, we observe that candidates with higher
image–report disease consistency within the same
rollout group are generally preferable. This moti-
vates rank-normalizing similarity scores over candi-
dates, making the reward depend only on relatively
better reports within each rollout.

To verify whether this ranking is informative, Ta-
ble 6 compares the quality of expert-ranked candi-
dates across five randomly sampled rollout groups
on MIMIC-CXR. Rank-1 candidates outperform
Rank-8 candidates by approximately 24% in BLEU
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Figure 6: Evolution of clinical and visual guidance. Left: GRAIL performs best with an intermediate visual reward
weight, λvis ∼ 0.5. Right: Periodic clinical reward injection with Rclin every kclin steps improves performance
compared to dense per-step guidance, which destabilizes optimization - dense injection causes non-convergence,
moderate intervals give the best optimisation-vs-correctness trade-off.

Expert Rank BLEU ↑ RaTEScore ↑
Rank-1 14.8 ± 0.4 0.48 ± 0.02
Rank-4 13.3 ± 0.5 0.42 ± 0.02
Rank-8 11.9 ± 0.6 0.39 ± 0.03

Table 6: Reliability of expert-guided candidate rank-
ing on MIMIC-CXR. We compare reports at differ-
ent ranks induced by the Stage-2 image–report similar-
ity score across five randomly sampled rollout groups.
Higher-ranked candidates consistently exhibit better re-
port quality under both BLEU and RaTEScore.

and 23% in RaTEScore, respectively, indicating
that the expert’s relative ranking separates stronger
from weaker report candidates and supports its
use for computing relative advantages. Our rank-
normalization of the expert’s image–report simi-
larity into a group-relative advantage also decou-
ples the reward from the expert’s absolute scale
and monotone transforms. Importantly, Stage-2
is not intended to replace textual or clinical guid-
ance; rather, the two stages provide complementary
supervision, as reflected by the balanced reward
combination in Fig. 6(a).

5 Conclusion

We introduced GRAIL, a multimodal alignment
framework that improves the clinical and visual
reasoning capabilities of existing Medical VLMs.
By combining clinically informed textual reason-
ing with expert-guided visual reasoning, GRAIL en-
courages reports that are both semantically coher-
ent and better grounded in the input X-ray. Our
staged design further enables visual consistency
to be incorporated through relative expert-guided
ranking, complementing textual and clinical super-
vision without requiring curated preference data or
retrieval. Across multiple benchmarks GRAIL de-
livers consistent gains in report generation quality,
clinical accuracy, and visual grounding. Our quan-
titative results and visual analyses further highlight

the importance of visual alignment for reducing un-
supported findings and improving disease-relevant
reasoning. Overall, GRAIL offers a practical step to-
ward more clinically reliable and image-grounded
radiology report generation systems.

6 Limitations

While GRAIL improves visual grounding and clin-
ical accuracy for radiology report generation, our
experiments focus on chest X-ray benchmarks,
namely IU-XRay and MIMIC-CXR. Extending the
framework to other imaging modalities (CT-Scan
for example), temporal imaging of patients, and do-
main specific reporting styles remains an important
direction for future work. In addition, our evalua-
tion is conducted on offline datasets; future work
should study how visually aligned report genera-
tion can interact with real clinical workflows with
experts in-the-loop.
Ethics Statement: VLM based RRG systems may
inherit biases from the underlying medical datasets,
imaging protocols, patient demographics, and re-
porting styles used during training. Such biases
can lead to uneven performance across clinical sub-
groups, institutions, or disease presentations, and
hallucinated or unsupported findings may poten-
tially affect some groups disproportionately. To
mitigate these concerns, systems to take these into
account should be developed and evaluated with
diverse multi-institutional datasets and subgroup-
level fairness analyses.
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Appendix

In this appendix, we present the following:

• Preliminaries, information on expert guidance,
dataset, evaluation and implementation details
for GRAIL (Sec. A, Sec. A.2, Sec. A.3).

• Grounding evaluation and discussion, includ-
ing the evaluation protocol, grounding metrics,
and visual grounding analysis (Sec. B).

• Additional quantitative results, including com-
parisons with radiology report generation
baselines and extended result figures (Sec. C).

• Additional ablations on reward hyperparame-
ters, GRPO candidate size, and model back-
bones (Sec. D).

• Additional qualitative examples of gener-
ated reports and visual grounding behavior
(Sec. E).

A Preliminaries and Experimental Setup

A.1 Preliminaries

Problem Formulation. Given a 2D chest X-ray im-
age I ∈ RH×W×3, a text prompt P , and a dataset
D = {(I,Rgt)} of images and ground truth re-
ports, the goal of radiology report generation is to
produce a report R that is clinically accurate and
aligned with the input image I. We model this
with a base Med-VLM Mθ, which induces a con-
ditional policy over it’s parameters πθ(R | I) to
generate R in an autoregressive manner. In this
work, we adapt Mθ in two stages: first, we refine
the text generation policy using verifiable and clin-
ical textual rewards; second, we further align the
model with image-conditioned visual rewards de-
rived from a frozen domain expert G, encouraging
reports whose disease findings are grounded in the
underlying X-ray I.
RRG Objective. We follow existing works and
process reports in two parts: the FINDINGS and
IMPRESSION sections, where the former contains
the broad rationale behind the generated report and
the latter contains the potential diseases present in
the patient’s medical image. Formally, this process
can be represented as follows: given the medical
image I, the Med-VLM M(·) is tasked with in-
terpreting the image, reasoning about it, and gen-
erating a descriptive report R = {r1, r2, . . . , rT }
where T represents the total length of the report

and rt ∈ V represents the tokens in the vocabulary.
The report R is auto-regressively generated as,

p(R | I) =
T∏

t=1

p(rt | r1, . . . , rt−1, I). (10)

On-Policy Learning Framework. We utilize
Group Relative Proximal Optimization (GRPO) to
improve the reasoning abilities of medical-VLMs,
we use it to improve the reasoning of the base Med-
VLM for the task of radiology report generation.
GRPO (Shao et al., 2024) is an algorithm similar
to Proximal Policy Optimization (PPO) (Schulman
et al., 2017) but with two major differences: (1)
Unlike PPO, it does not require a trained reward
model for calculating the advantages; instead, it
relies on group-relative rewards using generalized
advantage estimation (GAE), and (2) it can utilize
verifiable rule-based outcomes as rewards, which
can be as simple as the metrics used for bench-
marking and evaluation. At each alignment step,
the Med-VLM M(·) rolls out a set of candidate
responses {oi}Gi=1 from the current policy πθold and
each candidate output is assigned a scalar reward
ri at the two stages of the optimization process.
The advantages Ai are calculated using the group-
relative mean and standard-deviations of the batch
G,

Ai =
ri −mean

(
{rj}Gj=1

)

std
(
{rj}Gj=1

) . (11)

Therefore, the GRPO objective is given as,

LGRPO(θ) = − 1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

min
(
ri,t(θ) Âi,t,

clip
(
ri,t(θ), 1− ϵ, 1 + ϵ

)
Âi,t

)
− βDKL[πθ∥πref ] .

(12)
with

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
, (13)

and where DKL[πθ∥πref ] serves as a regulariza-
tion term penalizing divergence from the reference
policy πref , with β controlling its regularization
strength of the policy.

A.2 Dataset Details
Datasets. We utilize the following two standard
benchmarks for the task of radiology report gener-
ation in our paper.
IU-Xray (Demner-Fushman et al., 2015). The
Indiana University Chest X-ray collection contains
7,470 images paired with 3,955 free-text reports;
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each report is associated with either a frontal pro-
jection (AP/PA) or a lateral view. We follow the
standard 7:1:2 train/val/test split used in prior work.
MIMIC-CXR (Johnson et al., 2020). MIMIC-
CXR is a large-scale clinical corpus with 227,835
radiology reports collected at Beth Israel Dea-
coness Medical Center. We use the official
train/test partitions to ensure comparability with
baselines (Zhu et al., 2025). Apart from the ex-
perimental settings described in Sec. 4, we also
present the overall statistics of each dataset in Ta-
ble 7 which was used for our work.

Table 7: Dataset Statistics. Summary for our pre-
processing setup. We list the modality, no. of image-
report pairs, the views available, splits and the eval-
uation labels used respectively. Note that these are
before pre-processing of the respective datasets.

Dataset Modality #Images #Reports Proj. Split Observations

IU-Xray CXR 7,470 3,955 AP/PA, Lateral 70/10/20 14 Labels
MIMIC-CXR CXR 377,110 227,835 AP/PA, Lateral Official 14 Labels

Benchmarks and split curation. We adopt
the experimental settings and benchmarks as in
MMedPO, evaluating the accuracy and generation
quality on the test splits of the IU-XRay (Demner-
Fushman et al., 2015) and MIMIC-CXR (Johnson
et al., 2020). For SFT, we use the same image-
ground truth report pairs as the baseline (Zhu et al.,
2025) and in line with other visual instruction tun-
ing baselines (Zhang et al., 2024b). Note that this
is not a specifically curated set, just a subset of
the original training data. For comparison against
proprietary models, we utilize the MIMIC-CXR
test split since it is available for MAIRA-2 (Bannur
et al., 2024) for a fair comparison instead of the
MMedPO test split data. For IU-XRay, we utilize
the original protocol.

A.3 Implementation Details
We warm-up the base Med-VLM M(·) with SFT
and optimize with GRPO (Shao et al., 2024)
using verifiable rewards Rver (BLEU-4 (Pap-
ineni et al., 2002), ROUGE-L (Lin, 2004) and
BERTScore (Zhang et al., 2019)) and periodic clin-
ical rewards Rclin (CheXbert (Smit et al., 2020)
and RadGraph (Jain et al., 2021)). In the second
stage, we devise Rvis to further align M(·) with
the input X-ray. In this section, we further list out
more details on the candidate generation process,
hyperparameters used and the training regimen for
both the stages.
Rollout/Decoding Strategy: For generating mul-
tiple report candidates for each GRPO policy

step, we change the following parameters to al-
ter the decoding process for each report candidate:
temperature, top_p, repetition penalty,
no-repeat-ngram and do_sample. By varying
these parameters we induce enough diversity within
the generated samples oi. We use a batch-update
size (G = 8) for all our experiments.
Stage-1: Clinically-guided textual alignment re-
ward weights. We set λlex = 0.10 and λsem =
0.20 in Eq. 2, where the verifiable reward term
splits as BLEU:ROUGE-L = 0.05:0.05. Further
we enforce format constraints with a format reward
Rformat given by <report> and </report> tags.
We keep a target token range in-between [140, 260]
and a hard cap of 320 tokens. For the clinical
rewards outlined in Eq. 3, we use λcx = 0.30
(CheXbert) and λrg = 0.40 (RadGraph), which
are then mixed into Eq. 4 with λclin = 0.8 but pe-
riodically every kclin policy updates: kclin = 300
(IU-Xray) and kclin = 500 (MIMIC-CXR). We
normalize/clip these per-batch rewards to ensure
smooth reward updates.
Stage-2: Visual Alignment reward weights. We
form Rvis per Eq. 7 using rank-normalized simi-
larity advantages with mixing λvis = 0.5 (tuned
within the [0.4, 0.6] as illustrated in the peak of
Fig. 6 in the main paper). The expert embeddings
are frozen during this entire process; only the Med-
VLM adapter layers and the projection blocks are
trained in this stage.
Optimization, hyperparameters and training de-
tails. We use group size G = 8 candidates per
policy step, with GRPO clip ϵ = 0.1, KL reg-
ularization coefficient β = 0.02 with adaptive
target 0.04 to a frozen reference, entropy coeffi-
cient 0.005, and rank-norm standardization, gradi-
ent clip 1.0, AdamW optimizer with lr = 1×10−6,
β = (0.9, 0.95), and no weight decay. As dis-
cussed in the decoding/rollout strategy section, we
set fixed sampling settings for each rollout (for
example): temperature 0.6, top-p=0.90, no-repeat-
ngram = 3, N = 8 for best-of-N sampling, max
new tokens = 96 (min = 16). Batch size = 8 (ac-
cumulation = 1); for a total of 3 epochs over the
train split. All experiments were carried out in an
NVIDIA 80GB A100 GPU.
LoRA Fine-Tuning. We adopt LoRA (Hu
et al., 2022) with r=16, α=32, dropout = 0.05,
bias=none on a small set of modules while keeping
the rest of backbone frozen. In Stage-1, adapters
are applied to the text decoder’s self-attention and
MLP blocks, yielding an adapted decoder Dθ of
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Model Covered F1 ↑ Uncovered F1 ↑ Uncovered Drop ↓
GRAIL w/o Visual Align. 55.8 42.1 –
GRAIL 57.2 42.4 -0.3

Table 8: Coverage evaluation of expert-label depen-
dence. “Covered” denotes disease labels within the
frozen expert’s CheXpert top-5 label space, while “Un-
covered” denotes labels outside this space. GRAIL im-
proves covered-label performance without any drop in
uncovered-label performance, indicating that the expert
serves as a grounding prior.

the Med-VLM. In Stage-2, we additionally en-
able LoRA on the vision-language projection layer
Fproj, resulting in the stage-2 trainable parameters
in {Dθ, Fproj}.
Expert Model Architecture. We instantiate the
frozen domain expert G as a CheXpert-style multi-
label CXR disease classifier trained to predict the
standard 14 CheXpert observations (Irvin et al.,
2019). Given an input X-ray I, we obtain a 14-
dimensional disease logit/probability vector FD =
Gimg(I) from the frozen CheXpert-style classifier.
For each generated candidate oi, we apply a stan-
dard CheXbert labeler to obtain a corresponding
14-dimensional observation vector etxti = Gtxt(oi)
in the same disease-label space. We then com-
pute cosine similarity between these image- and
text-side disease vectors and rank-normalize the
resulting scores for Stage-2 rewards. Importantly,
G is kept strictly frozen throughout training and is
used only to score candidates within each rollout,
ensuring that visual alignment is driven by a fixed,
domain-features rather than additional supervision
or task-specific reward model training.
Expert Model Discussion. We use the disease-
relevant visual features of the frozen expert model
G as an auxiliary signal to align the Med-VLM
with the provided chest X-ray. In our setting, G op-
erates over the standard CheXpert 14-label space,
which captures a clinically meaningful set of chest
X-ray observations. Importantly, we do not use G
as an report-generation prior; instead, it provides
anatomical priors that helps rank candidate reports
according to their consistency with the input image.
The label space of G covers the standard label set
of CheXpert chest X-ray observation labels, and
guides the output space of the Med-VLM. Since
this reward is combined with textual and clinical
rewards, the model can still generate findings be-
yond the expert’s commonly covered labels. In
Table 8, GRAIL improves Covered F1 from 55.8
to 57.2, while Uncovered F1 is not degraded and

slightly improves from 42.1 to 42.4. The negative
"uncovered" drop indicates that visual alignment
does not affect findings outside the expert’s top-5
label space.
Evaluation Criteria/Protocol. As discussed in
Sec. 4 onwards, BLEU-n, ROUGE-L and ME-
TEOR are reported for NLG quality, CheXbert-F1
scores, GREEN and RateScore are reported for
assessing the clinical accuracy (Table 1) and we
also perform visual analysis of enhanced attention
focusing capabilities of GRAIL and zero-shot com-
parisons with SOTA MLLMs in Table 2 on both
benchmarks (main paper) and include ablations on
visual guidance and clinical intervention in Table 3
and Table 4 respectively.
Prompt Design and Diversity. We present the
prompts used in our paper as follows: the Global
Instruction Prompt applied to the Med-VLM (Li
et al., 2023a) is shown in Fig. 7, and the Query
Prompt for querying each X-ray is shown in the
adjacent box. Different base prompts can lead to di-
verse candidates but in this work we keep the same
prompt for evaluation fairness w.r.t. SOTA base-
lines. We change the decoding hyperparameters
of the Med-VLM for diverse candidate generation
instead.

B Grounding Evaluation and Discussion

B.1 Attention Map Visualization.

To analyze whether the generated reports rely on
visually meaningful evidence, we visualize image-
token attention maps from the Med-VLM dur-
ing report generation. For each input X-ray, we
use the same prompt, image pre-processing, de-
coding configuration, and generated report for-
mat across all compared models. After genera-
tion, we perform a forward pass with the gen-
erated report and extract the attention weights
from the penultimate decoder layer, which pro-
vides a stable representation before the final token-
prediction layer. For a generated report, let T de-
note the set of clinically relevant disease-bearing
tokens, such as tokens corresponding to find-
ings like opacity, atelectasis, consolidation,
cardiomegaly, or pleural effusion. For multi-
token findings, we average the attention maps
across all subword tokens belonging to the same
clinical phrase. We then select the attention weights
from these textual tokens to the visual patch to-
kens produced by the image encoder and passed
through the multimodal projection layer. The atten-
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Figure 7: Left: The global instruction prompt given to the Med-VLM (Li et al., 2023a; Bai et al., 2025). Right:
The query prompt used for each X-ray.

Model Avg. In-ROI ↑ Avg. Out-ROI ↓ Higher In-ROI ↑
LLaVA-Med v1.5 (Li et al., 2023a) 0.118 0.091 36.2%
GRAIL w/o Visual Align. 0.181 0.104 55.8%
GRAIL 0.247 0.121 68.7%

Table 9: Attention-ROI overlap analysis. Avg. In-ROI
and Avg. Out-ROI denote the average disease-token
attention score inside and outside clinically relevant
regions, respectively. Higher In-ROI reports the percent-
age of samples where the average in-region attention
exceeds the average out-region attention.

tion weights are averaged across heads and normal-
ized to obtain a single attention vector over image
patches.

Formally, for a token t ∈ T , let A(ℓ,h)
t→v denote

the attention from token t to visual patch token v
at layer ℓ and head h. We use the penultimate layer
ℓ = L− 1 and aggregate over heads as,

αt(v) =
1

H

H∑

h=1

A
(L−1,h)
t→v , (14)

where H is the number of attention heads. For
multi-token clinical phrases, we further average αt

over the corresponding tokens. The resulting patch-
level attention vector is reshaped into the spatial
patch grid of the vision encoder, bilinearly upsam-
pled to the original X-ray resolution, and min-max
normalized to [0, 1] for visualization. Importantly,
these attention maps are used only as post-hoc di-
agnostic visualizations and are not used as an addi-
tional training signal. We therefore interpret them
as qualitative evidence of image-conditioned rea-
soning rather than as standalone proof of grounding.
To make the comparison fair, all attention maps are
generated using the same extraction procedure and
visualization normalization across the base Med-
VLM, GRAIL without visual alignment, and the full
GRAIL model.

B.2 Attention-ROI overlap

Table 9 evaluates whether disease-token attention
is preferentially inside the clinically relevant ROIs.
For a held-out set of samples in the test split for
ROI-overlap analysis, we define clinically relevant

regions using standard chest anatomical region def-
initions following Chest ImaGenome (Wu et al.,
2021), mapping each disease-bearing token to its
corresponding anatomical regions. We see that the
base Med-VLM shows only a small gap between
in-ROI and out-ROI attention, while GRAIL sub-
stantially increases the average in-ROI attention
and the fraction of samples where in-ROI attention
dominates. This supports the qualitative observa-
tion that visual alignment encourages the model to
focus on disease-relevant anatomical regions dur-
ing report generation. These localization results
suggest that visual alignment improves not only
where the model attends, but also whether the gen-
erated disease findings are supported by the input
X-ray.

C Additional Quantitative Results

C.1 Comparison with Additional RRG
Baselines

In Table 10 we compare GRAIL against special-
ized RRG methods which mostly use specialized
encoder/decoder architectures trained in a fully-
supervised manner on ground truth reports or use
medical specific tools which may result in error
propagation in the generated reports. Most of these
specialized RRG systems are trained end-to-end for
report generation on task-specific datasets, whereas
GRAIL studies a different question: whether a Med-
VLM can be self-supervised post-aligned to gener-
ate clinically accurate and visually grounded re-
ports without curated preference data, retrieval
databases, or additional visual annotations. GRAIL
outperforms all these specialized RRG methods by
a margin of 6% on BERT-Score, 8% on F1 accu-
racy of generated reports and by 4% on GREEN
score showing that directly incorporating image-
conditioned visual rewards during alignment helps
in generating semantically and clinically rich, visu-
ally grounded reports.
Comparison against retrieval baselines. We com-
pare the clinical efficacy of GRAIL w.r.t. SOTA re-
trieval method RADAR (Hou et al., 2025) which
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Method Paradigm Self-Sup. Visual Align. BERT-Score ↑ F1-Score ↑ GREEN ↑
R2Gen (Chen et al., 2020) Specialized RRG ✗ 27.1 27.6 –
CheXagent (Chen et al., 2024d) X-Ray Agent (with tools) – 24.6 55.8 0.25
CheXpert-Plus (Chambon et al., 2024) X-Ray Agent (with tools) – 36.1 48.7 0.25
Med-CXRGen-F (Zhang et al., 2024b) Specialized RRG ✗ 22.1 41.2 0.25
RGRG (Tanida et al., 2023) Specialized RRG ✗ 34.8 24.5 0.27
RadFM (Wu et al., 2025) Specialized RRG ✗ 31.3 38.8 0.18
MAIRA-2 (Bannur et al., 2024) Trained Encoder-Decoder arch. ✗ 30.8 58.1 0.15
CvT2DistilGPT2 (Nicolson et al., 2023) VLM (diff. backbone) ✗ 33.1 54.2 0.16

GRAIL Med-VLM Post-Alignment ✓ 41.6 63.7 0.29

Table 10: Comparsion against specialized RRG backbone models. on MIMIC-CXR (Johnson et al., 2020).
We report BERT-Score (Zhang et al., 2019), F1-Score (Irvin et al., 2019), and GREEN (Ostmeier et al., 2024) to
compare both generation quality and clinical correctness. We highlight the differences of GRAIL relative to the
broader RRG literature and it’s different setting: self-supervised visual post-alignment without task-specific retrieval
databases or curated preference pairs.

curates specific retrieval data for each dataset and
trains a domain specific retriever for that purpose
alongwith utlizing the knowledge of an expert
model. GRAIL still outperforms by an average of
3% across both benchmarks without using any ad-
ditional data, highlighting the versatility of the re-
wards used in our method.

C.2 Classwise Clinical Performance

Classwise clinical performance. We investigate
whether after performing the two-stage alignment
over the base Med-VLM, whether GRAIL is still
able to maintain high clinical performance across
various disease classes or not - it shows consistent
gains over the baseline (shown in Fig. 9) on both
benchmarks indicating strong clinical knowledge
with no forgetting, a common issue encountered
with post-trained models.

C.3 Extended Result Figures

D Ablation and Sensitivity Analysis

D.1 Reward Hyperparameters λlex and λclin

Table 12(a,b) shows the role of λlex and λclin in
the lexical and clinical guidance alignment process.
For λlex, the best performance is obtained at 0.10,
indicating that a relatively lower lexical component
helps preserve report-level phrasing while retaining
the semantics of the report provided by BERTScore.
Similarly, λclin=0.8 gives the best balance between
generation quality and clinical correctness; lower
values slightly weaken the clinical signal, while
larger values provide no consistent benefit.

D.2 Effect of GRPO Candidate Size G

Table 12(c) studies the effect of the GRPO can-
didate group size G. Increasing G from 4 to 8
provides a consistent but moderate improvement

across both datasets, suggesting that a larger can-
didate set improves group-relative ranking by ex-
posing the policy to more diverse report candidates.
We therefore use G=8 in all main experiments,
which provides a better optimization signal without
changing the model backbone or requiring addi-
tional supervision. Additional candidates per roll-
out is significantly more expensive and leads to
little/no improvements.

D.3 Backbone Ablation
Comparisons with different backbone model.
We also utilize QwenVL-2.5-7B (Bai et al., 2025)
as an additional LVLM and align it with GRAIL’s
two stage rewards (shown in Table 13). We obtain
significant more gains over the baselines and SOTA
models. An initial SFT phase becomes crucial to
a significant performance boost as it is becomes
familiar with clinical terminology and patterns and
GRAIL enforces both clinically-informed knowl-
edge and visually algined generation. GRAIL is
highly versatile since it performs visual alignment
in an entirely self-supervised manner (Stage-2) and
uses commonly used NLG/Clinical metrics as re-
wards (Stage-1) which enhances the medical rea-
soning capabilities of any backbone VLM leading
to enhanced gains across both generation quality
and clinical accuracy by an average of 10% and
15% respectively.

E Additional Qualitative Examples
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Model Precision ↑ Recall ↑ F1 ↑

LLaVA-Med v1.5 (Li et al., 2023a) 41.2 38.4 40.6

MMedPO (Zhu et al., 2025) 47.2 48.6 49.8
RADAR (Hou et al., 2025) 51.2 52.6 52.4
GRAIL 56.6 57.8 57.2

Figure 8: CheXbert disease classification metrics (F1)
on the IU-Xray dataset. Scores are computed using
the CheXpert label set diseases; higher values indicate
better alignment with individual disease labels.

Model Precision ↑ Recall ↑ F1 ↑

LLaVA-Med v1.5 (Li et al., 2023a) 48.9 51.5 50.2
RADAR (Hou et al., 2025) 64.7 65.0 65.3
MMedPO (Zhu et al., 2025) 57.6 59.3 58.7
GRAIL 64.9 63.5 63.7

Table 11: CheXbert disease classification metrics
on MIMIC-CXR (Johnson et al., 2020). Preci-
sion/Recall/F1 with higher scores indicating better align-
ment with disease labels.

Figure 9: Performance of GRAIL across top-5 disease labels. We evaluate the classwise F-1 scores of GRAIL
across 5 major disease labels: atelectasis, cardiomegaly, consolidation, edema and pleural effusion. We
compare against the baseline Med-VLM and GRAIL Stage-1 and GRAIL respectively. As it can be seen, GRAIL
exhibits superior clinical accuracy scores.

(a) Effect of λlex

λlex
IU-Xray MIMIC-CXR

BLEU↑ F1↑ BLEU↑ F1↑
0.05 26.78 56.8 13.34 63.2
0.10 27.03 57.2 13.52 63.7
0.20 26.91 57.0 13.41 63.3

(b) Effect of λclin

λclin
IU-Xray MIMIC-CXR

BLEU↑ F1↑ BLEU↑ F1↑
0.5 26.52 56.2 13.08 62.7
0.8 27.03 57.2 13.52 63.7
1.0 26.88 57.0 13.39 63.4

(c) Effect of candidate size G

G
IU-Xray MIMIC-CXR

BLEU↑ F1↑ BLEU↑ F1↑
4 26.41 56.6 13.10 62.8
8 27.03 57.2 13.52 63.7

Table 12: Sensitivity analysis for the remaining reward and optimization hyper-parameters. We report BLEU
and CheXbert-F1 on IU-Xray and MIMIC-CXR using LLaVA-Med v1.5 as the backbone. The selected setting,
λlex=0.10, λclin=0.8, and G=8, provides the best overall trade-off while showing stable behavior across nearby
configurations.
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Table 13: We compare the performance of GRAIL against the following baselines: Qwen (Bai et al., 2025), SFT,
naive DPO (Rafailov et al., 2023), GRPO (Shao et al., 2024) on the generation quality (Papineni et al., 2002; Lin,
2004; Denkowski and Lavie, 2011) of reports as well as clinical relevance and accuracy (Smit et al., 2020; Ostmeier
et al., 2024; Zhao et al., 2024). Overall GRAIL achieves the best performance on both benchmarks. The best results
are in bold and the second best in italics.

Generation Quality Clinical Accuracy

Model BLEU ↑ ROUGE-L ↑ METEOR ↑ F1 ↑ GREEN ↑ RaTEScore ↑

IU
-X

ra
y

Qwen2.5-VL 6.20 6.40 3.70 29.5 0.06 0.09

B
as

el
in

es

+ SFT 11.80 9.10 8.60 31.0 0.07 0.11
+ DPO (Rafailov et al., 2023) 12.90 9.90 9.40 32.2 0.08 0.12
+ GRPO (Shao et al., 2024) 15.40 12.80 12.10 34.0 0.10 0.15

GRAIL (w/o Visual Alignment) 23.10 28.10 31.20 48.0 0.25 0.40
GRAIL 24.60 29.40 32.40 50.5 0.28 0.44

M
IM

IC
-C

X
R

Qwen2.5-VL 2.90 8.10 4.50 41.8 0.05 0.07

B
as

el
in

es

+ SFT 8.60 8.60 6.40 43.0 0.06 0.09
+ DPO (Rafailov et al., 2023) 9.10 8.85 6.70 43.5 0.07 0.10
+ GRPO (Shao et al., 2024) 10.30 9.70 7.80 44.6 0.08 0.12

GRAIL (w/o Visual Alignment) 12.10 10.20 8.90 57.0 0.20 0.32
GRAIL 12.60 10.60 9.20 58.5 0.22 0.35
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Figure 10: Report examples (failure modes of baselines and improvements with GRAIL). Case 1 (LLaVA-Med
v1.5 backbone): The base Med-VLM produces a generic “no acute abnormality” style report and misses the subtle
left basilar opacity, occasionally introducing unsupported or overly confident statements. Vanilla GRPO improves
medical phrasing and overall fluency but can remain imprecise in localization (e.g., “bibasilar” wording) In contrast,
GRAIL correctly grounds to the image by localizing the finding (left basilar atelectasis). Case 2 (Qwen2.5-VL
backbone): tends to hallucinate broad pathologies (e.g., edema) and under-identifies abnormalities (left pleural
effusion), reflecting weak image grounding. Vanilla GRPO reduces some generic language but often remains
non-committal (“atelectasis vs consolidation”) and still underestimates effusion severity. GRAIL yields clinically
informed and image-consistent conclusions, while maintaining concise, structured reporting.
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Figure 11: Report examples (failure modes of baselines and improvements with GRAIL). Case 1, Upper Half
(LLaVA-Med v1.5 backbone): The base Med-VLM produces a generic “no acute abnormality” style report and
misses the subtle left basilar opacity, occasionally introducing unsupported or overly confident statements. Vanilla
GRPO improves medical phrasing and overall fluency but can remain imprecise in localization (e.g., “bibasilar”
wording) In contrast, GRAIL correctly grounds to the image by localizing the finding (left basilar atelectasis). Case
2, Lower Half (Qwen2.5-VL backbone): tends to hallucinate broad pathologies (e.g., edema) and under-identifies
abnormalities (left pleural effusion), reflecting weak image grounding. Vanilla GRPO reduces some generic language
but often remains non-committal (“atelectasis vs consolidation”) and still underestimates effusion severity. GRAIL
yields clinically informed and image-consistent conclusions, while maintaining concise, structured reporting.
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