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Abstract001

Recent reinforcement learning (RL) ap-002
proaches have advanced radiology report gen-003
eration (RRG), yet two core limitations per-004
sist: (1) report-level rewards offer limited005
evidence-grounded guidance for clinical faith-006
fulness; and (2) current methods lack an007
explicit self-improving mechanism to align008
with clinical preference. We introduce clini-009
cally aligned Evidence-aware Self-Correcting010
Reinforcement Learning (ESC-RL), compris-011
ing two key components. First, a Group-wise012
Evidence-aware Alignment Reward (GEAR)013
delivers group-wise, evidence-aware feedback.014
GEAR reinforces consistent grounding for true015
positives, recovers missed findings for false016
negatives, and suppresses unsupported content017
for false positives. Second, a Self-correcting018
Preference Learning (SPL) strategy automati-019
cally constructs a reliable, disease-aware prefer-020
ence dataset from multiple noisy observations021
and leverages an LLM to synthesize refined022
reports without human supervision. ESC-RL023
promotes clinically faithful, disease-aligned re-024
ward and supports continual self-improvement025
during training. Extensive experiments on two026
public chest X-ray datasets demonstrate consis-027
tent gains and state-of-the-art performance.028

1 Introduction029

Radiology reports translate medical images into030

clinical knowledge, enabling efficient interpreta-031

tion and decision-making. Yet producing high-032

quality reports demands careful attention to subtle033

visual cues and precise medical terminology, mak-034

ing it time-consuming and cognitively intensive.035

As imaging volumes surge, automated radiology036

report generation offers a promising path to reduce037

radiologists’ workload.038

Current RRG approaches have achieved remark-039

able progress by incorporating knowledge graphs040

(Yin et al., 2025), contrastive learning (Li et al.,041

2024), retrieval augmentation (Zhou et al., 2025b),042

and large language models (LLMs) (Hou et al., 043

2025; Zhang et al., 2025). Recently, Reinforcement 044

learning (RL) has gained traction for its strong 045

empirical performance in gameplay, robotics, au- 046

tonomous systems, and multimodal learning (Kauf- 047

mann et al., 2023; Cheng et al., 2024). Inspired 048

by these advances, RL-based RRG methods have 049

shown promising results, largely due to carefully 050

designed reward functions (Xiao et al., 2024). Prior 051

works (Qin and Song, 2022; Zhou et al., 2024) 052

leverage NLG or clinical efficacy (CE) metrics 053

to align RRG models. However, such rewards 054

provide limited evidence-based guidance. More- 055

over, while clinical reports require preference align- 056

ment, existing Preference-based RL (PbRL) meth- 057

ods (Xiao et al., 2024; Cheng et al., 2024) typically 058

rely on report-level preference datasets and lack 059

a self-improving mechanism to correct unreliable 060

descriptions. To address these gaps, we propose 061

an Evidence-aware Self-Correcting Reinforcement 062

Learning (ESC-RL) framework, which tackles lim- 063

ited evidence guidance and disease-specific self- 064

correction in report generation. 065

To provide effective clinical evidence-based 066

guidance under weak supervision, we introduce 067

a Group-wise Evidence-aware Alignment Reward 068

(GEAR) module. GEAR enhances fine-grained 069

image–report alignment via a group-wise align- 070

ment reward. It first compares disease-status vec- 071

tors from ground-truth and generated reports, parti- 072

tioning predictions into true positives (TPs), false 073

negatives (FNs), and false positives (FPs). Using 074

Disease-grounded Response Maps (DRMs), GEAR 075

imposes group-wise evidence-aware constraints: 076

(1) for TPs, it enforces precise grounding by maxi- 077

mizing IoUs between predicted and ground-truth 078

DRMs; (2) for FNs, it aims to recover missed evi- 079

dence by minimizing differences between the pre- 080

dicted and corresponding ground-truth DRMs; and 081

(3) for FPs, it penalizes unsupported claims by 082

discouraging highly activated DRMs with irrele- 083
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vant regions. These designs yield disease-specific,084

evidence-aware RL rewards that provide clinically085

grounded feedback for policy optimization.086

To further align generated reports with clinical087

preferences, we develop a Self-correcting Prefer-088

ence Learning (SPL) strategy. SPL constructs a089

disease-specific preference dataset from multiple090

candidate report-level observations and uses it to091

train a lightweight predictor with a disease-specific092

description selection mechanism. Specifically, the093

predictor scores each disease-specific description,094

after which the selection mechanism identifies095

and filters unreliable descriptions. The retained096

trustworthy data then guides the re-integration of097

disease-specific observations to produce a more098

accurate, refined report. Our contributions can be099

summarized as follows:100

• We propose a novel ESC-RL framework to101

integrate a Group-wise Evidence-aware Align-102

ment Reward (GEAR) and a Self-correcting103

Preference Learning (SPL) strategy to ad-104

dress limited evidence guidance and disease-105

specific self-correction in RL-based RRG.106

• GEAR aligns disease-specific visual–text107

groundings between predicted and ground-108

truth reports via group-wise constraints, pro-109

viding disease-specific, evidence-aware feed-110

back for policy optimization.111

• SPL identifies and selects reliable disease-112

level descriptions from multiple noisy gener-113

ated observations, enabling accurate disease-114

specific description refinement.115

• Extensive experiments, including compar-116

isons with state-of-the-art RRG methods and117

ablation studies, consistently demonstrate the118

superior performance of our approach.119

2 Related Works120

2.1 Radiology Report Generation121

Radiology report generation (RRG) focuses on gen-122

erating detailed and clinically accurate textual de-123

scriptions from medical images. Recent advance-124

ments in RRG have explored a variety of tech-125

niques aimed at improving the quality, relevance,126

and accuracy of the generated reports. These ap-127

proaches include knowledge graphs (Yin et al.,128

2025), contrastive learning (Li et al., 2024; Liu129

et al., 2025), retrieval-augmented methods (Zhou130

et al., 2025b), memory alignment (Chen et al.,131

2020, 2022), reinforcement learning (Qin and Song, 132

2022), human preference optimization (Xiao et al., 133

2024), and LLM-based methods (Hou et al., 2025; 134

Zhang et al., 2025). Despite recent advances, ra- 135

diology report generation (RRG) remains far from 136

robust clinical deployment due to reliability issues, 137

including omissions and hallucinations of critical 138

findings, and the lack of self-improving mecha- 139

nisms to align with evolving clinical preferences, 140

keeping RRG an active research area. 141

2.2 Reinforcement Learning 142

Reinforcement learning (RL) is a learning 143

paradigm for sequential decision-making, where 144

an agent interacts with the environment and learns 145

a policy to maximize cumulative rewards. RL has 146

achieved strong empirical success across diverse 147

domains such as gaming, robotics, finance, and 148

healthcare (Cheng et al., 2024). Recently, RL has 149

been explored for report generation tasks (Qin and 150

Song, 2022; Zhou et al., 2024; Xiao et al., 2024). 151

For example, (Qin and Song, 2022; Zhou et al., 152

2024) leverages NLG metrics such as BLEU, Rad- 153

CliQ to guide cross-modal alignment between vi- 154

sual and textual features, using these metrics as 155

rewards for the RL process. (Xiao et al., 2024) 156

introduces a multi-dimensional reward framework 157

to align the generated reports with multiple hu- 158

man preferences. Despite this progress, these 159

methods largely depend on report-level reward 160

signals or manually designed multi-objective re- 161

wards, which provide limited evidence-level guid- 162

ance and may be constrained by training-set cov- 163

erage (Xiong et al., 2024). Alternatively, some 164

Preference-based RL (PbRL) approaches (Chen 165

et al., 2024; Xiao et al., 2025) construct report-level 166

preference datasets using strong foundation mod- 167

els and obtain preference labels via LLM-based 168

scoring or metric-based evaluation, eliminating the 169

requirement for manually designed reward func- 170

tions. However, these methods align only at the 171

report level, lacking fine-grained preference align- 172

ment and an explicit self-improvement mechanism. 173

3 Methods 174

3.1 Preliminaries 175

Reinforcement learning (RL) based RRG aims to 176

directly optimize report generation quality by treat- 177

ing the report generator as an agent that interacts 178

with an environment defined by visual evidence 179

and previously generated text. Specifically, the 180
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Figure 1: Overview of the proposed Evidence-aware Self-Correcting Reinforcement Learning (ESC-RL) framework.

model parameters θ defines a policy ψp that deter-181

mines the next action (i.e., the prediction of the182

next word). Given a radiology image I, the prob-183

ability of generating a report R = (y1, . . . , yL) of184

length L is formulated as,185

ψp(R|I) =
L∏
l=1

ψp(yl|y1, ..., yl−1, I), (1)186

where V denotes the vocabulary, yl ∈ V is a token.187

Upon generating the end-of-sequence (EOS) to-188

ken, the environment returns a scalar reward r(R)189

to evaluate the overall quality of the generated re-190

port. RL training optimizes θ by maximizing the ex-191

pected reward under the policy distribution, equiv-192

alently minimizing the negative expected reward,193

LRL(θ) = −ER∼ψp [r(R)]. (2)194

Nevertheless, recent RL-based RRG methods195

(Qin and Song, 2022; Zhou et al., 2024; Chen et al.,196

2024; Xiao et al., 2025) still face three essential197

challenges: (1) the lack of fine-grained, evidence-198

based rewards for clinically faithful report gener-199

ation; (2) the reliance on report-level preference200

construction for sample selection; and (3) the ab-201

sence of an explicit self-correcting mechanism to202

support self-improvement. The proposed ESC-RL203

framework is explicitly designed to overcome these204

limitations. Details are presented in the following.205

3.2 Framework Overview 206

Figure 1 illustrates the overall workflow of our 207

ESC-RL framework. Given a chest X-ray image 208

I ∈ RH×W×3, our goal is to generate a clinically 209

accurate radiology report R = {y1, y2, ..., yL}, 210

where (H,W ) denotes the spatial resolution of 211

the input image. Denote the ground-truth disease- 212

status labels as Y ∗ ∈ {0, 1, 2, 3}K , where K 213

denotes the number of disease categories and 214

{0, 1, 2, 3} correspond to blank, positive, negative, 215

and uncertain status, respectively. The image I 216

is first fed into the policy model ψp to sample N 217

candidate observations {On}Nn=1. Then {On}Nn=1 218

together with the ground-truth report R∗ are pro- 219

cessed by the Self-correcting Preference Learning 220

(SPL) module to obtain a refined report R. 221

To provide clinically-grounded evidence guid- 222

ance, we incorporate a Group-wise Evidence-aware 223

Alignment Reward (GEAR). GEAR compares the 224

disease-status vectors Y and Y ∗ extracted from 225

both the predicted and ground-truth reports using 226

CheXbert, grouping predictions into true-positives 227

(TPs), false-negatives (FNs), and false-positives 228

(FPs). Disease-grounded Response Maps (DRMs) 229

from the predicted and ground-truth reports are 230

then utilized to design group-wise rewards for TPs, 231

FNs and FPs, respectively, aiming to enforce con- 232

sistent DRMs for TP group, promote missed DRMs 233
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recovery for FN group, and suppress hallucinated234

evidence for FP group. The SPL strategy automat-235

ically scores and selects reliable disease-specific236

descriptions from multiple noisy observations to237

generate the final refined report.238

3.3 Group-wise Evidence-aware Alignment239

Reward240

Fine-grained evidence is crucial for clinical diag-241

nosis, as radiologists must localize subtle abnor-242

malities and justify report statements with corre-243

sponding image regions. Without explicit disease-244

evidence level annotations, existing RL-based ap-245

proaches (Qin and Song, 2022; Zhou et al., 2024)246

often rely on coarse report-level rewards, leading to247

missed findings and hallucination. To mitigate this248

issue, we propose a novel GEAR module, as shown249

in Figure 1. GEAR compares Disease-grounded250

Response Maps (DRMs) derived from generated251

and ground-truth reports, and applies group-wise252

alignment reward to enforce region-level consis-253

tency for true-positive diseases, promote recovery254

for false-negative diseases, and suppress unsup-255

ported activations for false-positive diseases.256

Group-wise Disease Partition. Given the re-257

fined report R, we use CheXbert to extract the258

predicted disease-status vector Y ∈ {0, 1, 2, 3}K .259

Then we compare Y and the ground-truth disease-260

status labels Y ∗ to form three meaningful groups:261

true positives (TP), false negatives (FN), and false262

positives (FP). It is worth noting that negative and263

uncertain status are excluded during group partition264

for simplicity. Specifically, TP groupGTP contains265

diseases that are correctly predicted as present in266

both Y and Y ∗:267

GTP = {k, |Y ∗
k = 1, Yk = 1}. (3)268

FN group GFN contains diseases which are269

present in Y ∗ but missed in Y ,270

GFN = {k, |Y ∗
k = 1, Yk = 0}. (4)271

FP group GFP contains diseases that are pre-272

dicted as present in Y but absent in Y ∗,273

GFP = {k, |Y ∗
k = 0, Yk = 1}. (5)274

This decomposition allows GEAR to explicitly re-275

inforce correctly recognized findings (TP), recover276

missed findings (FN) and suppress hallucinated277

findings (FP).278

Disease-grounded Response Maps (DRMs) Gen- 279

eration. Given a CXR image I, we use a 280

frozen vision–language grounding model ψvl pre- 281

trained on large-scale image–report pairs (e.g., 282

MAVL (Phan et al., 2024)) to extract disease- 283

grounded response maps (DRMs). Specifically, 284

we obtain predicted DRMs Mpred conditioned on 285

I and the generated refined report R, and ground- 286

truth DRMs Mgt conditioned on I and the ground- 287

truth report R∗: 288

Mpred = ψvl(I, R) ∈ RH×W×K ,

Mgt = ψvl(I, R
∗) ∈ RH×W×K ,

(6) 289

where K is the number of diseases, and (H,W ) is 290

the spatial resolution of the response map. 291

Evidence-aware Alignment Reward. For group 292

GTP, we enforce spatial consistency between 293

Mpred and Mgt using an IoU-based loss, which 294

promotes consistent spatial coverage between pre- 295

dicted and ground-truth evidence maps, 296

LTP =1− 1

|GTP|
∑

k∈GTP

2
∑

h,w Mpred
h,w,kM

gt
h,w,k + ϵ∑

h,w(M
pred
h,w,k)

2 +
∑

h,w(M
gt
h,w,k)

2 + ϵ
,

(7) 297

where ϵ is a small constant for numerical stability. 298

For group GFN, we encourage the predicted 299

DRMs to match the ground-truth DRMs via an 300

MSE objective, thus penalizing omissions and pro- 301

moting evidence recovery, 302

LFN = − 1

|GFN|
∑

k∈GFN

1

HW

∑
h,w

(Mpred
h,w,k −Mgt

h,w,k)
2.

(8) 303

For group GFP, we suppress unsupported ac- 304

tivations by penalizing the response energy of 305

Mpred, which discourages the model from produc- 306

ing strong visual evidence for hallucinated findings, 307

LFP =
1

|GFP|
∑

k∈GFP

1

HW

∑
h,w

(Mpred
h,w,k)

2. (9) 308

The overall group-wise alignment reward LR 309

combines rewards from the three groups as, 310

LR = LTP + LFN + LFP. (10) 311

3.4 Self-correcting Preference Learning 312

The Self-correcting Preference Learning (SPL) 313

strategy is designed to enable self-improvement 314
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Figure 2: Illustration of the Self-correcting Preference
Learning (SPL) module.

to better align with clinical preference. SPL con-315

structs a disease-aware preference dataset from316

multiple noisy observations without human super-317

vision, and automatically learns a predictor and318

selector to identify and filter unreliable disease de-319

scriptions. The overall workflow of SPL is illus-320

trated in Figure 2.321

Disease-aware Preference Dataset Construction.322

Given N candidate observations {On}Nn=1 gen-323

erated by the policy model ψp, we first apply324

CheXbert to extract a disease-status vector for325

each observation. We also extract the ground-truth326

disease-status vector from the target report. To327

facilitate preference learning at the disease level,328

we convert the disease-status vector into clinically329

meaningful natural-language disease descriptions.330

Specifically, for the n-th observation, we obtain331

On = {Okn}Kk=1, and for the ground-truth report332

we obtain R∗ = {R∗k}Kk=1, where Okn and R∗k333

denote the textual descriptions associated with the334

k-th disease. We then construct disease-specific335

pairwise preference dataset in two steps:336

(1) Dataset Construction. For the k-th dis-337

ease category in observation On, we form a pair338

(Okn, R
∗k), and finally result in a set of disease-wise339

pairs {(Okn, R∗k)}N,Kn=1,k=1;340

(2) Quality Scoring. For each pair (Okn, R
∗k), 341

we assign a two-dimensional preference label õkn ∈ 342

{(1, 0), (0, 1), (0.5, 0.5)} according to the relation- 343

ship between Okn and R∗k. Specifically, (1, 0) in- 344

dicates that Okn is consistent with R∗k for disease 345

k, (0, 1) indicates that R∗k is inconsistent with Okn 346

for disease k, and (0.5, 0.5) denotes an indistin- 347

guishable case where Okn cannot be reliably judged 348

as correct or incorrect with respect to R∗k. In our 349

method, the preference is determined with R∗k as 350

the reference according to LLMs. Each disease 351

description is then stored as a triplet (Okn, R
∗k, õkn) 352

in the disease-aware preference dataset D, which is 353

subsequently used to train the predictor model ϕ. 354

Preference Learning. The continual policy up- 355

dates in RL induce a non-stationary sampling dis- 356

tribution, leading to noisy and unstable weak pref- 357

erence labels. Inspired by (Cheng et al., 2024), 358

we use a dual-threshold sample selector to filter 359

and preserve reliable samples. Concretely, for each 360

disease-aware preference pair (Okn, R
∗k), we use 361

the preference predictor ϕ to produce a categori- 362

cal distribution ϕ(Okn, R
∗k). We measure the reli- 363

ability of the pair by the divergence between the 364

target distribution and the predicted distribution: 365

DKL(õ
k
n|ϕ(Okn, R∗k)). Intuitively, pairs with large 366

divergence are likely to be mislabeled or inconsis- 367

tent and are therefore removed. Following (Cheng 368

et al., 2024), we select a trustworthy subset Df 369

from the original preference dataset D via the lower 370

bound τlower and upper bound τupper as follows, 371

Df =
{
(Ok

n, R
∗k, õkn)

∣∣∣
τlower < DKL

(
õkn ∥ ϕ(Ok

n, R
∗k)

)
< τupper

}
,

(11) 372

where ϕ(Okn, R
∗k) denote the predictor’s output 373

distribution and õkn is the corresponding target dis- 374

tribution. τupper is a time-varying threshold. 375

The predictor is optimized with a standard cross- 376

entropy objective, 377

LP = E(Ok
n,R∗k,õkn)∼D

[
CE

(
ϕ(Ok

n, R
∗k), õkn

)]
. (12) 378

The filtered set Df is subsequently used to guide 379

observation selection and report re-integration. 380

LLM-guided Self-correcting. Considering the 381

excellent text generation and structured reasoning 382

capabilities of large language models (LLMs), we 383

employ LLM as a report re-integration component 384

to consolidate multiple candidate observations into 385

a refined report. Given the candidate observations 386
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{On}Nn=1 and the trustworthy observation data Df ,387

we construct a structured prompt It that consists of:388

(i) a system prompt (ii) an instruction that enforces389

consistency with Df and the candidate observa-390

tions {On}Nn=1. The prompt It is then fed into the391

LLM, which removes sentences that violate Df ,392

retains clinically supported descriptions, and inte-393

grates the remaining information into a coherent394

refined report R.395

3.5 Training and Inference396

The overall objective is formulated as,397

L = Ltask + γLR + LP, (13)398

where γ is a hyperparameter and set to 0.5 by de-399

fault, and Ltask is the loss of policy model.400

During inference, given an input image I, we401

first sample multiple candidate reports via the pol-402

icy model ψp. The SPL module then filters unreli-403

able disease-specific predictions. Finally, using the404

retained trustworthy signals and candidate observa-405

tions, the LLM prompted with a tailored instruction,406

produces the final refined report.407

4 Experiments408

In this section, we demonstrate the effectiveness409

of our framework through comprehensive compar-410

isons. Owing to space constraints, we present fur-411

ther visualization results and ablation experiments412

in the Appendix.413

4.1 Datasets and Experiment Setting414

Datasets. We evaluate on two public datasets:415

MIMIC-CXR and IU-Xray. MIMIC-CXR (John-416

son et al., 2019) contains 337,110 chest X-ray im-417

ages and 227,835 corresponding reports. We fol-418

low the standard train/val/test splits from (Chen419

et al., 2020, 2022). IU-Xray (Dina et al., 2015) con-420

tains 7,470 chest X-ray images paired with 3,955421

reports, and each report corresponds to either a422

single frontal view or a frontal-lateral view pair.423

We use the same data partition protocol as (Chen424

et al., 2020, 2022) for a fair comparison. Due to the425

scarcity of positives for certain diseases in the IU-426

Xray test set, we follow (Jin et al., 2024; Zhou et al.,427

2025b) to evaluate the model trained on MIMIC-428

CXR directly on the full IU-Xray dataset.429

Evaluation Metrics. We report both lexical and430

radiology-specific metrics. For lexical evaluation,431

we report BLEU1, BLEU4 (Papineni et al., 2002),432

ROUGE-L (Lin, 2004), and BERTScore (Zhang433

et al., 2020) to measure textual similarity and over- 434

all language quality. For radiology-specific evalu- 435

ation, we adopt RadCliQ (Yu et al., 2022), Rad- 436

GraphF1 (Jain et al., 2021), CheXbertF1 (Smit 437

et al., 2020), and GREEN (Ostmeier et al., 2024). 438

For all metrics except RadCliQ, higher scores in- 439

dicate better performance. We also assess disease- 440

level clinical efficacy (CE) via precision, recall, and 441

F1, using CheXbert to map reports to 14 disease 442

labels. 443

Implementation Details. We employ pre-trained 444

REVTAF (Zhou et al., 2025b) as the policy model 445

and frozen MAVL (Phan et al., 2024) for extract- 446

ing Disease-grounded Response Maps from 224- 447

resized images. We use GPT-5 as the integration 448

LLM and preference determination. The number 449

of candidate observations N is set to 4. Filter- 450

ing thresholds are set to τlower = 3 ln (10) with a 451

decay rate 1
30 , and a time-varying adaptive τupper 452

following (Cheng et al., 2024). We optimize with 453

AdamW (weight decay 0.05), an initial learning 454

rate of 5e− 5, and a cosine learning rate schedule. 455

We train for 6 epochs with a batch size of 18. All 456

experiments are conducted on an NVIDIA A800 457

GPU (80GB) for about 20 hours using Python 3.10, 458

PyTorch 2.4.0, and Ubuntu 22.04. 459

4.2 Comparison with State-of-the-Arts 460

Quantitative Results. We compare ESC-RL 461

with representative RRG methods, including the 462

traditional methods R2Gen (Chen et al., 2020), 463

R2GenCMN (Chen et al., 2022), RGRG (Tanida 464

et al., 2023), MiniGPT-Med (Alkhaldi et al., 2024), 465

PromptMRG (Jin et al., 2024), MedVersa (Zhou 466

et al., 2025a), REVTAF (Zhou et al., 2025b), as 467

well as RL-based approaches R2GenRL (Qin and 468

Song, 2022), CheXagent (Chen et al., 2024), MPO 469

(Xiao et al., 2024), OISA (Xiao et al., 2025). De- 470

tailed results on MIMIC-CXR and IU-Xray are 471

reported in Tables 1,2, and 3. On MIMIC-CXR 472

dataset, as shown in Table 1, our method achieves 473

SOTA performance on both lexical and radiology- 474

specific metrics, consistently exceeding the second- 475

best method. Concretely, our method obtains the 476

absolute gains of 2.2%, 1.7%, 1.6%, 1.1%, 6%, 477

1.5%, 0.6%, and 1.3% over runner-up across the 478

evaluated metrics. On the IU-Xray dataset, we fol- 479

low (Jin et al., 2024; Zhou et al., 2025b) to directly 480

evaluate the full dataset using the model pretrained 481

on MIMIC-CXR dataset. As illustrated in Table 2, 482

our method delivers the best overall performance 483
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Model Year Lexical Metrics Radiology Metrics
BLEU-1 ↑ BLEU-4 ↑ ROUGE ↑ BERTScore ↑ RadCliQ ↓ RadGraphF1 ↑ ChexbertF1 ↑ GREEN ↑

R2Gen ACL 2020 0.353 0.103 0.277 0.886 2.89 0.195 0.276 0.306
R2GenCMN ACL 2021 0.353 0.106 0.278 0.867 2.87 0.199 0.278 0.308
RGRG CVPR 2023 0.373 0.126 0.264 0.873 2.85 0.221 0.284 0.313
MiniGPT-Med - 0.191 0.012 - 0.636 2.95 0.164 0.172 0.211
PromptMRG AAAI 2024 0.398 0.112 0.268 0.857 2.77 0.227 0.476 0.289
MedVersa - 0.280 0.090 - 0.711 2.45 0.289 0.471 0.381
REVTAF ICCV 2025 0.465 0.182 0.336 0.887 2.48 0.279 0.514 0.344
R2GenRL ACL 2022 0.381 0.109 0.287 0.871 2.83 0.214 0.292 0.315
CheXagent AAAI 2024 0.172 0.021 - 0.669 2.88 0.19 0.265 0.268
MPO AAAI 2025 0.416 0.139 0.309 0.878 2.63 0.257 0.353 0.324
OISA ACL 2025 0.428 0.129 - 0.885 2.54 0.273 0.516 0.341
ESC-RL (Ours) - 0.487 0.199 0.352 0.898 2.39 0.304 0.522 0.394

Table 1: Comparison with existing RRG methods on the MIMIC-CXR dataset. The best and second-best results are
highlighted in bold and blue, respectively. ‘-’ indicates not reported.

Model Year Lexical Metrics Radiology Metrics
BLEU-1 ↑ BLEU-4 ↑ ROUGE ↑ BERTScore ↑ RadCliQ ↓ RadGraphF1 ↑ CheXbertF1 ↑ GREEN ↑

R2Gen ACL 2020 0.289 0.052 0.243 0.861 2.79 0.187 0.154 0.482
R2GenCMN ACL 2021 0.289 0.055 0.246 0.864 2.78 0.190 0.157 0.483
RGRG CVPR 2023 0.266 0.063 0.180 0.867 2.71 0.189 0.155 0.481
PromptMRG AAAI 2024 0.401 0.098 0.281 0.871 2.60 0.274 0.211 0.457
MedVersa - 0.247 0.047 - 0.884 2.71 0.209 0.217 0.516
REVTAF ICCV2025 0.420 0.107 0.309 0.886 2.54 0.287 0.223 0.522
R2GenRL ACL 2021 0.290 0.054 0.248 0.865 2.78 0.192 0.157 0.487
CheXagent AAAI 2024 0.191 0.036 - 0.876 2.81 0.184 0.097 0.407
ESC-RL (Ours) - 0.439 0.118 0.323 0.890 2.48 0.307 0.231 0.537

Table 2: Comparison with existing RRG methods on the IU-Xray dataset. The best and second-best results are
highlighted in bold and blue, respectively. ‘-’ indicates not reported.

across all lexical and radiology-specific metrics,484

outperforming the second-best method REVTAF485

by 1.9%, 1.1%, 1.4%, 0.4%, 6%, 2.0%, 0.8%, and486

1.5%, respectively. For CE metrics, as shown in487

Table 3, our ESC-RL consistently surpasses the488

second-best method REVTAF. Specifically, on the489

MIMIC-CXR dataset, it achieves gains of by 0.4%,490

1.2%, and 1.6% in Precision, Recall, and F1, respec-491

tively. On the IU-Xray dataset, the corresponding492

improvements are 1.3%, 2.9%, and 2.2%. Overall,493

ESC-RL consistently outperforms the second-best494

method across all reported metrics on both datasets.495

Model MIMIC-CXR IU-Xray
Precision Recall F1 Precision Recall F1

R2Gen 0.333 0.273 0.276 0.151 0.145 0.145
R2GenCMN 0.334 0.275 0.278 0.154 0.147 0.147
RGRG 0.461 0.475 0.447 0.183 0.187 0.180
PromptMRG 0.501 0.509 0.476 0.213 0.229 0.211
REVTAF 0.628 0.613 0.592 0.286 0.282 0.273
R2GenRL 0.334 0.275 0.278 0.153 0.150 0.151
MPO 0.436 0.376 0.353 - - -
ESC-RL (Ours) 0.632 0.625 0.608 0.299 0.311 0.295

Table 3: Clinical Efficacy (CE) comparison of 14 dis-
eases on the MIMIC-CXR and IU-Xray datasets. Best
values are highlighted in bold and second-best in blue.

Qualitative Results. Figure 3 presents two quali-496

tative examples highlighting the superiority of ESC-497

RL over SOTA methods. As observed, ESC-RL498

recovers key report content, accurately identifying499

support devices and major findings such as cardio- 500

mediastinal contours, cardiomegaly, and atelectasis. 501

Moreover, ESC-RL captures fine-grained, location- 502

specific abnormalities, e.g., left retrocardiac atelec- 503

tasis and confluent opacity in the right infrahilar 504

region. For ambiguous signs such as a ‘hazy right 505

lung opacity’, ESC-RL offers clinically plausible 506

differentials: ‘aspiration, pleural effusion, or hem- 507

orrhage’, consistent with the ground-truth. In con- 508

trast, R2GenRL, PromptMRG, and REVTAF often 509

yield factual errors, incomplete descriptions, and 510

insufficient interpretations. Overall, ESC-RL bet- 511

ter suppresses hallucinated content and generates 512

more accurate clinical findings, further validating 513

the effectiveness of the proposed framework. 514

4.3 Ablation Study 515

We validate the effectiveness of each component 516

in our model on the MIMIC-CXR test set, as 517

shown in Table 4. As observed, introducing the 518

RL framework, GEAR module, or SPL consis- 519

tently improves performance over the baseline. 520

RL alone improves GREEN by 0.5%, indicating 521

that report-level rewards effectively enhance cross- 522

modal alignment. GEAR alone boosts GREEN 523

by 1.4%, supporting the benefit of evidence-aware 524

reward shaping for clinically aligned grounding. 525

SPL alone yields a 1.2% gain in GREEN, demon- 526
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Figure 3: Qualitative comparison of reports generated by R2GenRL, PromptMRG, REVTAF, and our method.
Sentences are color-coded to indicate their corresponding descriptions. Incorrect statements are marked with ×, and
unmarked sentences denote descriptions not mentioned in the ground-truth report.

Setting RL GEAR SPL Lexical Metrics Radiology Metrics
BLEU-1 ↑ BLEU-4 ↑ ROUGE ↑ BERTScore ↑ RadCliQ ↓ RadGraphF1 ↑ CheXbertF1 ↑ GREEN ↑

Baseline 0.465 0.182 0.336 0.887 2.48 0.279 0.514 0.344
(a) ✓ 0.472 0.187 0.335 0.889 2.45 0.282 0.517 0.349
(b) ✓ 0.471 0.191 0.334 0.891 2.42 0.285 0.518 0.358
(c) ✓ 0.475 0.190 0.339 0.892 2.40 0.288 0.517 0.356
(d) ✓ ✓ 0.481 0.194 0.345 0.890 2.40 0.289 0.517 0.359
(e) ✓ ✓ 0.483 0.195 0.344 0.892 2.40 0.297 0.519 0.364
(f) ✓ ✓ 0.485 0.197 0.347 0.895 2.39 0.299 0.520 0.387
(g) ✓ ✓ ✓ 0.487 0.199 0.352 0.898 2.39 0.304 0.522 0.394

Table 4: Effectiveness analysis of each component on MIMIC-CXR test set.

Figure 4: An example of re-integrating multiple obser-
vations into a refined report. Sentences are color-coded
to indicate their corresponding descriptions. Incor-
rect statements are highlighted with ×, and unmarked
sentences denote content that is not mentioned in the
ground-truth report.

strating the effectiveness of self-correcting pref-527

erence learning. Moreover, based on RL, intro-528

ducing either GEAR or SPL yields complemen-529

tary gains beyond report-level rewards. Ultimately,530

integrating all proposed components, our model531

achieves consistent gains across all metrics, im-532

proving BLEU-1, RadGraphF1, and GREEN by533

2.2%, 2.5%, and 5.0%, respectively. These results534

highlight indispensable role of these modules in535

achieving stronger evidence-based clinical align-536

ment and accurate report generation.537

Figure 4 illustrates a representative case where538

SPL re-integrates multiple intermediate observa-539

tions into a refined report. As shown, observations540

1–4 still contain several factual inaccuracies. After 541

applying SPL, these errors are largely corrected, 542

producing a refined report that better matches the 543

ground-truth in both factual consistency and con- 544

tent coverage. This further validates the effective- 545

ness of the proposed SPL strategy. 546

5 Conclusion 547

We propose a novel clinically aligned Evidence- 548

aware Self-Correcting Reinforcement Learning 549

(ESC-RL) framework for RRG. ESC-RL intro- 550

duces a Group-wise Evidence-aware Alignment Re- 551

ward (GEAR) module that compares disease-status 552

vectors from ground-truth and generated reports, 553

and groups findings into TPs, FNs, and FPs. Us- 554

ing DRMs, GAER enforces consistent grounding 555

for TPs, encourages recovery of missed evidence 556

for FNs, and suppresses hallucinated evidence for 557

FPs. Additionally, ESC-RL incorporates a Self- 558

correcting Preference Learning (SPL) strategy that 559

constructs a disease-aware preference dataset and 560

uses it to train a lightweight predictor with disease- 561

specific description selection mechanism. SPL fil- 562

ters unreliable disease descriptions and leverages 563

the retained trustworthy data to guide the observa- 564

tions re-integration. Extensive experiments on two 565

public chest X-ray datasets demonstrate consistent 566

gains and state-of-the-art performance. 567
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6 Limitations568

Our experiment mainly focus on chest X-ray569

datasets, since they provide large-scale paired im-570

ages and high-quality reports. Therefore, the gen-571

eralization of ESC-RL to other modalities (e.g.,572

CT/MRI) or anatomical regions remains to be val-573

idated. In addition, our framework relies on pre-574

trained model to extract disease label and response575

maps which may introduces additional computa-576

tional overhead. Future work will extend ESC-RL577

toward a more modality-agnostic and unified RL578

framework across diverse imaging settings.579

7 Ethical Considerations580

Our study uses real-world patient data from the581

MIMIC-CXR and IU-Xray datasets. These datasets582

are de-identified and released under controlled ac-583

cess for research purposes. Therefore, the risk of584

privacy leakage is minimal. We follow the cor-585

responding data use agreements and use the data586

solely for developing and evaluating automated587

RRG models.588
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A Appendix 760

A.1 Supplementary Ablation Studies 761

Influence of the Different Reward Weight γ. We 762

analyze the effect of the reward weight γ in Fig- 763

ure 5 (a). The results demonstrate that our model 764

achieves the best performance when γ = 0.5. In 765

contrast, both overly large and overly small val- 766

ues lead to degraded outcomes. Intuitively, a large 767

γ overemphasizes the evidence-aware alignment 768

reward, which can dominate the optimization sig- 769

nal and destabilize training. Conversely, a small γ 770

weakens the contribution of evidence-based align- 771

ment, providing insufficient guidance for clinically 772

faithful grounding. Overall, a moderate γ achieves 773

the most favorable performance, effectively balanc- 774

ing alignment supervision and report generation 775

accuracy. 776

Evaluation of Different LLMs for Report Re- 777

integration. To assess the impact of different GPT- 778

series LLMs on report re-integration, we conduct 779

an in-depth analysis in Figure 5 (b). We evalu- 780

ate several mainstream models, including GPT-4o- 781
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Model Lexical Metrics Radiology Metrics
BLEU-1 ↑ BLEU-4 ↑ ROUGE ↑ BERTScore ↑ RadCliQ ↓ RadGraphF1 ↑ CheXbertF1 ↑ GREEN ↑

Baseline 0.465 0.182 0.336 0.887 2.48 0.279 0.514 0.344
MedKLIP 0.485 0.199 0.349 0.897 2.39 0.301 0.521 0.392
MAVL 0.487 0.199 0.352 0.898 2.39 0.304 0.522 0.394

Table 5: Influence of Different Vision–Language Grounding Models for ESC-RL on the MIMIC-CXR test set. The
best results are highlighted in bold.

Figure 5: Ablation study. (a) The influence of the dif-
ferent reward weight γ. (b) The influence of different
LLMs for report re-integration.

mini, GPT-4o, GPT-4.1-mini, GPT-4.1, and GPT-782

5. The results indicate that our framework con-783

sistently yields stable performance improvements784

across all LLMs,demonstrating the robustness of785

the proposed re-integration strategy. Among the786

evaluated models, GPT-5 achieves the best overall787

performance, slightly surpassing the second-best788

GPT-4.1 by absolute gains of 0.2%, 0.2%, and 0.1%789

in Precision, Recall, and F1, respectively. This790

advantage is consistent with the expectation that791

stronger LLMs exhibit better reasoning and infor-792

mation aggregation capabilities, leading to more793

accurate refinement. Therefore, we adopt GPT-5 as794

the default re-integration model of disease-specific795

observations in our framework.796

Influence of Different Vision-Language797

Grounding Models. To investigate the influence798

of the vision–language grounding model on799

our framework, we conduct an ablation study800

by replacing MAVL (Phan et al., 2024) with801

MedKLIP (Wu et al., 2023), as reported in Table802

5. The results show that ESC-RL consistently803

improves over the baseline under both grounding804

models, demonstrating its ability to effectively805

exploit grounding signals for performance gains.806

Moreover, the stronger grounding model (MAVL)807

achieves slightly better results than MedKLIP,808

suggesting that more accurate vision-language809

alignment provides higher-quality supervision810

for evidence-aware optimization. Importantly,811

ESC-RL remains superior to SOTA methods812

regardless of the grounding model employed,813

indicating that our framework is not tied to a 814

specific grounding backbone and generalizes 815

well across different vision–language grounding 816

models. 817

A.2 Prompt Design for Observation 818

Re-integration 819

We provide the prompt template used in the ESC- 820

RL framework to re-integrate multiple clinical ob- 821

servations into a refined radiology report. The 822

prompt guides LLMs to filter noisy or unreliable 823

descriptions based on trustworthy disease labels, re- 824

tain only evidence-consistent findings, and correct 825

factual inconsistencies without introducing new in- 826

formation. By explicitly constraining the output to 827

trusted disease evidence, the prompt facilitates self- 828

correcting report refinement and improves clinical 829

consistency. 830
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Figure 6: The prompt template used for re-integrating multiple observations into a refined report within the ESC-RL
framework using LLMs.
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