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Abstract

Automated radiology report generation holds
immense potential to alleviate the heavy work-
load of radiologists. Despite the formidable
vision-language capabilities of recent Multi-
modal Large Language Models (MLLMs), their
clinical deployment is severely constrained by
inherent limitations: their "black-box" decision-
making renders the generated reports untrace-
able due to the lack of explicit visual ev-
idence to support the diagnosis, and they
struggle to access external domain knowledge.
To address these challenges, we propose the
Evidence-driven Radiology Report Generation
Agent (EviAgent). Unlike opaque end-to-end
paradigms, EviAgent coordinates a transparent
reasoning trajectory by breaking down the com-
plex generation process into granular opera-
tional units. We integrate multi-dimensional vi-
sual experts and retrieval mechanisms as exter-
nal support modules, endowing the system with
explicit visual evidence and high-quality clini-
cal priors. Extensive experiments on MIMIC-
CXR, CheXpert Plus, and IU-Xray datasets
demonstrate that EviAgent outperforms both
large-scale generalist models and specialized
medical models, providing a robust and trust-
worthy solution for automated radiology report
generation.

1 Introduction

Radiology reports play a crucial role in the medical
diagnosis and treatment process. However, inter-
preting radiology images is highly time-consuming
and dependent on expert experience, which has cat-
alyzed research into automated radiology report
generation. Early approaches based on Encoder-
Decoder architectures (Chen et al., 2020; Endo
et al., 2021; Tanida et al., 2023) made initial strides
but were fundamentally limited by their reliance
on statistical image-text correlations rather than
region-specific visual evidence. Consequently, de-
spite achieving high natural language generation

metrics, these methods often suffer from severe fac-
tual errors in their generated clinical descriptions
(Tanida et al., 2023).

Recent advancements have been primarily pro-
pelled by Multimodal Large Language Models
(MLLMSs). Generalist models (OpenAl, 2025b;
Google DeepMind, 2025; Anthropic, 2025b) have
demonstrated formidable vision-language capabil-
ities. Meanwhile, specialized open-source mod-
els like MedGemma (Sellergren et al., 2025) and
Lingshu (Xu et al., 2025) have achieved perfor-
mance comparable to generalist models with signif-
icantly fewer parameters (<10B) via high-quality
biomedical instruction tuning. However, these end-
to-end paradigms suffer from inherent limitations:
First, they rely primarily on internal parametric rea-
soning, lacking the capability to acquire external
knowledge; Second, their decision-making process
is a "black box", rendering the generated reports un-
traceable due to the lack of explicit visual evidence
to support the diagnosis. These issues severely
constrain the performance of MLLMs in radiol-
ogy report generation and hinder their potential for
clinical deployment.

The emergence of agents in the medical do-
main (Kim et al., 2024; Fallahpour et al., 2025)
has demonstrated that tool integration is an effec-
tive pathway to elevate model performance bound-
aries. However, most existing medical agents rely
on close-source large models via cloud-based APIs
as core planners. This data exfiltration paradigm
inevitably raises severe concerns regarding medical
data privacy and compliance.

To overcome these challenges, we propose
the Evidence-driven Radiology Report Generation
Agent (EviAgent) without additional training. We
prioritize data privacy by building a fully local sys-
tem where the core planner utilizes the open-source
Qwen3-VL-8B (Bai et al., 2025a) model and all
integrated tools run entirely on-premise. Further-
more, by utilizing vLLM (Kwon et al., 2023), a



high-throughput and memory-efficient inference
engine, our framework ensures strict privacy com-
pliance and faster inference speeds, making the
system both secure and efficient for clinical deploy-
ment.

We equip the planner with specialized local ex-
perts. We integrate discriminative perception tools
to address the visual black box by explicitly local-
izing pathologies, ensuring diagnostic claims are
physically anchored in the image. Furthermore,
we incorporate a retrieval mechanism that func-
tions analogously to a clinician’s accumulated ex-
perience, enabling the system to acquire external
knowledge beyond its internal parameters.

Our main contributions are as follows.

* We construct a dynamic multi-expert collabo-
ration framework, breaking down the complex
report generation process into a sequence of
granular operational units. This design es-
tablishes a traceable decision trajectory that
explicitly maps diagnostic findings back to
their supporting visual evidence, thereby sig-
nificantly enhancing the reliability of the final
reports.

* We integrate multi-dimensional visual expert
models and knowledge bases as external sup-
port modules for evidence acquisition. This
mechanism effectively overcomes the inher-
ent limitation of MLLMs in retrieving exter-
nal domain knowledge, endowing the system
with explicit visual evidence and high-quality
priors.

* We conduct extensive experiments on the
MIMIC-CXR (Johnson et al., 2019), CheX-
pert Plus (Chambon et al., 2024), and [U-Xray
(Demner-Fushman et al., 2015) datasets. The
metrics demonstrate that our method outper-
forms both large-scale generalist models and
specialized medical models, providing a ro-
bust and trustworthy solution for automated
radiology report generation.

2 Related Work

Current advancements in automated radiology re-
port generation are primarily categorized into two
paradigms. The first involves Multimodal Large
Language Models (MLLMs), which address ra-
diological tasks via end-to-end foundation mod-
els. The second comprises medical agent systems,
which enhance performance by either coordinating

collaborative sub-agents or orchestrating special-
ized tools.

2.1 MLLMs in Radiology

Radiological image analysis encompasses a wide
variety of clinical tasks, ranging from anatomi-
cal segmentation and lesion detection to Visual
Question Answering (VQA) and report genera-
tion (Hosny et al., 2018; Najjar, 2023). Recently,
MLLMs have demonstrated significant potential in
addressing these diverse challenges. Early works
such as LLaVA-Med (Li et al., 2023) and Med-
Flamingo (Moor et al., 2023) explored aligning
visual encoders with large language models to in-
terpret radiological scans. More recently, advanced
models like HuatuoGPT-V (Chen et al., 2024a),
Lingshu (Xu et al., 2025), and MedGemma (Seller-
gren et al., 2025) have further enhanced comprehen-
sive performance across these visual understanding
tasks through training on large-scale multimodal
data. In parallel, specialized models (Chen et al.,
2024c; Bannur et al., 2024; Zambrano Chaves et al.,
2025) have been developed specifically for report
generation, which are explicitly trained on domain-
specific image-report datasets to focus exclusively
on this task. However, a critical limitation of these
models is their inability to access external knowl-
edge.

2.2 Medical Agents

Medical agent systems have emerged to surmount
the rigidity of monolithic models by orchestrating
specialized components. Contemporary research
bifurcates into two streams. The first prioritizes
collaborative reasoning, where frameworks like
MedAgents (Wang et al., 2025) and MDAgents
(Kim et al., 2024) simulate medical consultations
through role-playing and iterative debates to mit-
igate bias. The second stream focuses on multi-
modal tool integration. Systems such as MMedA-
gent (Li et al., 2024) and MedAgent-Pro (Wang
et al., 2025) employ central planners to dispatch
specialized tools, addressing various medical tasks.

By leveraging collaboration or tool integration,
these paradigms have pushed performance bound-
aries beyond MLLMs. However, they suffer from a
persistent deficiency: a weak or absent connection
between diagnostic conclusions and supporting vi-
sual evidence (Lou et al., 2025). Meanwhile, they
are not specifically designed for radiology report
generation. Consequently, an evidence-driven radi-
ology report generation agent that grounds diagno-
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Figure 1: Overview of the EviAgent. The agent operates via four sequential stages: (A) Planning, which decomposes
the task into granular operational units; (B) Tool Use, which dynamically invokes tools using the ReAct loop;
(C) Evidence Extraction, which consolidates discrete observations into traceable proofs; and (D) Output, which
synthesizes the final report strictly based on the accumulated evidence.

sis in explicit visual findings is urgently needed.

3 The EviAgent

We present EviAgent, an Evidence-driven Radiol-
ogy Report Generation Agent. As illustrated in
Figure 1, the agent coordinates the generation pro-
cess through a structured agentic framework.

3.1 The Evidence-based Framework

The core of EviAgent is a progressive reasoning
framework that transforms the "black-box" genera-
tion process into an evidence-based trajectory. The
detailed inference process is formally described in
Algorithm 1 (see Appendix A). Unlike end-to-end
models that map pixels directly to text, our sys-
tem coordinates the diagnosis through a structured
"Plan-Act-Report" paradigm, where each diagnos-
tic conclusion is rigorously derived from accumu-
lated evidence.

Planning and Decomposition. Upon receiving
a radiology image I and a diagnostic instruction
@, the Planner Py s initiates the workflow by an-
alyzing the global context. Instead of attempting
to generate the report immediately, the model for-
mulates a structured execution plan. The complex
diagnostic goal is decomposed into a sequence of
granular operational units (e.g., “Detect lesions in
the image” and “Localize diseases output by the
classifier”). This explicit planning phase serves as a
roadmap, ensuring that subsequent tool invocations
are goal-oriented rather than random explorations.

Tool-Augmented ReAct Loop. Guided by the

initial execution plan, the agent enters a ReAct
(Yao et al., 2022) loop. It is important to note that
the plan generated in Planning stage is inherently
coarse-grained. It merely defines the high-level
diagnostic scope but implies no knowledge of con-
crete pathological findings until the tools are actu-
ally executed. Therefore, this stage functions as a
process of dynamic refinement. At each time step
t, the Planner generates a thought trace based on
the current state and dynamically selects the appro-
priate tool from the toolbox 7 to substantiate the
preliminary plan with fine-grained evidence.

During execution, the agent parses the thought
trace to determine the next action and its argu-
ments. The selected tool is then executed, returning
a structured result—such as a specific classification
result or bounding box coordinates—which is im-
mediately appended to the Evidence Memory M.
This continuous feedback loop empowers the agent
with self-correction and investigative depth. For in-
stance, if the initial screening tool detects atelecta-
sis, the agent does not merely stop; instead, it spon-
taneously adapts its trajectory to trigger follow-up
actions like “localize the atelectasis” thereby mim-
icking the iterative investigative process of a human
radiologist.

Evidence Extraction. To ensure the integrity of
the final report, the agent performs extraction, anal-
ysis, and integration of the accumulated tool out-
puts stored in Memory M. This stage specifically
targets valid execution results, including classifi-
cation probabilities, localized visual features, and



retrieved expert knowledge, extracting them from
the verbose interaction history. By filtering out pro-
cedural artifacts and consolidating these findings,
the system constructs a structured evidence chain
£. This chain functions as a purified set of clinical
facts for the subsequent generation.

Output. Finally, the agent generates the final
radiology report R by strictly conditioning on the
extracted evidence £. By grounding the generation
in these verifiable facts rather than purely paramet-
ric knowledge, EviAgent ensures that the output is
not only linguistically coherent but also clinically
accurate and evidence-based.

3.2 Experts & Knowledge Integration

To support the tool-augmented ReAct loop, we
construct a comprehensive toolbox tailored for
radiological reasoning. By integrating a multi-
dimensional set of specialized experts, we em-
power the Planner with professional visual per-
ception and external domain knowledge. These
experts are categorized into three distinct levels:
Perception, Knowledge, and Customization.

3.2.1 Discriminative Perception Experts

This module functions as the visual perception
unit, providing precise visual interpretation capa-
bilities ranging from global screening to pixel-level
grounding.

Classification tool. For initial disease screening,
we employ a Swin-Transformer (Bu et al., 2024)
trained on MIMIC-CXR (Johnson et al., 2019) as
the core classifier. This model takes the raw chest
X-ray image as input and performs multi-label
classification to output a specific list of detected
pathologies (e.g., "Pneumonia”, "Cardiomegaly").
These classification results serve as the pivotal di-
agnostic anchors; the planner subsequently centers
its entire reasoning trajectory, including localiza-
tion and knowledge retrieval, specifically around
these identified diseases.

Localization tools. To enable spatial localiza-
tion and detailed anatomical analysis, we integrate
three specialized models for fine-grained percep-
tion:

* Posture Recognition: Correctly identifying
the projection view is a prerequisite for diag-
nosis. We employ CheXagent (Chen et al.,
2024c) for posture recognition.

* Visual Grounding: We utilize MAIRA-2 (Ban-
nur et al., 2024) to handle grounding tasks.

Given a specific disease query, it outputs pre-
cise bounding boxes (bbox), allowing the
agent to spatially verify diagnoses.

* Anatomical Segmentation: For pixel-level pre-
cision, we incorporate MedSAM (Ma et al.,
2024) to segment anatomical structures and
lesion boundaries.

3.2.2 Retrieval-Augmented Knowledge

Inspired by the clinical practice where radiologists
rely on accumulated medical knowledge and expe-
rience to compose reports, we design this module
to supplement the agent’s generation process with
external domain expertise. By retrieving histori-
cal cases relevant to the current visual findings, it
provides the system with essential clinical priors.

To construct the external repository, we derive
data from the MIMIC-CXR training set, partition-
ing it into N = 14 pathology-specific knowl-
edge bases corresponding to CheXpert (Irvin et al.,
2019) standards. For each pathology c, we explic-
itly select M = 50 high-quality triplet samples
(I;, Rj, Lj), comprising the reference image, clini-
cal report, and disease label respectively. We utilize
the GME-Qwen2-VL (Zhang et al., 2024b) model,
denoted as E,,(+), to compute multimodal em-
beddings. The offline embedding vector v ; is
calculated as:

Ve = Emm(I] D LJ) 6]

where @ denotes concatenation. Consequently,
each knowledge base B, stores the paired map-
ping of embedding vectors and raw reports:
{(vey, Bj)HLy

During online inference, the Planner analyzes
the context and specifies a set of suspected pathol-
ogy labels Cyyery. Based on these labels, the RAG
module routes the request to the corresponding
knowledge bases. It generates queries for each tar-
get pathology and aggregates all candidates. The
query generation, similarity scoring s ;, and final
global retrieval C,.; are formulated as:

qc = Emm (Iquery b 0)7 Ve e Cquery (2)

Soj = el 3)
ej =
T laelll[vey]
Cret = U {RJ | rank(sc,j) < k} (4)
Cecqum'y

where rank(-) returns the descending rank of the
similarity score among the candidate pool, ensuring
only the top-k most relevant reports are selected.



Additionally, we integrate a web search tool
(via Bing or Google APIs). Serving as a dynamic
knowledge extension, this module is designed to
mitigate the inherent knowledge limitations of the
foundation model, empowering the Planner to ver-
ify ambiguous concepts or acquire real-time medi-
cal information beyond the scope of its pre-trained
parametric memory.

3.2.3 Extensible Customization via
Configuration

We adopt the Model Context Protocol (MCP) as
the unified interface layer, which provides a “Plug-
and-Play” extension mechanism. Users can inte-
grate local proprietary tools by simply modifying
a JSON configuration file. By defining the tool’s
description, API endpoint, and argument schema,
the Planner can automatically recognize and invoke
these custom tools without any model fine-tuning.
This design ensures that EviAgent can seamlessly
integrate into diverse hospital information ecosys-
tems, fostering a flexible and scalable deployment.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our framework on three
public benchmarks. MIMIC-CXR (Johnson et al.,
2019), a widely-used dataset developed by the Beth
Israel Deaconess Medical Center. We utilize the of-
ficial split, where the test set comprises 14 disease
labels, 2,347 reports and 3,858 images. [U-Xray
(Demner-Fushman et al., 2015), a comprehensive
chest X-ray dataset released by Indiana University.
Following the established 7:1:2 partition from pre-
vious works (Wang et al., 2023; Liu et al., 2021),
the test set includes 590 reports and 1,180 images.
Additionally, we incorporate CheXpert Plus (Cham-
bon et al., 2024), a dataset containing 234 reports
and 234 images in its official test split. For all three
datasets, only the official test partitions are used in
our experiments.

Metrics. Following prior studies (Bannur et al.,
2024; Zhang et al., 2024a; Xu et al., 2025), we
employ three advanced domain-specific metrics.
RaTEScore (Zhao et al., 2024) is an entity-aware
metric specifically designed to emphasize critical
medical entities, including diagnostic findings and
anatomical details. It demonstrates robustness to
complex medical synonyms and high sensitivity
to negation expressions. SembScore (Smit et al.,
2020) assesses clinical content alignment by cal-

culating the cosine similarity between vectors of
14 pathological indicators, which are automatically
extracted by the CheXbert labeler from both gen-
erated and ground-truth reports. Finally, we report
RadCliQ ', the inverse of RadCliQ-v1 (Yu et al.,
2023). This composite metric integrates BLEU for
lexical precision, BERTScore for semantic consis-
tency, and RadGraph-F1 for graph-based clinical
relation matching, thereby providing a holistic as-
sessment of report quality. We utilize the inverse
form to ensure that higher scores consistently indi-
cate better performance across all evaluations.
Baselines. To strictly evaluate the performance of
our proposed framework, we compare EviAgent
against a comprehensive set of state-of-the-art base-
lines categorized into three distinct groups:

(1) Close-Source Generalist MLLMs, represent-
ing the general reasoning capabilities, including
GPT-5.1 (OpenAl, 2025b), Claude 4.5 Sonnet (An-
thropic, 2025b), and Gemini-2.5-Flash (Google
DeepMind, 2025).

(2) Medical Specialized MLLMs, which are
explicitly optimized for the medical domain via
continued pre-training or instruction tuning. Rep-
resentative models include LLaVA-Med-7B (Li
et al.,, 2023), HuatuoGPT-V-7B (Chen et al.,
2024a), BiMediX2-8B (Mullappilly et al., 2024),
MedGemma-4B-IT (Sellergren et al., 2025), and
Lingshu-7B (Xu et al., 2025).

(3) Open-Source Generalist MLLMs, serving as

foundation baselines, including the InternVL series
(Chen et al., 2024b; Zhu et al., 2025) and Qwen-VL
series (Bai et al., 2025b,a).
Settings. We employ Qwen3-VL-8B-Instruct
(Qwen3-VL-8B) (Bai et al., 2025a) as the unified
backbone, sequentially functioning as the planner,
tool user, evidence extractor, and report generator.
For the Tool Use stage, the maximum number of
interaction rounds is set to 1,4 = 10 to prevent
infinite loops while allowing sufficient exploration.
In the RAG module, we retrieve the Top-k = 4
reference reports. All experiments are run on the
NVIDIA H100 GPU. The model is deployed via
the vLLM library to accelerate inference.

4.2 Performance on Multiple Metrics

Table 1 demonstrates that EviAgent achieves the
best performance across three datasets on almost all
metrics. On the large-scale MIMIC-CXR dataset,
our method establishes a significant lead, sur-
passing close-source giants like GPT-5.1 by 3.1
in RaTE and outperforming specialized medical



Model | MIMIC-CXR | CheXpert Plus | IU-Xray
| RaTE  Semb RadCliQ™' | RaTE Semb RadCliQ™! | RaTE Semb RadCliQ ™"

GPT-5.1 495 280 65.6 480 275 49.2 568 515 85.7
Claude 4.5 Sonnet | 49.1 ~ 23.9 64.7 474 225 48.1 578 514 90.9
Gemini-2.5-Flash | 50.3  29.7 59.4 443 274 44.0 556 509 91.6
LLaVA-Med-7B 128 183 52.9 388 235 44.0 409 160 58.1
HuatuoGPT-V-7B | 489  20.0 48.2 442 193 39.4 529 407 63.6
BiMediX2-8B 444 177 53.0 408 21.6 433 40.1 116 53.8
MedGemma-4B-IT | 524  29.2 62.9 472 293 46.6 570  46.8 86.7
Lingshu-7B 521 300 69.2 454 268 413 576 484 108.1
InternVL2.5-8B 470 210 56.2 43.1 197 42.7 511 36.7 67.0
InternVL3-8B 482 215 55.1 443 252 437 512 313 59.9
Qwen2.5-VL-7B | 47.0 184 55.1 410 172 43.1 484 363 66.1
Qwen3-VL-8B 489  26.1 64.2 459 273 44.6 503 465 74.7
EviAgent (Ours) | 52.6 43.6 76.6 498 304 48.8 60.5  52.2 110.2

Table 1: Results on automatic metrics. All scores are scaled by a factor of 100 to enhance clarity and comprehension.
The best results are highlighted in bold, and the second-best results are underlined. The data for medical MLLMs

in this table are taken from the Lingshu paper (Xu et al., 2025).

MLLMs such as Lingshu-7B by 13.6 in Semb.
Furthermore, on the IU-Xray and CheXpert Plus
benchmarks, EviAgent consistently exceeds the
baselines, achieving a RadCliQ " of 110.2 on IU-
Xray. This observation indicates that the proposed
framework achieves better performance compared
to standard MLLMs.

The efficacy of our framework is most evi-
dent when comparing EviAgent with its backbone,
Qwen3-VL-8B. Across all three datasets, equip-
ping the base model with our agentic workflow
yields a substantial performance leap. For instance,
Semb scores on MIMIC-CXR nearly double from
26.1 to 43.6, and RaTE on IU-Xray improves by
10.2 points. GPT-5.1 shows slight linguistic ad-
vantages on the RadCliQ ! metric for CheXpert
Plus due to extensive general pre-training. These
results validate the effectiveness of our proposed
method, demonstrating that the collaborative syn-
ergy of multiple tools within the agentic architec-
ture enables the system to significantly outperform
the traditional standalone inference baseline.

4.3 Clinical Value Evaluation via
LLM-as-a-Judge

To further assess the granular medical details and
holistic clinical validity required in real-world di-
agnosis, we conducted a comprehensive evalua-
tion on the entire test set of each benchmark using
DeepSeek-V3.2 (DeepSeek-Al et al., 2025) as an
impartial judge. The judge scored the generated
reports on a scale of 0 to 10 across four specific

dimensions: Accuracy, which measures the cor-
rectness of findings; Localization, evaluating the
precision of anatomical descriptions; Professional-
ism, assessing the use of standardized radiological
terminology; and Clinical Admissibility, a holis-
tic metric indicating whether the report is robust
enough for clinical workflows without major modi-
fication. As shown in Table 2, EviAgent achieves
the best performance across almost all metrics.
While Gemini-2.5-Flash exhibits a marginal lead
in Professionalism for MIMIC-CXR due to the in-
herent linguistic advantages of large-scale models,
our framework consistently dominates in all other
critical diagnostic dimensions.

4.4 Ablation Study

To validate individual module contributions, we
evaluated variants by removing the Classification,
Localization, and Retrieval components (denoted
as “w/0”). Table 3 summarizes the results.

Removing the classification expert causes the
most severe degradation. Notably, the Semb score
on MIMIC-CXR drops to 23.1, even lower than
the vanilla backbone. We attribute this to error
propagation: without reliable triage, the planner’s
initial hallucinations misguide subsequent tool in-
vocations, causing the reasoning trajectory to devi-
ate progressively further than standard end-to-end
generation.

The absence of localization tools leads to a de-
cline in RaTE across all datasets, confirming that
visual grounding is essential for verifying fine-



Model | MIMIC-CXR | CheXpert Plus | IU-Xray

‘Acc Loc Prof Adm ‘ Acc  Loc Prof Adm ‘ Acc  Loc Prof Adm
GPT-5.1 491 498 867 562|485 423 817 555|742 551 881 7.08
Claude 4.5 Sonnet | 3.51 3.79 8.59 440 | 341 3.14 830 433|712 560 9.5 7.20
Gemini-2.5-Flash | 574 6.19 9.06 648 | 428 470 7.88 5.05 |6.67 573 861 6.70
LLaVA-Med-7B | 1.74 288 428 223 | 1.71 285 3.86 206 | 207 337 386 201
HuatwoGPT-V-7B | 220 5.07 7.33 3.17 | 1.94 427 565 284|121 550 595 229
BiMediX2-8B 141 276 3.84 186 | 122 235 3.69 168 | 051 277 427 1.14
MedGemma-4B-IT | 544 561 816 597 | 416 3.82 7.68 480 | 724 628 838 74l
Lingshu-7B 588 5.87 8.66 637|460 391 775 520|739 624 888 7.67
InternVL2.5-8B | 241 344 733 341 |255 286 7.06 3.52|681 587 800 658
InternVL3-8B 307 471 755 405|282 388 729 385|368 636 772 448
Qwen2.5-VL-7B | 230 349 730 343|221 293 7.3 333|579 6.04 786 591
Qwen3-VL-8B 394 466 7.51 475|372 378 748 458 | 574 498 7.63 564
EviAgent (Ours) |6.04 632 870 6.61 491 6.66 845 572|748 6.55 929 7.72

Table 2: Clinical value evaluation via LLM-as-a-Judge. We evaluate the generated reports across four dimensions:
Acc (Accuracy), Loc (Localization), Prof (Professionalism), and Adm (Clinical Admissibility).

w/o (Remove)

Dataset  Metric Full Base
Cls. Loc. Ret.

Uy RaTE 52.6 50.6 51.8 51.7 48.9
Eé Semb 43.6 23.1 43.0 434 26.1
= RadCliQ™! 76.6 65.1 753 762 64.2
5 RaTE 49.8 4777 49.2 485 459
=) 2 Semb 304 275 299 284 273
6 RadCliQ™' 48.8 474 482 479 446

. RaTE 60.5 54.7 60.1 59.0 50.3
ESE Semb 52.2 43.1 515 504 46.5

" RadCliQ' 110.2 83.9 104.6 91.8 74.7

Table 3: Ablation study of module contributions. We
report the performance drop when removing specific
components. Full represents the complete EviAgent
framework, while Base denotes the vanilla Qwen3-VL-
8B performing end-to-end generation. Cls.: Classifica-
tion, Loc.: Localization, Ret.: Retrieval.

grained anatomical entities. Similarly, removing
the retrieval tools consistently lowers RadCliQ!,
indicating that external knowledge is vital for main-
taining professional stylistic standards and mini-
mizing linguistic hallucinations.

4.5 Qualitative Analysis

To qualitatively validate the efficacy and inter-
pretability of our framework, we present a com-
parative analysis of two cases in Figure 2.

Precision in Complex Clinical Scenarios. The
top panel illustrates a complex ICU scenario. The
ground truth confirms extensive bilateral opacities,
bilateral pleural effusions, cardiomegaly, and basal
atelectasis. In this case, the generalist model GPT-
5.1 exhibits significant failures: it misses the diag-
nosis of atelectasis and incorrectly characterizes the
effusions as small. Furthermore, it fails to provide
a definitive conclusion, stating that effusions or
consolidation cannot be excluded. In contrast, Evi-
Agent successfully identifies all key pathologies.
The tools correctly capture the bilateral nature of
the effusions and opacities, as well as the presence
of cardiomegaly and atelectasis. This structured
evidence guides the planner to generate a precise
report that accurately reflects the extent and spatial
distribution of the disease.

Traceability of Diagnostic Discrepancies. The
bottom panel demonstrates the error traceability
of our architecture. In this case, the ground truth
describes bibasilar opacities and mild congestion.
However, our agent reports a left-sided opacity and
pulmonary edema. Crucially, this discrepancy is
not a generative fabrication. The evidence log ex-
plicitly shows that the grounding tool restricted the
lung opacity to the left field and the classifier out-
putted edema. The planner faithfully aggregated
these specific tool outputs into the final report. This
confirms that the errors—mislocalization and clini-
cal over-diagnosis—stem directly from the percep-
tion module’s limitations rather than the reasoning



Ground Truth

As compared to the previous radiograph, there is no relevant

pleural effusions, cardiomegaly, and basal atelectasis are
unchanged. No new opacities. Unchanged monitoring and
support devices.

+ Support devices are present. The cardiomediastinal silhouette is partially obscured | !
. but appears mildly enlarged, assessment limited by projection and extensive lung

| involving the mid and lower lung zones. The diaphragms and costophrenic angles

|
|
| opacities. There are extensive bilateral patchy and confluent airspace opacities
|
|

- are largely obscured; small pleural effusions or basilar consolidation cannot be
excluded. (missed Atelectasis)

| | <evidence> EviAgent
| [Posture Recognition]: AP.
: . [Classifier]: Pleural Effusion, Cardiomegaly, Support Devices, Lung

change. The extensive bilateral parenchymal opacities, bilateral
. ! Opacity, and Atelectasis
I'| [Grounding]: Pleural Effusion (bilateral, right side more prominent), and

i | </evidence>

| | Cardiomegaly is present, with an enlarged cardiac silhouette and widening of
- | the vascular pedicle. The mediastinum is also widened. There are signs of

1 Cardiomegaly (enlarged cardiac silhouette).
- [RAG]: provided supporting clinical context for these findings.

| The chest X-ray demonstrates bilateral diffuse opacities, particularly
prominent in the lower lung zones. There is evidence of bilateral pleural
- effusions, with the right-sided effusion being more pronounced.

1 atelectasis, particularly in the right lung base. Support devices, likely for
. monitoring or ventilation, are visible.
N—

______________________________________________________________________________ -

| Ground Truth \[ <evidence> EviAgent N

... Tracheostomy tube is in unchanged | | [Posture Recognition]: AP. [Classifier]: Lung Opacity, Cardiomegaly, Edema, Support Devices. |

I standard position. The heart is | - [Grounding]: Lung Opacity (Left): [0.05, 0.24, 0.38, 0.66], Cardiomegaly (Enlarged): [0.29, 0.46, 0.88, |

| moderately enlarged... Mild pulmonary - I 0.79], Edema (Bilateral): [0.03, 0.20, 0.42, 0.73], [0.53, 0.22, 0.89, 0.75]. |
i vascular congestion is similar. Bibasilar !l [RAG]: Retrieved contexts for pulmonary edema & support devices. </evidence>

streaky airspace opacities are minimally | | The chest X-ray demonstrates left lung opacity, consistent with pulmonary edema. There is evidence ofl

| — improved... / \L ardiomegaly. Support devices, mcludmg a cemral line and endotracheal tube, are visible... )

Figure 2: Qualitative analysis. Top: A complex case (Study 56122911) where EviAgent achieves accurate diagnosis
and localization. Bottom: A case demonstrating error traceability (Study 50239281). Text in green indicates

consistency with the ground truth, while text in red denotes discrepancies.

Backbone Planner VR ToolCall FER QS
GPT-5.1 98.9% 4.40 42% 6.95
Claude 4.5 Sonnet  98.6% 4.48 45% 693
InternVL3-8B 97.2% 5.13 10.3% 6.72
Qwen3-VL-8B 98.2% 4.70 88% 6.89

Table 4: Scalability analysis of different backbone plan-
ners on the mixed evaluation subset.

engine. Crucially, this validates the integrity of our
evidence-driven paradigm: the planner faithfully
executes based on the provided visual signals rather
than hallucinating content. Consequently, the sys-
tem maintains full traceability, allowing diagnostic
discrepancies to be logically isolated to specific
visual experts.

4.6 Agentic Capability and Extensibility
Analysis

To evaluate the extensibility of our framework and
the impact of different backbone planners, we con-
ducted a test using a mixed evaluation subset of
1,000 instances: 500 cases from MIMIC-CXR to
test report generation capabilities and 500 ques-
tions from MIMIC-CXR-VQA (Bae et al., 2023).
We employ four agent-specific metrics: (1) Valid
Rate (VR): The probability of generating a valid
final response within the maximum limit of tool
invocations T}yqz; (2) Tool Call: The average num-
ber of tool executions per episode; (3) Format Error
Rate (FER): The frequency of parsing failures or
hallucinating tools; and (4) Quality Score (QS):

The generation quality ranging from O to 10 by
DeepSeek-V3.2 based on the ground truth.

As shown in Table 4, although Qwen3-VL-8B
incurs higher average tool calls than GPT-5.1 due
to retry loops triggered by formatting errors, its
final Quality Score is only marginally lower (6.89
vs. 6.95). Our experiment consistently demonstrate
the stability and robustness of the proposed agent
framework regardless of the underlying model
choice.

5 Conclusion

In this work, we presented EviAgent, an evidence-
driven agent designed to fundamentally address
the twin challenges of “black-box” opacity and the
inability to access external knowledge in existing
MLLMs. By shifting from static parametric reason-
ing to active evidence acquisition, our system en-
sures that every diagnostic conclusion is rigorously
grounded in explicit visual findings and retrieved
domain knowledge. Extensive experiments demon-
strate that EviAgent achieves superior performance
in clinical accuracy. Notably, our approach signifi-
cantly outperforms open-source models of similar
scale and even surpasses top-tier proprietary gi-
ants like GPT-5.1, validating the efficacy of our
evidence-driven agentic framework in medical do-
mains.

Limitations

While EviAgent demonstrates superior clinical ac-
curacy and interpretability, it entails a trade-off



regarding inference latency. Unlike monolithic end-
to-end MLLMs that generate reports in a single for-
ward pass, our framework relies on a multi-round
evidence-driven agentic workflow. The frequent
invocation of external tools and the iterative rea-
soning process inevitably introduce additional com-
putational overhead, resulting in longer generation
times compared to direct generation approaches.

Future optimizations in tool execution and in-
frastructure are expected to mitigate this latency,
bridging the efficiency gap without compromising
clinical rigor.

Ethical Considerations

This research is conducted using the MIMIC-CXR
(Johnson et al., 2019), MIMIC-CXR-VQA (Bae
et al., 2023), [U-Xray (Demner-Fushman et al.,
2015), and CheXpert Plus (Chambon et al., 2024)
datasets, all of which are publicly accessible and
have undergone automatic de-identification to miti-
gate privacy risks.

While our framework ensures that the generated
findings are explicitly traceable to specific tool out-
puts, we emphasize that such traceability does not
guarantee absolute accuracy. The integrated tools
or the reasoning process may still yield erroneous
evidence or omissions. Therefore, these outputs
must not be used as a substitute for expert medical
judgment. We strongly advocate for mandatory
validation by qualified radiologists or healthcare
professionals before any clinical or diagnostic ap-
plication.
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In this section, we provide granular details regard-
ing the inference process, prompt engineering, tool
configuration, and knowledge base construction to
ensure the reproducibility of our agent.

A.1 Formal Inference Process

To provide a precise mathematical description of
the "Plan-Act-Report" paradigm discussed in Sec-
tion 3.1, Algorithm 1 outlines the complete infer-
ence loop. It explicates how the Planner Pr s
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decomposes the user instruction () into an initial
Plan, iteratively updates the Evidence Memory
M through dynamic tool invocation (Acts;), and
finally synthesizes the report R based on the struc-
tured evidence .

Algorithm 1 Process of EviAgent

Input: Q: User Instruction
I: Input Image
T Toolbox {77:lsa 7;oca 7;’€t; ’Tcustom}
Tinaz: Maximum allowed rounds
‘Prrar: Planner Agent
Output: R: Final Radiology Report
Initialize:
Plan < Py (I, Q, description(7T))
M—0,t+0
while Unfinished(Plan) and t < 1,4, do
Thought, < Prry (L, M, Plan)
Actionsy, Argsy < Parse(Thought;)
if Acts; € T then
Observation; <
InvokeTools(Actst, Argss, T )
M — M U {Observation,}
else
break
end if
t—t+1
end while
& + EvidenceExtraction(M)
R + 'PL L M(I , & )
return R

A.2 Detailed Prompt Designs

To ensure reproducibility, we provide the full sys-
tem prompts used in the different stages of EviA-
gent.

System Prompt for the Planner Agent

You are a professional radiologist Al assistant.
Your goal is to write a comprehensive Chest
X-Ray report.

No need to fill in the image path when you use
tool calls; the system will automatically load
the image for you.

Follow this strict workflow:

1. Diagnostic Process

Start by listing a numbered plan:

[Step 1]

[Step 2]
[Step 3]
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2. Tool Usage

Execute the diagnostic plan by calling tools in
this specific order:

(1) Classification Phase:

- Call the "classify" tool to detect potential
pathologies.

- List all positive findings with their confidence
scores.

(2) Localization Phase:

- View Identification: Call "chexagent" with
the prompt "What is the projection of this chest
X-ray (AP, PA, or Lateral)?" to distinguish dif-
ferent views.

- IMPORTANT: Use this information ONLY
for internal spatial mapping logic. DO NOT
include the view projection (AP/PA/Lateral) in
the final report Findings or Impression.

- Spatial Mapping:

- For each positive finding from Phase 1, use
the "grounding" tool to locate it.

- Use the "segmentation" tool to outline major
anatomical structures (lungs, heart, clavicles)
to confirm anatomical relationships.

(3) Retrieval Phase:

-Knowledge Retrieval: You MUST ALWAYS
call the "rag_retriever" tool.

-WARNING: The returned content is provided
ONLY as a reference for medical terminology
and reporting style. DO NOT use them as the
final source of information.

-CRITICAL: You MUST use the exact positive
findings (the "diseases" or "rag_diseases" list)
identified by the "classify" tool as the search
queries.

-Do not use generic terms or hallucinate key-
words. If the classifier returns "No Finding",
search for "No Finding".

-External Validation: Use "web_search" ONLY
if you have uncertain knowledge.

3. Evidence Extraction
Extract clinical evidence from tool outputs.

4. Final Output Generation

Generate the final response based on the user’s
request type:

(A) For Report Generation (Default):

- If the user asks for a "Report" or "Chest X-
Ray Report", follow the strict diagnostic work-
flow above.

- Output valid JSON with these keys:




{

"findings": "Detailed anatomical observa-
tions.",

"impression": "Brief summary string. DO
NOT mention AP/PA view.",

"evidence": "Detailed evidence. MUST in-
clude the VQA view confirmation and coordi-
nate logic."

}

(B) For General Questions (VQA/Other):

- If the user asks a specific question (e.g., "Is
there pneumonia?”, "Where is the mass?"),
you are FREE to choose relevant tools (you
do not need to follow the strict report work-
flow).

- If you have answered the question with the
tool, DO NOT call the tool again with the same
prompt.

- Output valid JSON with these keys:

{

"output": "Direct answer to the user’s ques-
tion.",

"evidence": "Detailed evidence. MUST in-
clude the VQA view confirmation and coordi-
nate logic."

}

IMPORTANT:

- Your response must be in valid JSON format.
- DO NOT wrap the JSON in markdown code
blocks. Output RAW JSON only.

- The "classify" tool is the ULTIMATE AU-
THORITY on disease diagnosis.

. J

A.3 Knowledge Base Construction Details

To support the retrieval of diverse clinical contexts,
we constructed N = 14 pathology-specific knowl-
edge bases. The taxonomy aligns strictly with
the standard observations defined by the CheX-
pert labeler (Irvin et al., 2019). The specific cat-
egories include: Atelectasis, Cardiomegaly, Con-
solidation, Edema, Enlarged Cardiomediastinum,
Fracture, Lung Lesion, Lung Opacity, No Find-
ing, Pleural Effusion, Pleural Other, Pneumonia,
Pneumothorax, and Support Devices.

Data Selection Pipeline. The reference samples
were exclusively curated from the MIMIC-CXR
training split to prevent data leakage. For each of
the 14 categories, we executed a rigorous selection
process to curate M = 50 high-quality exemplars:
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* Label Filtering. We first filtered cases where
the specific CheXpert label was strictly posi-
tive (1.0), excluding uncertain (0.0) or nega-
tive (—1.0) cases to ensure diagnostic clarity.

* Quality Control. To ensure the retrieved text
provides sufficient stylistic guidance, we fil-
tered out reports with extremely short descrip-
tions.

* Sampling. From the filtered pool, we ran-
domly sampled 50 image-report pairs to form
the final knowledge base B, for each pathol-

ogy.

For each entry, the image and its corresponding
disease text label are jointly encoded using the
GME-Qwen2-VL (Zhang et al., 2024b) model and
indexed into a localized vector database. During
the retrieval phase, the system identifies the Top-
k most similar cases based on cosine similarity.
Crucially, only the textual reports of these retrieved
cases are returned to the planner to serve as stylistic
references.

A.4 MCP Tool Configuration

The Model Context Protocol (MCP) serves as a
standardized interface layer that decouples the Al
planner from specific tool implementations (Huang
et al., 2025). By abstracting the communication
details, MCP allows for a “Plug-and-Play” architec-
ture where new capabilities can be added without
modifying the agent’s core codebase.

To illustrate this, we present the actual configu-
ration file used to integrate an external Web Search
tool below. Users are only required to define the
server type and endpoint URL. Crucially, by point-
ing to a localhost endpoint, the system ensures
that all data interactions remain strictly within the
on-premise environment, adhering to privacy stan-
dards. The Planner then automatically negotiates
with the endpoint to discover the tool’s schema and
arguments, significantly lowering the barrier for
deployment.

user_config.json

{

"mepServers": {
"WebSearch": {
"type": "streamable_http",
"url": "http://localhost:8080/mcp"

}




A.5 VvLLM Settings

To ensure reproducibility, we provide the spe-
cific command used to deploy the Qwen3-VL-8B-
Instruct model using the vLLM framework. The
server was initialized with the following hyperpa-
rameters, specifically tuned for tool-use capabili-
ties:

python -m vllm.entrypoints.openai.
api_server \

--model Qwen/Qwen3-VL-8B-Instruct \
--trust-remote-code \
--gpu_memory_utilization 0.87 \
--max-model-len 19000 \
--port 8000 \
--enable-auto-tool-choice \
--tool-call-parser hermes \
--served-model -name gwen3-v1-8b \
--kv-cache-dtype auto

B Supplementary Experiments

In this section, we expand our experimental evalu-
ation by including additional baseline models and
providing the exact protocols used for the qualita-
tive evaluation.

B.1 Extended Comparison with Large-Scale
Models

To provide a holistic view of the current landscape
in automated radiology report generation, we ex-
tend our evaluation to include a wider array of state-
of-the-art models. The performance data for these
additional baselines are referenced from the Ling-
shu benchmark (Xu et al., 2025). We categorize
these models into three distinct groups:

* Closed-Source Generalist MLLMs: Includ-
ing high-performing proprietary models such
as GPT-4.1 (OpenAl, 2025a) and Claude 4
Sonnet (Anthropic, 2025a).

Open-Source Medical MLLMs: Cover-
ing recent domain-specific models like Med-
R1-2B (Lai et al., 2025), MedVLM-RI-
2B (Pan et al., 2025), HealthGPT-14B (Lin
et al., 2025), and larger-scale variants like
HuatuoGPT-V-34B (Chen et al., 2024a) and
MedDr-40B (He et al., 2024).

* Open-Source Generalist MLLMs: Incor-
porating powerful general-purpose vision-
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language models with varying scales, includ-
ing InternVL2.5-38B (Chen et al., 2024b),
InternVL3-14B/38B (Zhu et al., 2025), and
Qwen2.5-VL-32B (Bai et al., 2025b).

Analysis. As presented in Table 5, EviAgent
demonstrates remarkable clinical efficacy. No-
tably, despite utilizing a significantly smaller pa-
rameter backbone (8B), our approach consistently
outperforms models with much larger parame-
ter scales. For instance, EviAgent surpasses the
40B-parameter MedDr-40B and the 38B-parameter
InternVL3-38B across critical clinical metrics (e.g.,
RadCliQ and Semb). This superior performance
highlights a pivotal insight: in high-stakes medi-
cal domains, a rigorous, evidence-driven planning
mechanism is more critical for diagnostic precision
than simply scaling up raw model parameters.

B.2 Prompt Template for Automated
Evaluation

To ensure a rigorous and fair assessment, we design
a structured prompt that positions the evaluator as a
“senior expert radiologist.” As shown in the Prompt
Template below, we adopt a comparative list-wise
evaluation strategy. Instead of scoring each model
in isolation, the Ground Truth (GT) report is input
simultaneously with a batch of candidate reports
(represented by the placeholder {models_text}).
This side-by-side presentation enables the judge
to capture subtle nuances and strictly differentiate
between “Good” and “Great” models based on four
critical dimensions: Disease Identification, Lesion
Localization, Professionalism, and Total Utility.

LLM-as-Judge Prompt Template

You are a senior expert radiologist and medical
Al evaluator.

Your task is to evaluate and compare multiple
Al-generated radiology reports against a
Ground Truth (GT) report written by a human
radiologist.

Ground Truth Report:
{gt_report}

Candidate Reports:
{models_text}

Evaluation Instructions:
Evaluate each candidate report based on the




Model | MIMIC-CXR |

CheXpert Plus

‘ IU-Xray

| RaTE  Semb RadCliQ™! | RaTE Semb RadCliQ' | RaTE

Semb RadCliQ~!

Close-Source Generalist MLLMs

GPT-4.1 51.3 239 57.1 455 232 45.5 513 475 80.3
GPT-5.1 49.5 280 65.6 480 275 49.2 56.8  51.5 85.7
Claude 4 Sonnet 456 19.7 53.4 435 189 433 554  41.0 72.1
Claude 4.5 Sonnet | 49.1  23.9 64.7 474 225 48.1 578 514 90.9
Gemini-2.5-Flash 50.3  29.7 59.4 443 274 44.0 55.6 509 91.6
Medical MLLMs

Med-R1-2B 40.6 14.8 424 38.5 17.8 37.6 414 125 43.6
MedVLM-R1-2B 41.6 142 48.3 38.9 155 40.9 46.1 227 54.3
MedGemma-4B-IT | 524  29.2 62.9 472 293 46.6 57.0 46.8 86.7
LLaVA-Med-7B 12.8 183 52.9 38.8 235 44.0 409 16.0 58.1
HealthGPT-14B 484  16.5 52.7 444 227 42.6 50.8  16.6 56.9
HuatuoGPT-V-7B 489 200 48.2 442 193 394 52.9  40.7 63.6
HuatuoGPT-V-34B | 485 23.0 47.1 429 22.1 39.7 544 422 59.3
BiMediX2-8B 4.4 177 53.0 40.8 21.6 433 40.1 11.6 53.8
MedDr-40B 452 122 47.0 4477 242 44.7 40.3 7.3 48.9
Lingshu-7B 52.1  30.0 69.2 454  26.8 473 57.6 484 108.1
Open-Source Generalist MLLMs

InternVL2.5-8B 47.0 210 56.2 43.1 19.7 42.7 51.1 36.7 67.0
InternVL2.5-38B 475 182 54.9 42,6 203 45.4 53.5 385 69.7
InternVL3-8B 482 215 55.1 443 252 43.7 512 313 59.9
InternVL3-14B 486 174 46.5 44.1 20.7 394 55.0 387 55.0
InternVL3-38B 479 18.1 47.2 438  20.2 394 53.5  33.1 55.2
Qwen2.5-VL-7B 470 184 55.1 41.0 172 43.1 484  36.3 66.1
Qwen2.5-VL-32B 475 17.1 45.2 434 185 40.3 513  38.1 54.0
Qwen3-VL-8B 489  26.1 64.2 459 273 44.6 503  46.5 74.7
EviAgent (Ours) ‘ 52.6 43.6 76.6 498 304 48.8 60.5 522 110.2

Table 5: Comprehensive Evaluation Results. We categorize baselines into Close-Source Generalist MLLMs, Medical
MLLMs, and Open-Source Generalist MLLMs. Bold denotes the best result, and underline denotes the second best.

.

following 4 dimensions.

Your goal is to distinguish between "Good"
models and "Great" models.

Scores should be widely distributed. Do not
cluster everything at 10 or 0.

1. Disease Identification Accuracy

Focus: Precision and Completeness.

- 10 (Perfect): Captures ALL findings, includ-
ing subtle ones (e.g., "trace effusion”, "tiny
nodule") and modifiers (severity, chronicity).
- 8-9 (Excellent): Correctly identifies the
main pathology but misses a minor detail or
modifier.

- 6-7 (Good): Identifies the general diagnosis
but lacks specificity (e.g., "opacity” instead of
"consolidation").

- 4-5 (Fair): Misses a secondary finding or is

slightly ambiguous.

- 1-3 (Poor): Misses the Primary Diagnosis.
- 0 (Failure): Misses all findings or states
normal when pathology exists.

2. Lesion Localization Accuracy

Focus: Anatomical Precision.

- 10 (Perfect): Exact match (e.g., "Right Upper
Lobe Apical Segment").

- 8-9 (Strong): Correct side and general region
(e.g., "Right Upper Lobe").

- 6-7 (Acceptable): Correct side but vague
(e.g., "Right lung").

- 0-5 (Incorrect): Wrong Side, Wrong Lobe, or
Wrong Organ.

3. Professionalism & Fluency
Focus: Radiologist-level Style.
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-

- 10 (Professional): Indistinguishable from
the GT. Concise, RadLex terms, professional
tone.

- 8-9 (Fluent): Good medical language but
slightly verbose or less polished than GT.

- 6-7 (Readable): Understandable but uses
non-standard phrasing.

- 0-5 (Poor): Repetitive, robotic, or non-
medical style.

4. Total Score (Weighted Utility)

Focus: Overall ranking.

- 10 (Exceptional): Reserved for models that
are FLAWLESS and professionally written.

- 8-9 (High Quality): Accurate and safe, but
maybe not perfect in nuance.

- 6-7 (Usable): Needs minor edits by a doctor.
- 0-5 (Unsatisfactory): Significant errors or
useless.

Scoring Guidelines:

1. Differentiate: If Model A is more precise
than Model B (e.g., "Left Lower Lobe" vs
"Left Lung"), Model A MUST get a higher
score (e.g., 10 vs 7).

2. Implied Negatives (The "Smart" Rule): If
GT says "No pneumothorax" and Model is
silent, assume Model agrees (Normal). Do
NOT penalize.

3. Be Strict on Positives: If GT reports a
finding, the Model MUST report it accurately
to get >8.

4. No Inflation: Do not give 10 easily. 10
means "I would sign this report without
editing."

Output Format:
Return a strictly valid JSON object.
{

"evaluations": {

"model_name": {
"disease_accuracy_score": <0-10>,
"localization_score": <0-10>,
"professionalism_score": <0-10>,
"total_score": <0-10>,

"reasoning": "<Compare this model
to others. Why is it better/worse?>"

b
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B.3 Robustness Analysis via Diverse LLM
Judges

To mitigate potential biases inherent in a single
LLM evaluator and ensure the objectivity of our
results, we extended our evaluation framework to
include two additional high-performance models
as impartial judges: GLM-4.5 (Team et al., 2025a)
and Kimi-K2-Instruct (Team et al., 2025b). We
applied the same rigorous scoring criteria across
the four dimensions—Accuracy, Localization, Pro-
fessionalism, and Admissibility—on the full test
sets of MIMIC-CXR, CheXpert Plus, and IU-Xray.

The results, presented in Table 6 and Table 7,
demonstrate a high degree of consistency with our
main findings.

Consistency in Clinical Precision. Under the
evaluation of GLM-4.5, EviAgent achieves state-of-
the-art performance in Accuracy and Localization
across all three datasets. Notably, on the [U-Xray
benchmark, our method surpasses the second-best
model (GPT-5.1) by a significant margin in Admis-
sibility (7.16 vs. 6.81). Similarly, the evaluation via
Kimi-K2-Instruct further corroborates this trend,
where EviAgent secures the top rank in Accuracy
and Localization on both MIMIC-CXR and CheX-
pert Plus. This cross-model consensus confirms
that our evidence-driven framework effectively an-
chors generation in visual facts, yielding diagnostic
reports that are universally recognized as accurate
by diverse generalist reasoners.

Resilience in Stylistic Alignment. While large-
scale commercial models like Claude 4.5 Sonnet
exhibit strong linguistic capabilities, often lead-
ing in the Professionalism metric, EviAgent re-
mains highly competitive. In the Kimi-K2-Instruct
evaluation, our model even achieved the highest
Professionalism score on MIMIC-CXR (8.63) and
IU-Xray (9.35). This indicates that by retrieving
high-quality reference cases, EviAgent can match
or exceed the stylistic fluency of much larger mod-
els while maintaining superior diagnostic fidelity.

In summary, the consistent superiority of EviA-
gent across different judge models validates that
our performance gains are robust and not artifacts
of a specific evaluator’s preference.



| MIMIC-CXR | CheXpert Plus | IU-Xray
‘Acc Loc Prof Adm ‘ Acc  Loc Prof Adm ‘ Acc  Loc Prof Adm

GPT-5.1 412 4.62 872 452 |4.12 4.18 9.01 444 | 694 721 885 6.81
Claude 4.5 Sonnet | 2.87 3.32 891 3.33 |326 347 936 3.61 | 691 7.17 892 6.89
Gemini-2.5-Flash | 438 5.08 8.68 4.62 |3.89 447 828 4.16 |6.02 6.76 8.66 6.02

LLaVA-Med-7B 124 157 424 126 | 1.31 157 412 1.15 | 189 236 427 144
HuatuoGPT-V-7B 1.78 3.61 566 208 | 157 297 519 176 | 085 175 568 1.16

Model

BiMediX2-8B 1.35 158 575 1.64 | 121 141 582 151 | 038 045 597 0.67
MedGemma-4B-IT | 4.01 4.77 8.11 4.26 |325 332 730 326 674 749 821 6.39
Lingshu-7B 442 5.12 8.02 4.64 | 338 359 7.00 341|725 7.69 840 691
InternVL2.5-8B 1.64 242 692 189 | 225 269 6.77 229 659 701 772 594
InternVL3-8B 220 3.05 6.87 244 | 242 313 6.74 253 | 321 408 7.18 3.09
Qwen2.5-VL-7B 140 220 7.03 1.62 | 1.68 208 697 1.77 | 550 6.14 756 5.03
Qwen3-VL-8B 271 326 7.04 295|282 312 725 297 |555 6.03 7.15 4.99

EviAgent (Ours) ‘4.62 522 896 5.15 ‘4.35 4.62 895 4.75 ‘7.58 7.82 9.05 7.16

Table 6: Clinical value evaluation via LLM-as-a-Judge using GLM-4.5. We evaluate the generated reports across
four dimensions: Acc (Accuracy), Loc (Localization), Prof (Professionalism), and Adm (Clinical Admissibility).

B.4 Detailed Case Study

Figure 3 illustrates the complete, step-by-step infer-
ence trajectory for Study 56122911, corresponding
to the analysis presented in the Case Study section
of the main text. Due to space constraints, we pro-
vide the full visualization of the inference process
here.
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| MIMIC-CXR |
‘ Acc Prof Adm ‘ Acc

4.16 827 4.82 | 4.20
321 8.50 3.93 | 3.51
4.40 8.59 5.12 | 4.12

1.16 458 1.67 | 1.33
1.91 6.13 281 | 1.72
1.52 542 227 | 1.67
4.20 7.86 4.85 | 3.49
5.00 8.08 5.45 | 3.90

1.66 749 253|230
2.28 744 310 | 2.45
1.54 7.07 238 | 1.96
2.63 7.28 332 | 281

5.02 8.63 5.71 | 4.28

CheXpert Plus ‘
Prof Adm ‘ Acc

828 4.82 | 6.81
878 433 | 6.64
823 479 | 6.52

440 1.73 | 1.90
570 250 | 0.99
521 238 | 0.44
7.56 4.01 | 7.04
7.33 433 | 7.02

735 3.03 | 6.68
742 3.17 | 3.51
720 271 | 5.62
7.50 3.44 | 5.55

822 4.96 | 7.09

IU-Xray
Prof

8.27
8.98
8.62

5.07
6.39
5.84
8.50
8.62

8.35
7.97
8.07
7.64

9.35

Model

Adm

6.73
6.83
6.70

2.00
2.01
1.42
7.29
7.40

6.63
4.08
5.71
5.46

7.53

Loc

6.41
6.17
6.38

2.31
4.35
0.84
6.06
6.98

6.62
5.69
6.29
5.25

7.06

Loc

3.90
3.48
4.39

1.72
391
2.21
3.21
3.57

2.53
3.34
2.60
2.98

4.88

Loc

4.50
3.38
5.16

1.55
4.45
2.05
4.57
5.03

2.65
3.68
247
3.34

5.27

GPT-5.1
Claude 4.5 Sonnet
Gemini-2.5-Flash

LLaVA-Med-7B
HuatuoGPT-V-7B
BiMediX2-8B
MedGemma-4B-IT
Lingshu-7B

InternVL2.5-8B
InternVL3-8B
Qwen2.5-VL-7B
Qwen3-VL-8B

EviAgent (Ours)

Table 7: Clinical value evaluation via LLM-as-a-Judge using Kimi-K2-Instruct. We evaluate the generated
reports across four dimensions: Acc (Accuracy), Loc (Localization), Prof (Professionalism), and Adm (Clinical
Admissibility).

You are a professional radiologist Al assistant.
Please write a report for the provided Chest X-
Ray image.
To generate a precise and evidence-based report, I will execute the Agent
following four-step plan:
1. Classification: I will invoke the classify tool to screen the image for key
pathologies, identifying abnormalities to serve as initial keywords.
2. Posture Recognition: I will employ the chexagent VQA tool to verify the
X-ray projection.
3. Localization: I will utilize the grounding tool to locate the identified
pathologies and generate bounding boxes as explicit visual evidence.
4. Retrieval: I will query the rag_retriever tool with the detected diseases to
fetch clinically similar historical reports for reference.
Agent
Invoke: Classification tool
Params:
“image_path": "/p10/p10975446/s56122911.png"
Tool
Output:
— "diseases": ['Lung Opacity', 'Support Devices',
== "Cardi ly', 'Edema’, 'Consolidation’, 'Atel is']
Agent
Invoke: Posture recognition tool
Params:
"prompt": "What is the projection of this chest X-ray (AP, PA, or Lateral)?",
“image_path": "/p10/p10975446/s56122911.png"
Agent
Invoke: Grounding tool
Params:
"Phrase": "E £
"image_path": "/p10/p10975446/s56122911.png"
Tool
Y... Output:
"predictions': {'phrase': 'Edema.’, 'bounding_boxes'": {'model_coordinates':
[[0.055, 0.215, 0.775, 0.745]], 'image_coordinates': [(0.0546875,
0.21484375, 0.7734375, 0.744140625)]} } ], 'visualization_path': './temp/
grounding_71472bea_Edema.png}
Agent
Invoke: Grounding tool
Params:
"Phrase": "Pleural Effusion",
"image_path": "/p10/p10975446/s56122911.png"
Tool
Y-l\ Output:
[ﬁ] ‘predictions: {'phrase’: 'Pleural Effusion.', 'bounding_boxes':
{'model_coordinates': [[0.075, 0.545, 0.315, 0.755]], 'image_coordinates':
[(0.07421875, 0.544921875, 0.314453125, 0.75390625)]} } 1.
'visualization_path': './temp/grounding_71472bea_Pleural_Effusion.png}

Tool

[ 5

Tool

Agent

Invoke: Grounding tool
Params:
"Phrase": "Cardiomegaly",
"image_path": "/p10/p10975446/s56122911.png"

Output:
‘predictions': {'phrase': 'C z_boxes':
{'model_coordinates': [[0.245, 0.395, 0.735, 0.765]], 'image_coordinates':
[(0.244140625, 0.39453125, 0.734375, 0.763671875)]} },

'vi ion_path': './temp. ding_71472bea_Cardi ly.png'}
Invoke: RAG tool
Params:
"Diseases": "Cardiomegaly", "Edema", "Pleural Effusion”
"image_path": "/p10/p10975446/s56122911.png"
Output:

['Indwelling support and monitoring devices are unchanged in\\n position.

and
combined alveolar and interstitial opacities appear minimally\\n improved,
with persistent more confluent opacities in the right lung base\\n medially
with adjacent elevation of right hemidiaphragm. Considering the\\n
presence of longstanding interstitial fibrosis, observed findings could\\n
represent acute exacerbation of chronic lung disease. Alternatively, this
may\\n reflect chronic lung disease complicated by infection, edema or
ARDS.', 'As compared to the previous radiograph, there is no relevant\\n
change. Status post aortic repair. Moderate cardiomegaly. The position
of\\n the vent is constant. Constant monitoring and support devices.
Constant\\n bilateral small to moderate pleural effusions with areas of
atelectasis but no\\n evidence of new parenchymal opacities.', 'In
comparison with study of ___, there has been the development of\\n
bilateral opacifications, much worse on the right, consistent with
asymmetric\\n pulmonary edema. Bilateral pleural effusions are again seen
with atelectatic\\n changes at the base, especially including substantial
volume loss in the left\\n lower lobe. In the appropriate clinical setting,
supervening pneumonia would\\n be difficult to exclude. \\n \\n Monitoring]|
and support devices are essentially unchanged.', 'Mild transverse
cardiomegaly. Pulmonary vascular congestion with mild\\n interstitial
thickening. Small left-sided pleural effusion. Left lower lobe\\n atelectasis.|
Unfolded aortic arch and rotation contribute to a widened\\n mediastinum.
Degenerative bony changes.']

Persistent cardi 1 idening of vascular pedicle. \\n Bilateral

@

Agent

@

Agent

Evidence:
[Posture Recognition]: AP.
[Classifier]: Pleural Effusion, Cardiomegaly, Support Devices, Lung
Opacity, and Atelectasis.
[Grounding]: Pleural Effusion (bilateral, right side more prominent), and
Cardiomegaly (enlarged cardiac silhouette).

_[RAG}: provided supporting clinical context for these findings.

Final report:

The chest X-ray demonstrates bilateral diffuse opacities, particularly
prominent in the lower lung zones. There is evidence of bilateral pleural
effusions, with the right-sided effusion being more pronounced.
Cardiomegaly is present, with an enlarged cardiac silhouette and widening

atelectasis, particularly in the right lung base. Support devices, likely for

\ monitoring or ventilation, are visible.

of the vascular pedicle. The mediastinum is also widened. There are signs of

Agent

@

Figure 3: Detailed case study. A step-by-step visualization of how EviAgent processes a sample input.
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