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Multimodal large language models (MLLMs) hold immense potential to revolutionize clinical practice,
yet deploying them in the medical domain is fundamentally a vision-centric challenge: models must
absorb knowledge from heterogeneous 2D and 3D medical images, and evaluation protocols must
align with radiologists’ clinical practice and provide an accurate, fine-grained and factualness-driven
assessment. In this paper, we introduce ClinFusion, a vision-centric MLLM designed for holistic
medical understanding that systematically addresses these limitations. We propose a compositional
and cascaded vision encoder architecture featuring a Cascade Spatial-Aware Locality Fusion operator
that unifies diverse 2D and native 3D medical image understanding within a fused encoder. We further
introduce a vision-grounded evaluation framework, including MedIF-Bench for instruction-following
assessment and a region-of-interest-grounded method for clinically aligned and factualness-driven report
generation evaluation. We show that ClinFusion sets a new state-of-the-art across a comprehensive
suite of 2D and 3D multimodal medical benchmarks—spanning visual question answering, report
generation, and instruction following—as well as textual medical tasks, outperforming leading open-
source medical MLLMs (e.g., Hulu-Med, Lingshu) on 20 out of 24 benchmarks and demonstrating
multimodal capabilities better than powerful proprietary models such as GPT-5.2 and Gemini-3-Flash
on 13 out of 16 benchmarks, and can be further augmented with agentic tool use for retrieval-augmented
and tool-assisted clinical workflows. A blinded evaluation by board-certified radiologists confirms that
ClinFusion produces the highest-ranked reports, and validates our Rol-grounded metric as achieving
the strongest correlation with expert judgment among all automatic evaluation metrics examined.
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1 Introduction

The recent proliferation of Multimodal Large Language Models (MLLMs) has unlocked unprecedented
capabilities in integrating and reasoning over diverse data modalities [1, 2, 3, 4, 5]. Consequently, the medical
domain has emerged as a fertile ground for MLLM-powered intelligent systems, which hold immense potential
to revolutionize tasks such as automated diagnostics, clinical report generation, and interactive decision
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support.

Because clinical decisions are predominantly driven by visual evidence—from radiographs and pathology
slides to volumetric CT and MRI scans—successfully deploying MLLMs in the high-stakes medical field is
fundamentally a vision-centric challenge. This challenge manifests along two tightly coupled dimensions: 1)
Visual knowledge absorption: the architecture must natively process and internalize the heterogeneous visual
knowledge unique to medicine, spanning diverse 2D and 3D imaging modalities; and 2) Vision-grounded
evaluation: the evaluation system must go beyond surface-level text matching and instead assess a model’s
visual understanding through clinically meaningful, region-level analysis that reflects real-world diagnostic
practice. Underpinning both dimensions is a principled data-curation pipeline that provides the diverse,
high-quality visual training signal necessary for robust medical perception. Indeed, recent advancements in
Medical MLLMs have made strides in addressing these aspects [6, 7, 8, 9, 10, 11, 12, 13].

Despite promising results on established benchmarks for multimodal [14, 15, 16] and text-based [17, 18, 19]
medical tasks, critical gaps remain in both vision-centric dimensions identified above—visual knowledge
absorption and vision-grounded evaluation—that hinder the transition of MLLMs to in-the-wild clinical
practice. The first critical challenge lies in Heterogeneous Visual Knowledge Absorption: A single, monolithic
vision encoder is often inadequate for capturing the diverse knowledge embedded in heterogeneous medical data.
Medical imaging is fundamentally multimodal, spanning a wide array of 2D (e.g., X-rays, pathology slides,
fundus images) and 3D (e.g., CT and MRI scans) modalities. This diversity presents a far greater challenge
for visual feature extraction and understanding than that of general-domain applications. The prevailing
approach in medical MLLMs has been predominantly data-centric: models such as Lingshu [6], Hulu-Med [7],
LLaVA-Med [9], and HuatuoGPT-Vision [12] adapt general-purpose vision-language backbones through
stage-wise fine-tuning on meticulously curated image-text datasets, yet their underlying vision architectures
remain largely unchanged—typically a single, monolithic encoder. Existing architectural strategies can
be broadly categorized into two groups: a 2D-centric approach that treats all visual data as 2D images
by sampling dense slices from 3D volumes [20, 6, 7, 8|, which inevitably sacrifices critical 3D structural
information; a 3D-centric approach that employs representative encoders for 3D data, requiring extensive and
complex alignment procedures [21, 22, 23]. While multi-encoder designs have been explored in the general
vision-language domain [24, 25, 26, 27, 28, 29|, they target multi-resolution inputs or stronger visual acuity
rather than the unique challenges of medical imaging. The most related work, Cambrian-1 [26], uses a parallel
design to aggregate visual information from multiple vision encoders, but lacks a native 3D encoder and the
guided fusion mechanism we propose.

The second critical challenge lies in Vision-Grounded Evaluation. Current evaluation protocols for medical
MLLMSs have two critical gaps. The first is that existing benchmarks overlook instruction-following capability,
which is often degraded by domain-specific fine-tuning yet remains a prerequisite for any meaningful downstream
evaluation and clinical deployment. The second centers on report generation. Report generation is among the
most clinically important applications of medical MLLMs, yet its evaluation remains fundamentally flawed. A
common practice to evaluate report generation capability is by 1) providing a general instruction for MLLMs
to generate a comprehensive report and then 2) comparing the generated report against a reference report.
However, this paradigm is misaligned with clinical practice: radiologists interpret images guided by the
patient’s clinical context (e.g., referral indication, medical history), which directs their attention to specific
anatomical regions and shapes the structure of their reports—yet current protocols force models to produce
comprehensive reports without any focus on the patient. Moreover, existing metrics compare generated
reports against references through either surface-level lexical or semantic matching (e.g., BLEU, ROUGE [30],
METEOR [31], CIDEr [32], BERTScore [33]), entity-level extraction and matching that relies on rules or
small-scale models with limited accuracy (e.g., RadGraph-F1 [34], RaTEScore [35]), or holistic LLM-based
scoring that conflates accuracy and completeness (e.g., GREEN [36])—mnone of which provide an accurate,
fine-grained and factualness-driven decomposition of matched, missed, and hallucinated clinical findings.
Beyond these two core vision-centric challenges, a further practical consideration is that MLLMs are inherently
passive and isolated systems: their parametric knowledge is static, their reasoning lacks traceability, and they
face perception bottlenecks on specialized tasks where dedicated AI models remain superior [37, 38, 39, 40].

To address these fundamental challenges, we present ClinFusion, a vision-centric multimodal large language
model system designed for holistic medical understanding. As illustrated in Fig. 1, our work introduces a
principled framework that systematically tackles each of the aforementioned limitations through a contribution



spanning architecture, evaluation, and system-level integration.

First, to overcome the challenge of heterogeneous visual knowledge absorption, we propose a Compositional
Vision Encoder. Instead of relying on a monolithic encoder, ClinFusion integrates a foundational and well-
aligned vision transformer with an ensemble of specialist 2D encoders. More critically, we introduce Cascade
Spatial-Aware Locality (CaSL') Fusion, a hierarchical operator that enables a cascaded interplay among the
2D encoders, which progressively enriches a foundational visual representation while preserving its alignment.
To natively handle volumetric data, we further incorporate a dedicated 3D encoder and design a 2D-anchored
depth-aware CaSL Fusion, where well-aligned 2D feature representations guide the alignment of 3D features.
In contrast to the parallel aggregation designs of prior work [26], ClinFusion uniquely incorporates a native 3D
vision encoder alongside a compositional ensemble of 2D encoders, coordinated by the CaSL Fusion operator
that enables both a cascaded interplay among the 2D encoders for progressive feature enrichment and a unique
2D-anchored interplay between the 2D and 3D modalities.

Second, to bridge the gap between evaluation and clinical practice, we introduce a vision-grounded evaluation
framework centered on two key innovations. We propose MedIF-Bench, a comprehensive benchmark that
addresses the critical yet overlooked issue of instruction-following in medical contexts, assessing whether
MLLMs can accurately execute complex, practical medical instructions—a prerequisite for reliable clinical
interaction. More fundamentally, for vision-intensive tasks like report generation, we introduce a Region-of-
Interest (Rol)-grounded evaluation methodology that aligns generation with clinical practice by conditioning
on patient-specific clinical context (i.e., clinically salient anatomical areas) and employs an LLM-as-a-judge to
decompose diagnostic claims into matched, missed, and hallucinated findings, which provides an accurate and
factualness-driven assessment.

To validate both our model and our evaluation methodology against expert clinical judgment, we conduct a
blinded expert evaluation in which six board-certified radiologists independently rank reports generated by
ClinFusion, Gemini-3-Flash, and Hulu-Med across 300 clinical cases spanning CT and X-ray modalities. This
study serves a dual purpose: it confirms that ClinFusion produces the highest-ranked reports across factual
accuracy, completeness, and clinical utility, and it demonstrates that our Rol-grounded metric achieves the
strongest correlation with expert judgment among all eleven automatic metrics examined—providing direct
clinical evidence that our evaluation framework measures what clinicians value.

Furthermore, to enhance the practical deployment of ClinFusion in real-world clinical settings, we develop
an agentic tool use system that extends the model’s capabilities beyond its parametric knowledge. This
system equips ClinFusion with retrieval-augmented generation (RAG) for grounding answers in current,
citable medical literature, and a suite of perception expert tools that enable it to invoke specialized Al
models for high-precision analysis like organ segmentation or disease classification. While the core technical
contributions of this work lie in the vision architecture and evaluation framework described above, this agentic
extension demonstrates how ClinFusion can be practically deployed as an active clinical assistant with dynamic
knowledge access and verifiable, tool-augmented reasoning.

In summary, our main contributions are:

e A compositional and cascaded vision architecture that natively unifies heterogeneous 2D and 3D medical
imaging through CaSL Fusion, a cascaded and 2D-anchored interplay mechanism, and progressively
enriches a foundational and well-aligned visual representation.

e Anew vision-grounded evaluation framework, featuring the MedIF-Bench for assessing instruction-following
in medical scenarios and an Rol-grounded methodology for more clinically aligned and precise report
generation evaluation.

e Leading performance validated by both automatic benchmarks and expert radiologists. ClinFusion achieves
state-of-the-art results across 2D and 3D multimodal medical benchmarks alongside textual medical tasks,
outperforming both general-purpose and medical MLLMs, with multimodal performance competitive
with leading proprietary models such as GPT-5.2 and Gemini-3-Flash. A blinded evaluation by six
board-certified radiologists on 300 clinical cases further confirms that ClinFusion produces the highest-
ranked reports and that our Rol-grounded metric best reflects expert clinical judgment. We additionally

1CaSL is pronounced as “castle” (UK: /‘kazsol/, US: /‘keesal/).



demonstrate that equipping ClinFusion with an agentic tool use system—integrating dynamic knowledge
retrieval and external specialist models—yields consistent improvements in both text-only and multimodal
clinical scenarios.

2 Results

This section presents the results of our study, beginning with an overview of the proposed framework,
ClinFusion, and the evaluation settings, followed by a detailed analysis of the main findings.

2.1 Overview

2.1.1 System Overview

ClinFusion is a vision-centric multimodal large language model designed for holistic medical understanding.
As illustrated in Fig. 2, the system is built upon two core contributions: 1) a compositional and cascaded
vision encoder featuring the CaSL Fusion operator, which unifies the processing of diverse 2D and native
3D medical data by progressively enriching a foundational Qwen ViT representation with features from
specialist encoders; and 2) a vision-grounded evaluation framework, including the MedIF-Bench for assessing
instruction-following, and an Rol-grounded methodology for report generation evaluation. To further enhance
its practical deployment, ClinFusion is complemented by an agentic tool use extension that equips it with
retrieval-augmented generation and the ability to invoke external specialized models as tools, demonstrating
consistent improvements in both text-only and multimodal clinical scenarios. We present results for several
variants of our proposed architecture. Our primary models, ClinFusion-8B and ClinFusion-32B, are built
upon the Qwen3-VL-8B and Qwen3-VL-32B foundations, respectively.

2.1.2 Evaluation Settings

Models for comparison. To comprehensively evaluate the performance of ClinFusion, we conduct extensive
comparisons against three categories of state-of-the-art models:

e Leadinggeneralist MLLMs: We include leading open-source MLLMs to establish a general-domain baseline.
This includes Qwen2.5-VL series [1], Qwen3-VL series [2] and InternVL3 series [41].

e Leading medical MLLMs: To situate ClinFusion within the current medical Al landscape, we compare it
against a wide array of specialized medical MLLMs. This includes recent models such as Lingshu [6],
Hulu-Med [7], MedGemma [8], HuatuoGPT-V [12|, LLaVA-Med [9], BioMediX2 [42]|, HealthGPT [43],
MedDr [44], BiomedGPT [13], Med-R1 [11] and MedVLM-R1 [10].

e Leading proprietary models: We also include results from leading proprietary models, including GPT-5.2,
Gemini-3-Flash, Claude-Sonnet-4.5, to benchmark against the current frontier of multimodal AT.

To ensure a fair and reproducible comparison, we utilize a unified evaluation kit for leading open-source models.
For models where official checkpoints are available, we re-evaluate their performance on our full benchmark
suite using this standardized protocol. For 3D volumetric inputs, we by default sample 32 slices per volume,
each resized to 256 x 256, unless a model’s official inference code prescribes a different setting, in which case
we follow its native configuration (e.g., Hulu-Med [7], which processes all slices). For 2D benchmarks, all
available images in each sample are provided to the model without subsampling.

Benchmarking suite. We assess all models across a diverse suite of benchmarks (detailed in Section 4.2 and
Extended Data Table 2) categorized as follows:

e 2D multimodal medical benchmarks: Standard VQA and report generation tasks on 2D medical images.

e 3D multimodal medical benchmarks: Tasks requiring understanding of volumetric data like CT/MRI
scans.

e Textual medical benchmarks: Standard medical question-answering datasets to evaluate the underlying
language and knowledge capabilities of the LLM component.



e Medical instruction following benchmark (our MedIF-Bench): Our proposed benchmark to specifically
measure the model’s ability to follow complex, clinically-relevant instructions.

Evaluation metrics. For VQA benchmarks (both 2D and 3D), we report accuracy for multiple-choice questions
(MCQ) and open-ended questions. For report generation benchmarks, we employ our proposed Rol-grounded
evaluation methodology (Section 4.2.3), reporting Precision, Recall, and F1 scores computed via an LLM-as-a~
Judge that assesses clinical correctness within specified anatomical regions. For textual medical benchmarks,
we report accuracy. For MedIF-Bench, we report an Overall Instruction-Following (Overall-IF) score that
measures the percentage of responses conforming to the prescribed output format via regex-based verification,
isolating format compliance as a prerequisite for reliable clinical deployment.

2.2 Benchmark Evaluation

2.2.1 Evaluation on 2D Multimodal Medical Benchmarks

Leading VQA capabilities among medical MLLMs, competitive with proprietary models. ClinFusion demonstrates
state-of-the-art performance across a comprehensive suite of 2D medical benchmarks, substantially outper-
forming both leading open-source models and strong proprietary APIs in report generation and challenging
VQA tasks. Our evaluation is divided into two key areas: a diverse set of VQA benchmarks and the complex
generative task of clinical report generation.

On VQA tasks, ClinFusion consistently ranks first or second across all eight benchmarks, showcasing its
robust and versatile visual reasoning capabilities. Fig. 3a compares ClinFusion against leading proprietary,
general-purpose, and medical MLLMs on eight 2D benchmarks (detailed scores in Supplementary Table 1).
Our ClinFusion-8B model achieves top scores among all medical MLLMs on seven of the eight benchmarks,
including the challenging multi-modality datasets that require a comprehensive understanding of all visual
modalities and the reasoning-focused MedXpertQA. When compared to proprietary models, ClinFusion-8B
and ClinFusion-32B outperform the powerful Gemini-3-Flash on six benchmarks (OmniMedVQA, PMC-VQA,
MedFrameQA, VQA-RAD, SLAKE, PathVQA), demonstrating that a specialized, well-designed open-source
model can surpass even the most advanced generalist APIs on domain-specific tasks. For extremely hard
reasoning benchmarks like MedXpertQA, we observe a margin between our model and the proprietary model.
We anticipate that this gap can be closed through scaling the model since we observe a clear performance
boost by scaling ClinFusion-8B to ClinFusion-32B.

Leading 2D clinical report generation capabilities among medical MLLMs and proprietary models. In clinical report
generation, ClinFusion also sets a new state of the art. As shown in Fig. 3b (detailed scores in Supplementary
Table 2), our ClinFusion-8B achieves an F1 score of 37.8 on CheXpert-Plus and a remarkable 57.3 on ITU-XRAY.
This represents a substantial improvement over the previous small open-source medical MLLM, Hulu-Med-7B
(31.9 and 46.5, respectively), showcasing our model’s superior ability to generate clinically accurate and
coherent text using the fundamentally enhanced vision capabilities. When compared with the proprietary
models, all versions of our model are on the same level or better than these proprietary models, especially on
the CheXpert-Plus dataset, which ClinFusion clearly outperforms them.

A qualitative example in Extended Data Fig. 1a further illustrates ClinFusion’s 2D diagnostic capability.
Despite the clear presence of cardiomegaly and pulmonary vascular prominence in the chest X-ray,multiple
strong baselines—including Hulu-Med, Lingshu, and Gemini-3-Flash—erroneously generate “normal” reports,
likely due to over-reliance on global features. In contrast, ClinFusion accurately identifies both pathologies,
correctly describing the “cardiac silhouette” as “mildly enlarged” and noting the “mild prominence of the
pulmonary vasculature”™—a fine-grained perception enabled by its compositional vision encoder architecture.

2.2.2 Evaluation on 3D Multimodal Medical Benchmarks

Strong 3D multimodal VQA capabilities among medical MLLMs and proprietary models. ClinFusion achieves
the best or near-best results in native 3D medical understanding across volumetric VQA benchmarks, as
shown in Fig. 4a (detailed scores in Supplementary Table 4). This performance stems from our vision-centric
architecture, featuring a dedicated 3D encoder and the 2D-anchored CaSL Fusion mechanism for volumetric
reasoning.



Our ClinFusion-8B model, despite its modest size, substantially outperforms much larger models. On AMOS-
MCQ), it achieves 80.2, surpassing the previous best 7B model, Hulu-Med-7B (65.7), by 14.5 points, and
even exceeding the 32B Hulu-Med (73.9). When compared to proprietary APIs, ClinFusion-8B outperforms
Gemini-3-Flash by 16 points on AMOS-MCQ. Our ClinFusion-32B model further extends this advantage,
achieving 81.7 on AMOS-MCQ and 89.0 on CT-Rate MCQ, while remaining competitive with Hulu-Med-32B
on 3D-RAD.

Strong 3D report generation capabilities among medical MLLMs and proprietary models. Fig. 4b reports Precision,
Recall and F1 on 3D report generation under the Rol-Grounded protocol (detailed scores in Supplementary
Table 4). On CT-Rate Report, ClinFusion-32B achieves the best F1 (23.9) across all evaluated models,
surpassing the strongest medical baseline Hulu-Med-32B (23.4) and all proprietary APIs (Gemini-3-Flash 20.2;
GPT-5.2 14.1). On AMOS Report, ClinFusion-32B obtains the best F1 (16.1) among open-source medical
MLLMs, while Gemini-3-Flash (23.4) leads overall, indicating headroom on CT reporting that we leave to
future work. At the smaller scale, ClinFusion-8B (F1: 12.0 / 21.6) consistently outperforms its 7B medical
counterpart Hulu-Med-7B (10.7 / 18.3) on both datasets.

Beyond quantitative metrics, a qualitative analysis on the native CT case in Extended Data Fig. 1b further
illustrates how ClinFusion excels in both diagnostic accuracy and clinical workflow adherence. For diagnostic
accuracy, while the proprietary Gemini-3-Flash generates a generic report incorrectly stating the liver is
“normal in size and attenuation” and missing the key diagnosis—a common failure of generalist MLLMs on
subtle, diffuse density changes in volumetric data—ClinFusion correctly identifies the decreased liver density
and reaches the final “Impression: Mild fatty liver”. For clinical workflow adherence, ClinFusion’s report is
meticulously structured according to the requested “Areas of Focus”, systematically evaluating each organ
system. It further provides specific pertinent negatives, such as “The intrahepatic and extrahepatic bile
ducts are not dilated” and “No abnormalities are observed in the gallbladder”, rather than the ground-truth
(GT) report’s general statement that “upper abdominal organs are normal”. This combination of pinpointing
pathology and systematically confirming normalcy yields reports that are accurate, structured, and clinically
coherent.

2.2.3 Evaluation on MedIF-Bench

Strong instruction-following preserved through medical adaptation. To address the critical gap between
benchmark performance and practical utility, we evaluated models on our newly proposed MedIF-Bench,
which is designed to test complex clinical instructions. As shown in Fig. 4c (detailed scores in Supplementary
Table 5), ClinFusion achieves Overall-IF scores of 98.1 (8B) and 98.9 (32B), the best results among medical
MLLMs and surpassing all proprietary systems including GPT-5.2 (96.0), Gemini-3-Flash (96.6), and Claude-
Sonnet-4.5 (86.5). More importantly, while general-purpose MLLMs such as Qwen2.5-VL and Qwen3-VL
exhibit strong instruction-following, existing medical adaptations of these backbones (e.g., Lingshu-7B: 80.4;
Lingshu-32B: 82.6) suffer substantial degradation. ClinFusion is a medical-adapted model that retains near-
backbone instruction-following capability,with consistently high scores across diverse tasks (detailed scores
in Supplementary Table 5) including challenging ones such as “Seer” (prognosis based on specific conditions)
and structured report generation where most other medical models fail.

Instruction-following ability is a prerequisite for reliable evaluation. MedIF-Bench also serves as a proxy for model
“evaluability”: a model’s inability to adhere to instructional formats leads to inaccurate assessments of its
actual knowledge. The case of MedGemma-1.5-4B-IT illustrates this—it achieves an Overall-IF of only 27.4,
and manual inspection confirms that it consistently fails to produce answers in prescribed formats, rendering
rule-based and LLM-as-a-judge evaluation unreliable. This deficiency directly manifests as artificially low
scores on other benchmarks (e.g., PMC-VQA: 18.7, Supplementary Table 1; SuperGPQA: 2.25, Supplementary
Table 3), demonstrating that instruction-following is a prerequisite for evaluating the latent knowledge
of any MLLM. Notably, MedGemma-1.5-4B-IT is trained on diverse medical data yet lacks IF capability,
suggesting that data curation alone is insufficient if the training methodology does not explicitly instill robust
instruction-following.



2.2.4 Evaluation on Textual Medical Benchmarks

Vision-centric architecture need not sacrifice textual competence. Despite being a vision-centric architecture,
ClinFusion’s textual abilities match or surpass the best medical MLLMs under unified evaluation, as shown
in Extended Data Fig. 2 (detailed scores in Supplementary Table 3). Our ClinFusion-32B achieves the best
scores among all medical MLLMs on seven of eight benchmarks, with clear improvements over Hulu-Med-32B
on MedXpertQA (26.7 vs. 19.8), Medbullets (74.8 vs. 67.5), and MedQA-MCMLE (93.8 vs. 87.0). At the
smaller scale, ClinFusion-8B is competitive with Hulu-Med-7B, achieving the best scores on PubMedQA
(77.6), MedQA-MCMLE (89.1), and MMLU-Med (81.3) while trailing on MedMCQA and MedQA-USMLE.
When compared to general-purpose MLLMSs, ClinFusion consistently outperforms its corresponding backbones,
demonstrating that medical adaptation enhances rather than compromises textual knowledge. We note a
remaining gap with the strongest proprietary models, particularly on complex reasoning benchmarks such as
MedXpertQA and SuperGPQA, though this gap narrows substantially when scaling from 8B to 32B (e.g.,
MedXpertQA: 20.0 — 26.7; SuperGPQA: 32.6 — 41.8), suggesting that further scaling can close this gap.

2.3 Clinical Validation with Expert Radiologists

To complement the automatic evaluation presented above, and following methodological precedents for expert
validation of Al-generated reports [45], we conducted a blinded expert evaluation with six board-certified
radiologists (each with >6 years of clinical experience or longer). We randomly sampled 300 cases from
our report generation benchmarks (100 Chest X-ray from [46], 100 Chest CT from 3D-RAD [47] and 100
Abdominal CT from AMOS-MM [48]). Then we collected reports from four systems corresponding to these
cases: ClinFusion with agentic tools, ClinFusion (standalone), Gemini-3-Flash, and Hulu-Med. For each
case, the evaluators examined the original medical image alongside the four anonymized model outputs, then
ranked all four reports along three clinically grounded dimensions: Factual Accuracy (how few hallucinated
findings), Completeness (how few missed abnormalities), and Clinical Utility (overall value for downstream
decision-making).

Experts validate ClinFusion’s clinical advantage and the benefit of agentic augmentation. Fig. 5a summarizes the
aggregated Borda scores across all annotators. ClinFusion with agentic tools ranks first in every dimension—
Overall, Accuracy, Completeness, and Operability—with a statistically significant margin over Hulu-Med
(p < 0.001) and Gemini-3-Flash (p < 0.001). Notably, the standalone ClinFusion already outperforms both
Gemini-3-Flash and Hulu-Med, and adding the agentic tools yields a further consistent uplift, corroborating
the quantitative gains reported in Tables 2 to 4.

The Rol-grounded report generation metric achieves the highest correlation with expert judgment. We as-
sessed how faithfully each automatic metric reflects the clinical quality perceived by radiologists, as shown
in Fig. 5b. Among eleven metrics—including METEOR  [31], BLEU-4 [49], ROUGE-L [30], RadGraph-F1 [50],
BERTScore [33], CIDEr [32], and GREEN [36]—our proposed metric achieves the highest rank correlation
with expert consensus on all three agreement measures (Kendall’s 7 = 0.511, Spearman’s p = 0.572, Top-1
Accuracy = 55.5%). At the individual-case level, as shown in Fig. 5c, the per-case Kendall’s 7 distribution of
our metric exhibits a higher mean and lower variance than all alternatives, indicating that its advantage is
systematic rather than driven by outliers.

Inter-annotator agreement confirms the reliability of the evaluation. To verify the scientific rigor of the annotation
study, we assessed inter-annotator agreement using Kendall’s coefficient of concordance (W). As shown
in Fig. 5d, the overall W across all dimensions is 0.665 + 0.275 (n = 300), indicating substantial agreement
among the radiologists. As shown in Fig. 5e, agreement is consistent across modalities (CT: 0.678 + 0.260;
X-ray: 0.641 + 0.300) and across individual dimensions, with Accuracy reaching W = 0.687 & 0.272. These
values confirm that the expert rankings are reproducible and that the observed model differences reflect
genuine quality gaps rather than annotator noise.

2.4 Design Analysis

This section validates our two core design contributions: the Rol-grounded evaluation methodology and the
compositional vision architecture.



2.41 Analysis of Rol-Grounded Report Generation

To validate the design choices behind our Rol-Grounded Report Generation evaluation—which achieves the
highest correlation with expert judgment among eleven metrics (Fig. 5b)—we present a detailed analysis
comparing our methodology against RadGraph-F1 [50], a widely adopted clinical metric for report generation,
as employed in recent work [8]. We identify two key limitations of this conventional approach and show how
our protocol addresses them.

Clinical context ensures meaningful report generation comparisons. In a typical prior evaluation setup, such as
the one employed by MedGemma [8], the model is prompted to generate a report from an image without
any clinical context. To demonstrate why this is problematic, we ablate within our Rol-Grounded pipeline
(Section 4.2.3) on whether the extracted clinical context (“Clinical Indication” and “Area of Focus”) is provided
during generation. We compare two models (ClinFusion-8B and Lingshu-7B [6]) across report generation
benchmarks.

As shown in Fig. 6a (detailed scores in Supplementary Table 6), the context-free setting reveals two issues: 1)
metrics drop substantially for both models, and 2) the performance gap between the two models is severely
compressed—under the context-aware setting ClinFusion-8B consistently outperforms Lingshu-7B, yet under
the context-free setting both produce nearly identical scores. The root cause is that a single medical image
contains many anatomical structures, but a radiologist’s report sometimes focuses only on areas relevant
to a specific clinical indication. Without this context, the model may describe regions absent from the
GT report, and there is no way to determine whether such claims are hallucinations or legitimate findings
that the original radiologist chose not to document—ryet all are penalized as false positives, leading to low
report generation scores and narrow performance gaps. By introducing the extracted clinical context, our
Rol-Grounded protocol constrains the model to the anatomical areas covered by the GT, ensuring that every
claim can be categorized as a True Positive, False Negative, or False Positive.

A representative case is shown in Extended Data Fig. 3: With clinical context (left), ClinFusion’s output stays
within the anatomical scope of the GT (pleural effusion, pericardial effusion, lung consolidations consistent
with Covid-19 pneumonia, and liver findings), so each claim is verifiable. Without context (middle), the same
model produces additional findings on regions the GT never addresses—e.g., mediastinal shift, cardiomegaly,
splenomegaly, anasarca, osseous lesions, and a diagnosis of decompensated congestive heart failure—which
cannot be distinguished from hallucinations and are uniformly penalized as false positives, deflating the score.

LLM-as-a-Judge evaluation overcomes the synonymy insensitivity and length bias. As an alternative to text-
matching metrics such as RadGraph-F1 [34, 8], our Rol-Grounded protocol adopts an LLM-as-a-Judge
for report evaluation. RadGraph-F1 first parses both the predicted and GT reports through RadGraph-
XL [50]—a transformer trained to extract clinical entities (e.g., anatomical structures, observations) and
their relations (e.g., suggestive of, located at) from radiology text—and then computes an F1 score over
the matched entity and relation sets. Critically, RadGraph-XL operates in a closed-form fashion: it maps
input text to a fixed,pre-defined schema, unlike LLM-based evaluators that accept and produce open-form
natural language;furthermore, as a relatively small extractor, it has limited accuracy on out-of-distribution
clinical phrasings. This rigidity enables an LLM-free, computationally cheap pipeline, but introduces two
failure modes. 1) Synonymy insensitivity: Semantically equivalent but differently worded findings receive no
credit—for example, “the liver appears enlarged” fails to match ‘“hepatomegaly is present” with a score of
zero, despite being clinically identical, as they map to different schema entries with no token overlap. 2)
Length bias: Because RadGraph-XL extracts entities from the entire input text, longer outputs have a greater
statistical chance of overlapping with the GT entities, so even purely verbose language that casually mentions
anatomical terms can inflate the score without reflecting clinical accuracy.

Fig. 6b (detailed scores in Supplementary Table 7) provides quantitative evidence of both failure modes. First,
RadGraph-F1 scores cluster within a narrow range across the first three models (11.8-21.0 on CheXpert-Plus;
16.3-36.6 on TU-XRAY), making it difficult to distinguish model quality, whereas our LLM-as-a-Judge spans a
wider and more discriminative range (16.8-37.8 on CheXpert-Plus; 36.7-57.3 on IU-XRAY). Second, the Long
Output variant substantially inflates RadGraph-F1 (11.8—18.8 on CheXpert-Plus; 16.3—33.0 on IU-XRAY)
despite producing lower-quality outputs, while our LLM-as-a-Judge correctly penalizes verbosity (16.8—15.1
on CheXpert-Plus; 36.7—33.6 on TU-XRAY).



2.4.2 Ablation Studies on Architectural Design

All ablation studies on architectural designs (e.g., the contribution of different encoders or fusion strategies)
are conducted on the 2D and 3D multimodal medical benchmarks, as these tasks are most sensitive to changes
in visual perception. To enable rapid iteration, we train on a subset of the full training data and, given the
high computational cost of 3D evaluation, also sample a subset of the 3D evaluation data. We ensure that
every comparison within the same table or figure is performed under identical settings.

Local cross-attention is a better fusion mechanism than other alternatives. We compare our proposed CaSL
Fusion operator against three alternatives: 1) channel-wise concatenation, which concatenates feature maps
along the channel dimension; 2) global cross-attention, where each query token attends to the entirety of the
key /value feature map, in contrast to our localized approach; and 3) a mixture-of-vision-experts approach,
which computes a token-wise weighted combination of features via a learned gating mechanism [51]. The
model is configured with Qwen ViT as the foundational encoder and DINOv2 as the additional vision encoder.
To facilitate efficient validation, the model is trained for the first three training stages on a subset of the
full corpus. As shown in Fig. 6¢ (detailed scores in Supplementary Table 8), all evaluated fusion strategies
improve over the single-encoder baseline (Qwen ViT only), supporting our hypothesis that a well-aligned
foundational encoder can be enhanced by complementary features from a specialist model. Among the four
mechanisms, local cross-attention attains the highest average performance, and we adopt it as the default in
all subsequent ablation studies.

DINOv2 augments the Qwen ViT the most. We next identify the most effective single specialist encoder to
augment the foundational Qwen ViT, comparing DINOv2, ConvNext, and Medsiglip. As shown in Fig. 6d
(detailed scores in Supplementary Table 9), no single encoder dominates both tasks: Medsiglip leads on 2D
VQA (64.8 vs. 64.5 / 64.1) while ConvNext slightly leads on report generation (27.9 vs. 27.8 / 26.6). However,
DINOWV2 is the only encoder that ranks within 0.3 of the best on both tasks, while ConvNext underperforms
on VQA and Medsiglip lags on report generation. We hypothesize that DINOv2’s self-supervised pre-training
yields more general-purpose visual features that transfer well across both task types, rather than specializing
in either. We therefore adopt DINOv2 as the specialist encoder in all subsequent multi-encoder experiments.

Additional vision encoders complement Qwen ViT, with diminishing returns beyond one additional encoder. Building
upon our finding that DINOv2 serves as the most effective single specialist encoder in addition to Qwen ViT,
we further explore the optimal combinations of two additional encoders, evaluating ensembles of DINOv2
paired with either ConvNeXt or Medsiglip under different cascade orders. As shown in Fig. 6e (detailed
scores in Supplementary Table 10), the DINOv2—Medsiglip cascade attains the highest average VQA score
(65.2), while the DINOv2—ConvNeXt cascade attains the highest average score on report generation (28.8).
Compared with the best single-encoder configuration (Fig. 6d), the second specialist encoder adds at most 0.4
on VQA and 0.9 on report generation, indicating diminishing returns beyond one additional specialist encoder.
Since report generation places higher demands on visual perception—requiring both global understanding and
localized findings—we adopt the Qwen ViT 4+ DINOv2 + ConvNeXt combination as the specialist ensemble
in our final ClinFusion architecture.

Cascade fusion outperforms parallel fusion on report generation. We additionally compare two ways of combining
the same DINOv2 + ConvNeXt encoder pair: our Cascade fusion (DINOv2—ConvNeXt) and a Parallel
fusion in which each specialist encoder is independently fused into the Qwen ViT query. As shown in Fig. Ge
(detailed scores in Supplementary Table 10), the two strategies perform similarly on 2D VQA (64.4 vs. 64.6),
but Cascade fusion clearly outperforms Parallel fusion on report generation (28.8 vs. 27.3). We hypothesize
that the cascaded design allows the representation to be progressively enriched across specialist encoders,
which benefits the open-ended generation setting more than the closed-form VQA setting. We therefore use
Cascade fusion as the default in our final architecture.

The native 3D encoder is essential for 3D volumetric understanding. We quantify the contribution of our dedicated
3D perception module by deactivating the 3D encoder at inference time, forcing the model to rely solely on
sparsely sampled 2D slices. As shown in Fig. 6f (detailed scores in Supplementary Table 11), removing the 3D
encoder degrades performance consistently across all evaluated tasks: the average 3D VQA score drops by 3.0
points (65.8 — 62.8), and the average 3D report-generation F1 drops by 4.0 points (15.7 — 11.7), with the
largest single-task degradations on CT-Rate Open VQA (63.6 — 56.4) and CT-Rate Report F1 (20.3 — 15.5).
These results indicate that volumetric features extracted by the native 3D encoder cannot be substituted by



sparse 2D slices alone, supporting the inclusion of a dedicated 3D perception module in ClinFusion.

2.5 Practical Extension with Agentic Tool Use

We extend ClinFusion with an agentic tool-use framework that combines a RAG tool and perception expert
tools within a plan—act workflow. We evaluate this extension on text-only medical benchmarks and 2D /3D
multimodal benchmarks at both the 8B and 32B scales, and illustrate the workflow on representative text-only
and multimodal cases.

Agentic tools improve 2D and 3D multimodal evaluations, with the largest gains on descriptive tasks. On multimodal
benchmarks (Fig. 7, left column; detailed scores in Supplementary Table 2 and Supplementary Table 4),
agentic tools improve ClinFusion across both 2D report generation and 3D VQA / report tasks at both scales.
For ClinFusion-8B, the largest gains appear on tasks requiring descriptive output, including CheXpert-Plus 2D
report (+12.4), 3D-RAD Open VQA (+8.4), AMOS Report (+4.6), and CT-Rate Report (+3.7), while gains
on closed-form 3D MCQ tasks are smaller (AMOS MCQ +5.5, 3D-RAD MCQ +2.2, CT-Rate MCQ +2.8).
ClinFusion-32B follows a similar pattern, with the largest gains again concentrated on descriptive-output
tasks (3D-RAD Open VQA +9.4, CheXpert-Plus 6.8, CT-Rate Report +3.7, AMOS Report +3.0) rather
than on closed-form MCQ tasks tasks that selects among predefined options.

Agentic tools improve text-only evaluations, with substantial gains on knowledge-intensive benchmarks. On
text-only medical benchmarks (Fig. 7, right column; detailed scores in Supplementary Table 3), agentic tools
improve ClinFusion consistently at both scales. For ClinFusion-8B, the largest gains appear on the most
knowledge-intensive benchmarks, including SuperGPQA (+12.8), MedQA-U (+11.1), MedXpertQA (-+7.7),
and MedMCQA (+7.3); the only exception is MedQA-M, where the score drops by 4.8 points. We attribute
this to the limited Chinese-language coverage in our retrieval corpus, which restricts the utility of RAG on a
Chinese-language exam benchmark. For ClinFusion-32B, gains follow a similar pattern (SuperGPQA +9.1,
MedXpertQA +4.5, MedQA-U +4.2), and the MedQA-M deficit no longer appears (+0.7), consistent with
the stronger multilingual capability of the larger backbone, which makes better use of the predominantly
English retrieved evidence.

The agentic framework makes model decisions verifiable through tool-produced evidence. We illustrate the
agentic workflow (shown in Extended Data Fig. 4c, detailed in Section 4.4) on two representative cases
(Extended Data Fig. 4a,b). In the provided text-only case (Extended Data Fig. 4a), ClinFusion decomposes
the clinical question into complementary retrieval queries, invokes the hybrid retrieval engine to collect
provenance-aware evidence from heterogeneous sources (e.g., PubMed, textbooks, StatPearls), summarizes
the evidence into a traceable intermediate conclusion before generating the final answer. In the provided
multimodal case (Extended Data Fig. 4b), ClinFusion identifies the input as a 3D chest CT volume, invokes a
Multi-Organ Lesion Segmenter that returns structured findings (e.g., lesion count and size), and integrates
these verified outputs into a radiology-style report with Findings and Impression sections. In both scenarios,
the intermediate tool outputs remain exposed and auditable, making the reasoning chain verifiable rather
than relying solely on implicit parametric generation.

3 Discussion

The integration of MLLMs into clinical practice holds significant promise, yet this transition has been impeded
by fundamental obstacles: the challenge of processing heterogeneous medical data, the gap between academic
evaluation and real-world clinical needs, and the static nature of model knowledge. In this work, we introduced
ClinFusion, a vision-centric MLLM that provides a systematic and holistic framework to address these critical
limitations. Our work presents a systematic framework that addresses these limitations and demonstrates
strong benchmark performance, suggesting a viable path toward deploying MLLMs in clinical environments.

At its core, ClinFusion’s advancements are built on two principal contributions. Architecturally, we moved
beyond monolithic vision encoders by proposing a compositional and cascaded architecture featuring the
CaSL Fusion operator. This design unifies diverse 2D and native 3D data processing through a cascaded
and 2D-anchored interplay mechanism, creating a rich and synergistic visual representation that consistently
benefits nuanced diagnostic tasks, as confirmed by our ablation studies. To bridge the evaluation-practice gap,

10



we introduced a new vision-grounded evaluation framework. This includes the MedIF-Bench to enforce reliable
instruction-following, and a novel Rol-grounded report generation methodology for clinically aligned and
factualness-driven report generation evaluation. To further enhance practical deployment, we developed an
agentic tool use extension that equips ClinFusion with retrieval-augmented generation and the ability to use
external specialist models as tools, demonstrating consistent improvements in both text-only and multimodal
clinical scenarios.

Our comprehensive experiments demonstrate that these innovations translate into state-of-the-art performance.
ClinFusion not only outperforms leading open-source models (e.g., Hulu-Med and Lingshu) across a wide
array of 2D, 3D, and textual benchmarks but also surpasses powerful proprietary APIs on multimodal tasks.
The superior performance, particularly in complex multimodal understanding, supports our architectural
hypothesis that holistic medical perception benefits from a compositional vision system capable of natively
processing heterogeneous 2D and 3D data, rather than relying on a single monolithic encoder. Independently,
the strong correlation between our Rol-Grounded evaluation and expert radiologist judgment confirms that
vision-grounded, factualness-driven metrics better reflect real clinical needs than conventional text-matching
approaches. The consistent improvements observed when augmenting ClinFusion with agentic tool use further
suggest that dynamic knowledge retrieval and specialist tool integration can complement the base model’s
capabilities. Furthermore, the strong results on MedIF-Bench underscore that strong instruction-following
capabilities are preserved through medical adaptation—a critical factor for clinical usability and a property
often degraded in other medical MLLMs.

The broader implication of our work lies in the paradigm shift it advocates for. Our results suggest that
advancing medical Al requires equal attention to both perception architecture and evaluation methodology—
building modular, verifiable systems while ensuring that evaluation faithfully reflects clinical needs. ClinFusion
illustrates one instantiation of this modular design philosophy. Its compositional architecture allows for
flexible integration of new specialist encoders as imaging technology evolves. Its agentic tool use extension
demonstrates how continuous knowledge updates and delegation to auditable, high-precision tools can further
enhance a strong foundation model for practical deployment. Concurrently, our proposed evaluation paradigm
provides the rigorous assessment required to ensure these complex systems are not only capable but also
reliable and aligned with clinical workflows.

Despite its strong performance, we acknowledge several limitations that pave the way for future research.
First, while our agentic system demonstrates the power of tool use, the current toolset is limited. Future
work should expand this ecosystem to encompass a broader range of modalities (e.g., ultrasound, MRI)
and functionalities (e.g., treatment planning simulators). Second, despite competitive performance among
open-source medical MLLMs, a notable gap remains between ClinFusion and the strong proprietary models
(e.g., Gemini-3-Flash) on knowledge-intensive text benchmarks. We attribute this primarily to the capacity
and training data scale differences between our ClinFusion and the substantially larger proprietary systems,
and note that our agentic tool use extension partially mitigates this gap through knowledge retrieval. Finally,
although ClinFusion excels in offline benchmarks, its translation into clinical practice necessitates rigorous
human-in-the-loop evaluation to validate its impact on diagnostic accuracy, efficiency, and patient outcomes,
while navigating the complex ethical and regulatory landscape.

In conclusion, ClinFusion lays the groundwork for a perceptually powerful, rigorously evaluated and verifiable
medical Al system. We hope this work motivates further research to build more clinically-aligned and
actionable medical Al systems.
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4 Methods

4.1 Architecture

ClinFusion is built upon the Qwen-VL series [2, 1], which is comprised of a Large Language Model (LLM), a
redesigned Vision Transformer (ViT) architecture, which we name Qwen ViT in the paper, and a vision-language
merger. The core of the perception capabilities stems from the Qwen ViT, pre-trained on vast general-domain
data to develop a strong understanding of general visual concepts. However, a single architecture, even
one as capable as Qwen ViT, is challenging for capturing the full spectrum of visual information present in
medical imaging, which ranges from high-frequency textural details (crucial for pathology) to global structural
semantics (for organ anatomy). We drew inspiration from recent works demonstrating that a composition of
models can learn distributions more data-efficiently [52] and that a strategic composition of encoders can
induce significantly stronger capabilities [26]. Building on this philosophy, ClinFusion extends the Qwen-VL
architecture by introducing a compositional ensemble of specialized vision encoders that synergistically fuse
diverse native 2D and 3D representations, enabling a more holistic and robust perception of medical imagery,
as shown in Fig. 2a and Fig. 2b.

4.1.1 Perception with Compositional Vision Encoders

Enhancing 2D perception with additional 2D vision encoders. To construct a comprehensive 2D perception system,
we create a compositional ensemble of vision encoders, where each model is selected to complement Qwen ViT’s
capability, addressing the inherent limitations of the generalist Qwen ViT. Our two adopted specialist encoders
are as follows: 1) A specialist for local features: We incorporate ConvNeXt [53], a modern convolutional
network. Its strong inductive bias for spatial locality makes it exceptionally skilled at capturing high-frequency
textural details and local patterns, which are critical for interpreting pathological slides or subtle radiological
findings. 2) A specialist for robust semantics: We include DINOv2 [54], a powerful self-supervised model.
By learning from visual data without explicit language supervision, it develops robust, high-level semantic
representations that are less prone to dataset biases, enhancing its ability to generalize across diverse medical
imaging modalities. This choice is further motivated by recent evidence that self-supervised encoders can scale
effectively for medical image understanding even without text supervision [55]. We additionally evaluated
MedSigLIP [8] as a candidate domain-knowledge specialist, as its pre-training on large-scale medical image—text
pairs (similar in spirit to BiomedCLIP [56]) can inject clinical domain knowledge directly. However, our
ablations (Supplementary Table 10) show it does not offer a consistent advantage, and we ultimately adopt
DINOv2 for its stronger overall balance across VQA and report generation. We note that clinical domain
knowledge is instead injected into the model through progressive staged training (Section 4.5).

Compressing representations with CaSL Fusion Dxi. To effectively fuse features from the compositional encoder
ensemble, we design our fusion strategy around two core principles: 1) Principle 1: Information density over token
length: We prioritize increasing the information density of the visual tokens fed into the LLM rather than
increasing the number of tokens. This is motivated by findings that standard visual representations in MLLMs
often contain significant redundancy, and compressing richer information into a fixed-length sequence is more
efficient [57, 58]. 2) Principle 2: Guided alignment via the foundation encoder: We should leverage the strong,
pre-existing alignment between the Qwen ViT and the LLM decoder. Therefore, the representations from
newly introduced encoders should be fused in a way that guides them towards this established vision-language
space, rather than disrupting it.

Let the set of encoders be denoted by {&;}M, where &; is always the foundational Qwen ViT. For an input
image I, each encoder &; extracts a feature map X;. To harmonize the features, which originate from different
embedding spaces and pre-processing pipelines, we first project and resize them:

X, = &;(I); X = Resize(Waign X;) € RV*P (1)

Here, Wiiign is a learnable projection matrix that maps the features from encoder &; to the hidden dimension
D of the Qwen ViT. The Resize operation aligns each feature map to Qwen ViT’s spatial shape of H x W,
where N = H x W. One exception is ConvNeXt, whose feature map is instead resized to a larger spatial
resolution to better preserve high-frequency detail; we defer this encoder-specific treatment to Section 4.6.
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To achieve this fusion, we propose the Cascade Spatial-Aware Locality Fusion (CaSL Fusion), denoted by
the operator ><I. The core idea of CaSL is to incrementally enrich the foundational Qwen ViT representation
with features from the specialist encoders in a spatially-aware and computationally efficient manner. This is
realized through a cascaded application of a local cross-attention mechanism, as shown in Fig. 2c.

We exemplify the process with the fusion of two feature maps, X, 1 = X1 > Xo. We first define a spatial local
field extractor, AVop, which extracts a k x k patch of neighboring tokens (the window size k is detailed in
Section 4.6). For the j-th feature token X1[j], we treat it as a query q; = X1[j] € R**P. The corresponding
keys and values K; and Vj are extracted from the local neighborhood centered at the same spatial location j

within the second feature map Xo:
K;,V; = Non(Xz); = {Xalp] | p € Ban(j)} € RV XP, Vi€ {L,... N} (2)

where Bap(j) contains the index set around the j-th feature in the spatial dimension. This local extraction
enforces a strong spatial inductive bias and dramatically reduces the computational cost from quadratic (over
N) to linear. The fusion is then performed via a standard cross-attention operation [59]:

9K} 1xk? 1xD
A; = softmax i eR ;o 0, =A;V;eR (3)

Note that we omit the multi-head formulation and the projections for queries, keys, values and outputs for
clarity. The aggregated feature o; is then integrated back into the query representation using a residual
connection and a Feed-Forward Network (FFN), forming a complete fusion block:

/)Z{ = X + 2DLocalCrossAttn(X, Xo; k); X, = X:{ + FFN(Y{) (4)
where 2DLocalCrossAttn(-) denotes the process in equation (3) for all tokens.

For an ensemble of M encoders, the fusion is applied in a cascaded manner, sequentially enriching the base
representation: ~ ~ ~
Z=((X1xX5)...xd X ) (5)

Crucially, the fusion operator < is asymmetric and left-associative, where the left operand always serves as
the query. This ensures that the well-aligned Qwen ViT representation remains the central backbone of the
fusion process, which is progressively enhanced by the specialist encoders. The fused feature Z replaces the
original X; and is fed into the LLM decoder.

CaSL Fusion with stochastic residual regularization. A potential challenge in our cascaded fusion design is the
risk of optimization shortcuts. Since the Qwen ViT (X)) is already well-aligned with the LLM, the model
might learn to predominantly rely on this path during fine-tuning, effectively ignoring the contributions from
less-aligned specialist encoders. To mitigate this, we introduce a stochastic regularization technique during
training. Specifically, we modify the residual connection in the fusion block (equation (10)) by stochastically
dropping the original query representation. The update rule becomes:

X'{ = \- X, + 2DLocalCrossAttn(X, Xo;k); A ~ Bernoulli(1 — Pdrop) (6)

During training, this forces the model to learn meaningful representations from the specialist encoders’

features. During inference, this stochasticity is disabled by setting A = 1 and pgrop = 0, ensuring stable and
full utilization of all features. pdrop is set to 0.1 by default.

CaSL Fusion’s compatibility with DeepStack. Qwen3-VL [2] introduced a DeepStack mechanism [60], which
injects visual features into multiple, deeper layers of the LLM to avoid the dilution of visual information,
enabling a more profound and persistent vision-language alignment. CaSL Fusion is fully compatible with
and designed to leverage this deep fusion paradigm. We denote the feature map from the foundational Qwen
ViT (&;) at the I-th DeepStack layer as Xl(l), where [ € {1,...,L}. At each layer [, the layer-specific Qwen

ViT feature, X 1(1), serves as the query for a new cascaded fusion. The specialist features are then sequentially
fused with this query. This process yields a set of L enriched DeepStack features {Z (l)}le. The computation
can be formulated as:

Z<l>:(()‘(1(”1><1)‘(2)...[><1XM) Viefl,... L} (7)

13



ZW then replaces the original DeepStack feature X {l) and is injected into the LLM. By enabling CaSL Fusion
with DeepStack, we ensure that the LLM’s reasoning remains continuously grounded in the visual evidence.

4.1.2 2D-Anchored Native 3D Volumetric Understanding

A limitation of existing medical MLLMs is their inability to natively process 3D volumetric data such as CT
and MRI scans. Some methods [6, 7] treat 3D volumes as a sequence of independent 2D slices, leading to the
loss of critical inter-slice spatial context and anatomical continuity. ClinFusion addresses this by integrating
a dedicated 3D encoder and proposing a 2D-anchored 3D CaSL Fusion to enrich 2D anchor features with
3D volumetric features. Our key motivation behind this strategy is twofold: 1) Accelerated alignment: By
leveraging the strong language alignment of the 2D features as anchors, the 3D features can rapidly converge
to the vision-language space without requiring extensive 3D-specific alignment data; 2) Knowledge transfer:
Even when processing 3D data, the model benefits from the rich pre-trained knowledge embedded in the 2D
encoders, enabling robust generalization across diverse volumetric imaging modalities.

Dual-path processing with 2D anchors. For a given 3D volume, we employ a dual-path processing strategy.

Path 1: Native 3D encoding. We incorporate a 3D vision encoder £3p(-) [61] and we pre-align it with
language through contrastive learning on 3D medical volumes and their corresponding radiology reports,
following a paradigm that has proven effective for both 2D radiographs [62] and 3D oncology imaging [23].
This pre-alignment endows the encoder with an intrinsic understanding of 3D anatomical structures while
establishing a basic connection to the language space. Specifically, we process the entire 3D volume using 3D
encoder and obtain a 3D feature map P = E3p(I3p), where Isp denotes the 3D volume used.

Path 2: 2D anchor encoding. Simultaneously, a set of S representative 2D slices & are randomly sampled
from the input volume Isp (we set S = 4, used identically at training and inference). The anchor slices are
thus denoted as {I3p[s] | s € S}. The 2D features (after projection and resize) for these sampled frames can

be denoted as: {X[s], Xa[s], ..., Xn[s] | s € S}. Utilizing the CaSL Fusion operator in equation (5), we can
obtain their fused 2D features, Z[s] € RVN*P for all slices in S:
Z[s] = ((X1[s] <t Xa[s]) ... X py[s]), VseS (8)

This process generates a set of anchor feature maps, each rich with 2D-aligned semantics, ready to guide the
fusion with the native 3D representation.

2D-anchored depth-aware CaSL Fusion ?1?143 . To effectively fuse the 3D features with the 2D anchor representations,

we extend CaSL Fusion to a depth-aware variant. The key insight is that each 2D anchor slice should attend
to the 3D features not only in its spatial neighborhood but also across the depth dimension, thereby capturing
the volumetric context that surrounds each slice.

Following the projection and resize operation mentioned in equation (1), we also perform this operation
for the 3D feature P, obtaining P € RPvIXNXD where its spatial shape aligns with the spatial size of
Z[s] € RV*P and D, represents 3D feature volume’s depth (Dy = 4, obtained from a 32-frame input with
a downsampling factor of 8 along the depth dimension). We then exemplify the process with the fusion of 2D
anchor features with 3D features, Z[s] = Z[s] b P. We define a depth-aware spatial local field extractor,
N3p, that extracts a patch spanning a k x k spatial area across the full depth D,.. For the j-th feature
token in Z[s|, we treat it as a query q; = Z[s, j] € R™*P. The corresponding keys and values K and V; are
extracted using depth-aware spatial local field extractor:

K;,V; = Nyp(P); = {Plp] | p € Bsp(j)} € RP=F*P - vje {1,... N} (9)

where Bsp(j) contains the index set around the j-th feature in the spatial and depth dimension. After the
definition of query, keys and values, we can perform the attention operation defined in equation (3) and
residual connections defined in equation (10):

Z[s]' = Z|s] + 3DLocalCrossAttn(Z][s], P; k, Dyol); Z[s] = Z[s]' + FEN(Z[s]") (10)

The obtained features Z [s],Vs € S are concatenated to compose a full sequence of length S x N and fed into
the LLM decoder to perform inference. As with 2D CaSL Fusion <, ES is also compatible with DeepStack

and stochastic residual regularization to enable robust feature learning.
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4.2 Vision-Grounded Evaluation System

To evaluate whether a medical multimodal LLM can function as a useful clinical tool, we introduce a
comprehensive evaluation system that mirrors the integrated skills of a radiologist. As detailed in Extended
Data Table 2, this system builds on prior frameworks like MedGemma [§8], Lingshu [6], HuLu-Med [7], and
HuatuoGPT [63] to assess five critical dimensions: foundational 2D and 3D visual understanding (evaluated
by 2D and 3D VQA tasks), text-based medical knowledge (evaluated by QA tasks), clinical report generation,
and medical instruction-following. It is worth noting that we extend prior frameworks by incorporating
medical instruction-following evaluation, as this capability is overlooked in all existing benchmarks yet critical
for determining model usability. In the following subsections, we describe the evaluation protocol for each
benchmark category.

4.21 Evaluation Prompt Templates for VQA and QA

For 2D and 3D medical VQA, as well as text-only QA problems in the benchmark, we adopt a set of carefully
designed prompts and evaluation procedures. The complete prompt templates are shown in Extended Data
Fig. 5a.

Multiple Choice Questions (MCQ). As shown in the left panel of Extended Data Fig. 5a, the MCQ prompt
instructs the model to answer a multiple-choice question based on the provided image(s). Note that for
text-only QA tasks, the phrase “based on the provided image(s)” is removed from the prompt. The prompt
explicitly states that the model must select exactly one option and output only the single uppercase letter of
the correct option enclosed in <answer></answer> tags. To reduce ambiguity, the prompt includes both a
correct format example (e.g., <answer>A</answer>) and several incorrect format examples that would fail
automated grading, such as including extra text, missing tags, outputting option text instead of the letter,
or selecting multiple letters. We designed this prompt to be strict for three reasons: 1) we observed that
some open-source models have poor instruction-following ability, and simpler prompts often fail to elicit the
correct output format, which is essential for reliable rule-based evaluation via regular expression matching;
2) suppressing unrelated output reduces decoding time and thus speeds up evaluation; and 3) the prompt
differs from the training prompts of most models, so it also serves as a test of generalization to unseen prompts,
as recommended by [64]. The extracted letter is then directly compared against the GT answer for scoring.

Open-ended VQA. As shown in the upper-right panel of Extended Data Fig. 5a, the open-ended prompt asks
the model to analyze the provided image(s) and give a concise, direct answer to the question. Similarly, for
text-only QA tasks, the phrase “based on the provided image(s)” is removed from the prompt. The prompt is
kept minimal to avoid biasing the response while still discouraging unnecessary verbosity. Since open-ended
answers cannot be evaluated by exact string matching, we employ an LLM-as-a-Judge? approach for scoring.
The judge prompt, shown in the lower-right panel of Extended Data Fig. 5a, provides the original question,
the GT answer, and the model’s answer to a language model judge. The judge is instructed to determine
whether the model’s answer is correct by checking for semantic equivalence with the GT—if the model’s
answer expresses a similar meaning or a valid alternative interpretation of the standard answer, it is considered
correct. The judge outputs a structured verdict (correct or incorrect) under a [JUDGEMENT] tag, which is
then parsed for scoring.

4.2.2 MedlF-Bench

We observe that medical domain fine-tuning often hurts a model’s instruction-following ability. In our
own training experiments, as well as in evaluations of several open-source medical MLLMs, we find that
general-purpose MLLM models fine-tuned on medical SFT data frequently fail to comply with output format
requirements—even when the underlying medical knowledge is correct. This is problematic because real
clinical applications often require outputs in specific structured formats (e.g., JSON for integration with
electronic health records, reports with standardized section headers, or reasoning traces with confidence levels).
A model that gives a correct diagnosis but ignores the requested format has limited practical utility. To
track this issue, we developed MedIF-Bench, a benchmark that evaluates whether medical MLLMs can follow
diverse, clinically relevant formatting instructions.

2Unless otherwise specified, all LLM-as-a-Judge evaluations in this work use OpenAl gpt-4.1-2025-04-14 as the judge model.

15



Benchmark construction. MedIF-Bench contains 900 samples in total, built around a pool of manually curated
formatting instructions organized by task category. For each sample, the model receives both a medical task
and a specific formatting instruction that dictates how the output must be structured. Importantly, this
benchmark evaluates format compliance only, not medical accuracy—the goal is to measure whether the model
can produce outputs that conform to the requested structure, regardless of whether the medical content is
correct. Each response is checked against a predefined regular expression pattern: a response scores 1.0 if and
only if it fully matches the required format, and 0.0 otherwise.

The instruction pool covers seven task categories, each with its own pool of manually curated instructions
and corresponding regex patterns. The first group of categories—MCQ, MCQ with context, and Open—are
primarily constructed from the benchmark datasets listed in Extended Data Table 2. For these categories, we
curate prompts that cover a range of common formatting requirements with special markers and structures,
where the model must present its selected option or answer in a prescribed format. The second group
of categories—Prognosis, Report generation, SEER, and Treatment—focus on extracting structured clinical
variables from imaging or patient data for specific clinical tasks such as survival prognosis, report generation,
and treatment recommendation. For these categories, some samples are drawn from the benchmark datasets
in Extended Data Table 2, while others are constructed using real patient records from the SEER cancer
registry [65], grounding the evaluation in realistic oncological data. Three examples from MedIF-Bench are
shown in Extended Data Fig. 5b.

4.2.3 Rol-Grounded Report Generation

Existing evaluation pipelines for medical report generation suffer from two primary flaws. First, they typically
prompt the model to generate a full report based solely on the image, entirely devoid of any clinical background
information. Second, existing evaluation metrics, whether surface-level lexical or semantic matching (such
as BLEU [49], ROUGE [30], BERTScore [33]), entity-level extraction that relies on small-scale models with
limited accuracy (such as RadGraph-F1 [50]), or holistic LLM-based scoring that conflates accuracy and
completeness (such as GREEN [36]), fail to provide a fine-grained, factuality-driven decomposition of clinical
findings.

To address these limitations, we propose a novel evaluation paradigm: Rol-Grounded Report Generation,
which is built upon two key innovations: 1) context-aware report generation and 2) factualness-driven LLM-
as-a-Judge evaluation. The complete workflow (Extended Data Fig. 6) proceeds in three stages. First, we
extract a clinical context from the GT report, consisting of potential background information and regions of
interest. Next, we use this context to guide the model in generating a focused, Rol-grounded medical report.
Finally, an LLM judge compares the claims in the generated report against the GT, categorizing the model
claims to calculate exact clinical precision, recall, and F1 scores.

Context-aware report generation. Instead of naively asking the model to describe an entire image from scratch,
we first extract a high-level clinical context for more clinically aligned report generation. Specifically, the
clinical indication and the anatomical areas of focus—from the GT report using LLMs. This extracted context
is then injected into the prompt for the model-under-test. A strict security constraint is applied during the
extraction phase to ensure absolutely no specific findings or abnormalities are leaked. This design choice is
driven by two fundamental justifications: 1) Mimicking real-world workflows: Real-world radiologists do not
read scans blindly; they consistently review patient background information and clinical indications before
writing a report. Our pipeline faithfully simulates this standard clinical practice. 2) Ensuring verifiability: A
model’s output can only be rigorously verified if its claims fall within the scope of the reference report. If
a model is evaluated without context and describes a region not mentioned in the GT, it is impossible to
objectively determine whether the model hallucinated or if the original human radiologist simply omitted
a normal finding. By restricting the model to specific Regions of Interest (Rols) defined by the GT, we
ensure that the generated statements can be assessed against the reference report, substantially improving
the verifiability of the evaluation.

Extended Data Fig. 6a presents the prompt design for context extraction alongside an actual example using
the GPT 4.1 APIL. Extended Data Fig. 6b illustrates how this context is utilized as a condition for report
generation on the same actual sample using our MLLM.

Factualness-driven LLM-as-a-Judge evaluation. To move beyond coarse semantic similarity, we leverage the
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advanced text-processing capabilities of modern LLMs to evaluate exact clinical factualness. Instead of
generating a single holistic score, the LLM judge is tasked with comparing the GT report against the model’s
generated report to categorize the diagnostic claims into three explicit lists of abnormalities: [MATCHED_-
ABNORMALITY] (True Positives, TP), meaning the GT mentions an abnormality and the model correctly
identifies it; [MISSED_ABNORMALITY] (False Negatives, F'N), meaning the GT mentions an abnormality but
the model either omits it or falsely claims the area is normal; and [HALLUCINATED_ABNORMALITY] (False
Positives, F'P), meaning the model fabricates an abnormality that is either explicitly stated as normal or
completely unmentioned in the GT.

. o I .. TP TP
Based on these exact counts, we compute rigorous clinical metrics: Precision 7555, Recall 75775, and

the Fl-score 2 x %ﬁggg:ﬁ, which provide transparent, granular indicators of diagnostic correctness.

Extended Data Fig. 6¢ provides a worked example of this scoring process, showing how TP, FN, and FP
counts are extracted and converted to Precision, Recall, and F1.

In the Results section (Section 2.4.1), we further validate this evaluation design by comparing against the
conventional context-free + RadGraph-F1 pipeline [50, 8], demonstrating that 1) context-free generation
renders metrics unreliable by penalizing unverifiable claims as false positives, and 2) RadGraph-F1 suffers
from synonymy insensitivity and length bias that our LLM-as-a-Judge avoids.

4.3 Data Curation

Training a clinically useful medical MLLM requires data that simultaneously supports 1) robust multimodal
perception across heterogeneous medical imagery, 2) medical reasoning and evidence-based answering, and
3) realistic clinical workflows—especially 3D volumetric CT interpretation. To this end, we collect and
construct a large-scale training corpus designed for our multi-stage training curriculum (Section 4.5), as shown
in Extended Data Fig. 7. The overall corpus contains 22.2 million samples: 12.6M medical multimodal, 4.7M
medical text, 3.4M general multimodal, and 1.5M general text (Extended Data Table 1).

Data sources. Our data originates from three complementary sources: 1) open-source medical multimodal
datasets spanning radiology and pathology; 2) medical evidence corpora including clinical guidelines, journal
articles, and case reports; and 3) CT-report aligned data, combining open-source CT studies with high-quality
reports and hospital-collected CT scans with synthesized reports.

Data synthesis pipelines. To address specific training bottlenecks, we develop four data synthesis pipelines.
Detailed procedures and illustrations (Supplementary Fig. 1) for each pipeline are provided in Supplementary
Methods.

e Instruction Warping (Supplementary Note S1.1). Medical adaptation tends to erode general instruction-
following ability, which in turn constrains how the underlying medical knowledge can be expressed in
realistic clinical settings (e.g., structured outputs, scope restrictions, format compliance). To preserve
this ability during fine-tuning, we manually author 120 seed instructions covering diverse clinical roles,
scenarios, and formatting requirements, and use LLM-based expansion to produce 21k diverse instruction
templates that are applied to existing samples via schema-based recomposition.

e Dense Caption Generation (Supplementary Note S1.2). Paper-figure captions provide only sparse
supervision and composite figures introduce noise. We perform sub-figure segmentation and multi-stage
filtering to isolate high-quality medical images, then generate dense visually-grounded descriptions using
a dual-VLM consensus pipeline, yielding 610k dense-caption samples from 100k journal articles and
785k case reports.

e Interactive Multimodal CoT Annotation (Supplementary Note S1.3). To train long-horizon multimodal
reasoning, we mine 100k reasoning-hard instances (high generation length yet low correctness) and
solve them with a multi-agent pipeline [66] coupling a text-only orchestrator with a multimodal visual
grounder through iterative evidence-seeking interaction, retaining 67k trajectories whose conclusions
match reference answers.

e Large-Scale CT Caption with Expert Toolset (Supplementary Note S1.4). To enable native 3D understanding
at scale, we curate 0.2M open-source CT studies with high-quality reports [67, 16, 68, 69] and develop
a segmentation-assisted annotation pipeline based on lesion [70] and organ [71] segmentation models
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to generate pseudo-report supervision for 1.1M hospital-collected CT scans, substantially expanding
CT-report aligned data. The CT corpus supports both Stage @ (rapid 3D encoder alignment) and
Stage ® (holistic 2D /3D instruction tuning).

4.4 Agentic Tool Use

Beyond the core architectural and evaluation contributions, we develop an agentic tool use extension to
enhance ClinFusion’s practical clinical deployment. Although MLLMs excel at language-based reasoning and
flexible instruction following, their reliability in high-stakes settings can be further improved by addressing
1) time-sensitive medical knowledge that cannot be fully memorized in parameters, 2) strict traceability
requirements for clinical accountability, and 3) perception bottlenecks in certain imaging sub-tasks where
specialist vision models remain stronger than generalist MLLMs.

To address these deployment considerations, we equip ClinFusion with a tool ecosystem and an explicit
plan—act workflow, illustrated in Extended Data Fig. 4c. Given a multimodal clinical input (a user query
together with one or more medical images), ClinFusion first enters a planning stage, in which it analyzes
the query, optionally performs multi-query rewriting for text inputs [72], identifies the evidence required to
answer it, and produces an ordered tool-invocation plan. In the subsequent stage of tool use and execution,
ClinFusion sequentially calls the planned tools—which fall into two complementary categories, knowledge
tools for evidence-grounded retrieval and perception expert tools for high-precision medical image analysis
(described below)—and collects their structured outputs as auditable intermediate evidence. Finally, the
model synthesizes the query, the original visual input, and the aggregated tool outputs into a single clinical
response, ensuring that the final answer is supported by traceable evidence rather than implicit parametric
recall alone. This design follows a principle of capability compositionality: ClinFusion serves as the central
reasoning and orchestration engine, while tools provide verifiable evidence and specialized perception signals
that can be audited and integrated into final outputs.

4.41 Knowledge Tools for Evidence-Grounded Retrieval

In clinical settings, answers must be supported by up-to-date, authoritative evidence and remain traceable.
Pure parametric recall is inadequate because medical knowledge evolves quickly and unverifiable statements
are unacceptable. We therefore equip ClinFusion with a RAG knowledge tool built on a hybrid retrieval
engine that combines vector-based passage retrieval with knowledge-graph (KG)-based concept recall. To
handle the pervasive ambiguity in medical text (synonyms, abbreviations, brand—generic drug names), the
retrieval engine performs concept normalization using UMLS [73] before querying, mapping medical entities
in the query to standardized concepts. The vector channel then retrieves semantically matched passages from
large-scale text corpora, while the KG channel leverages UMLS and PrimeKG [74] to expand normalized
concepts via clinically meaningful relations (e.g., drug—disease, symptom—disease, contraindication), reducing
misses caused by surface-form mismatch. Retrieved passages from both channels are then aggregated by
clustering content that states the same clinical claim, and ClinFusion summarizes each cluster with attached
citations to produce a compact, evidence-grounded context.

We organize our evidence resources into three complementary blocks: 1) large-scale unstructured text corpora
for broad coverage, including PubMed [75], Wikipedia, StatPearls [76], and medical textbooks [77], following
MedRAG [78]; 2) open-source medical knowledge graphs (UMLS and PrimeKG, described above); and 3)
curated in-house repositories comprising a guideline knowledge base of 18K clinical guidelines and expert
consensuses released since 2006 by official authorities in China and the United States, and a journal knowledge
base of 100K research articles from leading medical journals published since 2015. Detailed retrieval and
aggregation procedures are provided in Supplementary Methods.

4.4.2 Perception Tools for Specialized Visual Analysis

MLLMs offer flexible multimodal reasoning, but can be unreliable on perception-critical imaging tasks that
demand voxel-level precision and stable quantification (e.g., exact lesion boundaries, small-structure detection,
and subtle CT signs). In clinical settings, these perception outputs often define the downstream conclusion—
measurements, staging, response assessment, and follow-up comparability. We therefore equip ClinFusion
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with perception expert tools and treat them as external senses: when a question hinges on fine-grained visual
evidence, ClinFusion actively delegates perception to specialized models and then reasons over their structured
results. We currently integrate three CT-focused experts and two chest X-ray-focused experts:

Multi-organ lesion segmentation expert [70] segments 29 common lesion types across eight organs (breast,
colon, esophagus, stomach, kidney, lung, liver, pancreas) and produces structured lesion inventories with
counts, locations, and sizes.

Fatty liver assessment expert [79] estimates fatty liver severity from CT and localizes the liver parenchyma
region used for assessment, producing a severity grade with the supporting parenchyma region.

Abdominal lymph node segmentation expert [80] segments abdominal lymph nodes and outputs node
enumeration with size measurements, supporting the detection of lymphadenopathy.

Chest X-ray finding classification expert [81, 82] predicts structured probabilities for thoracic findings from
chest radiographs, integrating TorchXRayVision (18 common findings) and CheXFound (40 findings).

Chest X-ray finding generation expert [83] generates clinically coherent chest X-ray finding descriptions,
used for sentence-level imaging evidence when classification scores alone are insufficient.

Each tool produces structured outputs that are normalized into compact evidence objects and verbalized into
natural-language evidence statements before being fed back to ClinFusion. Full tool descriptions and routing
details are provided in Supplementary Methods.

4.5

Progressive Staged Training

Training a complex, multi-component architecture like ClinFusion from scratch is challenging and compu-
tationally prohibitive. To ensure stability and effective knowledge transfer from pre-trained components,
we devise a progressive training strategy. This curriculum-like approach systematically builds the model’s
capabilities by gradually increasing task complexity and data modality, moving from 2D alignment to holistic
3D instruction following. The entire process is summarized in Table 3 and detailed below.

Stage 1: Shallow multi-encoder alignment (2D). The initial stage focuses on rapidly aligning the feature
spaces of the newly introduced specialist 2D encoders with the foundational Qwen ViT. Using a large
corpus of 2D medical image-text pairs, we exclusively train the projection layers, the CaSL Fusion
modules and all the encoders. The LLM and all base vision encoders remain frozen, allowing for an
efficient and targeted alignment of the perception components, specifically in the medical domain.

Stage 2: Deep vision-language alignment (2D). Once the visual features are harmonized, this stage aims to
establish a deep semantic alignment between the fused 2D visual representation and the entire LLM. We
unfreeze the LLM and continue training on the same 2D image-text alignment data. This step fine-tunes
the full model to understand and describe the rich, multi-encoder visual information.

Stage 3: 2D instruction tuning. With the model now capable of grounded 2D perception, we teach it
to follow complex instructions and perform diverse medical tasks. We fine-tune the entire model on
a high-quality, multi-task 2D visual instruction dataset. This stage imbues the model with advanced
reasoning and task-execution capabilities for 2D imagery.

Stage 4: Rapid 3D encoder alignment. This stage introduces the 3D modality. Leveraging our 2D-anchored
strategy, the goal is to efficiently align the new 3D encoder with the rest of the model and to retain the
task-execution capabilities for 2D imagery. Using 3D volume-text alignment data, we freeze the LLM
and all 2D perception components (encoders and fusion modules) and train only the 3D encoder and
the 2D-anchored depth-aware fusion modules. This isolates the training to the new 3D components,
enabling rapid and stable convergence.

Stage 5: Holistic 2D/3D instruction tuning. In the final stage, we unlock the model’s full potential by
fine-tuning all components on a comprehensive visual instruction tuning dataset combining 2D and 3D
medical imagery. This step unifies the model’s capabilities, enabling it to handle complex instructions
that require a deep understanding of both 2D and 3D medical data.
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This staged training ensures that each new capability is built upon a stable foundation, culminating in a
robust and powerful multimodal medical model.

4.6 Implementation Details

Architectural details. The final ClinFusion builds on Qwen3-VL, whose native ViT processes images at
dynamic resolution (patch size 16 with 2 x 2 token merging). We augment it with two specialist 2D encoders
(DINOv2-Large and ConvNeXt-Large-d-320) and a native 3D encoder (PE-3D). Each encoder operates at
the input resolution of its pre-trained checkpoint so as to preserve its original representational quality; these
resolutions therefore differ across encoders: 224 x 224 (center crop) for DINOv2-Large and 320 x 320 for
ConvNeXt-Large-d-320, while PE-3D processes volumes at 32 x 256 x 256 (depthxheight xwidth) with a
patch size of 8. MedSigLIP, assessed only as an ablation candidate at 448 x 448, is not part of the final
configuration. For 3D inputs, we sample S = 4 anchor slices, and the resulting 3D feature depth is Dy, = 4
(a 32-frame input downsampled by a factor of 8 along the depth dimension). During training, the stochastic
residual regularization uses a drop probability of pyrop, = 0.1, which is disabled at inference by setting A = 1.
The local cross-attention window size k in CaSL Fusion (equation (3)) is set per encoder rather than shared:
k = 3 for DINOv2 and the native 3D encoder, and k = 5 for ConvNeXt. The larger window for ConvNeXt is
tied to a dedicated resizing scheme: the ConvNeXt feature map is directly upsampled to 5H x 5W to retain
finer spatial detail (a larger upsampling factor was not adopted due to memory constraints during training).
Consequently, each Qwen ViT token corresponds to a 5 x 5 high-frequency sub-region of the ConvNeXt feature
map, which preserves the high-frequency textural detail that ConvINeXt is specialized to capture.

Training details. All stages share the same optimization setup. We use the AdamW optimizer (5, = 0.9,
B2 = 0.999, € = 10~%) with weight decay 0 and gradient clipping at a maximum norm of 1.0. The learning
rate is set to 1 x 10~° for all trainable components (the LLM, the projection layers, and the vision encoders),
following a cosine schedule with 100 warmup steps, and all training is performed in BF16 precision. Training
is implemented with DeepSpeed ZeRO-3, FlashAttention-2, and gradient checkpointing, using a sequence
cutoff length of 4096, and is conducted on NVIDIA H20 GPUs. The per-stage configurations differ mainly in
the number of GPUs, effective batch size, and number of epochs. Stages 1-3 use an effective batch size of 128
on 16 GPUs, trained for 1, 1, and 3 epochs, respectively. Stage 4 uses an effective batch size of 256 on 16
GPUs for 1 epoch. Stage 5 uses an effective batch size of 256 on 32 GPUs for 3 epochs.
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Figure 1 Overview of the ClinFusion framework. a, Compositional vision encoder. We address the limitation of monolithic
encoders by proposing a compositional architecture with a native 3D encoder and an array of 2D encoders unified
via CaSL Fusion, supported by a 22M-sample data curation pipeline and a progressive 5-stage training recipe. b,
Vision-grounded evaluation. We identify key evaluation limitations—lack of instruction-following assessment and
reliance on global-level text-matching metrics—and introduce MedIF-Bench for medical instruction following and
an Rol-Grounded Report Generation Evaluation scheme that assesses diagnostic accuracy at the region level using
an LLM-as-a-Judge. ¢, Agentic tool use extension. To enhance deployment, we equip ClinFusion with perception
expert tools and a retrieval-augmented generation pipeline within a plan—act workflow, demonstrating consistent
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Figure 3 Performance of ClinFusion on 2D multimodal medical benchmarks. a, Results on 2D multimodal medical VQA
benchmarks, grouped into multi-modality VQA (OmniMedVQA, PMC-VQA, MedFrameQA, GMAI-MMBench),
specific-modality VQA (VQA-RAD, SLAKE, PathVQA), and a reasoning-oriented benchmark (MedXpertQA-MM).
We compare ClinFusion against leading proprietary models, general-purpose MLLMs, and medical MLLMs at various
parameter scales. Results are all re-benchmarked by us in a fair protocol. b, Results on 2D report generation
benchmarks (CheXpert-Plus and IU-Xray), evaluated using the proposed Rol-Grounded Report Generation protocol
and reported as Precision, Recall and F1.
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Figure 4 Performance of ClinFusion on 3D multimodal medical benchmarks and MedIF-Bench. a, 3D multimodal medical
benchmark results on AMOS-MM (MCQ), 3D-RAD (MCQ and Open-ended), and CT-Rate-VQA (MCQ and Open-
ended). We compare our model with proprietary and open-source models, re-benchmarked by us in a fair protocol.
b, 3D report generation results on AMOS-MM Report and CT-Rate Report, evaluated using the Rol-Grounded
protocol and reported as Precision, Recall and F1. ¢, Results on our proposed MedIF-Bench, reporting composite
instruction-following scores for multimodal inputs (MM-IF), text-only inputs (Text-IF), and the overall average
(Overall-IF).
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Figure 5 Expert radiologist evaluation. a, Expert radiologist model ranking. Aggregated Borda score shares from
radiologists across three original evaluation dimensions (Accuracy, Completeness, Operability) and one aggregated
dimension (Overall). Scores were aggregated using the Borda count method (score = 4 - rank). Error bars denote
standard error of the mean over per-case Borda shares. Brackets indicate Wilcoxon signed-rank test (two-sided, paired
by case) comparing ClinFusion + Agent with each competing model on the Overall dimension (n.s.: not significant;
**E: p < 0.001). b, Correlation between automated metrics and expert annotations. Kendall’s 7, Spearman’s p,
and Top-1 Accuracy (the fraction of cases where the metric correctly identifies the doctor-preferred model) for each
automatic metric computed against the radiologist consensus ranking. Metrics are sorted by Kendall’s 7 in descending
order. ¢, Per-case distribution of ranking agreement between automated metrics and doctor annotations. Violin
plots showing the distribution of per-case Kendall’s 7 between each automated metric and expert-annotated rankings.
White diamonds and horizontal white lines indicate the mean and median, respectively. d, Inter-annotator agreement:
heatmap of Kendall’s coefficient of concordance (W) stratified by imaging modality (CT, X-ray) and evaluation
dimension. Values represent mean W =+ s.d.. e, Inter-annotator agreement: violin plots showing the distribution of W
across individual cases. Box plots indicate the median (white horizontal line), interquartile range (box) and 1.5 x IQR
(whiskers). White diamonds indicate the mean. Dashed lines indicate thresholds for moderate (W = 0.5) and strong
(W = 0.7) agreement.
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Figure 6 Ablation studies on the Rol-Grounded report generation evaluation and on the architectural design of ClinFusion. a,
Ablation on the necessity of clinical context for report generation. ClinFusion-8B and Lingshu-7B [6] are evaluated
under two settings: with the extracted clinical context (“w/ Context”) and without it (“w/o Context”), where the
Clinical Indication and Area of Focus are removed from the generation prompt. Precision, Recall, and F1 are
reported on CheXpert-Plus and IU-XRAY. b, Comparison between RadGraph-F1 and our LLM-as-a-Judge metric on
CheXpert-Plus and TU-XRAY across four model variants, including a Qwen3-VL-8B (Long Output) variant prompted
to encourage verbose generation. RadGraph-F1 reports entity-relation F1, while the LLM-as-a-Judge reports F1 for
clarity. ¢, Ablation on different fusion mechanisms for the compositional vision encoder. A single-encoder baseline
(Qwen ViT) is compared against a dual-encoder setup (Qwen ViT + DINOv2) using channel concatenation, global
cross-attention, mixture of vision experts, and our local cross-attention (CaSL Fusion). Accuracy (%) is reported on
six 2D medical VQA benchmarks. d, Ablation on the choice of the one additional specialist 2D encoder. The base
Qwen ViT is augmented with one additional encoder (DINOv2, ConvNext, or Medsiglip) and evaluated on 2D VQA
(accuracy, %) and report generation. e, Ablation on the choice of multiple additional 2D encoders, the multi-encoder
fusion strategy, and the fusion order. The base Qwen ViT is augmented with two additional encoders combined either
through Cascade fusion (with different orderings) or Parallel fusion, and evaluated on 2D VQA and report generation.
f, Ablation on the necessity of the native 3D encoder during inference. The full model is compared against an ablated
version where the 3D encoder is deactivated, forcing the model to rely solely on sampled 2D slices. Accuracy (%) is
reported on 3D VQA benchmarks (AMOS, 3D-RAD, CT-Rate) and Precision, Recall, and F1 are reported on 3D
report generation (AMOS Report, CT-Rate Report).

37



Multimodal Benchmarks Text Benchmarks

+5.5 28 e Base “s
o 22 M o+ Agenti +11.1 P
® gentic Tools +1.5 Py ®
80 o ¢ 80 - e ®
v
7.3
o0 +1.4 +5.2 + Y
® = +2.6 e ) °
S5 R 60 e 60 4 ® °
T o +1.2.4
% g +i:-4 +12.8
£ P a4 4 °
o 40
+3.7 . °
[ 3 +7.
20 e @ ®
[} 204 ©
T T T T T T T T T T T T T T T T T
NI o o Qo o N S g > ] o] i s $ S\
P @R (P (@ AR @ o ° O 3 O e o e N
o + o [¢) Qd Q¢ © oo & N & e \Y
o“""*ga © P\\“O% '50’?}0 '1,0‘?~P~ © & * cﬁ’?" 2 \>~\“0‘5 Oxﬂ"*")\z \W&I& v < ?&)\\\ we® W W W
100 A +0.7
+2.7 :
(] +2.0
+4.6 e =
® 90 - +4.2 )
[ 4 +2.5 Y v
80 * ¢ 80 - +3.1 0o ®
L] ° e +3.3
N +3.3 ® °
L e 70 A L4
§ T 60-+6s 07 .
& g ® e 60 -
e & [} "‘%4 +9.1
£ 50 - *
- 40 -
o °
+3.7 40 - °
® +4.5
. °
20 1 +:.'° 043
T T T T T T T T T T T T T T T T T
N\ je e N je N N ~ > 5o s > s N B\ O
QW R 4P (P ot WP oF ° o e & QO el o oM S e
o S ) ) O 5@ @ @ @2 ® &0 © N A = & »
gV ot e et e e = R R R

Figure 7 Performance gains of ClinFusion when augmented with agentic tool use. For each benchmark, grey and red dots
denote the Base and +Agentic Tools scores respectively, connected by a vertical segment, with the absolute difference
annotated above (red for positive, blue for negative). Rows correspond to ClinFusion-8B (top) and ClinFusion-32B
(bottom); columns correspond to multimodal benchmarks (left) and text-only medical benchmarks (right). For VQA
and exam benchmarks scores are accuracy (%); for report generation scores are F1 (%) under the Rol-Grounded
protocol.
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Extended Data

a
/

Input
You are an expert radiologist. Your task is to analyze a medical image and write a report based on the provided
clinical context.

Clinical Indication: Assessment of cardiac size and pulmonary vascular status
Based on this indication, you are asked to evaluate the following key areas

Your report must focus on these topics
Areas of Focus:

- Heart and great vessels

- Pulmonary vasculature

- Lungs and pleura

Model Prediction
GT answer:

Findings: the heart is large, and the pulmonary are engorged. no infiltrates.
Impression: cardiomegaly and pulmonary venous hypertension.

Hulu-Med:

Findings: Normal heart size and mediastinal contours. No pleural effusion or pneumothorax. Pulmonary vasculature appears normal with no evidence of
congestion or edema.

Impression: Normal chest radiograph with no acute cardiopulmonary abnormalities.

Lingshu:

Findings: The heart and great vessels are within normal limits. The pulmonary vasculature is normal. The lungs are normally inflated without evidence
of focal airspace disease, pleural effusion, or pneumothorax.

Impression: Normal heart and great vessels. Normal pulmonary vasculature. Normal lungs.

Gemini-3-Flash:

Findings: The cardiac silhouette is normal in size. The mediastinal and hilar contours are unremarkable. The pulmonary vasculature is normal in caliber
and distribution, without evidence of pulmonary venous congestion. The lungs are clear bilaterally, with no focal consolidation, masses, or nodules.
There are no pleural effusions or pneumothoraces.

Impression: Normal cardiac size and pulmonary vascularity. No acute cardiopulmonary abnormality.

OQurs:

Findings: Heart and great vessels: Cardiac silhouette is mildly enlarged. Mediastinal contours are unremarkable. Pulmonary vasculature: There is mild
prominence of the pulmonary vasculature. Lungs and pleura: No focal consolidation. No pleural effusion. No pneumothorax.

\_Impression: Mild cardiomegaly with mild pulmonary vascular prominence and no acute pulmonary abnormality.

b
p
P

Input ~
You are an expert radiologist. Your task is to analyze a medical image and write a report based on the provided
clinical context.

Clinical Indication: Evaluation of thoracic and upper abdominal structures, likely for assessment of liver and
pulmonary status. Based on this indication, you are asked to evaluate the following key areas. Your report must focus
on these topics.

Areas of Focus:

- Lungs and pleura

- Mediastinum and heart

- Liver and biliary system
- Adrenal glands

- Bone structures

~

(Mt Bt gt |
s Model Prediction ~
GT answer:

Findings: Trachea, both main bronchi are open. Mediastinal main vascular structures, heart contour, size are normal. Thoracic aorta diameter is normal.
Pericardial effusion-thickening was not observed. Thoracic esophagus calibration was normal and no significant tumoral wall thickening was detected. No
enlarged lymph nodes in prevascular, pre-paratracheal, subcarinal or bilateral hilar-axillary pathological dimensions were detected. When examined in
the lung parenchyma window; Aeration of both lung parenchyma is normal and no nodular or infiltrative lesion is detected in the lung parenchyma.
Pleural effusion-thickening was not detected. Upper abdominal organs included in the sections are normal. No space-occupying lesion was detected in the
liver that entered the cross-sectional area. Liver parenchyma shows diffuse changes in favor of steatosis. Bilateral adrenal glands were normal and no
space-occupying lesion was detected. Bone structures in the study area are natural. Vertebral corpus heights are preserved.

Impression: Hepatosteatosis

Gemini-3-Flash:

Findings: Lungs and airways: The lungs are clear without focal consolidation, suspicious nodules, or masses. No pleural effusion or pneumothorax is
present. The trachea and major bronchi are patent. Heart and great vessels: The heart is normal in size. No pericardial effusion is identified. The
thoracic aorta and pulmonary arteries are normal in caliber. Mediastinum: No significant mediastinal or hilar lymphadenopathy is seen. Upper abdominal
organs: The liver is normal in size and attenuation without focal lesions. The adrenal glands are unremarkable. The spleen, pancreas, and visualized
portions of the kidneys are normal. Bone structures: No suspicious lytic or blastic bone lesions are identified. The visualized vertebral bodies and
ribs are intact.

Impression: Clear lungs and patent airways. Normal appearance of the heart, great vessels, and mediastinum. Unremarkable upper abdominal organs
including the liver and adrenal glands. No suspicious osseous findings.

ours:

Findings:

- Lungs and pleura: The trachea and main bronchi are unobstructed. The mediastinum and trachea are centered. No significant abnormalities are observed
in the morphology, size, and proportional distribution of the bilateral lungs. No obvious active lesions are seen in the lung window. No pleural
effusion or thickening is observed.

- Mediastinum and heart: The morphology, size, and proportion of the heart and mediastinal major blood vessels are normal. No enlarged lymph nodes are
observed in the mediastinum and bilateral hilum. No signs of fluid accumulation are seen in the mediastinum.

- Liver and biliary system: The liver is of normal size, with a regular contour. The liver shows diffusely decreased density. The intrahepatic and
extrahepatic bile ducts are not dilated. No abnormalities are observed in the gallbladder.

- Adrenal glands: The bilateral adrenal glands are normal in morphology, size, and density.

- Bone structures: The bone structures are normal in morphology and density. No obvious abnormalities are observed in the vertebral bodies and
intervertebral disc spaces. The vertebral alignment is normal.

Impression: Mild fatty liver.

N )

Extended Data Fig.1 Case visualization of 2D and 3D report generation comparing ClinFusion with other methods. a, 2D
report generation case. b, 3D report generation case. The input prompt directs the MLLMs to focus on specific ROIs.
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Extended Data Fig. 2 Performance of ClinFusion on textual medical benchmarks. Results on eight text-only benchmarks
spanning complex reasoning (MedXpertQA-Text, Medbullets, SuperGPQA), text understanding (PubMedQA), and
medical examinations (MedMCQA, MedQA-USMLE, MedQA-MCMLE, MMLU-Medical). Models are compared across
open-source (general-purpose and medical MLLMs), proprietary, and our models in a fair protocol re-benchmarked by

us.

//—‘ Model Generation w/ Context }—\

Context:
Clinical Indication: Evaluation of thoracic and
abdominal structures in a patient with known or
suspected infectious disease.

Areas of Focus:

- Lungs and pleura

- Heart and pericardium

- Liver and biliary system
- Abdominal cavity

Findings:
Lungs and pleura: There are extensive bilateral pulmonary
consolidations and patchy ground-glass opacities. Large
bilateral pleural effusions are present, more prominent on
the left side, with associated compressive atelectasis of
the left lung.

Heart and pericardium: The cardiac silhouette is enlarged.
A moderate to large pericardial effusion is visualized
Liver and biliary system: The liver is enlarged
(hepatomegaly) . No intrahepatic or extrahepatic biliary
ductal dilatation is identified.

Abdominal cavity: Significant free fluid (ascites) is
noted within the abdominal cavity, particularly in the
perihepatic and perisplenic regions.

Impression:

1. Extensive bilateral pulmonary consolidations and large
bilateral pleural effusions, consistent with a severe
infectious or inflammatory process such as multifocal
pneumonia.

2. Cardiomegaly with a significant pericardial effusion.

J

/—‘ Model Generation w/o Context }

Context:
Clinical Indication: None
Areas of Focus: None

‘\\

Findings:

Chest: There are massive bilateral pleural
effusions, significantly larger on the left side.
The left-sided effusion causes a marked mediastinal
shift to the right. There is associated compressive
atelectasis of the underlying lung parenchyma
bilaterally. Severe cardiomegaly is present.
Abdomen: Large-volume ascites is visualized in the
upper abdomen. The liver and spleen appear enlarged
(hepatosplenomegaly) . Soft Tissues and Skeleton:
There is diffuse, severe subcutaneous soft tissue
edema_throughout the visualized chest and abdominal
walls, consistent with anasarca. No acute fractur:
Or _suspicious osseous lesions are identified in the
Visualized skeleton.

Impression:

1. Massive bilateral pleural effusions (left
greater then right) with associated compressive
atelectasis and rightward mediastinal shift.

2. Severe cardiomegaly.

3. Large-volume ascites and hepatosplenomegaly.

4. Diffuse subcutaneous edema (anasarca). The
combination of severe cardiomegaly, massive serous

effusions, and anasarca is highly suggestive of

decompensated congestive heart

\\fallure.

-

GT Report \
Findings:

There is bilateral minimal pleural effusion.
The pleural effusion measured 28 mm at its
thickest point. There is also pericardial
effusion. Pericardial effusion measured 24 mm
at its thickest point. No pleural or
pericardial effusion was detected. Ground glass
appearances and consolidations are observed in
both lungs. Findings are observed in central
and peripheral areas. The findings described
are not specific. However, it was learned that
the patient was followed up with the diagnosis
of Covid-19 pneumonia, and these appearances
are compatible with this diagnosis. No mass was
detected in both lungs. There is free fluid in
the perihepatic region. Liver contours are
irregular. It is recommended that the patient
be evaluated for liver parenchymal disease. In
addition, in the posterior segment of the right
lobe of the liver, there is a hypodense area
with barely distinguishable borders. It is
recommended to evaluate with contrast-enhanced
examination for a possible mass.

Impression:
Not given.

o

&\3‘ Hepatomegaly and significant abdominal ascites.

2/

Extended Data Fig. 3 Comparison of report generation with and without clinical context on the same CT scan. We reuse the
example from Section 4.2.3. Right: The GT report. Left: The output of ClinFusion when provided with the extracted
clinical context (Clinical Indication and Area of Focus). Middle: the output of the same model without any clinical
context. Underlined text indicates claims that are not verifiable against the GT.



a

/;;;ginal Question: A 55-year-old woman 1s brought t;\\

the emergency department by her husband with a 1 hour
history of an unremitting headache ..

Rewritten Queries:

1) Hyponatremia with
excretion and high urine ..
2) Hyponatremia post-SAH

inappropriate urine sodium

3) Causes of hyponatremia in a hospitalized patient
after subarachnoid hemorrhage ..

Retrieved Texts:

1) [PubMed] The cause of hyponatremia following
subarachnoid hemorrhage (SAH)

2) [Textbook] Hyponatremia may be profound and can

develop quickly in the first 2 weeks following SAH ..
3) [Statpearls] CSW 1is a condition characterized by
hyponatremia and hypovolemia due to excessive ..

Summary:

The patient has severe hyponatremia, hypovolemia (poor
skin turgor, delayed capillary refill, BUN elevation),
high urine Na®, and low serum osmolality classic for
cerebral salt-wasting syndrome (CSW) post-SAH,
CSW features hypovolemic hyponatremia with renal
sodium ..

Model Generation:
Cerebral salt wasting

C

Input Planning

User Query:

Stepl:
Does this patient P

lesion segmenter to detect

Run the multi-organ

have any hepatic lesions? If
so, what treatment strategy ;
should be recommended?

and
Step2: Apply the fatty
liver assessment tool to

evaluate for
Step3: Retrieve evidence

Image:

on CT imaging features of
cirrhosis and standard

treatment ...

not SIADH.

)

~

the
the

Original Question:

Would you mind generating
radiology report for
specified chest CT scan?

Planning:
Given the provided 3D chest CT volume,

I will
the multi-organ lesion segmenter to identify
quantify lung abnormalities ..

and

Multi-Organ Lesion Segmenter:
1) Pulmonary nodules.
2) Number: 4; Largest Size: 0.5 cm

Model Generation:

Findings: The trachea and bilateral main bronchi
are patent .. , there are several millimeter-sized,
non-specific pulmonary nodules in the right
upper ..

Impression: Several millimeter-sized non-specific
nodules in the right wupper and right lower
lobes ..

Tool Use & Execution Output

Perception Tools:

Multi-Organ Lesion Segmenter:
No liver tumors found.

Fatty Liver Assessment Tool:

No clear evidence of fatty
liver disease.

Based on the reviewed 3D CT
and results of the
perception tools, the
overall pattern is most
consistent ...
Knowledge Tools:

Knowledge Retrieval Tool (RAG):

On 3D CT, cirrhosis manifests
as an irregular/nodular

According to the retrieved
evidence, focus on treating
the underlying cause and
avoid hepatotoxic ..

Extended Data Fig. 4 Agentic tool use: case studies and pipeline overview. a, Text-only task: The agent rewrites the original
clinical question into focused retrieval queries, invokes the hybrid retrieval tool to collect provenance-aware evidence

(e.g., PubMed/textbooks/StatPearls), and then synthesizes

an evidence-grounded diagnosis in the final generation. b,

Multimodal task: Radiology report generation from a 3D chest CT volume. The agent performs modality-aware routing,
selects a Multi-Organ Lesion Segmenter to produce structured, quantitative findings (e.g., pulmonary nodule count
and size), and then integrates the verified tool outputs into a radiology-style report. ¢, Pipeline: Given multimodal
clinical inputs (text and medical images), ClinFusion performs task-aware planning to select and invoke appropriate
tools (including knowledge tools and perception expert tools), aggregates the returned tool outputs, and generates
the final clinical response. In the illustrated liver CT case, ClinFusion executes a three-step workflow by calling a

Multi-Organ Lesion Segmenter, a Fatty Liver Assessment
integrates their results to produce a coherent case analysis

Tool, and a Knowledge Retrieval Tool (RAG), and then
and evidence-grounded management recommendations.



([ wcaPom | - COpenPromet |

Analyze the following image(s) and provide a concise, direct answer to the
following question.

Answer the following multiple-choice question based on the provided image(s).

Question: {question}

Options: {options_str} Question: {question}

Answer:

CRITICAL INSTRUCTIONS FOR AUTOMATED GRADING:

This is a single-choice question. You must select ONE AND ONLY ONE option. LLM-as-a-Judge for Open

1. Your entire output must be ONLY the single uppercase letter of the correct

itilen, Wi waililel lnees fer thls crestion mmes [wrilisl eeeden TEvo)o Your task is to determine whether the user's answer is correct based on the
2. This single letter MUST be enclosed in ‘<answer></answer>® Lags. provided questions and standard answers (for example, if the user expresses a
3. DO NOT provide any reasoning, explanations, or any text before or after the tags. similar meaning to the standard answer, or another interpretation of the

standard answer, it is considered correct.)
Correct Format Example:

If 'A' is the correct option:
<answer>A</answer>

[QUESTION] :

{question}

[GROUND TRUTH ANSWER] :
{ground_truth}

[

Incorrect Format Examples (THESE WILL FAIL AUTOMATED GRADING) : L
MODEL'S ANSWER] :

‘The correct answer is <answer>A</answer>' (Contains extra text)

- 'A (Missing tags) {model generation}

- ‘<answer>A: Option Text</answer>' (Contains option text, not just the letter)

- ‘<answer>G2</answer>' (Contains the option's value instead of its letter key) Provide your verdict in the following structured format. Do not use JSON.
- <answer>BDEFGI</answer>' (INVALID: Contains multiple letters. You must choose - ' [JUDGEMENT] ": Write ‘correct’ or ‘incorrect’ on the next line.

only one.)

Example of the required output format:
Provide your single-letter answer now. [(JUDGEMENT]

/ correct /

U
b
//—{ Sample 366 }—\ 4{ Sample 470 } { Sample 881 }7 R

Analyze the provided information and You are an expert radiologist. Generate a medical # Instruction
provide a concise, direct answer to report for the given medical image(s) or clinical You are a seasoned oncologist specializing in liver cancer. ... propose
the question. data. The report should generally contain 'Findings’ a comprehensive treatment plan. Output as a JSON object with a
and 'Impression' sections. 'thinking' key and a 'scores' key. ...
Question: what are present?
--- CRITICAL FORMATTING INSTRUCTION --- # Background Knowledge
—— CRITICAL FORMATTING INSTRUCTION —- You MUST format your entire response according to * ECOG PS: PS 0-4 scale ...
You MUST format your entire response the following rule: * Child-Pugh Score: A/B/C ...

according to the following rule: CNLC Staging: Ia/Ib/IIa/IIb/IIIa/IIIb/IV ...

RULE: Provide your answer on the first RULE: First, generate an overall description for

line. On the second line, provide a the image(s) under the heading '# Image Details'. # Output Format

confidence score (High/Medium/Low). On Then, based on those details, generate a report {"thinking": <reasoning>, "scores": { "Surgical_resection":

the third line, provide a brief using two markdown H2 headers: '## Findings' and {"Indications": 1.0, "Not_Violate Taboos": 1.0, "Level of Evidence": 1.0,

justification for that confidence. '## Impression'. Example: "Level of Recommendation": 1.0, "Comprehensive Score": 1.0}, "Ablation":
# Image Details {...}, "Liver_transplantation": (...}, ..., "Palliative care": {...}

Example: [Description of the image] 1

[Your Answer] 44 Findings

Confidence: High [Text here] # Input

Justification: [Your reason here] ## Impression Sex: Male, Age: 49, PS: 1, Child Pugh Score: B, ... imaging: Right lobe
[Text here] hepatic mass around 8.0x6.5cm ...

S /

Extended Data Fig. 5 Evaluation prompt templates and MedIF-Bench examples. a, Prompt templates used for VQA
evaluation. Left: The MCQ prompt enforces a strict single-letter output format enclosed in <answer></answer>
tags, with explicit correct and incorrect format examples to ensure reliable rule-based extraction. Upper right: The
open-ended prompt requests a concise, direct answer. Lower right: The LLM-as-a-Judge prompt used to evaluate
open-ended responses by comparing the model’s answer against the GT answer for semantic correctness. b, Three
examples from MedIF-Bench (prompts are abbreviated for display; full prompts are substantially longer). Left (Sample
366): An open-ended VQA task where the model must structure its answer on the first line, followed by a confidence
score and justification on subsequent lines, representing clinical workflows that require both a concise answer and
an explicit confidence assessment. Middle (Sample 470): A report generation task where the model must produce a
radiology report with a # Image Details section followed by markdown ## headers for “Findings” and “Impression,”
mirroring standardized institutional reporting formats. Right (Sample 881): A SEER-based treatment planning task
where the model must output a complex nested JSON object containing a reasoning trace and structured scores for
multiple treatment modalities, representing integration with clinical decision-support systems.
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\ Context Extraction Prompt }

You are an AT with a critical security function. Your task is to process a sensitive radiology
report and generate a high-level, completely neutral clinical context for another AL.

[CRITICAL SECURITY CONSTRAINT]

Your absolute primary goal is to PREVENT INFORMATION LEAKAGE.
reveal WHY an exam was done and WHERE to look, but absolutely
output must be devoid of any specific findings, measurements,
report. Any leakage of a finding is a complete failure.

The context you generate must
NOTHING about WHAT WAS FOUND. The
or conclusions from the original

[OBJECTIVE]

Analyze the [GROUND TRUTH REPORT]

two-part summary:

1. [CLINICAL INDICATION]: A single, concise sentence
inferring the reason for the exam.

2. [AREAS OF FOCUS]: A bulleted list of 2-5 broad,
coarse-grained anatomical regions or systems. You

and generate a

Findings:
effusion measured 28 mm at its thickest point.
pericardial effusion.
thickest point.
Ground glass appearances and consolidations are observed in both lungs.
Findings are observed in central and peripheral areas.
described are not specific.
was followed up with the diagnosis of Covid-19 pneumonia,
appearances are compatible with this diagnosis.
in both lungs. There is free fluid in the perihepatic region.
contours are irregular.
evaluated for liver parenchymal disease.
segment of the right lobe of the liver,
barely distinguishable borders.
contrast-enhanced examination for a possible mass.
Impression:

ample GT Report \

There is bilateral minimal pleural effusion. The pleural
There is also
Pericardial effusion measured 24 mm at its

No pleural or pericardial effusion was detected.

The findings
it was learned that the patient
and these

However,

No mass was detected
Liver

It is recommended that the patient be

In addition, in the posterior
there is a hypodense area with
It is recommended to evaluate with

Not given.

MUST consolidate specific findings into general topics.

[OUTPUT RULES]

1. Your output MUST contain BOTH headers:
CLINICAL INDICATION] and [AREAS OF FOCUS].

2. Do NOT include any preamble, explanation, or summary.

[GROUND TRUTH REPORT] :

{ground_truth}

[YOUR OUTRUT] :

/ -

4{ Example Extracted Context }7

[CLINICAL INDICATION]

Evaluation of thoracic and abdominal structures in a patient with known
or suspected infectious disease.

[AREAS OF FOCUS]

- Lungs and pleura

- Heart and pericardium

- Liver and biliary system

Abdominal cavity

\
b

/ —{ Example Context-Aware Generation Prompt ]

You are an expert radiologist.
clinical context.

Clinical Indication:
infectious disease.

Evaluation of thoracic and abdominal structures in a patient with known or suspected

Based on this indication,
topics.

you are asked to evaluate the following key areas. Your

Areas of Focus:

and pleura
nd pericardium
and bilia stem

- Abdominal cavi
CRITICAL INSTRUCTION:
above.
list.
clinical context.

Do NOT include any findings, observations,

Impression: [Text of your impression here, summarizing ONLY the focus areas]

Your task is to analyze a medical image and write a report based on the provided

report must focus on these

Your generated report MUST ONLY describe findings related to the Areas of Focus listed
or comments about areas or structures NOT mentioned in the
Your response will be evaluated based on how accurately you perform a focused examination based on the il

Generate a complete report with two sections, 'Findings' and 'Impression'. Your output must follow this format
EXACTLY:
Findings: [Text of your findings here, covering ONLY the focus areas]

[ .
I Example Model Generation }7
Findings:

Lungs and pleura: There are extensive bilateral
pulmonary consolidations and patchy ground-glass
opacities. Large bilateral pleural effusions are
present, more prominent on the left side, with
associated compressive atelectasis of the left lung.
Heart and pericardium: The cardiac silhouette is
enlarged. A moderate to large pericardial effusion is
visualized.

bilia ystem: The liver is enlarged
(hepatomegaly) . No intrahepatic or extrahepatic biliary
ductal dilatation is identified.

Abdominal cavity: Significant free fluid (ascites) is
noted within the abdominal cavity, particularly in the
perihepatic and perisplenic regions.

Liver and

Impression:

Extensive bilateral pulmonary consolidations and
large bilateral pleural effusions, consistent with a
severe infectious or inflammatory process such as
multifocal pneumonia.

2. Cardiomegaly with a significant pericardial effusion.
3. Hepatomegaly and significant abdominal ascites.

o/

i LLM-as—a-judge for Claims Categorization ]

You are an expert radiologist acting as a strict evaluator.
truth report, focusing exclusively on how well it handles abnormal findings.

Category Definitions:

1. [MATCHED ABNORMALITY]: The Ground Truth mentions an abnormality, and the Model correctly identifies it.

normal.
3. [HALLUCINATED ABNORMALITY]: The Model mentions an abnormality NOT present in the Ground Truth.

Your Task:
Output the findings categorized under these three headers in exact order.

[GROUND TRUTH REPORT]

Findings: There is bilateral minimal pleural effusion.
[MODEL GENERATED REPORT]

Findings:

Lungs and pleura: There are extensive bilateral pulmonary consolidations and patchy ground-glass

Compare a model-generated report against a ground

2. [MISSED_ABNORMALITY]: The Ground Truth mentions an abnormality, but the Model omits it or states the area is

Do NOT add any extra explanations.

The pleural effusion measured 28 mm at its thickest...

{ Example Claims Categorization }7

[MATCHED_ABNORMALITY]

- Bilateral pleural effusion

- Pericardial effusion

- Ground glass opacities in both lungs

- Pulmonary consolidations in both lungs

- Free fluid in the perihepatic region (ascites)

[MISSED_ABNORMALITY]

- Irregular liver contours

- Hypodense area in the posterior segment of the right
lobe of the liver (possible mass)

[HALLUCINATED_ABNORMALITY]
- Hepatomegaly
- Compressive atelectasis of the left lung

- Perisplenic ascites

Extended Data Fig. 6 ROI-Grounded report generation evaluation pipeline.

a, Context extraction procedure via GPT 4.1

API. The left panel displays the prompt for context extraction, while the right panels present an actual example of
an input GT report (top right) and its corresponding extracted context (bottom right). This procedure is designed
to minimize leakage of actual diagnostic answers and reveals only the regions of interest. b, Context-conditioned
report generation. The context successfully extracted in panel (a) is utilized here to condition the generation process.
This extracted context is combined with the instruction prompt and presented to our MLLM, strictly constraining
the model to generate findings exclusively for the provided Regions of Interest. ¢, LLM-as-a-Judge evaluation. The
left panel shows the evaluation prompt presented to the LLM judge (abbreviated for presentation), which strictly
defines the categorization rules. The right panel displays the actual categorized output, evaluating the MLLM-
generated report from panel (b) against the original GT report from panel (a). In this specific case, the True
Positives (TP, matched) are 5, False Negatives (F'N, missed) are 2, and False Positives (F' P, hallucinated) are 3.
Consequently, the metrics are computed as: Precision = 5/(5 + 3) = 0.6250, Recall = 5/(5 + 2) = 0.7143, and F1-score

=2 x (0.6250 x 0.7143)/(0.6250 + 0.7143) = 0.6667.
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Extended Data Fig. 7 Overview of data curation for ClinFusion. a, Data sources and construction pipeline. We collect
open-source datasets, medical evidence corpora, and large-scale CT/MRI volumes. These data are then processed
through the Dense Caption Generation, Medical Multimodal CoT, and Large-Scale CT Caption pipelines, yielding
22.2M training samples spanning 12 medical imaging modalities and supporting diverse clinical tasks, including medical
dialogue, medical report generation, anomaly detection, medical computation, treatment planning and prognosis
prediction. b, Training data scale comparison among ClinFusion, Hulu-Med [7], and Lingshu [6], decomposed into
medical multimodal, medical text, general multimodal, and general text instances. ¢, Modality distribution of medical

images in the final corpus.




Extended Data Table 1 Data sources used for ClinFusion training. We report an approximate number of training items for
each data type in Scale. * denotes datasets constructed by our data synthetic pipeline.

Stage Modality Datasets Scale

S1 Medical multimodal PMC-OA [84]; ROCO [85]; ROCOv2 [86]; PubMedVision [87]; MIMIC-CXR [88]; IU-Xray [89]; ~3.9M
open-i [89]; MedICaT [90]; MedPix-2.0 [91]; BIOMEDICA Clinical Subset [92]; BIOMEDICA
Dermatology Subset [92]; BIOMEDICA Histopathology Subset [92]; BIOMEDICA Microscopy
Subset [92]; BIOMEDICA Surgery Subset [92]; Synthetic Case Report Caption®; Synthetic
Journal Caption™.

General multimodal  Llava-v1.5-Caption [93]; PixMo [94]. ~2.3M
S2 Medical multimodal  Same as S1 Medical Multimodal datasets. ~3.8M
General multimodal  Same as S1 General multimodal datasets. ~2.3M
S3 Medical multimodal LLaVA-Med [95]; Quilt-LLaVA [96]; FairVLMed; CheXpert Plus [46]; Kvasir-VQA [97]; ~5.3M

LLaVA-1.5-Instruct [93]; MIMIC-Ext-MIMICCXR-VQA [98];
PathVQA [99]; PMC-VQA [100]; SLAKE [15]; VQA-Med-2019 [101]; VQA-RAD [102];
PMC-VQA-2-recaptions; SLAKE-recaptions; VQA-Med-2019-recaptions; VQA-RAD-recaptions;
Path-VQA-recaptions;
GMAI-Reasoning10K [103]; Synthetic Medical OCR™; Private CT™; Synthetic Case Report
VQA™; Synthetic Journal VQA™.
General multimodal  Llava-v1.5-MM [93]; ALLaVA [104]. ~1.1M

Medical text MedQuAD [105]; medical-ol-verifiable-problem [106]; medical-ol-reasoning-SFT; ApolloCor- ~4.7TM
pus [107]; Medical-R1-Distill-Data;
AlpaCare-MedInstruct-52k [108]; HealthCareMagic-100k [109]; PMC-LLaMA [110];
HuatuoGPT2-GPT4-SFT-140K [111];
MedReason [112]; MedThoughts-8K [113]; MedQA [77]; open-book-CMB-exam [114];
cMedQA [115]; HealthCareMagic [109]; iClinig-10K [109]; Citrus_S3 [116];
MedBooks-18-CoT [117]; Synthetic Case Report Long CoT™.

General text Llava-v1.5-text-subset [93]; OpenHermes-2.5 [118]. ~1.5M

s4 Medical multimodal ~ CT-Rate-report [16]; Merlin-report [68]; RadGenome-ChestCT [119]; M3D-CAP [67]; OLD- ~1.3M
INSPECT [69]; AMOS-MM-report [120];
AbdomenCT"; ChronicCT*; CardiovascularCT*; PulmonaryNodulesCT™*.

S5 Medical multimodal ~ All S3 medical multimodal datasets +AMOS-MM-VQA [120]; CT-Rate-VQA [16]; 3D- ~6.4M
RAD [121]; Synthetic-M3d-VQA™; Merlin-MCQ [68]; Merlin-VQA [68].

General multimodal  Same as S3 General multimodal datasets. ~1.1M

Medical text Same as S3 Medical text datasets. ~4.7TM

General text Same as S3 General text datasets. ~1.5M




Extended Data Table 2 Summary of evaluation benchmarks. We categorize our evaluation framework into five key
dimensions: 2D multimodal medical VQA, text-only medical knowledge, 3D volumetric medical VQA, clinical report
generation, and instruction-following (# indicates sample counts). Under the Modality column, Single and Multi
distinguish between single-image and multi-image inputs; notably, for 3D, report generation, and instruction-following
tasks, the model typically processes a single multimodal file (e.g., one 3D volume or one 2D image) per instance.
Task types are classified as Multiple Choice (MCQ), Open-ended (Open), Clinical Report Generation (Report), or
Instruction-Following (IF). { denotes a manually curated subset of the original dataset, filtered to ensure data quality

and evaluation fidelity.

Benchmark Modality/Genre Scale (#) Type Lang. Source
2D Multimodal Medical VQA (Total: 141,587)
VQA-RAD Radiology (Single) 451 MCQ & Open EN [102]
SLAKE Radiology (Single) 2,094 MCQ & Open EN & CN [15]
PathVQA Pathology (Single) 6,719 MCQ & Open EN [99]
PMC-VQA Diverse (Single) 33,430 MCQ EN [100]
OmniMedVQA Diverse (Single) 88,996 MCQ EN [14]
MedFrameQA Diverse (Multi) 2,851 MCQ EN [122]
GMAI-MMBench Diverse (Single) 4,550 MCQ EN [123]
MedXpertQA (MM) Diverse (Multi) 2,000 MCQ EN [18]
Text-only Medical Knowledge (Total: 17,074)
MedQA (USMLE) Clinical Exam 1,273 MCQ EN [77]
MedQA (MCMLE) Clinical Exam 3,426 MCQ CN [77]
MedMCQA Entrance Exam 4,183 MCQ EN [124]
MMLU (Medical) Multi-discipline 1,871 MCQ EN [17]
PubMedQA Research QA 500 MCQ EN [19]
MedBullets Clinical Knowledge 616 MCQ EN [125]
SuperGPQA General Practice 2,755 MCQ EN [126]
MedXpertQA (Text) Diverse 2,450 MCQ EN [18]
3D Volumetric Medical VQA (Total: 48,907)
CT-Rate-VQAT Non-Contrast Chest CT 12,210 MCQ & Open EN [16]
3D-RAD Non-Contrast Chest CT 33,910 MCQ & Open EN [47]
AMOS-MM't Abdominal CT 2,787 MCQ EN (48]
2D/3D Clinical Report Generation (Total: 3,9385)
IU-Xray Chest X-ray 296 Report EN [127]
CheXpert-Plus Chest X-ray 200 Report EN [46]
CT-Rate Non-Contrast Chest CT 3,039 Report EN [16]
AMOS-MM Abdominal CT 400 Report EN [48]
Medical Instruction Following
MedIF-Bench Mixed 900 IF EN Ours

Extended Data Table 3 The progressive training strategy for ClinFusion. “Trainable Components” lists the parts of the

model being updated in each stage.

Stage Objective Training Data Trainable Components

@ Shallow multi-encoder alignment (2D) 2D Image-Text Pairs All Encoders, 2D Fusion Modules
Align specialist 2D encoders.

@ Deep vision-language alignment (2D) 2D Image-Text Pairs Full Model (All Encoders, 2D Fusion Modules, LLM)
Align fused 2D features with LLM.

) 2D Instruction Tuning 2D Instruction Datasets Full Model (All Encoders, 2D Fusion Modules, LLM)
Teach 2D task execution.

@ Rapid 3D encoder alignment 3D Volume-Text Pairs 3D Encoder, 3D Fusion Modules
Efficiently align 3D encoder.

® Holistic 2D/3D instruction tuning 2D/3D Instruction Datasets Full Model (All Encoders, All Fusion Modules, LLM)

Unlock full 2D/3D capabilities.




Extended Data Table 4 Dataset availability, download links, and access terms for all data sources used in ClinFusion training.
Datasets are grouped by training stages described in Section 4.5. The Access column reports the verified license, access
category, or source-license inheritance where applicable.

Dataset Name Link Access

Application Stage: S1- Medical multimodal

PMC-OA https://huggingface.co/datasets/axiong/pmc_oa Under CC

ROCO https://github.com/razorx89/roco-dataset Under CC
ROCOv2 https://huggingface.co/datasets/eltorio/ROCOv2-radiology CC BY-NC-SA 4.0
PubMedVision https://huggingface.co/datasets/FreedomIntelligence/PubMedVision Apache 2.0
MIMIC-CXR https://physionet.org/content/mimic-cxr/ PhysioNet License
I1U-Xray https://openi.nlm.nih.gov/ Open Access
open-i https://openi.nlm.nih.gov/ Open Access
MedICaT https://github.com/allenai/medicat Under CC
MedPix-2.0 https://github.com/CHILabl/MedPix-2.0 CC BY-NC-SA 4.0
BIOMEDICA Clinical Subset https://huggingface.co/datasets/BIOMEDICA/biomedica_webdataset_24M Under CC
BIOMEDICA Dermatology Subset https://huggingface.co/datasets/BIOMEDICA/biomedica_webdataset_24M Under CC
BIOMEDICA Histopathology Subset https://huggingface.co/datasets/BIOMEDICA/biomedica_webdataset_24M Under CC
BIOMEDICA Microscopy Subset https://huggingface.co/datasets/BIOMEDICA/biomedica_webdataset_24M Under CC
BIOMEDICA Surgery Subset https://huggingface.co/datasets/BIOMEDICA/biomedica_webdataset_24M Under CC

Synthetic Case Report Caption
Synthetic Journal Caption

Synthetic Data
Synthetic Data

Internal Synthetic Data
Internal Synthetic Data

Application Stage: S1- General multimodal
LLaVA-v1.5-Caption
PixMo

https:
https:

//github.com/haotian-1iu/LLaVA
//huggingface.co/datasets/allenai/pixmo-cap

CC BY-NC 4.0
ODC-BY v1.0

Application Stage: S2 - Medical multimodal

Same as S1 Medical multimodal datasets

Same access terms as S1 Medical multimodal

Application Stage: S2 - General multimodal

Same as S1 General multimodal datasets

Same access terms as S1 General multimodal

Application Stage: S3 - Medical multimodal
LLaVA-Med

Quilt-LLaVA

FairVLMed

CheXpert Plus

Kvasir-VQA
LLaVA-1.5-Instruct
MIMIC-Ext-MIMICCXR-VQA
PathVQA

PMC-VQA

SLAKE

VQA-Med-2019

VQA-RAD
PMC-VQA-2-recaptions
SLAKE-recaptions
VQA-Med-2019-recaptions
VQA-RAD-recaptions
Path-VQA-recaptions
GMAI-Reasoning10K
Synthetic Medical OCR
Synthetic Case Report VQA
Synthetic Journal VQA

https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:

//github.com/microsoft/LLaVA-Med
//huggingface.co/datasets/wisdomik/QUILT-LLaVA-Instruct-107K
//zenodo . org/records/13178701
//aimi.stanford.edu/datasets/chexpert-plus
//datasets.simula.no/kvasir-vqa/
//github.com/haotian-1liu/LLaVA
//physionet.org/content/mimic-ext-mimic-cxr-vqa/1.0.0/
//huggingface.co/datasets/flaviagiammarino/path-vqa
//huggingface.co/datasets/RadGenome/PMC-VQA
//huggingface.co/datasets/BoKelvin/SLAKE

//zenodo . org/records/ 10499039
//huggingface.co/datasets/flaviagiammarino/vqa-rad
//huggingface.co/datasets/RadGenome/PMC- VQA
//huggingface.co/datasets/BoKelvin/SLAKE

//zenodo . org/records/10499039
//huggingface.co/datasets/flaviagiammarino/vqa-rad
//huggingface.co/datasets/flaviagiammarino/path-vqa
//huggingface.co/datasets/General-Medical-AI/GMAI-Reasoning10K

Synthetic Data
Synthetic Data
Synthetic Data

CC BY-NC 4.0

CC BY-NC-ND 3.0

CC BY-NC-ND 4.0
Credentialed Access
CC BY-NC 4.0

CC BY-NC 4.0
PhysioNet License

MIT

MIT

CC BY 4.0

CC BY 4.0

CCo0-1.0

Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data
CC BY 4.0

Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data

Application Stage: S3 - General multimodal
LLaVA-v1.5-MM
ALLaVA

https:
https:

//github.com/haotian-1iu/LLaVA
//huggingface.co/datasets/FreedomIntelligence/ALLaVA-4V

CC BY-NC 4.0
Apache 2.0

Application Stage: S3 - Medical text
MedQuAD
medical-ol-verifiable-problem
medical-ol-reasoning-SFT
ApolloCorpus
Medical-R1-Distill-Data
AlpaCare-MedInstruct-52k
HealthCareMagic-100k
icliniq10k
PMC-LLaMA
HuatuoGPT2-GPT4-SFT-140K
MedReason
MedThoughts-8K

edQA

open-book-CMB-exam

cMedQA

HealthCareMagic

iClinig-10K

Citrus_ S3

MedBooks-18-CoT

Synthetic Case Report Long CoT

https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:
https:

//huggingface.co/datasets/lavita/MedQuAD

//huggingface.co/datasets/FreedonIntelligence/medical-ol-verifiable-problem
//huggingface.co/datasets/FreedomIntelligence/medical-ol-reasoning-SFT

//huggingface.co/datasets/FreedomIntelligence/ApolloCorpus

//huggingface.co/datasets/FreedomIntelligence/Medical-R1-Distill-Data

//huggingface.co/datasets/lavita/AlpaCare-MedInstruct-52k

//huggingface.co/datasets/lavita/ChatDoctor-HealthCareMagic-100k

//huggingface.co/datasets/zhengComing/iCliniq- 10K
//github. com/chaoyi-wu/PMC-LLaMA

//huggingface.co/datasets/FreedomIntelligence/HuatuoGPT2-GPT4-SFT- 140K

//huggingface.co/datasets/UCSC-VLAA/MedReason
//huggingface.co/datasets/hw-hwei/MedThoughts-8K
//github.com/jind11/MedQA
//huggingface.co/datasets/wangrongsheng/open-book-CMB-exam
//github.com/zhangsheng93/cMedQA2

//huggingface.co/datasets/lavita/ChatDoctor-HealthCareMagic- 100k

//huggingface.co/datasets/zhengComing/iClinig-10K
//huggingface.co/datasets/jdh-algo/Citrus_S3
//huggingface.co/datasets/dmis-1lab/meerkat-instructions

Synthetic Data

Open Access
Apache 2.0
Apache 2.0
Apache 2.0
Apache 2.0
CC BY 4.0
Apache 2.0
Apache 2.0
Apache 2.0
Apache 2.0
CC BY 4.0
MIT

MIT

Apache 2.0
GPL-3.0
Apache 2.0
Apache 2.0
MIT

CC BY-NC 4.0
Internal Synthetic Data

Application Stage: S3 - General text
LLaVA-v1.5-text-subset
OpenHermes-2.5

https:
https:

//github.com/haotian-1iu/LLaVA
//huggingface.co/datasets/teknium/OpenHermes-2.5

CC BY-NC 4.0
Apache 2.0

Application Stage: S4 - Medical multimodal
CT-Rate-report
Merlin-report
RadGenome-ChestCT
M3D-CAP
OLD-INSPECT
AMOS-MM-report
AbdomenCT
ChronicCT
CardiovascularCT
PulmonaryNodulesCT

https:
https:
https:
https:
https:
https:

//huggingface.co/datasets/ibrahimhamamci/CT-RATE
//github.com/StanfordMIMI/Merlin
//huggingface.co/datasets/RadGenome/RadGenome-ChestCT
//huggingface.co/datasets/GoodBaiBai88/M3D- Cap
//aimi.stanford.edu/datasets/inspect-Multimodal-Dataset. ..
//zenodo.org/doi/10.5281/zenodo. 10992154

Synthetic Data
Synthetic Data
Synthetic Data
Synthetic Data

CC BY-NC-SA 4.0
MIT

CC BY 4.0

Apache 2.0
Credentialed Access
CC BY 4.0

Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data
Internal Synthetic Data

Application Stage: S5 - Medical multimodal
All S3 Medical multimodal datasets
AMOS-MM-VQA

CT-Rate-VQA

3D-RAD

Synthetic-M3d-VQA

Merlin-MCQ

Merlin-VQA

https:
https:
https:

//zenodo.org/doi/10.5281/zenodo . 10992154
//huggingface.co/datasets/ibrahimhamamci/CT-RATE
//github.com/Tang-xiaoxiao/3D-RAD

Synthetic Data

https:
https:

//github.com/StanfordMIMI/Merlin
//github.com/StanfordMIMI/Merlin

Same access terms as S3 Medical multimodal
CC BY 4.0

CC BY-NC-SA 4.0

MIT

Internal Synthetic Data

MIT

MIT

Application Stage: S5 - General multimodal

Same as S3 General multimodal datasets

Same access terms as S3 General multimodal

Application Stage: S5 - Medical text
Same as S3 Medical text datasets

Same access terms as S3 Medical text

Application Stage: S5 - General text
Same as S3 General text datasets

Same access terms as S3 General text
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Supplementary Information

S1 Supplementary Methods: Data Synthesis Pipelines

This section provides the detailed procedures for the four data synthesis pipelines summarized in the Methods
(Section 4.3). These pipelines target distinct training bottlenecks: 1) instruction warping diversifies medical
instructions to mitigate the loss of instruction-following ability during medical adaptation; 2) dense caption
generation converts noisy paper-figure caption pairs into grounded, fine-grained vision—language supervision;
3) interactive multimodal CoT annotation synthesizes long-horizon, visually grounded reasoning trajectories
for hard multimodal QA; and 4) large-scale CT caption with expert toolset produces 1.1M radiology-style
pseudo-reports for hospital-collected CT volumes that lack reports. The complete workflows for Dense Caption
Generation, CT Caption with Expert Toolset, and Interactive Multimodal CoT Annotation are illustrated
in Supplementary Fig. 1.

S1.1 Instruction Warping

Medical adaptation tends to erode general instruction-following ability, which in turn constrains how the
underlying medical knowledge can be expressed in realistic clinical settings, such as structured outputs (JSON),
scope restriction (“only describe the Rol”), negative constraints (“ignore lungs”), or domain-specific formatting
required by clinical workflows. To address this, we build an instruction augmentation pipeline via instruction
warping, inspired by self-instruction, to diversify instructions along multiple axes while preserving medical
semantics.

Seed templates. We manually author 120 seed instructions spanning diverse clinical application scenarios and
task types, each with explicit formatting requirements (e.g., strict headers, JSON schemas, table columns, and
a fixed Final Answer anchor). The seeds are designed to cover four axes: 1) dialogue roles (e.g., radiologist
note, patient-facing explanation, triage assistant); 2) scenarios (e.g., outpatient consult, ED triage, follow-up
comparison, multidisciplinary discussion); 3) format-following (JSON /tables/bullets/checklists with length
and field constraints); and 4) constraints (scope-only, negative constraints, uncertainty handling, citation
requirements).

LLM-based expansion. Building on these seeds, we use GPT-5.1 to automatically expand them into 21k
instruction templates. For each data sample, we parse it into structured schema fields and then recompose
it using a sampled template, which substantially increases instruction diversity while introducing minimal
semantic drift.

S1.2 Dense Caption Generation

A non-trivial portion of large-scale medical multimodal data is collected from paper figures paired with captions.
However, these pairs often suffer from low alignment quality: captions typically state only the most critical
conclusion and thus provide weak, non-dense supervision; meanwhile, paper figures are frequently composite,
mixing medical images with plots, arrows, symbols, and annotations. Such visual clutter introduces noise and
also deviates from real clinical imagery, reducing transferability to practical medical settings (Supplementary
Fig. 1a).

Sub-figure segmentation and filtering. Following [92|, we perform sub-figure segmentation on document
screenshots to decompose complex figures into candidate sub-images. We then apply a multi-stage filtering
pipeline to retain only high-quality medical imagery: 1) remove non-image panels (plots/tables); 2) remove
heavily annotated or low-resolution regions; 3) validate modality and medicalness; and 4) deduplicate
near-duplicates.

Dense caption regeneration. For retained sub-images, we generate dense descriptions by conditioning on the
original caption and the visual content, moving from “headline” captions to grounded, fine-grained supervision
that inventories visible findings, anatomical context, and modality-specific patterns, while avoiding non-visual
speculation. We employ a two-pass generation scheme: 1) Visual inventory. We use two complementary VLMs,
GPT-5.1 and Gemini 3 Pro, to independently produce a visual inventory that enumerates directly observable
elements (e.g., findings, locations, and appearance cues). We then retain only the consistent, cross-model



overlapping items as a reliability filter. 2) Clinically coherent description. The consensus inventory is then used
to generate a clinically coherent description with appropriate medical phrasing and structure.

We curate our raw corpus from 100k journal articles and 785k case reports, yielding 749k high-quality medical
images paired with captions. Applying the above dense-captioning pipeline produces 610k dense-caption
samples, summarized as Synthetic Case Report Caption and Synthetic Journal Caption in Extended Data
Table 1. These dense captions are primarily used in early alignment stages to strengthen vision—language
grounding, and also serve as rich supervision for later instruction tuning.

S1.3 Interactive Multimodal CoT Annotation

Beyond perception, medical MLLMs must sustain multi-step reasoning over multimodal evidence. We find
that many existing medical VQA instances are either too short or can be solved by shallow pattern matching,
and thus do not strongly incentivize long-horizon multimodal reasoning. To explicitly train this capability, we
construct a hard multimodal reasoning dataset via a multi-agent annotation pipeline, following the core idea
of iterative look-again [66] reasoning (Supplementary Fig. 1c).

Difficulty mining. We assign each candidate multimodal QA instance a difficulty score using a fixed solver
model. For each instance, we query the solver under a standardized prompt for n stochastic samples, and
compute: 1) the empirical correctness rate (pass@1); and 2) the average generation length measured in output
tokens. In practice, we use Qwen3-VL-8B [2] as the solver model.

Our intuition is that instances with low correctness yet high generation length often induce extensive but
unproductive reasoning, which are desirable seeds for constructing reasoning-focused training data. Accordingly,
we prioritize instances by:

Shard(sample) = (1 — pass@l(sample)) . log(l + E(sample)), (11)

where pass@1(sample) denotes the solver’s single-sample accuracy and Len(sample) is the average response
length. We label instances with S"'d > 4 as reasoning-hard samples and further apply diversity-aware
sampling to avoid over-representing redundant patterns, yielding 100k diverse reasoning-hard instances.

Multi-agentreasoning. We design a multi-agent pipeline that couples a text-only orchestrator with a multimodal
visual grounder through iterative, evidence-seeking interaction. For each instance, the orchestrator has access
only to the textual components (question and candidate options) and cannot directly observe the image/volume.
It first analyzes the question to identify the visual attributes, anatomical cues, or regions that must be verified,
then converts them into targeted fact-checking sub-questions. The visual grounder receives the medical
image/volume along with the orchestrator’s queries, inspects the visual evidence, and returns grounded
observations. We use GPT-5.1 as the orchestrator and Gemini 3 Pro as the visual grounder.

The orchestrator integrates the returned evidence, updates its hypotheses, and either requests additional,
more specific visual checks or finalizes the answer once the accumulated evidence is sufficient. This closed-loop
interaction proceeds for multiple rounds and enforces that each reasoning step is supported by newly retrieved
visual evidence, thereby mitigating grounding drift as reasoning depth grows. We retain only trajectories whose
final conclusion matches the reference answer, resulting in 67k high-confidence hard multimodal reasoning
instances that are primarily used for instruction tuning to improve long-horizon, visually grounded reasoning
fidelity.

S1.4 Large-Scale CT Caption with Expert Toolset

CT is a cornerstone modality for diagnosing and differentiating many diseases, and natively understanding 3D
CT volumes is central to real clinical deployment. We therefore construct CT-report aligned supervision at
scale through a two-pronged strategy: 1) collecting open-source CT datasets that already include high-quality
reports, and 2) expanding coverage with hospital-collected CT scans that lack reports by generating report-style
pseudo-labels (Supplementary Fig. 1b).

Open-source CT with high-quality reports. We curate 0.2M CT studies from open-source datasets with high-
quality radiology reports [67, 16, 68, 69]. These provide clean paired supervision for 3D alignment and report
generation evaluation.



Hospital CT collection and pseudo-report generation. To further advance CT-centric modeling, we collaborate
with multiple hospitals to curate a large-scale internal dataset comprising 1.5M CT scans. Due to data privacy
agreements, we were only permitted to access the de-identified CT images, without paired radiology reports.
To enable report-level supervision at scale, we developed an annotation-guided CT report annotation pipeline
based on a visual-expert toolset, which primarily consists of a lesion segmentation model [70] and an organ
segmentation model [71]. This toolset produces structured pseudo-annotations from the images, which are
subsequently transformed into radiology-style captions.

The pipeline proceeds in four steps. 1) The lesion segmentation model produces lesion masks with anatomical
labels, which are aggregated into a structured CT representation capturing clinically relevant attributes (e.g.,
organ presence, lesion location, and lesion patterns). 2) For each lesion entry, we retrieve representative CT
slices that cover the lesion and overlay lesion-region markers on the selected slices. 3) The marked slices,
together with lesion metadata, are provided to a VLM to generate lesion-focused local captions. 4) We then
synthesize the structured attributes and lesion captions into standardized radiology-style Findings/Impression
text via medically constrained generation.

Rigorous quality control is applied throughout, including mask sanity checks (size bounds and topology
constraints), cross-slice consistency verification, and text-level validation to reduce spurious outputs and
avoid unsupported claims. Using this pipeline, we generate pseudo-report supervision for 1.1M CT cases,
substantially expanding the scale and diversity of CT-report aligned data.

The full CT-report aligned corpus (0.2M open-source + 1.1M pseudo-labeled) supports both Stage @ (rapid
3D encoder alignment) and Stage ® (holistic 2D /3D instruction tuning). The large pseudo-labeled portion
improves volumetric diversity and robustness, while the smaller open-source portion provides high-fidelity
alignment anchors.

S2 Supplementary Methods: Agentic Tool Use

This section provides the detailed retrieval algorithms for the knowledge tool (Section 4.4.1) and the tool
routing and interface design for the perception expert tools (Section 4.4.2) summarized in the Methods.

S2.1 Knowledge Tool: Hybrid Retrieval and Cross-Source Aggregation

The knowledge tool combines two complementary retrieval channels followed by cross-source evidence aggre-
gation.

Hybrid retrieval with concept normalization. Medical queries and documents contain pervasive ambiguity
(synonyms, abbreviations, brand—generic drug names, variant spellings). To reduce such ambiguity at the
retrieval stage, we perform concept normalization using UMLS before querying: medical entities mentioned in
the query are mapped to standardized medical concepts. Retrieval then proceeds through two complementary
channels. First, a vector search engine retrieves semantically matched evidence passages from large-scale
corpora, improving recall under linguistic variation. Second, KG-based recall leverages two open-source
medical knowledge graphs: UMLS [73], which provides standardized medical concept identifiers for robust
normalization across synonyms and abbreviations, and PrimeKG [74], which offers rich biomedical relations
(e.g., drug—disease, symptom—disease, contraindication) that support link-based expansion to clinically relevant
upstream/downstream concepts. This structured recall enables concept-to-evidence routing and reduces misses
caused by surface-form mismatch. The two channels are integrated by normalized concepts and semantic
similarity, producing a candidate evidence set grounded in explicit medical entities and relations.

Cross-source evidence aggregation. Medical QA often benefits from combining complementary evidence
views: vector retrieval typically returns highly query-aligned passages, while KG-based recall provides richer
upstream/downstream context anchored to normalized entities. Since these two channels differ in granularity
and surface form, we aggregate evidence by clustering retrieved chunks across both channels using semantic
similarity and overlap of normalized medical entities, grouping content that states the same clinical claim
or offers mutual support from different sources. ClinFusion then summarizes each cluster to preserve the
shared clinical conclusion together with key qualifiers (e.g., indication, contraindication, dose constraints)
and attaches citations to the supporting chunks. This cluster-then-summarize aggregation jointly leverages



the precision of embedding-based retrieval and the relational breadth of KG recall, producing a compact,
evidence-grounded context for faithful, traceable clinical answers.

S2.2 Perception Expert Tools: Tool Descriptions and Routing

Detailed tool descriptions. We provide expanded descriptions of the five perception experts integrated into
ClinFusion, each producing structured findings that the agent can directly use for evidence-based reasoning.

e Multi-organ lesion segmentation expert [70] segments 29 common lesion types across eight organs: breast,
colon, esophagus, stomach, kidney, lung, liver, and pancreas. It enables ClinFusion to ground answers
in explicit lesion inventories (how many, where, how large), support tumor burden quantification, and
maintain consistency across multi-lesion or multi-organ cases where free-form visual description is
error-prone.

e Fatty liver assessment expert [79] estimates fatty liver severity from CT and localizes the liver parenchyma
region used for assessment. It enables ClinFusion to provide standardized steatosis assessment with trace-
able imaging evidence (parenchyma region), improving reproducibility for screening, risk stratification,
and longitudinal monitoring.

e Abdominal lymph node segmentation expert [80] segments abdominal lymph nodes and is sensitive to
node size, supporting the detection of lymphadenopathy. It enables ClinFusion to perform structured
nodal evaluation (node enumeration + size-based criteria), which is central to oncologic staging and
response tracking and is difficult to do reliably via generic vision-language perception.

e Chest X-ray finding classification expert [81, 82] predicts structured probabilities for a broad set of
thoracic findings from chest radiographs. In our system, this expert combines TorchXRayVision,
which provides standardized preprocessing and strong pre-trained chest X-ray models for 18 common
findings, with CheXFound, a chest X-ray foundation model pretrained on up to one million images and
supporting classification over 40 findings. This expert enables ClinFusion to supplement free-form image
understanding with explicit pathology-level evidence, improving robustness and consistency in report
generation and medical VQA.

e Chest X-ray finding generation expert [83] generates clinically coherent chest X-ray findings descriptions
from radiographs. Built on CheXagent, a vision-language foundation model trained on the large-scale
CheXinstruct dataset and evaluated across diverse chest X-ray interpretation tasks, this expert is
mainly used to draft findings-style descriptions that summarize the visible thoracic abnormalities and
their imaging context. It enables ClinFusion to obtain richer sentence-level imaging evidence when
classification scores alone are insufficient, improving the completeness and fluency of chest X-ray report
drafting and finding-oriented question answering.

Tool routing and schema-first interface. ClinFusion does not follow a rigid workflow; instead it seeks the
specific visual evidence required by the user’s question and calls tools accordingly. When the query implies
that the answer depends on precise localization or measurement—such as requesting the largest lesion size,
asking whether lymph nodes are enlarged, asking for fatty liver grade, or asking for lesion counts in a target
organ—~ClinFusion treats this as an evidence gap and initiates tool calls rather than relying on approximate
visual judgment. To make tool use stable, controllable, and consumable by ClinFusion, we adopt a schema-first
interface. Each perception expert is registered with a capability card that specifies the supported anatomies
and label set, the measurable endpoints such as diameters, volumes, and severity grades, and the types of
clinical questions the tool can resolve. This explicit specification enables intentional routing. Tool outputs
are normalized into compact evidence objects and then verbalized into natural-language evidence statements
before being fed back to ClinFusion. Overly granular numeric fields such as voxel-level coordinates are mapped
to coarse standardized location descriptors, e.g., liver_top, which reduces sensitivity to coordinate noise
while preserving clinically actionable localization.



S3 Supplementary Ablation Studies

Stochastic residual regularization shows benefits to 3D volumetric understanding. Based on the above experiments,
we add the 3D ViT as the fourth vision encoder to enable native volumetric understanding. We train the
model with all five stages with partial 2D and 3D data to ensure fast feedback. Our prior experiments
indicated an effect of diminishing returns when adding a third vision encoder, suggesting that later-stage
components may struggle to integrate effectively into an already powerful model. We hypothesized that a
stronger regularization scheme could mitigate this side effect by encouraging more robust feature learning.
To test this, we evaluated the impact of applying stochastic residual regularization during training. The
results, presented in Supplementary Table 12, provide evidence for our hypothesis. Employing the stochastic
approach leads to a clear improvement in both the average 3D VQA score (from 64.8 to 65.8) and the average
report generation metrics (from 23.4 / 13.3 / 15.1 to 23.7 / 14.0 / 15.7). However, we also observed that
these benefits are contingent on sufficient training duration. In shorter training runs, the performance gap
between the stochastic and deterministic models was negligible or even inverted. This suggests that while
stochastic regularization provides a more robust learning signal, it requires adequate optimization steps to
fully manifest its advantages.

Interpreting the functionality of additional encoders. To qualitatively interpret how the compositional vision
architecture contributes to the final prediction, we employ Grad-CAM [128] to visualize the regions of focus
for our specialist encoders, DINOv2 and ConvNext. We analyze two chest X-ray report generation examples
to illustrate how these encoders exhibit a complementary division of labor, which is then unified by our
CaSL Fusion mechanism to produce a comprehensive and accurate report. As shown in Supplementary
Fig. 2, the specialist encoders demonstrate distinct yet synergistic attentional patterns. In the first example
(top row), which describes a post-operative chest, the Grad-CAM visualizations reveal a clear separation
of concerns. DINOv2, known for its strong semantic feature extraction, directs its focus squarely on the
cardiac silhouette. This global, semantic focus is critical for assessing overall organ size and shape, leading
to the identification of cardiomegaly. In comparison, ConvNext, with its powerful inductive bias for local
patterns and textures, precisely highlights the midline sternotomy wires. This demonstrates its specialization
in identifying fine-grained, man-made objects or textural abnormalities. The second example (bottom row)
further reinforces this observation. The case involves multiple findings, including bilateral pleural effusions
and atelectasis. Here, DINOv2 casts a wide attentional net, focusing on the bilateral pleural effusions and the
lung bases, which are key for identifying the reported bibasilar atelectasis. Intriguingly, in this specific case,
ConvNext’s visualization does not show significant activation, suggesting that its role may be more nuanced
or context-dependent. This might indicate that for cases dominated by large-scale fluid and density changes
(like effusions), DINOv2’s global semantic understanding dominates, while ConvNext’s contribution becomes
more critical when fine-grained textural details are diagnostically relevant. This dynamic interplay, managed
by our cascaded fusion, allows ClinFusion to flexibly leverage the most relevant visual evidence for any useful
case, leading to a more robust and holistic perception.
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Supplementary Fig.1 Data synthesis pipeline of ClinFusion. a, Dense caption generation.

We parse case reports and journal

articles to obtain figure images together with their original captions and surrounding context, segment composite
figures into sub-panels, and extract panel-wise subcaptions aligned to each sub-figure. After multi-stage filtering to
remove non-clinical, heavily annotated, or low-quality regions, we regenerate dense, visually grounded descriptions by
conditioning on both the sub-image and the original (sub)caption/context. b, CT annotation with visual expert toolset.
For CT volumes without paired reports, we employ a CT Visual Expert to produce a structured CT representation

that includes organ context and lesion-level attributes (e.g., type, coarse 3D location, and extent proxies).

Using

the lesion entries in this representation, we retrieve representative CT slices that cover each lesion and overlay
lesion-region markers on the selected slices. The marked slices, together with the corresponding lesion metadata, are
then provided to a VLM to generate lesion-focused captions. Finally, these lesion captions and global structured
attributes are consolidated by an LLM into standardized radiology-style Findings/Impression pseudo-reports. ¢,
Interactive multimodal CoT annotation for reasoning-hard samples. We first score candidate multimodal QA instances
with Qwen3-VL and prioritize samples that elicit long analytical responses yet exhibit low pass@1, indicating failures
in long-horizon grounded reasoning rather than superficial knowledge gaps. The selected hard instances are then solved
with a carefully designed interactive reasoning protocol that separates a text-only orchestrator from a multimodal

visual grounder.

Given the question, the orchestrator decomposes it into a sequence of visual fact-check queries,

iteratively interrogates the visual grounder to obtain image-grounded evidence, and terminates once the accumulated
evidence is sufficient to support a final answer. After completion, an additional LLM pass rewrites the full dialogue
trajectory into a coherent reasoning trace for instruction tuning.
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Supplementary Fig. 2 Grad-CAM visualizations revealing the complementary attentional focus of specialist encoders. For
each example, we show the original image, the Grad-CAM heatmaps for DINOv2 and ConvNext, and the corresponding
related findings in the report.




S5 Supplementary Tables

Supplementary Table 1 Results on 2D Multimodal Medical Benchmarks. We list results of leading proprietary models,
leading generalist MLLMSs, and other medical MLLMs. Bold results denote the best scores in medical MLLMs and
underlined results denote the second-best scores. ¢ denotes that the model does not support multi-image input. }
indicates that results were re-benchmarked using open-source model weights or model APIs within our own evaluation

framework.
Multi-modality Specific-modality Reasoning
Benchmarks Benchmarks Benchmark
Models OM.VQA PMCVQA MedF GMAI VQA-RAD SLAKE PathVQA MedXQA
Proprietary Models
GPT-5.2f 68.4 56.7 52.1 58.4 73.4 79.4 54.0 52.9
Gemini-3-Flashf 82.0 64.4 53.3 67.8 71.0 80.3 60.6 78.0
Claude-Sonnet-4.5" 67.1 58.4 54.2 47.6 63.6 72.6 51.7 42.8
General-purpose MLLMs
Qwen2.5-VL-7Bf 63.3 51.7 46.9 44.0 59.6 67.4 43.4 22.5
Qwen3-VL-8Bt 76.4 54.0 42.1 54.0 61.9 70.4 42.8 24.9
InternVL3-8B 79.1 53.8 - - 65.4 72.8 48.6 22.4
InternVL3-14B 78.9 54.1 - - 66.3 72.8 48.0 23.1
vie112.5—VL—32BT 67.2 53.2 51.5 47.4 72.7 77.2 46.3 25.4
Qwen3-VL-32Bf 76.8 56.5 52.0 56.3 66.1 76.9 48.6 31.2
InternVL3-38B 79.8 56.6 - - 65.4 72.7 51.0 25.2
Qwen3-VL-235B' 75.8 56.2 50.3 54.9 67.8 75.5 51.1 33.7
Medical MLLMs

— Models < 10B —
BiomedGPTY 27.9 27.6 - - 16.6 13.6 11.3 -
Med-R1-2B - 47.4 - - 39.0 54.5 15.3 21.1
MedVLM-R1-2B 77.6 48.8 - - 49.2 56.3 36.0 21.4
HealthGPT-M3 71.5 55.4 - - 56.8 70.8 55.4 22.4
BioMediX2-8B 66.0 41.8 - - 55.7 54.1 34.6 21.9
LLaVA-Med-7B 34.8 22.7 - - 46.6 51.9 35.2 20.8
MedGemma-4B-IT 70.7 49.2 - - 72.3 78.2 48.1 25.4
HuatuoGPT-V-7B 74.3 53.1 - - 67.6 68.1 44.8 23.2
Lingshu-7B 82.9 56.3 - - 67.9 83.1 61.9 26.7
Hulu-Med-7B 84.2 66.8 - - 78.0 86.8 65.6 29.0
MedGemma-1.5-4B-ITt 47.5 18.7 40.5 21.8 55.2 63.6 34.7 18.5
Lingshu—?BJr 83.4 57.4 58.2 51.8 64.3 81.5 57.3 26.4
Hulu-Med-7Bt 79.4 61.7 548  51.8 68.5 74.7 54.2 25.6
ClinFusion-8B 89.6 67.8 64.3 57.9 76.3 91.1 68.7 32.4
— Models > 10B —
HealthGPT-14B 75.2 56.4 - - 65.0 66.1 56.7 24.7
HuatuoGPT-V-34B 74.0 56.6 - - 61.4 69.5 44.4 22.1
Lingshu-32B 83.4 57.9 - - 76.7 86.7 65.5 30.9
MedDr-40B® 64.3 13.9 - - 65.2 66.4 53.5 -
Hulu-Med-14B 85.1 68.9 - - 76.1 86.5 64.4 30.0
Hulu-Med-32B 84.6 69.4 - - 81.4 85.7 67.3 34.0
MedGemma-27B-IT* 60.0 49.2 49.5 37.3 65.6 75.5 43.4 23.6
Lingshu—32BT 83.4 62.3 58.9 55.6 73.2 87.6 63.4 30.5
Hulu-Med-32Bf 80.0 63.2 61.6 57.3 75.8 82.6 63.1 32.6
ClinFusion-32B 89.9 70.8 69.4 60.2 77.2 92.5 72.4 38.7




Supplementary Table 2 Results on 2D Report Generation Benchmarks. Bold results denote the best scores among medical
MLLMs, and underlined results denote the second-best scores. t indicates that results were re-benchmarked using
open-source model weights or model APIs within our own evaluation framework.

CheXpert-Plus IU-XRAY
Models Precision Recall F1 Precision Recall F1

Proprietary Models

GPT-5.21 49.1 38.1 40.2 55.3 50.3  50.6
Gemini-3-Flash' 38.4 33.5 33.0 56.8 55.2 54.4
Claude-Sonnet-4.5 33.8 28.3 28.9 39.2 39.2 37.7
General-purpose MLLMs
Qwen2.5-VL-7Bf 13.7 11.5 12.0 33.0 329 324
Qwen3-VL-8BT 20.0 16.3 16.8 37.0 373  36.7
Qwen2.5-VL-32BT 22.2 16.2 17.3 33.5 319 319
Qwen3-VL-32Bf 30.6 27.9 27.3 40.8 41.0  40.0
Qwen3-VL-235BT 29.5 25.2 25.6 43.2 414  41.2

Medical MLLMs

— Models < 10B —

MedGemma-1.5-4B-1T1 34.1 23.1 254 43.1 389  39.8
Lingshu-7B* 26.2 17.8 19.9 43.7 39.3 40.4
Hulu-Med-7Bf 40.5 29.1 31.9 51.1 45.3 46.5
ClinFusion-8B 46.4 35.3 37.8 63.3 55.8  57.3
ClinFusion-8B + Agentic tools 57.3 49.8 50.2 64.5 59.4 59.9
— Models > 10B —

MedGemma-27B-IT* 26.9 21.9 22.5 41.3 40.7 40.1
Lingshu-32Bf 28.0 21.5 22.8 44.5 40.5 41.3
Hulu-Med-32B' 51.0 35.9 39.6 53.5 46.8 48.2
ClinFusion-32B 56.1 46.6 48.0 60.2 54.7 55.6
ClinFusion-32B + Agentic tools 60.2 55.4 54.8 60.8 56.1 56.3




Supplementary Table 3 Results on Textual Medical Benchmarks. We list results of leading proprietary models, leading
generalist MLLMs, and other medical MLLMs. Bold results denote the best scores in medical MLLMs and underlined
results denote the second-best scores. { indicates that results were re-benchmarked using open-source model weights or
model APIs within our own evaluation framework.

Complex Reasoning Benchmarks  Text Understanding Medical Exam Benchmarks
Benchmark
Models MedXQA Medbullets SGPQA PubMedQA MedMCQA MedQA-U MedQA-M MMLU-Med
Proprietary Models
GPT-5.2 404 81.3 55.6 77.6 79.1 91.0 88.9 90.5
Gemini-3-Flash 65.3 85.6 73.9 80.4 85.5 95.1 94.0 91.7
Claude-Sonnet-4.5 36.9 81.8 59.4 74.8 78.8 90.4 90.6 92.1
General-purpose MLLMs
Qwen2.5-VL-7Bf 12.0 43.0 25.8 74.6 53.2 56.4 76.9 74.1
Qwen3-VL-8Bf 14.6 51.9 36.9 72.2 60.7 66.2 87.2 80.0
InternVL3-8B 13.1 48.5 31.2 75.4 57.7 62.1 - 77.5
InternVL3-14B 14.1 49.5 37.9 7.2 62.0 70.1 - 81.7
Qwen?2.5-VL-32Bf 15.8 54.2 39.3 71.6 62.9 70.8 90.0 83.3
Qwen3-VL-32Bt 18.2 60.1 474 71.0 68.2 7.5 91.7 86.6
InternVL3-38B 16.0 54.6 42.5 73.2 64.9 73.5 83.8
Qwen3-VL-235BF 23.3 69.6 53.8 75.2 74.3 85.2 93.7 88.8
Medical MLLMs
Models < 10B

MedVLM-R1-2B 11.8 33.8 19.1 66.4 39.7 42.3 - 51.8
BioMediX2-8B 13.4 45.9 25.2 75.2 52.9 58.9 - 68.6
MedGemma-4B-IT 12.8 45.6 21.6 72.2 52.2 56.2 - 66.7
HealthGPT-M3 11.5 414 18.9 57.8 54.2 55.0 - 72.5
LLaVA-Med-7B 9.90 34.4 16.1 26.4 39.4 42.0 - 50.6
HuatuoGPT-V-7B 10.1 40.9 21.9 72.8 51.2 52.9 - 69.3
Lingshu-7B 16.5 56.2 26.3 76.6 55.9 63.3 74.5
Hulu-Med-7B 19.6 61.5 31.1 7.4 67.6 73.5 - 79.5
MedGemma-1.5-4B-1TF 9.18 33.4 2.25 6.26 6.29 35.7 4.23 10.3
Lingshu-7Bt 17.0 56.2 28.9 75.0 55.5 62.5 78.4 75.6
Hulu-Med-7Bf 20.0 64.3 32.6 75.2 64.2 76.0 81.2 77.9
ClinFusion-8B 20.0 64.3 32.6 77.6 62.8 72.6 89.1 81.3
ClinFusion-8B + Agentic tools 27.7 69.5 45.4 791 701 83.7 84.3 86.0
— Models > 10B —

HealthGPT-14B 11.3 39.8 25.7 68.0 63.4 66.2 80.2
Lingshu-32B 22.7 65.4 41.1 77.8 66.1 4.7 - 84.7
HuatuoGPT-V-34B 11.4 42.7 26.5 72.2 54.7 58.8 - 4.7
MedDr-40B 12.0 44.3 24.0 7.4 384 59.2 - 65.2
Hulu-Med-14B 23.2 68.5 37.7 79.8 70.4 78.1 - 83.3
Hulu-Med-32B 24.2 68.8 41.8 80.8 72.8 80.4 - 85.6
MedGemma-27B-IT* 15.8 56.8 31.4 75.4 64.7 714 73.1 80.7
Lingshu-32B1 22.2 65.3 41.4 7.4 65.6 73.4 89.6 84.5
Hulu-Med-32Bf 19.8 67.5 38.0 78.8 68.5 7.1 87.0 83.7
ClinFusion-32B 26.7 74.8 41.8 78.8 70.7 82.4 93.8 87.9
ClinFusion-32B + Agentic tools 31.2 77.9 50.9 79.7 74.0 86.6 94.5 89.9
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Supplementary Table 4 Results on 3D Multimodal Medical Benchmarks. Bold results denote the best scores among medical
MLLMSs, and underlined results denote the second-best scores. } indicates that results were re-benchmarked using
open-source model weights or model APIs within our own evaluation framework.

AMOS 3D-RAD CT-Rate AMOS Report CT-Rate Report
Models MCQ MCQ Open MCQ Open Precision Recall F1  Precision Recall F1
Proprietary Models
GPT-5.2 63.8 67.1 37.6 66.9 59.1 29.9 11,5 145 21.0 12.7 141
Gemini-3-Flash 64.2 58.8 30.3 70.9 51.9 40.7 19.1 234 29.3 179  20.2
Claude-Sonnet-4.5 62.6 58.5 30.0 73.2 51.7 12.8 6.49 7.35 15.5 11.8 123
General-purpose MLLMs
Qwen2.5-VL-7Bf 53.4 40.8 28.6 67.3 445 6.31 418  4.69 10.6 9.42  9.61
Qwen3-VL-8Bf 50.2 52.7 285 59.6  44.7 11.6 6.51  7.30 22.6 16.3 173
Qwen2.5-VL-32B1 55.8 46.4 24.0 64.0 53.1 6.55 4.09  4.57 16.9 13.7  14.2
Qwen3-VL-32B1 58.9 64.7  30.1 67.1 53.6 12.6 7.61  8.37 30.6 182 20.5
Qwen3-VL-235Bf 57.1 47.7 289 62.3 50.9 14.6 725  8.53 21.6 16.1 16.9

Medical MLLMs

Models < 10B

MedGemma-1.5-4B-1T* 57.1 38.1 23.4 75.6 54.8 14.4 6.53 7.74 13.6 10.5 11.0
Lingshu-7Bf 61.7 68.4 18.0 70.7 48.9 7.96 435 5.04 11.1 9.61 9.86
Hulu-Med-7B* 65.7 73.5 33.2 77.6 50.2 17.5 9.18 10.7 27.4 16.0 18.3
ClinFusion-8B 802 791 357 863 641 20.1 107 12.0 28.8 205 216
ClinFusion-8B + Agentic tools 85.7 81.3 441 89.1 65.5 23.2 17.1 16.6 30.0 23,5 253
Models > 10B
MedGemma-27B-IT* 54.3 36.7 25.1 72.4 45.4 11.6 6.00  7.07 13.2 10.2 10.7
Lingshu-32BT 63.8 70.2 25.3 70.1 50.0 9.65 6.41 7.10 15.3 11.5 12.2
Hulu-Med-32B1 73.9 79.6 37.6 83.3 56.9 22.5 9.97 12.5 34.4 214 234
ClinFusion-32B 81.7 79.1 36.2 89.0 62.1 26.7 13.7  16.1 34.5 214 239
ClinFusion-32B + Agentic tools  86.3 81.6 45.6 91.7 65.4 28.4 17.8 19.1 34.9 259 27.6

Supplementary Table 5 Results on our proposed MedIF-Bench. We report scores on individual tasks and composite
instruction-following scores. Bold results denote the best scores among medical MLLMs, and underlined results denote
the second-best scores. t indicates that results were re-benchmarked using open-source model weights or model APIs
within our own evaluation framework.

Individual Metrics Composite IF Scores
Models MCQ MCQ with Open  Prognosis Repor't Seer  Treatment MM-IF Text-IF  Overall-IF
context Generation
Proprietary Models
GPT-5.2 100.0 100.0 87.0 100.0 84.0 100.0 100.0 92.0 100.0 96.0
Gemini-3-Flash 98.0 100.0 100.0 98.9 97.0 83.0 97.0 98.9 94.3 96.6
Claude-Sonnet-4.5 73.5 76.0 90.0 96.2 80.0 100.0 100.0 86.0 87.0 86.5
General-purpose MLLMs
Qwen2.5-VL-7Bf 100.0 100.0 99.0 100.0 100.0 100.0 99.0 99.7 99.8 99.8
Qwen3-VL-8BF 99.0 100.0 99.0 100.0 99.0 95.0 100.0 99.4 98.4 98.9
Qwen2.5-VL-32Bf 77.0 83.0 88.0 100.0 89.0 20.0 100.0 87.3 72.7 79.3
Qwen3-VL-32Bf 100.0 100.0 91.0 100.0 55.0 100.0 100.0 85.1 100.0 93.3
Qwen3-VL-235B" 100.0 100.0 99.0 100.0 100.0 99.0 100.0 99.7 99.8 99.7
Medical MLLMs

— Models < 10B —

MedGemma-1.5-4B-ITT  50.5 21.0 97.0 3.8 0.0 0.0 0.0 49.9 8.9 27.4
Lingshu-7B' 80.5 92.0 67.0 100.0 35.0 88.0 100.0 62.3 95.5 80.4
Hulu-Med-7Bt 99.0 100.0 100.0 98.9 96.0 69.0 100.0 98.9 92.0 95.1
ClinFusion-8B 95.0 100.0 99.0 100.0 98.0 99.0 99.0 97.0 99.1 98.1
— Models > 10B —

MedGemma-27B-1T* 79.0 85.0 100.0 100.0 100.0 92.0 96.0 93.4 89.8 91.4
Lingshu-32BF 82.5 100.0 73.0 100.0 31.0 100.0 91.0 61.7 99.8 82.6
Hulu-Med-32B7 100.0 100.0 98.0 100.0 89.0 100.0 100.0 96.4 100.0 98.4
ClinFusion-32B 100.0 100.0 91.0 100.0 100.0 100.0 100.0 97.5 100.0 98.9
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Supplementary Table 6 Ablation study on the necessity of clinical context for report generation. We compare two models—
ClinFusion-8B and Lingshu-7B [6]—under two settings: with the extracted clinical context (“w/ Context”) and without
it (“w/o Context”), where the Clinical Indication and Area of Focus are removed from the generation prompt.

Model Setting AMOS Report CT Rate Report CheXpert-Plus IU-XRAY
Precision Recall F1  Precision Recall F1  Precision Recall F1  Precision Recall F1
ClinFusion-8B w/ Context 20.1 10.7 120 28.8 20.5  21.6 46.4 35.3 378 63.3 55.8 573
w/o Context 0.89 0.39  0.46 7.99 3.68 4.71 13.1 10.7  10.8 10.6 8.43  8.87
Lineshu7B w/ Context 7.96 4.35  5.04 11.1 9.61 9.86 26.2 17.8 199 43.7 39.3 404
& w/o Context 0.17 0.12  0.13 5.83 492 491 11.1 8.58  8.94 10.7 8.10 8.76

Supplementary Table 7 Comparison of RadGraph-F1 and our LLM-as-a-Judge metric on CheXpert-Plus and IU-XRAY. Four model
variants are evaluated, including a Qwen3-VL-8B (Long Output) variant prompted to encourage verbose generation in
order to expose length bias. RadGraph-F1 reports entity F1 and entity-relation F1, and our LLM-as-a-Judge reports
Precision, Recall, and F1.

CheXpert-Plus IU-XRAY
Model RadGraph-F1 LLM-as-a-Judge (Ours) RadGraph-F1 LLM-as-a-Judge (Ours)
Ent. F1  Ent.-Rel. F1 Prec. Rec. F1 Ent. F1  Ent.-Rel. F1 Prec. Rec. F1
ClinFusion-8B 23.2 21.0 46.4  35.3 37.8 38.7 36.6 63.3 55.8 57.3
Lingshu-7B 20.0 17.9 26.2 178 19.9 35.1 34.6 43.7  39.3 40.4
Qwen3-VL-8B 13.3 11.8 20.0 16.3 16.8 17.8 16.3 370 373 36.7
Qwen3-VL-8B (Long Output) 20.6 18.8 13.8 189 15.1 34.7 33.0 294 421 33.6

Supplementary Table 8 Ablation study on different fusion mechanisms for the compositional vision encoder. We compare
the performance of a single encoder (Qwen ViT baseline) against a dual-encoder setup (Qwen ViT + DINOv2) using
various fusion strategies. All scores are reported as accuracy (%).

Encoder Types Fusion Mechanism VQA-RAD PMC-VQA MedXQA SLAKE PathVQA OMVQA Average
Qwen ViT - 69.4 57.4 24.6 81.0 58.0 83.5 62.3
Local Cross-Attn (Ours) 72.3 57.5 25.3 84.4 65.5 82.3 64.5
. Global Cross-Attn 69.5 55.0 24.2 82.6 61.0 84.1 62.7
Qwen VIT + DINOVZ -y piot e of Vision Experts 70.0 55.2 24.2 81.1 63.3 83.2 62.8
Channel Concat 70.5 54.4 24.7 83.4 63.2 82.3 63.1

Supplementary Table 9 Ablation study on the choice of the specialist 2D encoder. We augment the base Qwen ViT with one
additional encoder (DINOv2, ConvNext, or Medsiglip) and evaluate performance on two task categories: VQA and
report generation. For VQA, we report accuracy (%). For report generation, we report RadGraph-F1 [8] for entities
and entity-relations. The best average result is highlighted in bold.

- VQA Benchmarks Report Generation
Additional Encoder
VQA-RAD PMC-VQA MedXQA SLAKE PathVQA OMVQA Average CheXpert-Plus ITU-XRAY Average
DINOv2 72.3 57.5 25.3 84.2 65.5 82.3 64.5 22.6 / 20.2 37.7 /355 30.2/27.8
ConvNext 72.1 57.1 24.8 83.5 64.7 82.7 64.1 21.8 / 20.0 379 /359 299 /279
Medsiglip 70.7 57.8 25.9 83.5 66.9 84.2 64.8 23.1 / 20.9 34.6 / 32.3 289 /26.6

Supplementary Table 10 Ablation study on the choice of multiple additional encoders, the multi-encoder fusion strategy
and fusion order. We augment the base Qwen ViT with two additional encoders and evaluate performance on two
task categories: VQA and report generation. For VQA, we report accuracy (%). For report generation, we report
RadGraph-F1 [8] for entities and entity-relations. The best average result is highlighted in bold.

. Additional Additional VQA Benchmarks Report Generation
FusionMode Encoder1 Encoder 2
VQA-RAD PMC-VQA MedXQA SLAKE PathVQA OMVQA Average CheXpert-Plus ITU-XRAY Average Report
DINOv2  ConvNext 70.1 57.1 25.0 84.7 66.2 83.4 64.4 23.2 / 21.0 38.7 / 36.6 31.0/28.8
Cascad ConvNext DINOv2 70.3 54.8 26.2 84.2 66.5 84.2 64.4 20.2 / 17.9 39.2 /374 29.7 / 27.6
vascade DINOv2  Medsiglip 72.7 58.0 25.2 84.7 66.5 84.4 652 231 /207 366/341 298 /274
Medsiglip DINOv2 69.0 53.6 25.5 84.6 68.0 85.9 64.4 224 /200 35.1/325 28.8 / 26.3
Parallel DINOv2  ConvNext 71.4 58.0 24.8 83.9 65.3 83.9 64.6 22.3 /20.0 36.4/34.6 29.3 / 27.3
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Supplementary Table 11 Ablation study on the necessity of the native 3D encoder during inference. 'We compare the
performance of our full model against an ablated version where the 3D encoder is deactivated during inference, forcing
the model to rely solely on sampled 2D slices for 3D understanding. For VQA tasks, we report accuracy (%). For
report generation, we present Precision/Recall/F1 scores. Best results are highlighted in bold.

Regularization AMOS 3D RAD CT Rate AMOS Report CT Rate Report Average Average
MCQ Open MCQ Open MCQ Precision Recall F1  Precision Recall F1 VQA Report

w/ 3D Encoder 77.6 72.6  30.0 85.3 63.6 18.1 9.67 11.0 29.3 184 203 65.8 23.7/14.0/15.7

w/o0 3D Encoder  75.8 76.3 26.4 79.1 56.4 12.1 6.82  7.86 27.0 13.4 155 62.8 19.6 / 10.3 / 11.7

Supplementary Table 12 Ablation study on stochastic residual regularization for 3D tasks. The “Deterministic” setting
uses standard residual connections, while the “Stochastic” setting applies stochastic residual regularization. For
VQA tasks (AMOS, 3D RAD, CT Rate), we report accuracy (%). For report generation tasks, we present average
Precision/Recall /F1 scores. Best average results are highlighted in bold.

Regularization AMOS 3D RAD CT Rate AMOS Report CT Rate Report Average Average
MCQ Open MCQ Open MCQ Precision Recall F1  Precision Recall F1 VQA Report

Stochastic 77.6 72.6 30.0 85.3 63.6 18.1 9.67 11.0 29.3 184  20.3 65.8 23.7/14.0/15.7

Deterministic 78.8 67.9 304 859 61.2 20.3 8.40  10.6 26.5 18.2  19.6 64.8 23.4 /133 / 15.1
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