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Abstract

Breast cancer remains a leading cause of cancer-related mortality among women.1

Its clinical management requires multimodal reasoning across a clinical workflow2

that spans screening, diagnosis and treatment planning, where each stage involves3

distinct imaging modalities, task objectives, and reasoning patterns. However,4

constrained by data scarcity and model versatility, existing medical MLLMs are5

typically evaluated on isolated modalities or narrow task families, limiting their6

ability to support workflow-level clinical reasoning. In this work, we first introduce7

BreastStage, a workflow-aligned breast imaging instruction corpus comprising8

1.86M instruction-following pairs curated from 17 sub-datasets across 5 imaging9

modalities and 136 task templates. Its held-out split, BreastStage-Bench, provides10

a comprehensive benchmark for evaluating multimodal reasoning across the breast11

cancer care continuum. Building on this corpus, we propose BreastGPT, a unified12

MLLM equipped with a dual-branch visual encoder and concept-preserving token13

compression to bridge the scale gap between standard radiology and gigapixel14

pathology. On BreastStage-Bench, BreastGPT achieves 75.66% closed-ended15

accuracy and 89.92% open-ended score, outperforming both general-purpose and16

medical-specific MLLMs across clinical stages and task formats. These results17

suggest that workflow-aligned data and cross-scale visual modeling are critical for18

clinically grounded medical MLLMs. All data, code, and model checkpoints are19

released at https://anonymous.4open.science/r/BreastGPT.20

1 Introduction21

Breast cancer remains one of the most prevalent and life-threatening malignancies among women22

worldwide [7, 20, 51, 35]. Its clinical management involves not just a single diagnostic decision,23

but a staged workflow spanning screening, diagnosis, and treatment planning. Each stage relies24

on distinct imaging evidence and pursues different clinical objectives: Screening prioritizes triage25

at the population level, where mammography, breast ultrasound (BUS) and chest CT are mainly26

used to detect early suspicious findings and estimate their risk [33]; Diagnosis then shifts toward27

fine-grained lesion characterization, where multimodal MRI is pivotal for evaluating morphology and28

probability of malignancy [6]; Treatment planning requires tumor biology and response assessment,29

for which gigapixel whole-slide images (WSIs) provide pathological subtyping and biomarker30

evidence [45]. This clinical continuum imposes a different requirement from conventional single-31

task image understanding: a clinically useful model must process heterogeneous modalities while32

preserving the stage-specific reasoning style expected at each point of care.33

However, while recent advances in MLLMs have significantly expanded the scope of medical image34

understanding [43, 15, 67, 64, 68, 32, 3, 13, 40], recent efforts in breast imaging AI are mainly tailored35

for individual modalities or narrowly defined tasks. Specifically, mammography-oriented models [28,36

74] achieve strong performance on mammograph interpretation; BUS-CoT [69] introduces structured37

reasoning for breast ultrasound images, and MOME [44] supports multimodal MRI analysis with38

performance comparable to experienced radiologists. Despite demonstrating promising modality-39

specific performance, these methods conventionally inherit a fragmented formulation of breast cancer40
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Figure 1: Overview of the BreastStage dataset aligned with the end-to-end breast cancer clinical workflow. The
dataset is structured across three clinical stages: (1) Screening utilizes mammography and breast ultrasound
(BUS) images for early lesion detection; (2) Diagnosis leverages MRI (main modality), BUS and Mammography
for detailed tumor characterization; and (3) Treatment planning involves gigapixel whole-slide images (WSI)
for pathological subtyping and therapeutic evaluation.

AI: datasets, models, and benchmarks are invariably organized around isolated imaging modalities41

and limited tasks for a single clinical stage. Consequently, 1) these single-modality datasets fail to42

comprehensively evaluate models’ performance across the various stages within the practical clinical43

workflow; 2) there is a lack of a versatile model capable of processing different modalities uniformly44

and efficiently to address various tasks at different stages of real-world clinical workflows.45

To this end, we first construct BreastStage (Fig. 1), a large-scale multimodal instruction corpus46

aligned with the breast cancer clinical workflow. BreastStage integrates 17 sub-datasets across 547

modalities (mammography, BUS, MRI, WSI, and CT), yielding 1.86M instruction-following QA48

pairs over 136 task templates. These instructions cover attribute extraction, report generation, visual49

question answering, and image-grounded captioning, providing supervision over both radiological50

and pathological evidence. Based on the held-out split of BreastStage, we further build BreastStage-51

Bench, a comprehensive benchmark for workflow-level breast oncology reasoning developed with52

breast oncology experts. We assess multiple publicly available multimodal large language models,53

including both general-purpose and medical-specific variants, alongside advanced proprietary models.54

Extensive experiments demonstrate that BreastStage-Bench poses a significant challenge for current55

MLLMs: GPT-5.4 achieves only 54.00% closed-ended VQA accuracy and 53.58% open-ended VQA56

score on average, and existing medical MLLMs show no clear advantage over general-purpose models57

on these clinical workflow-aligned tasks.58

Based on BrasetStage, we propose BreastGPT, a unified MLLM for breast cancer workflow reasoning.59

Built upon Qwen3-VL [9], BreastGPT handles all five imaging modalities within a single architecture60

and adopts stage-conditioned system prompts to switch between screening, diagnostic, and treatment-61

oriented reasoning behaviors. Meanwhile, to address the significant differences in image scale62

across modalities, BreastGPT adopts a dual-branch visual encoder with a resolution-aware gating63

module that automatically routes each input to an appropriate processing branch based on stage64

condition. Aligned with practical clinical workflow, BreastGPT demonstrates exceptional versatility65

and achieves remarkable performance across various tasks. Compared to existing general-purpose66

and medical-specific MLLMs, BreastGPT achieves performance gains of over 25%, 35%, and 40%67

for screening, diagnosis, and treatment planning, respectively. To summarize, our contributions are68

threefold:69
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Figure 2: BreastStage construction pipeline. It involves curating diverse imaging modalities from public
datasets and hospitals. The raw data is then cleaned, annotated, and checked by breast experts. Textual and
instruction data are generated by prompting Qwen3-Max. Finally, the data is split into a training set and a
benchmark, with professional breast experts assessing the training samples.

Workflow-level problem formulation and benchmark. We formulate breast cancer multimodal70

reasoning as a workflow-aligned problem spanning screening, diagnosis, and treatment planning.71

Based on this, we construct BreastStage, a large-scale instruction corpus with 1.86M QA pairs from72

17 sub-datasets across 5 modalities, and BreastStage-Bench, a held-out benchmark for evaluating73

stage-specific clinical reasoning.74

Unified cross-scale breast MLLM. We introduce BreastGPT, a unified multimodal LLM that handles75

mammography, ultrasound, CT, MRI, and gigapixel pathology within a single instruction-following76

framework, enabling consistent reasoning across the full breast cancer clinical routine.77

Concept-preserving visual token compression. To bridge the extreme scale gap between standard78

radiology and WSIs, we propose a dual-branch visual encoder with a concept-based token selector79

that preserves clinically salient visual evidence under a fixed token budget, substantially improving80

both accuracy and inference efficiency.81

2 BreastStage Dataset Curation82

2.1 Scope and scale83

BreastStage contains about 662,000 unique 2D and 3D images, 136 task templates, 606,226 records84

with bounding-box or mask annotations, and 1.86 million instruction-following pairs. Task coverage85

spans classification, visual grounding, open- and closed-ended question answering, captioning, and86

report generation, so the dataset measures both perception accuracy on narrow subtasks and the87

model’s ability to follow diverse clinical instructions. Samples are distributed as 57.9% screening,88

36.7% diagnosis, and 5.4% treatment, broadly tracking the relative prevalence and data availability of89

these stages in real breast care. Please check § C.1 for details.90

2.2 Data construction pipeline91

As illustrated in Fig. 2, the BreastStage curation pipeline has four steps:92

i. Workflow Data Generation. We assemble a cohort of breast imaging studies that draws CT, BUS,93

mammography, and WSI from public repositories and adds multimodal MRI from two collaborating94

clinical institutions. For quality control, modality-specific visual specialist agents built on Qwen2.5-95

VL-72B [10] emit a structured {validity, reason} verdict for each image; samples flagged as96

low-quality are routed to a Low-Image Check in which a breast specialist confirms or restores the97

verdict, rather than being silently dropped. Lesion-level spatial annotations are then attached: BUS98

reuses the expert hand-drawn masks shipped with BUS-CoT [69], mammography reuses the EMBED-99
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released bounding boxes, CT volumes from CT-RATE [22] are passed through DRT-M3D [73] to100

obtain tumour segmentations, and MRI carries manual T1 and dynamic contrast-enhanced T1dyn101

annotations from a panel of 10 breast specialists. The resulting cohort is tagged with one of 136102

specialist-designed sub-tasks (task template) and audited by hand. Full data provenance and103

per-modality counts are reported in Table 5 and the complete pipeline is detailed in § C.2.104

ii. Stage Instruction Data Construction. All data is standardized, cleaned, and paired with its105

matching clinical tables or reports, then converted into instruction-following QA pairs: 1) Chinese106

reports are first translated to English by Qwen3-Max acting as a radiologist agent; 2) Each translated107

report is then parsed into a modality-specific and BI-RADS-aligned structured report whose schema108

is designed by breast experts following clinical reporting guidelines; 3) For every task template109

from the previous stage, breast experts then write a closed-ended question whose answer is drawn110

from one or more leaf fields of the structured report, with options taken directly from the schema’s111

enum values, so the resulting QA pairs cannot introduce facts beyond the structured record; 4) Finally,112

each task template is mapped, with expert guidance, to one of the three clinical stages: screening,113

diagnosis, or treatment.114

After the stage mapping, the resulting BreastStage instruction set is organized to match the cognitive115

demands of each clinical stage, with category-level counts summarized in Table 6. Screening tasks116

emphasize early detection and triage, covering modality / view / laterality recognition, breast-tissue117

characterization (FGT, BPE, density), risk and decision tasks, lesion presence and morphology, and118

post-surgical change tracking, for a total of 1,075,092 pairs. Diagnosis tasks emphasize tumour119

characterization and staging, including BI-RADS and pathology classification, lesion-level signal120

and kinetic characterization, and associated findings such as lymph-node involvement and tissue121

invasion, for a total of 680,409 pairs. Treatment tasks are grounded in histopathology and treatment-122

relevant radiology, including prognosis prediction, surgical planning, systemic therapy and biomarker123

assessment, and WSI-based pathology subtyping, for a total of 100,567 pairs. The hierarchical124

organization ensures that instruction tuning covers the distinct reasoning patterns required across the125

patient journey. Please check § C.2 for details.126

iii. Textual Description Generation. The same structured records that feed VQA construction127

are also reused to synthesise two narrative task types: ground captions and report generation: A128

ground caption encodes 2D or 3D spatial coordinates of lesions together with their categories and129

anatomical locations, providing a multi-dimensional spatial observation for BUS, mammography,130

CT, and MRI. We construct ground captions by prompting Qwen3-Max to integrate the original131

clinical report with the available bounding-box annotations into a single visually grounded narrative.132

Medical reports, in contrast, condense the multimodal evidence into key findings, tissue character-133

istics, and diagnostic or therapeutic assessments. After consultation with senior breast oncologists,134

we organize each generated report into the four ACR-aligned sections Findings, Impression, Final135

Assessment, and Management. The report generation pipeline is iterative: Qwen3-Max first drafts136

a comprehensive report from the multimodal input, including multiparametric MRI sequences and137

histopathology WSIs; breast specialists then audit a sample, catalog the recurring reasoning errors138

and hallucinations, and we refine the modality-specific system prompts before regenerating.139

iv. Data Splitting and Verification. To prevent data leakage while preserving task diversity, we140

enforce strict patient-level separation between the training set and the evaluation benchmark. We141

allow the same image to be reused across different task contexts—for instance a BUS image may142

carry both a BI-RADS label and a lesion-characterization task—but every record derived from a given143

patient is kept on a single side of the split. The split itself uses stratified sampling on the composite144

key of modality, task type, and pathology label, so the underlying task and class distributions stay145

consistent across train and test. Downstream evaluation therefore reflects clinical generalization146

rather than memorization of shared visual content.147

For data reliability we run a multi-stage verification pipeline. Automated heuristic filters first remove148

hallucinated clinical terms, malformed bounding-box coordinates, instruction-answer conflicts, and149

near-duplicate QA pairs detected by MinHash similarity above 0.85. Three breast specialists then150

conduct an independent task-level audit on the held-out test partition (5 random samples per task151

per specialist), and any task with consistent flags triggers refinement of the generation prompts or152

filtering rules. Notably, the clinical reliability of all generated data has been audited by clinical153

experts. In § E.3, we report expert agreement on a stratified subset of BreastStage-Bench, including154
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Figure 3: (a) Architecture of BreastGPT. A resolution gating mechanism routes standard radiological images
to a ViT-based Standard Branch, and extreme-resolution WSIs to a specialized GigaPixel Branch. The WSI
pipeline extracts patch features via a frozen CONCHv1.5 encoder, aggregates global context using LongNet, and
compresses the sequence via a universal concept-based token selector before LLM injection. (b) Performance
Comparison. BreastGPT demonstrates superior reasoning against state-of-the-art MLLMs across both closed-
and open-ended clinical QA tasks.

task validity, answer correctness, and clinical consistency. The expert audit covers all modalities and155

task families, and disagreements are resolved by consensus review.156

3 BreastGPT157

BreastGPT is built upon Qwen3-VL [9], a vision-language model with native multi-image support,158

following the broader Qwen-VL lineage of resolution-aware multimodal modeling [8, 61, 10]. We159

preserve the LLM backbone architecture and adapt it to breast cancer tasks through stage-aware160

system prompts, which act as lightweight task routers at inference time. This design allows a single161

unified model to operate across the screening → diagnosis → treatment workflow without introducing162

task-specific heads. Compared with fragmented modality-specific systems, such a unified design163

shares multimodal representations across tasks while maintaining stage-aware specialization. As164

a result, BreastGPT supports diverse specialist-style reasoning across 136 task templates within a165

single instruction-following framework. To handle image scales ranging from standard radiological166

scans to gigapixel histopathology, we design a dual-branch visual processing architecture modulated167

by a modality-aware resolution gating mechanism. Inputs tagged as WSIs are routed to the GigaPixel168

branch, while all other radiological modalities (CT, MRI, BUS, mammography) flow through the169

Standard branch, as illustrated in Fig. 3 a.170

3.1 Dual-Branch Visual Encoding171

Standard Encoder for Radiology. Radiological modalities (CT, MRI, BUS, mammography) are172

encoded by the native Vision Transformer (ViT) of the Qwen3-VL backbone. This branch is optimized173

to capture macroscopic anatomical structures, tissue densities, and localized lesion textures that are174

critical for screening and diagnostic reasoning.175

GigaPixel Encoder for Pathology. To integrate extreme-resolution histopathology without over-176

whelming the LLM context window, we introduce a specialized WSI pathology branch. Prior work177

on pathology foundation models and WSI transformers has shown that both spatially preserved178

local morphology and slide-level context are essential for reliable gigapixel image understand-179

ing [1, 43, 15, 16, 21, 11, 38, 65]. Pathology information must therefore be incorporated without180

collapsing tens of thousands of patch-level features into clinically uninformative representations. We181

separate WSI processing into two steps before compression:182

• Feature Extraction: WSI tiles at 20× magnification are encoded by a frozen CONCH183

v1.5 foundation model [43], producing 512-dimensional patch embeddings {p1, . . . , pN},184

where N can reach tens of thousands. Using a frozen encoder retains robust pathology185

representations from large-scale pretraining while avoiding the computational instability of186

end-to-end retraining.187

• Context Aggregation: A trainable LongNet dilated attention encoder [17] aggregates local188

cellular details and global architectural patterns across the full patch sequence, producing189
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contextualized representations {h1, . . . , hN}. Because diagnostic cues arise from both local190

cell morphology and broader tissue organization, LongNet’s exponentially growing dilation191

rates preserve long-range context without the O(N2) bottleneck of standard attention.192

Full implementation details (hyperparameters, dilation schedule, projection dimensions) are in § D.2.193

3.2 Universal Concept-Based Compression194

A unified model spanning 3D radiological volumes and gigapixel pathology faces a severe token-195

budget mismatch, as a single WSI patch sequence routinely exceeds tens of thousands of tokens.196

Rather than resorting to modality-specific pooling or heuristic truncation, we adapt the MMTok197

multimodal coverage maximization framework [18] as a universal concept-based token selector,198

following recent work on efficient VLM token pruning and compact visual representations [52, 56,199

55, 46, 49]. Given either redundant radiological ViT tokens or contextualized WSI embeddings200

X = {xi}Ni=1, the selector distills the input into exactly k tokens by maximizing a concept-coverage201

objective:202

max
S⊆{1,...,N},|S|=k

1

M

M∑
j=1

max
i∈S

sim(tj , xi)︸ ︷︷ ︸
text–vision coverage

+α
1

N

N∑
j=1

max
i∈S

sim(xj , xi)︸ ︷︷ ︸
vision–vision coverage

, (1)

where {tj}mj=1 are text tokens from the clinical instruction and α balances query relevance with203

visual representativeness. The first term anchors selection to prompt-relevant clinical concepts, while204

the second term prevents collapse onto redundant salient regions and encourages coverage of global205

tissue or anatomical structure. This retains visually distinct, clinically informative patterns, enabling206

BreastGPT to condense multi-scale visual evidence into a fixed token budget without sacrificing207

the diversity required for downstream reasoning. The complete calibration and greedy optimization208

procedure are provided in § D.3.209

Training. BreastGPT is trained in two stages: a visual front-end warm-up that freezes the LLM210

and aligns the ViT and CONCH+LongNet branches with the multimodal token space, followed by211

end-to-end fine-tuning on all four task formats across every modality. The coverage token selector212

is training-free and applied identically at training and inference. Detailed optimizer settings, and213

per-stage trainable/frozen module lists are reported in § D.4.214

4 Experiments215

4.1 Experimental Setups216

Baselines. We compare BreastGPT with three groups of representative vision–language models on217

BreastStage-Bench: 1) proprietary frontier models: GPT-5.4, Claude-opus-4-6, Claude-sonnet-4-6,218

Gemini-3.1-Flash, and Gemini-3.1-Pro, queried through their official APIs under identical stage-219

specific system prompts; these models represent frontier model families commonly used in recent220

medical MLLM benchmarks [29, 58]; 2) open-source general-purpose VLMs at comparable scale221

to BreastGPT: Qwen2.5-VL-Instruct (3B/7B) [10], Qwen3-VL-Instruct (4B/8B) [9], MiMo-VL-222

SFT [57], and InternVL3.5; 3) medical-specific VLMs: Lingshu [67] and HuatuoGPT-V [13], with223

additional context from prior biomedical and medical VLMs [37, 26, 40]. All baselines are evaluated224

zero-shot on the same instruction-formatted prompts used for BreastGPT, ensuring that differences225

in performance reflect model capability rather than prompt engineering. Detailed per-baseline226

configuration is listed in § E.4.227

BreastGPT variants. We report two variants that differ only in how the final 128 tokens are obtained228

to verify the effect of our training-free selection strategy: BreastGPT (cluster) uses the training-free229

greedy coverage selector, while BreastGPT (learn) replaces it with a learnable cross-attention retrieval230

head in the spirit of the Perceiver Resampler used in Flamingo [2], trained jointly in Stage 2. Both231

variants share the same backbone, branches, and training data.232
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Table 1: VQA performance on BreastStage-Bench. The left half reports closed-ended accuracy (%) and the
right half reports open-ended normalized score (%) for the same set of models. Open-ended evaluation does
not include Mammography. Avg is the mean across the task columns of the corresponding half. Best per column
in bold; BreastGPT rows in cyan.

Closed-ended VQA (Accuracy, %) Open-ended VQA (normalized Score, %)

Screening Diagnosis Treatment Screening Diagnosis Treatment

Model #P BUS CT Mam MRI BUS Mam MRI MRI His Avg BUS CT MRI BUS MRI MRI His Avg

Proprietary Models
GPT-5.4 – 64.89 78.55 68.51 41.43 53.46 55.26 53.50 38.10 32.28 54.00 53.43 49.34 59.85 50.42 59.20 58.07 44.73 53.58
Claude-opus-4-6 – 50.21 72.00 39.57 50.48 38.83 7.66 45.10 41.27 25.94 41.23 43.32 42.77 43.75 42.80 44.42 42.91 40.84 42.97
Claude-sonnet-4-6 – 65.53 68.00 37.02 40.00 54.79 19.67 55.94 42.86 36.30 46.68 43.63 43.12 44.31 43.00 44.98 42.62 41.06 43.25
Gemini-3.1-Flash – 55.11 42.67 49.68 38.57 37.60 24.32 31.82 48.41 35.81 40.44 48.76 48.21 47.38 45.80 47.53 44.15 42.81 46.38
Gemini-3.1-Pro – 68.09 73.33 50.21 47.14 64.36 23.87 43.88 44.44 46.53 51.32 51.19 51.46 41.60 48.94 41.39 42.80 45.77 46.16
Open-Source Models
Qwen2.5-VL 3B 46.81 51.39 33.51 45.71 30.85 12.76 51.75 44.44 51.52 40.97 49.52 48.39 49.36 47.36 50.54 47.04 44.80 48.14
Qwen2.5-VL 7B 49.15 79.27 44.47 44.76 34.31 14.41 46.85 37.30 47.62 44.24 46.20 46.86 49.47 44.99 49.67 44.70 43.98 46.55
Qwen3-VL 4B 52.13 75.39 41.91 49.05 35.37 21.17 48.08 43.65 38.61 45.04 45.20 55.49 47.71 44.93 51.46 48.98 41.26 47.86
Qwen3-VL 8B 57.87 78.55 39.68 51.43 48.14 25.83 47.90 34.92 47.02 47.93 44.94 48.53 44.85 44.34 46.24 44.15 41.21 44.89
MiMo-VL 7B 15.11 23.52 8.62 6.67 14.89 6.16 0.35 0.79 19.98 10.68 42.49 55.98 63.70 41.69 65.66 63.08 39.86 53.21
InternVL3.5 8B 51.91 77.70 35.85 34.76 42.55 16.22 52.27 44.44 52.98 45.41 50.74 58.05 56.56 48.80 58.89 55.94 46.50 53.64
Medical-Specific Models
Lingshu 7B 58.94 78.55 39.89 54.29 58.24 8.56 45.28 58.73 51.52 50.44 52.60 49.84 53.41 48.95 53.76 49.60 43.69 50.26
HuatuoGPT-V 7B 45.74 71.39 43.09 39.05 35.11 9.61 47.73 45.24 49.09 42.89 51.86 51.47 55.68 49.20 55.08 52.93 45.78 51.71
Qwen3-VL (SFT) 8B 72.34 76.73 65.74 78.10 71.01 59.76 75.87 53.97 60.41 68.21 94.43 95.38 94.57 91.70 95.28 88.36 57.96 88.24
BreastGPT (cluster) 8B 86.81 77.21 75.00 82.86 77.13 68.32 81.12 61.11 71.38 75.66 95.97 95.29 95.48 93.24 95.72 89.93 63.80 89.92
BreastGPT (learn) 8B 84.47 71.03 68.51 75.71 78.46 55.26 73.95 57.14 71.25 70.64 95.86 94.73 87.12 93.57 85.22 81.78 63.36 85.95

Note: BUS = Breast Ultrasound, CT = Computed Tomography, Mam = Mammography, His = Histopathology. Mammography
is omitted from the right half because it has no open-ended evaluation set.

4.2 Evaluation Metrics233

We employ a comprehensive suite of metrics tailored to the diverse task formats within BreastStage-234

Bench. For closed-ended tasks, we report standard classification accuracy (ACC). For open-ended235

reasoning and report generation tasks, we report BERTScore F1, BLEU, and ROUGE-1, alongside236

a weighted aggregate score (0.5 BERTScore F1, 0.25 BLEU, and 0.25 ROUGE-1). We assign a237

predominant weight to BERTScore F1 because it captures deep semantic equivalence rather than238

surface-level lexical overlap, a critical requirement for evaluating clinically constrained free-text239

responses. For visual grounding tasks, we report mean Intersection over Union (IoU); a sample240

without a ground-truth bounding box is credited as IoU= 1 when the model also abstains from241

emitting a box (true negative) and 0 when it hallucinates one (false positive). Please check § E.2 for242

details.243

4.3 Evaluation Results244

Overall observations. Across Tables 1 and 2, BreastGPT achieves the best score in every clinical245

stage and every task format. BreastGPT (cluster) reaches 75.66% closed-ended and 89.92% open-246

ended VQA on average—more than 20 points above the strongest non-SFT baselines in the main247

cohort (GPT-5.4 at 54.00% closed, InternVL3.5 at 53.64% open)—and raises the MRI report weighted248

score from 55.16% (GPT-5.4) to 67.67%. On 3D grounding (CT, MRI), BreastGPT is the only model249

that produces non-trivial volumetric bboxes (Table 13). Eight additional baselines (Grok-4.1-Fast [63],250

Gemma-4 [59], GLM-4.6V-Flash [60], LLaVA-OneVision-1.5 [5], HealthGPT [40], Hulu-Med [31],251

MedDr [26], RadFM [62]) are evaluated in Supplementary Tables 10 and 11; none narrows the gap to252

BreastGPT to under 25 points.253

Proprietary frontier models underperform on breast workflows. Despite their general multimodal254

strength, Claude-opus-4-6, Claude-sonnet-4-6, and Gemini-3.1-Pro stay at 41–51% average on255

closed-ended VQA, and even the strongest proprietary model (GPT-5.4 at 54.00%) is more than 20256

points below BreastGPT. Mammography-based diagnosis (Diag / Mammo) is especially brittle for257

the Claude family: Claude-opus-4-6 drops to 7.66% and Claude-sonnet-4-6 to 19.67%, while Gemini-258

3.1-Pro reaches 23.87%. This confirms that breast workflows require domain knowledge (BI-RADS259

lexicon, molecular subtyping conventions, multiparametric MRI interpretation) that frontier models260

have not internalized from general web-scale pretraining.261
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Table 2: Caption and Report Generation Performance (%). IoU = mean grounding IoU on the lesion-grounded
captioning task, credited as 1.0 on samples with no ground-truth bbox where the model also refrains from
emitting one (true negatives), 0 on hallucinated bboxes; “-” indicates the model produces no usable bbox in that
modality. Wtd = weighted composite (0.5×BERT + 0.25×BLEU + 0.25×R-1). IoU on the 3D modalities (CT,
MRI) is reported in Supplementary Table 13. Best results in bold. BreastGPT rows highlighted in light blue.

Caption Report

BUS CT Mammo Histo MRI MRI

Model #P IoU Wtd Wtd IoU Wtd Wtd Wtd Wtd
Proprietary Models
GPT-5.4 – 6.68 47.66 43.95 9.08 45.10 44.36 47.00 55.16
Claude-opus-4-6 – 11.41 46.99 43.68 12.06 47.04 44.94 47.75 48.56
Claude-sonnet-4-6 – 7.40 46.60 42.82 – 44.79 44.21 49.30 49.30
Gemini-3.1-Flash – 56.20 51.48 46.01 7.52 49.29 44.89 51.45 51.03
Gemini-3.1-Pro – – 45.60 44.64 – 42.36 45.84 54.86 54.86
Open-Source Models
Qwen2.5-VL 3B 2.67 46.84 46.88 1.38 48.36 45.71 50.69 49.59
Qwen2.5-VL 7B 6.38 46.79 47.31 1.47 48.11 45.07 51.95 50.71
Qwen3-VL 4B 33.64 46.68 41.66 4.29 46.19 45.38 37.66 49.46
Qwen3-VL 8B 29.35 46.97 47.91 4.06 47.09 46.03 49.57 50.49
MiMo-VL 7B 12.35 43.22 46.14 2.22 43.80 43.98 47.32 46.55
InternVL3.5 8B 0.35 46.97 47.69 0.17 45.72 45.77 49.28 49.12
Medical-Specific Models
Lingshu 7B 5.00 48.43 49.45 0.55 49.14 46.86 51.84 51.14
HuatuoGPT-V 7B 0.21 47.46 48.92 0.47 48.84 46.24 51.46 51.00
Qwen3-VL (SFT) 8B 2.79 76.61 72.72 8.62 76.68 62.42 65.21 66.10

BreastGPT (cluster) 8B 79.59 79.32 73.16 23.14 77.64 66.78 67.69 67.67
BreastGPT (learn) 8B – 79.16 77.07 – 76.54 68.11 – 66.04

Note: IoU = mean grounding IoU including true-negative credit; “-” indicates the model produces no usable bbox in that
modality; “–” indicates the metric is not reported for that row. Wtd = weighted composite score. CT and MRI grounding IoU
are reported in Supplementary Table 13. BUS = Breast Ultrasound, CT = Computed Tomography, Mammo = Mammography,
Histo = Histopathology. Report/MRI = structured radiology report generation for multiparametric MRI.

Medical-specific VLMs offer no clear advantage. Lingshu and HuatuoGPT-V perform comparably262

to general-purpose 7–8B VLMs on closed-ended VQA (50.44% and 42.89%), and sometimes under-263

perform them. This indicates that existing medical pretraining corpora do not transfer specifically to264

breast cancer workflow tasks, motivating the need for a workflow-aligned dataset like BreastStage.265

Cluster vs. learn variant. BreastGPT (cluster), which uses the training-free greedy coverage266

selector, edges out BreastGPT (learn) on both closed-ended VQA (75.66% vs. 70.64%) and open-267

ended VQA (89.92% vs. 85.95%), despite having no additional learnable parameters for token268

selection. This confirms that the submodular coverage objective is a strong inductive bias for WSI269

and multimodal token compression, and that a learnable retriever does not trivially outperform a270

principled, training-free procedure in the breast workflow setting.271

4.4 Ablation Studies272

We conduct three ablation studies to verify the contribution of individual components.273

Necessity of the GigaPixel branch. To isolate the GigaPixel branch, the Qwen3-VL (SFT) row in274

Tables 1 and 2 reports a controlled baseline sharing the same backbone (Qwen3-VL-8B), training275

data, and SFT recipe but processing WSIs through the standard ViT branch via 32 randomly sampled276

512×512 patches per slide. Across the four radiology modalities, the gap to BreastGPT (cluster) is277

modest (∼7 points on closed VQA), confirming that random patch sampling is not the bottleneck278

when the source image already fits a ViT. On histopathology, however, the gap widens sharply: the 32-279

patch baseline reaches only 60.41% closed-ended accuracy and 62.42 weighted caption score, versus280

71.38% and 66.78 for BreastGPT (cluster). Since 32 tiles cover well under 1% of a typical breast WSI,281

subtype, grade, and treatment-response cues are routinely missed; the CONCHv1.5+LongNet pipeline282

together with the coverage selector recovers this signal by reasoning over a globally contextualised283

slide representation. A per-component ablation inside the GigaPixel branch is in Supplementary284

Table 16.285

Visual token budget sensitivity. We sweep k ∈ {1, 8, 16, 32, 64, 128, 256, 512} across five modali-286

ties and three task families (full results in Supplementary Tables 17 and 18). Closed VQA (Fig. 5a)287

saturates early: BUS-Diagnosis reaches 77.66% at k=64 and plateaus at 77.13% from k=128,288

while Mammo/MRI plateau by k=32. Caption/report (Fig. 5b) peaks near k=128: radiology gains289

marginally from k=128 to k=512 (+0.06 BUS, +0.21 Mammo) while histopathology actually290

degrades (67.63 at k=8 → 64.53 at k=512), suggesting additional WSI tokens dilute rather than add291

information. Ground caption (Fig. 5c) is more token-demanding—a single token cannot represent a292
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Figure 5: Visual token budget sweep on BreastStage-Bench. (a) Closed-ended VQA accuracy on diagnosis-stage
tasks for BUS, mammography, and MRI. (b) Caption and report weighted score for BUS, mammography,
histopathology report, and MRI report. (c) Ground caption IoU on BUS and mammography. Dotted vertical
lines and stars mark the chosen operating point k = 128.

bounding region (IoU 1.50 BUS, 0.85 Mammo at k=1)—but k=128 already recovers >99% of the293

k=512 IoU. We therefore set k=128 as the unified budget: it sits on the saturation plateau across all294

task families and keeps radiology and pathology inputs at the same downstream cost.295

Figure 4: GPU latency on a histopathology
WSI. Two bars per k give prefill and selector
latency. The dashed line is the no-limit base-
line that bypasses the selector; its gap to the
chosen-k prefill bar is the latency saved by
selection. Log-scaled y-axis.

GPU time. Fig. 4 measures inference latency on one296

representative histopathology WSI with 5,987 patches.297

Each k has two bars: the longer bar is the LLM prefill on298

the selected k tokens, and the shorter bar is the time spent299

inside the selector itself. At our chosen budget k=128,300

prefill takes 191.4 ms and the selector adds 9.3 ms, so301

the total inference latency is 200.6 ms. If we instead skip302

the selector and feed all 5,987 patch tokens directly to the303

LLM (the dashed line in the figure), total latency rises304

to 6.5 s, 33× slower than k=128 on the same slide, and305

peak memory grows from 16.97 GB to 17.95 GB. Going306

the other direction, raising k to 512 makes prefill grow to307

605.7 ms but improves task quality by less than 1% over308

k=128. The selector is therefore the right tradeoff in this309

regime: 9.3 ms of extra compute removes roughly 6.3 s310

of LLM work that would otherwise dominate the pipeline.311

Full per-k numbers are in Supplementary Table 15.312

More results. In § F, we further report per-modality performance (§ F.1) and inference efficiency (§313

F.6). In § G, we present a more detailed ablation about WSI branch (§ G.1) and visual token budget314

sweep (§ G.2). A qualitative analysis and detailed case studies are presented in § H.315

5 Conclusion316

Breast cancer care is a tightly coupled clinical workflow spanning screening, diagnosis, and treatment,317

yet existing medical MLLMs are optimised for individual stages and struggle on cross-stage reason-318

ing. We close this gap from both sides: BreastStage, a large-scale multimodal instruction corpus319

and benchmark organised around the screening–diagnosis–treatment pathway, and BreastGPT, a320

unified VLM that pairs stage-aware role prompting with a dual-branch visual encoder for cross-321

scale modelling from standard radiology to gigapixel pathology. On BreastStage-Bench, BreastGPT322

substantially closes the cross-stage gap left by both general-purpose and medical-specific MLLMs.323

Limitation and Future Work. BreastStage covers all three stages but most samples are drawn324

from disjoint patient cohorts rather than longitudinal records of the same patient, so the corpus325

supports workflow-aligned supervision at the task/modality level without fully capturing patient-level326

temporal continuity. A held-out subset of BreastStage-Bench does contain full-workflow cases from327

the same patient, allowing partial probing of cross-stage reasoning. Scaling this to a per-patient328

cross-stage corpus is a field-level bottleneck (linked cross-department records, multi-year follow-up,329

IRB-approved longitudinal data) and is ongoing work.330
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A Supplementary Overview623

This supplementary material provides the technical and procedural details that support the main claims624

of the paper. We first describe the construction of BreastStage, including data provenance, modality625

coverage, instruction generation, quality control, and task taxonomy. We then provide implementation626

details for BreastGPT, with particular emphasis on the GigaPixel WSI branch and the coverage-627

maximizing visual token selector that enables a unified token budget across standard radiology images628

and gigapixel pathology slides. Finally, we describe the BreastStage-Bench evaluation protocol,629

additional quantitative analyses, qualitative examples, limitations, ethics, and release plans.630

This supplementary is intended to make three aspects of the paper auditable: (i) how heterogeneous631

breast imaging data are mapped into a stage-aware clinical workflow, (ii) how BreastGPT processes632

image scales that differ by several orders of magnitude, and (iii) how benchmark results, ablations,633

and error analyses are produced.634

A.1 LLM Usage Statement635

In this work, we primarily employ LLMs in two aspects: (i) data construction, where Qwen2.5-VL-636

72B and Qwen3-Max drive the orchestration pipeline described in Section C.2; and (ii) manuscript637

polishing, where we use LLMs to improve grammar and clarity of the writing without altering the638

technical claims.639

A.2 Ethics Approval and Privacy640

BreastStage combines two kinds of sources with different ethical pathways. The BUS, mammography,641

CT, and histopathology subsets come entirely from public datasets that were de-identified by their642

original publishers and released under their respective data-use terms; we use them within those terms643

and do not perform any additional re-identification of individual samples. The MRI subset is the only644

institutional cohort: it was acquired from two collaborating hospitals [anonymous for review] under645

IRB approval, with patient consent obtained where required by the contributing institutions.646

De-identification of the institutional MRI cohort. Because the MRI cohort is the only data source647

that originates inside hospitals, our de-identification protocol is scoped specifically to it. Before MRI648

data leave either source institution, identifying information is removed at three levels:649

• DICOM header level. Patient names, dates of birth, medical-record numbers, hospital650

identifiers, referring-physician fields, and exam dates are stripped; absolute timestamps651

are converted to relative offsets so longitudinal ordering is preserved without disclosing652

calendar dates.653

• Image content level. The MRI volumes are reconstructed within a breast-coil field of view654

that does not include the patient’s face, so no additional image-side scrubbing is required.655

• Free-text level. The accompanying Chinese radiology and pathology reports are passed656

through the bilingual parsers in Figure 8, which emit a strictly schema-bounded English657

JSON so that no free-text PHI (referring physician name, hospital department, etc.) propa-658

gates into the released instruction-following pairs.659

Access control. Access to identifiable raw MRI data is restricted to authorised research personnel660

under signed data-use agreements. The public mirror of BreastStage will release only the de-identified,661

instruction-formatted records and the derived bounding-box / mask annotations; raw DICOMs from662

the institutional MRI cohort are not redistributed. The other four subsets (BUS, mammography, CT,663

histopathology) are accessed via their original public-dataset distribution channels.664

Risks acknowledged. Because the model is trained on clinical imaging data, performance may665

vary across institutions, scanners, demographic groups, and disease subtypes; we recommend that666

any downstream use perform site-specific validation before clinical deployment. The benchmark667

is intended to encourage transparent comparison of breast cancer workflow models, not to replace668

clinician judgement.669
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A.3 Additional Limitations670

Dataset. While BreastStage covers five imaging modalities, it does not include molecular imaging671

(PET / CT-PET) or emerging modalities such as photoacoustic imaging. The current workflow672

also focuses on imaging-centred decision support; longitudinal treatment histories, genomic assays,673

laboratory results, and medication records are only partially available depending on the source674

cohort. Future work should expand BreastStage toward longitudinal multimodal patient records and675

evaluate whether workflow-aligned MLLMs can support temporal reasoning over treatment response,676

recurrence risk, and survivorship care.677

Clinical deployment. BreastGPT is a research prototype and has not undergone clinical validation678

or regulatory approval. Deployment in a real reading room would additionally require prospective679

clinical trials, FDA 510(k) clearance or equivalent regulatory approval, integration with existing PACS680

/ RIS systems, and continuous monitoring for model drift and performance degradation. BreastGPT681

should therefore be interpreted as a foundation model for research and benchmarking, not as an682

autonomous diagnostic system.683

A.4 Compute Resources and Environmental Impact684

Model training. BreastGPT training was carried out on 32 NVIDIA H100 GPUs (4 nodes × 8685

GPUs) with DeepSpeed ZeRO-2, FlashAttention, and bfloat16 precision. End-to-end wall-clock686

training time across the two stages was 3 days, 7 hours, 19 minutes, 53 seconds, corresponding to687

approximately 2,530 H100-hours.688

Dataset construction and evaluation. Visual quality control with Qwen2.5-VL-72B and Qwen3-689

Max-driven instruction generation are run through external APIs and shared infrastructure; per-call690

API expenditure was not separately tracked. Specialist annotation of MRI tumours (10 board-certified691

breast radiologists) and the 3-specialist Bench audit were conducted by clinical collaborators rather692

than billed compute.693

A.5 Code and Data Availability694

Code. An anonymised snapshot of the BreastGPT codebase, including training scripts, evalu-695

ation pipelines, and the BreastStage data-construction tooling, is available for review at https:696

//anonymous.4open.science/r/BreastGPT. The full code release with model checkpoints will697

be moved to a non-anonymised public repository upon publication.698

Data. The BreastStage dataset and BreastStage-Bench evaluation suite will be made publicly699

available under a Creative Commons BY-NC 4.0 license at https://[ANONYMOUS]/breaststage.700

For components derived from institutional clinical data, release will follow the corresponding IRB701

protocol, de-identification requirements, and data-use agreements. When raw image release is702

restricted, we will provide metadata, task definitions, evaluation code, and access instructions.703

Model weights. Pre-trained BreastGPT model weights will be released on Hugging Face:704

https://huggingface.co/[ANONYMOUS]/BreastGPT.705
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B Related Work710

Recent medical MLLMs have extended general-purpose vision-language modeling into clinical image711

understanding, report generation, visual question answering, and interactive decision support [68, 32,712

3, 64, 39, 25]. Representative systems such as LLaVA-Med, HuatuoGPT-Vision, MedDr, HealthGPT,713

and Lingshu show that biomedical instruction tuning can improve clinical-domain perception and714
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dialogue [37, 13, 26, 40, 67]. Meanwhile, broad evaluation suites such as OmniMedVQA, GMAI-715

MMBench, MMMU, MMBench, and VLMEvalKit expose the gap between generic multimodal716

ability and reliable medical reasoning [27, 14, 72, 41, 19]. Domain-specific studies in dentistry717

further show that clinically meaningful evaluation often requires benchmarks organized around718

specialty-specific anatomy, modalities, reporting conventions, and treatment workflows [23, 24].719

BreastGPT follows this specialty-grounded direction for breast oncology, where the challenge is not720

only domain-specific perception but also workflow-aware reasoning across screening, diagnosis, and721

treatment.722

Breast imaging AI has progressed rapidly, yet most prior work remains modality-specific. In723

mammography, VersaMammo builds a large multi-institutional mammogram foundation model and724

evaluates detection, segmentation, classification, retrieval, and VQA tasks [28], while MammoVQA725

standardizes mammogram VQA across 15 public datasets and shows that both general-purpose and726

medical-specific LVLMs remain unreliable for mammogram interpretation [74]. For breast ultrasound,727

BUS-CoT provides chain-of-thought reasoning annotations across all 99 WHO histopathology728

categories, connecting observations, imaging features, BI-RADS assessment, pathology labels,729

and reasoning traces [69]. For MRI, MOME integrates multiparametric breast MRI through a730

mixture-of-modality-experts design and supports malignancy identification, biopsy recommendation,731

triple-negative breast cancer classification, and neoadjuvant chemotherapy response prediction [44].732

These works show the value of breast-specific modeling, but they do not by themselves provide a733

single model or benchmark spanning the full clinical pathway.734

Computational pathology has similarly moved from patch-level representation learning toward735

slide-level and vision-language foundation models. Recent pathology foundation models, including736

UNI, CONCH, and large-scale whole-slide encoders, learn transferable morphology representations737

for diagnostic, prognostic, retrieval, and report-generation tasks [16, 43, 15, 66]. WSI vision-738

language and long-sequence modeling efforts such as PathAlign, query-aware gigapixel modeling,739

hierarchical WSI transformers, and long-context histopathology transformers further bridge patch-740

level embeddings with slide-level reasoning and language interaction [1, 21, 11, 38, 65]. These741

studies highlight a central difficulty for BreastGPT: pathology slides contain sparse, distributed, and742

scale-dependent evidence, while breast radiology images use much smaller visual inputs and different743

clinical semantics.744

Efficient visual token selection is therefore essential for unified breast workflow modeling. Recent745

methods reduce MLLM inference cost through token pruning, learned token selection, adaptive746

compression, query-aware retrieval, and layer-wise token reduction [18, 52, 56, 55, 46, 49]. MMTok747

formulates token selection as multimodal coverage maximization, balancing text-vision alignment748

with vision-vision diversity [18]. BreastGPT adapts this principle to clinical workflow modeling: for749

radiology images, the selector removes redundant visual tokens while preserving prompt-relevant le-750

sion and anatomical information; for WSIs, it compresses LongNet-contextualized patch embeddings751

into a fixed-size representation that retains both query-relevant pathology regions and global tissue752

coverage.753

Overall, existing work establishes strong foundations for medical MLLMs, breast imaging models,754

pathology foundation models, and efficient token compression, but these directions remain largely755

separate. BreastGPT integrates them into a unified breast cancer workflow model, and BreastStage-756

Bench evaluates whether such integration can support stage-aware reasoning across heterogeneous757

modalities and clinical roles.758

C BreastStage Curation Details759

C.1 Data Sources and Modality Coverage760

As described in Section 2 of the main paper, BreastStage integrates 17 sub-datasets across 5 imaging761

modalities. The goal of this curation is not merely to aggregate public resources, but to reorganize762

heterogeneous imaging evidence around the clinical progression of breast cancer care: screening,763

diagnosis, and treatment. This section details the source datasets, selection criteria, quality control764

procedures, and annotation protocols used to construct each modality subset.765

CT Imaging. Computed tomography volumes are sourced from the CT-RATE dataset [22], which766

contains 25,692 non-contrast chest CT volumes from 21,304 unique patients. Since breast cancer767
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predominantly affects women, we first filter the dataset to retain only female patients (sex metadata768

field equal to “F”). We then deploy Qwen2.5-VL-72B [10] as an automated quality inspector,769

assigning confidence scores (0–10 scale) based on image quality, anatomical coverage, and the770

presence of breast tissue in the field of view; volumes scoring below the threshold are excluded.771

For breast cancer screening and diagnosis, we further pass each volume through DRT-M3D [73] to772

generate automated tumor segmentations and risk assessments, identifying suspicious breast lesions,773

calcifications, and lymph node involvement visible in the chest CT field of view. After quality774

filtering and clinical relevance screening, the CT subset of BreastStage contains 20,546 reconstructed775

volumes from female patients (Table 5), covering both screening-stage opportunistic detection and776

diagnosis-stage tumor characterization tasks.777

Breast Ultrasound (BUS). BUS images are sourced from the BUS-CoT dataset [69], the first chain-778

of-thought reasoning breast ultrasound dataset that covers all 99 histopathology categories defined by779

the WHO classification of breast tumors. BUS-CoT contains 11,439 images of 10,019 lesions from780

4,838 patients across 18 different ultrasound device types, including B-mode US, Doppler US, and781

Elastography. Images are collected from open-access publications, publicly available case studies782

(Radiopaedia, PubMed), and open-access biopsy-confirmed repositories, with each case annotated783

through a rigorous five-level protocol by six senior breast ultrasound radiologists with 8–26 years of784

clinical experience: (1) Observation (lesion presence, calcification presence), (2) Feature (boundary,785

edge, echo characteristics, calcification feature), (3) Diagnosis (BI-RADS score), (4) Pathology786

(benign/malignant + WHO histopathology subtype), and (5) Chain-of-Thought reasoning explicitly787

linking imaging features to the final pathological label. Table 3 summarizes the dataset’s pathology788

distribution.789

Table 3: Pathology distribution of the BUS-CoT source dataset [69], used as the BUS data source for BreastStage.
Numbers in parentheses indicate per-subtype lesion counts.

Benign (4,856) Malignant (4,814) Others (349)

C
at

eg
or

ie
s

Fibroadenoma (1,047) Invasive ductal carcinoma (896) Others (349)
Phyllodes tumour (74) Invasive lobular carcinoma (75)
Intraductal papilloma (72) Ductal carcinoma in situ (72)
Atypical ductal hyperplasia (62) Mucinous carcinoma (64)
Radial scar (56) Paget disease of the breast (57)
Other benign (3,545) Other malignant (3,650)

After quality filtering and mapping to our clinical workflow taxonomy (screening-stage BI-RADS790

triage and diagnosis-stage lesion characterization), the BUS subset of BreastStage contains 10,405791

unique image files and 190,730 instruction-following pairs (Table 5), with expert-verified BI-RADS792

scores, lesion bounding boxes, and chain-of-thought rationales.793

Mammography. Digital mammography is sourced from a subset of MammoVQA [74], which794

originally unifies 15 public mammogram datasets. We adopt the 11 datasets that are licensed for795

derivative works and have stage-aware annotations compatible with our taxonomy (BMCD, CBIS-796

DDSM, CDD-CESM, CSAW-M, DMID, EMBED, INbreast, KAU-BCMD, MIAS, RSNA, VinDr-797

Mammo); we then re-organise their labels around the screening / diagnosis / treatment continuum798

and add new task templates on top of MammoVQA. Table 4 lists every adopted dataset together799

with its sample count and the task templates it supports. The union of these 11 sources covers the 9800

clinically validated MammoVQA task templates—View (CC/MLO), Laterality, BI-RADS, Pathology,801

Masking potential, Background tissue, Subtlety, Density, and Abnormality detection (calcification,802

architectural distortion, mass, asymmetry, etc.).803
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Table 4: Internal mammography source datasets aggregated by MammoVQA [74] and adopted as the BreastStage
mammography source. “Type” follows the MammoVQA labelling: breast = per-image labels, finding = per-
bounding-box labels, exam = per-examination labels.

Dataset Type Size Supported Tasks

BMCD [42] breast 400 Density, BI-RADS, Laterality

CBIS-DDSM [36] breast 3,103 Density, BI-RADS, Laterality, View
finding 6,464 Abnormality, Pathology, Subtlety

CDD-CESM [34] breast 1,003 Density, BI-RADS, Laterality, Pathology

DMID [50] breast 510 Abnormality, Background tissue, Laterality,
Pathology, View

finding 868 Abnormality, Pathology
INbreast [47] breast 410 Density, Abnormality, BI-RADS, Laterality,

View

MIAS [54] breast 322 Abnormality, Background tissue, Pathology
finding 234 Abnormality, Pathology

CSAW-M [53] breast 10,020 Laterality, Masking potential
KAU-BCMD [4] breast 2,370 BI-RADS

VinDr-Mammo [48] breast 20,000 Density, Abnormality, BI-RADS, Laterality,
View

finding 4,505 Abnormality
RSNA [12] breast 54,705 Density, BI-RADS, Laterality, View
EMBED [30] exam 72,518 Density (exam), BI-RADS (exam)

Internal total — 177,432 —

For BreastStage we use these 11 datasets with patient-level stratification preserved across train and test804

splits. After mapping the original classification labels to our screening / diagnosis / treatment stage805

taxonomy and synthesising stage-specific QA pairs, the mammography subset comprises 592,470806

unique 2D images and 453,956 instruction-following pairs.807

MRI. Multiparametric MRI sequences (T1-weighted, T2-weighted, DWI, DCE-MRI / T1dyn) are808

acquired from two collaborating clinical institutions [anonymous for review] under IRB approval.809

Board-certified breast radiologists at the contributing institutions provide expert annotations for tumor810

segmentation, molecular subtype prediction, and neoadjuvant chemotherapy response assessment.811

The MRI subset comprises 36,124 unique multiparametric sequence volumes (T1, T1dyn, T2W, DWI,812

ADC) across screening, diagnosis, and treatment-stage tasks, yielding 926,521 instruction-following813

pairs.814

Whole Slide Imaging (WSI). Histopathology WSIs are sourced from three public reposito-815

ries—BCNB, TCGA-BRCA, and TCGA-HISTAI—covering invasive ductal carcinoma, inva-816

sive lobular carcinoma, ductal carcinoma in situ, and benign / atypical lesions across histological817

grades I–III. Slides are scanned at 20× or 40× magnification with native resolutions ranging from818

80,000×80,000 to 120,000×120,000 pixels. The WSI subset contains 2,510 slides with pathologist-819

verified molecular subtype labels (ER/PR/HER2 status, Ki-67 index, Nottingham grade), yielding820

30,073 instruction-following pairs (captioning, closed- and open-ended VQA, plus prognosis /821

surgical-planning / systemic-therapy treatment-stage tasks).822

Aggregate Statistics. Table 5 summarizes the per-modality data sources adopted by BreastStage.823

These modality-level counts correspond to the curated image pools before conversion into instruction-824

following examples. The final instruction corpus expands these image pools into multiple task-specific825

QA pairs, captions, grounding targets, and report-generation instances according to the stage-aware826

taxonomy described below.827
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Table 5: Summary of BreastStage data sources by modality. “Unique 2D / 3D images” counts the distinct image
(2D radiology, mammography, histopathology slide) and 3D-volume (CT, MRI multiparametric sequence) files
used by the model, after filtering each modality to its retained sub-datasets. Each unique image typically backs
many QA pairs.

Modality Primary Source Selection Criterion Unique 2D / 3D Images Instruction Pairs

CT CT-RATE [22] Female-breast volumes,
post-QC

20,546 volumes 254,041

BUS BUS-CoT [69] All 99 histopathology cats 10,405 images 190,730
Mammo MammoVQA-derived 11 sets [74]:

BMCD, CBIS-DDSM, CDD-CESM,
CSAW-M, DMID, EMBED, IN-
breast, KAU-BCMD, MIAS, RSNA,
VinDr

Patient-level strati-
fied, stage-specific
re-organisation with new
tasks added on top of
MammoVQA

592,470 images 454,590

MRI In-house multi-institution multipara-
metric MRI

Multiparametric studies
with complete sequences

36,124 volumes 926,634

WSI BCNB / TCGA-BRCA / TCGA-
HISTAI

Subtype-labeled, 20–40×
slides

2,510 slides 30,073

Total 17 sub-datasets — 662,055 images 1,856,068

C.2 Instruction Data Generation Pipeline828

This section expands the four-stage curation pipeline introduced in Section 2 of the main paper (Work-829

flow Data Generation → Stage Instruction Data Construction → Textual Description Generation830

→ Data Splitting and Verification, illustrated in Figure 2). The four stages are powered by a Data831

Orchestration Engine that uses two LLMs in complementary roles: Qwen2.5-VL-72B [10] is used832

wherever a decision requires looking at the image (modality-specific quality control, visual-attribute833

extraction), and Qwen3-Max is used for every text-only transformation (Chinese-to-English report834

parsing, structured-record-to-open-ended-VQA rewriting, ground-caption synthesis, report gener-835

ation). Both LLMs are queried with strict JSON output schemas so downstream stages consume836

structured outputs without bespoke parsing. Per-modality QC prompts and the Chinese-to-English837

parsers appear in Figure 8, and the stage-aware persona library together with the system-prompt838

assembly rule appear in Figure 9. The remainder of this section walks through the four stages in839

one-to-one correspondence with the main-paper subsections.840

Workflow Data Generation. The cohort consists of public BUS, mammography, histopathology,841

and CT data plus an in-house multi-institution MRI dataset acquired from two collaborating hospitals842

[anonymous for review] under IRB approval; identifying information is removed at the source843

institutions before any data leaves the hospitals (Section A.2). On top of the raw studies, this stage844

produces three artefacts that the rest of the pipeline relies on: per-image quality scores, lesion-level845

bounding-box / mask annotations, and stage-aware task labels.846

Modality-specific quality control. The visual specialist agents from Section 2 are implemented as847

Qwen2.5-VL-72B prompted with modality-specific quality-control rules (Fig. 8). The BUS selector848

rejects convex / sector-probe images outside the breast-ultrasound depth range; the mammography849

selector strictly rejects chest X-rays and applies PGMI positioning checks plus Eklund implant-850

displaced views; the breast MRI selector requires bilateral-coil framing or sagittal / axial single-breast851

views and verifies fat-saturation; the CT selector requires breast-inclusive FOV. Histopathology852

WSIs are sourced from a curated public collection where modality and magnification are already853

standardised, so they bypass this LLM-driven QC step. The selector emits a JSON {validity,854

reason}; samples flagged as low-quality are not silently dropped but routed to a Low-Image Check855

step in which a breast specialist reviews the image and the LLM’s stated reason, and either confirms856

the rejection or restores the sample.857

Bounding-box and mask generation. The four imaging modalities (BUS, mammography, CT, MRI)858

carry lesion-level spatial annotations, with the source differing by modality. BUS uses the expert859

hand-drawn lesion masks released with the BUS-CoT dataset [69]. Mammography (EMBED subset)860

ships with official lesion bounding boxes; we re-format the released [ymin, xmin, ymax, xmax]861

tuples into the [xmin, ymin, xmax, ymax] convention used throughout BreastStage, and no mask862

step is performed on this modality. CT lesion masks come from DRT-M3D [73], which also emits a863

per-volume cancer-risk score that we retain in the record metadata for the screening-stage CT tasks.864

MRI lesion masks are drawn manually on T1 and T1dyn sequences by 10 board-certified breast865
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specialists at the contributing hospitals. For the mask-based modalities (BUS, CT, MRI), bounding866

boxes are derived by connected-component analysis: components with fewer than 50 voxels are867

discarded as noise, and the tight axis-aligned envelope of every retained component is emitted as a868

4-tuple [xmin, ymin, xmax, ymax] for BUS or a 6-tuple [xmin, ymin, zmin, xmax, ymax,869

zmax] for the 3D volumes (CT, MRI). Histopathology WSIs do not carry pixel-level masks or870

bounding boxes in BreastStage; they are routed only to the closed/open VQA and report-generation871

tasks, not to the ground-caption task.872

Expert-driven sub-task labelling. After QC and mask generation, the per-dataset clinical tables and873

reports are reviewed by breast specialists who tag each record with one of 136 sub-task labels874

reflecting BI-RADS items, mass / calcification descriptors, biomarker fields, and treatment-stage875

decisions. Each label is a task template: a high-level sub-task such as “mass margin description”876

or “HER2 status”, typically spanning several leaf fields of the structured report defined in the next877

stage. Per-modality counts after this stage are reported in Supplementary Table 5, and the resulting878

136-task taxonomy in Table 6.879

Stage Instruction Data Construction. This stage converts each curated study into a schema-880

bounded structured record, so that no free-text generation step downstream is allowed to introduce881

clinical content beyond what this record already encodes. The flow follows the four steps introduced882

in the main paper. (i) Report translation. Chinese radiology and pathology reports are translated to883

English by Qwen3-Max acting as a radiologist agent, using the bilingual prompts in Figure 8. (ii)884

Structured report extraction. Every translated report is then parsed by the radiologist agent into an885

expert-designed BI-RADS-aligned structured report whose schema is written per modality by breast886

specialists following clinical reporting guidelines. For example, the MRI structured report (Figure 7)887

covers per-side breast-level findings (FGT, BPE, post-surgical changes, lymph nodes, BI-RADS,888

management) plus per-lesion descriptors for masses, non-mass enhancement, and non-enhancing889

lesions. (iii) Question bank derivation. For each task template from Stage 1, breast specialists890

then write a closed-ended question that draws its answer from one or more leaf fields of the structured891

report, with options taken directly from the schema’s enum values; this constrains BreastStage to892

questions that the structured record already answers. The resulting tuples carry the form <Task,893

Question, options, Answer, Images>. (iv) Task–Stage mapping. Specialists finally map894

each task template to one of the three clinical stages (screening / diagnosis / treatment), which is895

also the key used for task-key balanced sampling on BreastStage-Bench; the per-stage record counts896

of the final task taxonomy are reported in Table 6.897

From the structured records, BreastStage derives two parallel VQA partitions, both grounded in898

the same schema-bounded source. The closed-ended partition packs the schema’s enum values as899

an option list into the question text, so each tuple takes the form <Task, Question+options,900

Answer, Images> with the answer being one of the options. The open-ended partition takes901

the same structured tuple, drops the option list, and asks Qwen3-Max to rewrite the categorical902

answer into a fluent clinical description, yielding <Task, Question, Answer, Images> where903

the answer is free-form text but the underlying clinical fact is unchanged; the rewriting prompt is904

reproduced in Fig. 6. Because both partitions are pinned to the same structured record, the LLM905

cannot fabricate clinical content beyond the schema, and the answer cannot leak through the question906

text into a text-only shortcut — a property reflected in the k=1 collapse of BreastGPT’s closed-ended907

accuracy in Fig. 5a, where the model degrades sharply once the visual evidence is removed.908
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Open-VQA Generator

You are a medical imaging data assistant specialising in breast {modality}. Your task is to rewrite a structured attribute into a natural-
language Question–Answer pair suitable for a Breast {modality} VQA dataset.
Rules.

1. The Question must be open-ended and descriptive: do not ask yes/no questions, do not include options or binary choices.

2. The Answer must be a complete sentence that is strictly based on the provided Answer value, and does not introduce any new
medical interpretation, diagnosis, or inference.

3. Do not introduce information not explicitly contained in the input.

4. Do not repeat or list the provided options in the output.

5. Use varied sentence structures across different samples.

6. Use precise anatomical and imaging terminology appropriate for breast {modality}.

7. Output only valid JSON in the specified format. No extra text.

Input (JSON): {"Question": "...", "options": ["...","...","..."], "Answer": "..."}.
Output (JSON): {"Question": "...", "Answer": "..."}.

Grounded Caption Generator

You are an expert Radiologist Assistant producing a Grounded Caption for breast {modality}. Strictly separate visual attributes
(shape, margin, echo / signal / density, posterior or kinetic features) from clinical context (BI-RADS, risk, diagnosis, management).
Step 1 – Reference phrase. For each finding, write a noun phrase that names only what is visible inside the bounding box: include side,
view (when applicable), abnormality type, and the relevant visual descriptors. Exclude BI-RADS, risk, diagnosis, and management.
Step 2 – Caption skeleton. Compose a professional radiology sentence with placeholder tokens <ref-object><bbox> immediately
after each lesion phrase; inject the excluded clinical context (BI-RADS, risk, recommendation) around the placeholders, never inside the
reference phrase.
Step 3 – Strict alignment. Emit ref[], bbox[] as flat lists in caption order; ref[i] corresponds to bbox[i] and to the i-
th <ref-object><bbox> token. Boxes are 2D [xmin,ymin,xmax,ymax] for BUS / mammography / histopathology and 3D
[xmin,ymin,zmin,xmax,ymax,zmax] for CT / MRI.
Output JSON: {caption, objects:{ref, bbox}}.

Report Generator

You are a board-certified breast radiologist. Generate a formal breast {modality} report from the structured patient_data, compliant
with the ACR BI-RADS Lexicon for that modality and reflecting real-world dictation style.
Hard safety rules. (1) No fabrication of laterality, lesion size, clock-face position, or distance to nipple unless explicitly present in
patient_data; if missing, refer generically (“the lesion”). (2) No histological / molecular confirmation: replace “X is invasive carcinoma”
with probabilistic phrasing (“findings are suspicious for X”). (3) Bounding boxes are internal; never mention coordinates, “bbox”, or any
data-structure terminology in the prose.
Sections (fixed order). Findings: one passive-voice paragraph per lesion, ordered by descending BI-RADS, integrating only descriptors
present in patient_data. Impression: probabilistic synthesis. Final Assessment: the highest BI-RADS category among findings.
Management: ACR-aligned recommendation (Cat 2 – routine; Cat 3 – short-interval follow-up; Cat 4–5 – biopsy / tissue diagnosis).
Surgical / systemic therapy decisions are out of scope.
Output: four-section markdown with the section names above.

Figure 6: Generator prompts that produce the BreastStage instruction-following partitions from each structured
record: the open-ended VQA generator (top), the grounded caption generator (middle), and the report gener-
ator (bottom). All three are instantiated per modality with {modality} ∈ {BUS, mammography, CT, MRI,
histopathology}.
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MRI Structured Report Template

{
"breast_level": {
"FGT": {"left": "C", "right": "C"}, // "A","B","C","D"
"BPE": {"left": "Moderate", "right": "Mild"}, // "Minimal","Mild","Moderate","Marked"
"breast_symmetry": true,
"post_surgical_changes": {
"left": {"scar_tissue": false, "lumpectomy_changes": false, "mastectomy_changes": false},
"right": {"scar_tissue": false, "lumpectomy_changes": false, "mastectomy_changes": false}

},
"associated_features": {
"left": {
"nipple_retraction": null, "nipple_invasion": null,
"skin_retraction": null, "skin_thickening": null,
"skin_invasion": {"direct_invasion": null, "inflammatory_cancer": null},
"axillary_adenopathy": null, "pectoralis_muscle_invasion": null,
"chest_wall_invasion": null, "architectural_distortion": null,
"ductal_dilation": null // "mild","marked",null

},
"right": { ... same schema as "left" ... }

},
"lymph_nodes": {
"axillary_left": null, "axillary_right": null, // "normal","abnormal"
"internal_mammary_left": null, "internal_mammary_right": null

},
"BI-RADS": {"left": null, "right": null}, // "0","1","2","3","4A","4B","4C","5","6"
"management":{"follow_up_recommended": null, "biopsy_recommended": null}

},
"mass": [
{
"id": 1, "side": "left",
"location": {"quadrant": "UOQ", // "UIQ","UOQ","LIQ","LOQ","central",null

"depth": "middle"}, // "anterior","middle","posterior",null
"size_mm": {"long": 12, "short": 9, "depth": 8},
"signal_characteristics": {
"T1W": "hyperintense", "T2W": "hyperintense", // "hyperintense","isointense","hypointense",

null
"DWI_restriction": "present", // "present","absent",null
"ADC": "hyperintense",
"kinetics": {"initial": "Fast", // "Slow","Medium","Fast",null

"delayed": "Wash-out"} // "Persistent","Plateau","Wash-out",null
},
"morphology": {"shape": "oval", // "round","oval","lobular","irregular",null

"margin": "circumscribed"}, // "circumscribed","irregular","spiculated",null
"internal_enhancement": {
"pattern": "heterogeneous", // "homogeneous","heterogeneous","rim_enhancement","

dark_internal_septations",null
"associated_vascularity": {"adjacent_vessel_sign": null,

"increased_peritumoral_vascularity": null}
}

}
],
"non_mass_enhancement": [
{
"lesion_id": 1, "side": "left",
"location": {"quadrant": null, "depth": null},
"size_mm": {"long": null, "short": null, "depth": null},
"distribution": "Segmental", // "Focal","Linear","Regional","Segmental","Multiple regions","

Diffuse",null
"internal_enhancement_pattern": "Clustered_ring", // "Homogeneous","Heterogeneous","Clustered","

Clustered_ring",null
"signal_characteristics": { ... same as "mass" ... }

}
],
"non_enhancing_lesion": [
{
"lesion_id": 1, "side": "left",
"location": {"quadrant": null, "depth": null},
"size_mm": {"long": null, "short": null, "depth": null},
"signal_characteristics": { ... same as "mass" ... },
"lesion_type_detail": "ductal_precontrast_high_signal_on_T1W"

// "cyst","non_enhancing_mass","architectural_distortion",null
}

]
}

Figure 7: Expert-designed BI-RADS-aligned structured template used for the MRI cohort. Every leaf field
is either a numeric measurement, a Boolean flag, or one of a fixed enum list (shown as a comment). Reports
are first translated to English by Qwen3-Max and then populated into this template under its enum and type
constraints; specialists then derive a question per task template whose answer is drawn from one or more
leaf fields. Schema-conformant population guarantees that the resulting QA pairs cannot introduce facts that the
source report does not already record.
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Textual Description Generation. The same structured records that feed VQA construction are909

also reused to synthesise the two narrative task formats, ground caption and report generation, with910

the modality-parameterised prompts in Figure 6. Both formats remain pinned to the structured record,911

so Qwen3-Max is responsible only for the surface form and never for the underlying clinical fact.912

Ground caption. Ground captions are produced only for the four imaging modalities that carry913

bounding boxes (BUS, mammography, CT, MRI); histopathology, which has no boxes, is excluded.914

Each caption is generated by binding every visible lesion to its box and weaving the resulting visually915

grounded phrases into a clinical narrative; the surrounding context drawn from the structured record916

(BI-RADS, risk level, recommendation) is allowed to appear around the boxes but never inside the917

lesion phrase, so a reader can recover, from the caption alone, which descriptors apply to which918

spatial region. The modality-specific vocabularies differ in the obvious places (posterior acoustic919

features for BUS, ACR density for mammography, FGT, BPE and dynamic kinetic curves for MRI),920

but the visual-vs-context separation is identical across modalities.921

Report generation. The report generator targets all five modalities, with one prompt variant per922

modality so that the output respects the relevant ACR BI-RADS lexicon. Every report is forced into923

the same four sections (Findings, Impression, Final Assessment, Management) so that downstream924

evaluation can score them section by section. Three constraints prevent the failure modes typical925

of pure-LLM report generators: spatial details that are not in the structured input (laterality, lesion926

size, clock-face position, distance to nipple) cannot appear, source pathology labels must remain927

probabilistic in the prose (“findings are suspicious for invasive carcinoma” rather than “this is invasive928

carcinoma”), and any reference to internal field names or coordinates is forbidden so the report929

reads as clinical dictation. Drafts then flow into the specialist-audit loop in Stage 4 below, where930

modality-specific prompts are revised and failing records regenerated whenever a per-task flag rate931

exceeds threshold.932

Data Splitting and Verification. Records are split between training and BreastStage-Bench at933

patient-id granularity; because the source datasets cover disjoint patient populations, no cross-dataset934

patient deduplication is required. The split itself uses a single global stratified sampler over the935

composite (modality, task type, pathology label) key, so the resulting train and test partitions match936

on the underlying task and class distributions. BreastStage-Bench equals the test partition, drawn937

with task-key balanced sampling so that every task template in Table 6 is represented. Verification938

has two layers. Automated heuristics first remove records with malformed bounding-box coordinates,939

invalid option labels, instruction–answer conflicts, hallucinated clinical terms, and near-duplicate QA940

pairs (MinHash > 0.85). Three breast specialists then conduct an independent task-level audit on941

Bench: each specialist reviews 5 random samples per task and flags clinically inconsistent or stage-942

mismatched cases. Any task whose flag rate is non-negligible across specialists triggers re-running943

the relevant LLM stage with the failing prompts revised.944
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BUS Quality Selector

You are a Breast Ultrasound Quality Specialist. Your goal is
to validate if the image is likely a Breast/Axilla Ultrasound.
Evaluate the following:
1. Modality & Probe Geometry (BREAST FOCUS):

• Linear Probe (Rectangular Field): high probability
of valid Breast US.

• Convex/Sector Probe (Fan-shaped Field): WARN-
ING – typical for Abdomen/Liver. Mark Valid only
if the text explicitly confirms a deep breast mass.

• Modality: confirm Ultrasound (speckle texture).

2. Image Quality & Settings:

• Depth: < 4–6 cm; reject if deep abdominal struc-
tures (liver / kidney) are visible.

• Focus zone: aligned with the mammary layer.
• Gain: fat / glandular interface distinguishable.

3. Text–Image Alignment: flag if the text mentions “Liver”,
“Gallbladder”, or “Thyroid”.
Output JSON: {validity: Valid/Invalid, reason}.

Mammography Quality Selector

You are a Mammography Quality Control Expert. Validate
if the image is a diagnostic Mammogram (MG). Evaluate the
following:
1. Modality Distinction (CRITICAL):

• Confirm Mammogram: soft-tissue breast against
black air background.

• STRICTLY REJECT Chest X-Ray (CXR): if you
see ribs, lungs, clavicles, or the spine, mark Invalid.

2. Breast-Specific Positioning (PGMI Criteria):

• Pectoralis muscle: for MLO views, must extend to
the nipple line.

• Nipple profile: in profile (not superimposed) unless
retracted.

• Skin folds: reject severe folds that mimic abnormali-
ties.

• Implants: identify “Implant Displaced (Eklund)”
views vs. standard views.

3. Exposure & Contrast: adipose (dark gray) vs. fibroglandular
tissue (white) must be distinguishable; reject motion blur at calci-
fications.
4. Text–Image Alignment: text describes mammographic find-
ings (asymmetry, distortion, calcification).
Output JSON: {validity, reason}.

Breast MRI Quality Selector

You are a Breast MRI Physics Specialist. Validate if the image
is a diagnostic Breast MRI sequence. Evaluate the following:
1. Coil & Field of View (BREAST FOCUS):

• Breast coil geometry: bilateral breasts hanging in the
coil, or a dedicated sagittal/axial single-breast view.

• Exclude: Brain MRI, Spine MRI, or Abdominal MRI
where the breast is incidental and compressed.

• FOV: must include the axillary tail region.

2. Sequence & Physics:

• Fat Saturation: CRITICAL for breast – fat must be
suppressed (dark) except in T1 non-fat-sat anatomy
scans.

• Cardiac motion artefacts: check the left-breast
phase-encoding direction; severe pulsation rendering
the medial breast unreadable → Invalid.

• Silicone select: for implant cases, confirm silicone-
specific sequences are used.

3. Text–Image Alignment: text describes “enhancement ki-
netics”, “BPE”, or “washout”; flag mismatch if it describes CT
density.
Output JSON: {validity, reason}.

Side-Aware Report Splitter

You are an expert breast radiologist. Process Chinese radiology
reports: (1) split findings by side, (2) translate everything into
professional medical English, (3) determine benign / malignant
from findings and BI-RADS.
CRITICAL RULE – NO CHINESE. The final JSON output
must not contain any Chinese characters; the thinking and the
result are 100% English.
Side-assignment rules (per sentence):

• left-side keyword (zuo / zuoce / zuoru) → LEFT.
• right-side keyword (you / youce / youru) → RIGHT.
• bilateral / no side mentioned → include in BOTH,

rewritten per side.
• Sentences mentioning both sides (e.g. “Left is

smaller than right”) are split into two side-specific
English statements.

Translation standard: use professional English medical ter-
minology (“hyperplasia”, “BI-RADS”, “outer upper quadrant”);
preserve every measurement, echo, and vascularity descriptor.
Output JSON: {left: {finding, . . . }, right: {finding, . . . }}.

Bilingual Pathology Report Parser

You are an expert Pathologist and Data Structuring Specialist. Extract information from raw Chinese breast pathology reports and
convert it into a structured English JSON format.
Input format. {type: “Surgical pathology” or “Non-surgical pathology”; pathology: report text}. Surgical pathology is text fields
separated by spaces or colons. Non-surgical pathology is often a Python set string such as "{’text’, ’text’}".
Symbol decoding. (-)→ Negative; (+)→ Positive; /→ Not Applicable or Not Found.
Translation rules (strict adherence). Histology terms map deterministically: jin run xing ai → Invasive Carcinoma; fei te shu lei xing
(NST) → Invasive Carcinoma of No Special Type (NST); dao guan yuan wei ai → Ductal Carcinoma In Situ (DCIS); xian wei xian liu
→ Fibroadenoma; ying hua xing xian bing → Sclerosing Adenosis; ru xian bing → Mastopathy; suo xing xi bao → Spindle Cell; . . .
Biomarkers (ER, PR, HER2, Ki-67, Nottingham grade) and molecular subtype are normalized to the canonical Enum (Luminal A / B,
HER2-enriched, TNBC).
Output JSON: canonical pathology schema; missing fields left null.

Figure 8: System prompts of the five BreastStage data-orchestration agents (modality-specific quality selectors
plus the bilingual report splitter and pathology parser). Each agent runs Qwen3-Max with a strict JSON output
schema, so its decision can be consumed by the next stage without manual parsing. Generator prompts that
produce the actual instruction-following pairs are reproduced in Figure 6.
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Stage-aware system prompts. BreastStage uses two complementary prompt families. The data-945

orchestration prompts in Figure 8 and Figure 6 drive the curation pipeline: the five orchestration946

agents (BUS / Mammography / Breast MRI Quality Selectors, Side-Aware Report Splitter, Bilingual947

Pathology Report Parser) and the three generators (Open-VQA, Grounded Caption, Report). At948

training and inference time, the resulting instruction-following pairs are then served with stage-949

specific system prompts that switch BreastGPT between three clinical roles: screening radiologist,950

diagnostic radiologist, and treatment-stage breast oncologist or pathologist; Figure 9 reproduces the951

three personas and the deterministic template that combines a persona with a modality-aware task952

instruction.953

Persona Library; one of these three blocks is selected by the record’s stage field:

Screening Persona

You are an expert screening breast radiol-
ogist. Your clinical focus is on early de-
tection and risk triage across broad popu-
lations. You possess a high sensitivity for
identifying subtle abnormalities within
varied anatomical backgrounds to deter-
mine if further investigation is warranted.
Used for: stage = screen (mammog-
raphy, BUS, opportunistic CT).

Diagnosis Persona

You are an expert diagnostic breast radi-
ologist. Your clinical focus is on defini-
tive lesion characterization and differen-
tial diagnosis. You rigorously analyse
imaging features to separate benign from
malignant entities, providing conclusive
assessments that directly guide patient
management.
Used for: stage = diagnosis (BUS,
mammography, multiparametric MRI).

Treatment Persona

You are an expert breast oncologist and
pathologist. Your clinical focus is on
decoding tumour biology and evaluat-
ing disease progression. You synthesise
pathological and imaging data to assess
therapeutic responses and architect com-
prehensive treatment or surgical strate-
gies.
Used for: stage = treatment
(treatment-stage MRI, histopathology
WSI).ww� combined into the final system prompt by the rule below

ww�
Assembly Rule (combines the persona above with a task instruction)

The final system prompt is a deterministic concatenation of three components:

persona + “Now, apply your expertise to the following task:” + instruction(task, modality)

Persona slot. Filled from the persona library above according to the record’s stage field (screen / diagnosis / treatment); for stage-less
records a generic breast-clinician persona is used.
Instruction slot. Filled from one of five task templates, each carrying a {modality} placeholder:

• closed_vqa: “Answer the multiple-choice question based on the provided {modality}. Respond ONLY with the exact option
chosen.”

• open_vqa: “Answer the open-ended question based on the provided {modality}.”

• caption: “Generate a concise descriptive caption for the provided {modality}.”

• groundcaption: “Generate a descriptive caption for the provided {modality}. You MUST explicitly ground each mentioned
finding with a {2D|3D} bounding box.”

• report: “Generate a comprehensive clinical report based on the provided {modality}.”

Modality and bounding-box format. The {modality} placeholder takes the canonical noun phrase per modality: BUS / Mammo /
Histopathology use 2D images and 2D bounding boxes; CT and MRI use 3D volumes and 3D bounding boxes.

Figure 9: Stage-aware system-prompt library used by BreastGPT. The three personas (top) cover the screening /
diagnosis / treatment workflow; the assembly rule (bottom) deterministically composes a persona, a transition
phrase, and a modality-specific task instruction at training and inference time. The same persona is reused
regardless of modality, so a single model can adopt stage-appropriate reasoning style without task-specific heads.

C.3 Task Taxonomy and Distribution954

We summarise the BreastStage instruction corpus along two complementary axes. Table 6 groups955

the 136 task templates into a 12-category taxonomy under the three clinical stages, and Figure 10956

reports the joint distribution over (clinical stage, imaging modality, task category) that this taxonomy957

induces.958
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Screening
1075k

Diagnosis
680k

Treatment
101k

MRI
927k

Mammography
455k

CT
254k

BUS
191k

Histopathology
30k

Modality / Anatomy / Surgery
443k

Lesion Presence / Morphology
345k

Risk / Decision
330k

Caption / Report / Ground
71k

BI-RADS / Pathology
521k

Lesion Characterisation
41k
Associated / Invasion
5k
Prognosis
34k
Surgical Planning
30k
Systemic / Biomarkers
33k
WSI Pathology
4k

Stage Modality Task category

Figure 10: Joint distribution of the 1.86M BreastStage instruction-following pairs across clinical stage (left),
imaging modality (middle), and task category (right). Ribbon width is proportional to record count, and ribbons
are coloured by clinical stage so each contributing stage remains identifiable on both sides of the modality node.

(a) Screening (b) Diagnosis (c) Histopathology

Figure 11: Vocabulary of BreastStage-Bench reference answers, restricted to VQA tasks and split by clinical
stage. Each cloud is rendered into the same lateral breast silhouette; colour and contour encode the stage.
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Table 6: Twelve-category task taxonomy of BreastStage. Templates are grouped by clinical stage (Screening,
Diagnosis, Treatment) and, within each stage, by the family of clinical concept being assessed. The Samples
column reports the number of instruction-following pairs whose majority clinical stage falls in that category.

Clinical Stage Task Category Representative Task Templates Samples

Screening
(1,075,092)

Modality / Anatomy / Surgical
History

Modality, View, Laterality, Orientation, ACR,
FGT, BPE, Background tissue, breast_symmetry,
post_surgical_changes (mastectomy / lumpectomy /
scar)

442,860

Lesion Presence & Morphology abnormal_presence, abnormality_type, mass,
non_mass_enhancement, non_enhancing_lesion,
Shape, LesionEdge, LesionBoundary, EchoCharac-
teristics, LesionCalcificationFeatures, BloodFlow,
lesion depth

244,188

Risk Assessment & Screening
Decision

RiskLevel, ScreeningDecision, Density_Risk, fol-
low_up_recommended

329,756

Captioning / Report / Grounding ground caption (BUS, CT), report generation (BUS),
Report (MRI)

58,288

Diagnosis
(680,409)

BI-RADS & Pathology Diagno-
sis

BI-RADS, birads, diagnosis, Pathology, main_type 520,969

Lesion Characterization mass.morphology (margin, shape), mass.signal
(T1W, T2W, ADC, DWI, kinetics), inter-
nal_enhancement, calcificationType, boundaryDefi-
nition, echoTexture, morphology, distribution

141,761

Captioning / Report / Grounding
(Mammo / MRI)

ground caption (Mammo), report generation (Mam-
mography, MRI)

12,227

Associated Findings & Invasion lymph_nodes (axillary, internal_mammary),
skin_thickening, nipple_retraction, architec-
tural_distortion, ductal_dilation, pectoralis /
chest_wall / nipple / skin invasion, vascularity,
invasiveness

5,452

Treatment
(100,567)

Prognosis & Outcome Predic-
tion

prognosis, Treatment.Prognosis, Treat-
ment.treatment.prognosis

33,743

Surgical Planning & Urgency surgical_plan, SurgicalPlan, treatment.urgency 29,797
Systemic Therapy & Molecular
Biomarkers

systemic_therapy, biomarkers (ER, PR, HER2, Ki67,
molecular_subtype)

33,200

WSI Pathology Subtyping &
Captioning

Tumor, ER, PR, HER2, HER2 Expression, Molec-
ular subtype, Histological grading, slide caption /
VQA

3,827

D BreastGPT Technical Details959

D.1 Base Model Configuration960

BreastGPT is initialized from Qwen3-VL-8B-Instruct and inherits its instruction-following multi-961

modal interface. We keep the language backbone and the standard radiology visual encoder largely962

aligned with the released model and introduce additional components only where the breast cancer963

workflow requires capabilities not naturally covered by the base model. The major architectural964

extension is the GigaPixel branch for WSI processing together with the coverage-maximizing token965

selector that maps heterogeneous image representations into a fixed downstream token budget. For CT,966

BUS, mammography, and MRI inputs, the standard branch is used; for WSI inputs, modality-aware967

routing activates the GigaPixel branch described below.968

D.2 GigaPixel Encoder Implementation969

The GigaPixel encoder is designed to preserve diagnostically relevant pathology patterns without970

forcing the LLM to attend over the full patch sequence. A single WSI can contain tens or hundreds971

of thousands of tiles, and many clinically important cues are sparse: mitotic figures, ductal structures,972

invasive fronts, necrosis, lymphocytic infiltration, and tumor-stroma interfaces may occupy only a973

small fraction of the slide. The WSI branch therefore separates representation learning into three974

steps: local patch encoding, long-range contextualization, and query-aware coverage selection.975
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Stage 1: Patch Extraction and Encoding. WSI tiles are extracted at 20× magnification with976

non-overlapping 512×512 pixel patches. For a typical breast WSI this yields tens of thousands of977

patches; CONCH v1.5 patch features are pre-computed once per slide and stored, following the path978

convention 20x_512px_0px_overlap/features_conch_v15/. Each patch is encoded using the979

frozen CONCH v1.5 foundation model [43], producing 512-dimensional embeddings:980

vi = CONCH(xi), i = 1, . . . , N, vi ∈ R512.

Stage 2: LongNet Contextualization. The patch embeddings are processed by a 2-layer LongNet981

encoder with dilated attention (matching the configuration described in Section 3 of the main paper).982

The dilation rates follow an exponential schedule, allowing the model to capture both local cellular983

details and global tissue architecture. The contextualized embeddings are:984

hi = LongNet({v1, . . . ,vN})i.

LongNet’s exponentially growing dilation rates give the encoder long-range coverage without the985

O(N2) cost of full attention.986

D.3 Coverage-Maximizing Token Selection987

The coverage-maximizing token selector is the mechanism that makes BreastGPT practical as a single988

model across ordinary radiology images and gigapixel pathology slides. Without compression, WSI989

inputs would exceed the LLM context budget by several orders of magnitude; with naive pooling990

or truncation, sparse but clinically important regions may be removed. We therefore use a coverage991

objective that keeps the selected tokens both clinically query-relevant and globally representative of992

the visual evidence.993

Given a sequence of projected visual tokens and an associated clinical instruction, the goal of the994

selector is to identify a compact subset S ⊂ {1, . . . , N} with |S| = k (k = 128 by default) that995

jointly preserves relevance to the clinical query and fidelity to the overall visual distribution. For996

WSI inputs, the source sequence is the LongNet-contextualized patch representation {h1, . . . , hN};997

for standard radiological inputs, the source sequence is the ViT token sequence. In both cases, the998

selected tokens are passed to the LLM as the fixed-budget visual context. This gives BreastGPT a999

modality-invariant interface: each clinical image, regardless of its original resolution, is represented1000

by the same number of visual tokens before language-model reasoning.1001

Similarity matrices. Let {v1, . . . , vN} denote the projected vision tokens after the LLM projection1002

layer, aligned with the text token space, and let {v′1, . . . , v′N} denote the pre-projection tokens that1003

retain modality-native similarity structure. Let {t1, . . . , tm} denote the text tokens encoding the1004

clinical instruction. We define text–vision (T-V) and vision–vision (V-V) similarity matrices as1005

M tv
i,j = t⊤i vj , Mvv

i,j = v′
⊤
i v

′
j , ∥ti∥2 = ∥vj∥2 = ∥v′j∥2 = 1. (2)

The similarities are then softmax-calibrated with temperatures τt and τv:1006

M̃ tv
i,j =

exp(M tv
i,j/τt)∑

j′ exp(M
tv
i,j′/τt)

, M̃vv
i,j =

exp(Mvv
i,j /τv)∑

j′ exp(M
vv
i,j′/τv)

. (3)

Dual coverage objective. We select S by maximizing the joint coverage score1007

f(S) =
1

m

m∑
i=1

max
s∈S

M̃ tv
i,s︸ ︷︷ ︸

T-V coverage

+α · 1

N

N∑
i=1

max
s∈S

M̃vv
i,s︸ ︷︷ ︸

V-V coverage

, (4)

where α balances query relevance against global visual representativeness. The T-V term rewards1008

tokens that explain the clinical instruction, while the V-V term forces the selected subset to cover1009

the full visual distribution so that diagnostically relevant but less immediately salient regions are not1010

discarded.1011
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Why both terms are needed. The two coverage terms play complementary roles. T-V coverage1012

favors tokens aligned with the prompt, such as lesion regions for BI-RADS questions or tumor-1013

cell regions for molecular subtype questions. However, relying on T-V coverage alone can over-1014

concentrate the selected subset around a small number of highly salient regions. V-V coverage1015

counteracts this collapse by selecting tokens that represent the broader slide or image distribution.1016

This is especially important for pathology, where grade, subtype, and treatment-response cues can1017

depend on tissue architecture, tumor-stroma interaction, and heterogeneity across multiple regions.1018

Conversely, V-V coverage alone may preserve visually diverse background regions that are irrelevant1019

to the current clinical task. The combined objective gives BreastGPT a principled way to balance1020

prompt alignment and visual diversity.1021

Greedy optimization. Each component of f is a facility-location function over the token set and is1022

therefore monotone submodular; the non-negative linear combination remains monotone submodular.1023

A standard greedy algorithm that iteratively adds the token with the largest marginal gain achieves1024

the usual (1− 1/e) approximation to the NP-hard optimum in O(kN) time. End-to-end measured1025

selector latency at k = 128 on a representative histopathology WSI is reported in Table 15.1026

Implementation details. The selector is applied after modality-specific visual encoding and before1027

LLM injection. For standard radiology images, token selection operates on the ViT token sequence.1028

For WSI inputs, token selection operates on LongNet-contextualized patch embeddings. The same1029

value of k is used for both branches, which ensures that radiology and pathology inputs have1030

comparable downstream inference costs. During training, the selector is run on-the-fly so that the1031

language model learns to reason over the same type of compact visual context used at inference time.1032

Relation to MMTok. The original MMTok [18] is a training-free post-hoc token pruning method1033

applied to standard vision-language models after the raw ViT encoder. Our adaptation differs in1034

two respects. First, for WSIs, the source tokens are LongNet-contextualized pathology embeddings1035

rather than raw ViT patch tokens, so the V-V similarity captures global pathological structure rather1036

than pixel-level redundancy. Second, the selector is applied consistently during both training and1037

inference, so the LLM always observes coverage-selected visual representations. We fix τt = 0.02,1038

τv = 0.2, and α = 0.5 throughout all experiments.1039

D.4 Training Configuration1040

BreastGPT is trained in two stages. In Stage 1, we warm up the visual front end on the closed-VQA1041

subset of BreastStage: the LLM backbone is frozen, while the ViT, the aligner (which includes the1042

WSI projection and LongNet module), and the resolution gate are trainable; the CONCH v1.5 encoder1043

is always frozen. This step aligns the visual representations, both the ViT branch for radiology and1044

the CONCH+LongNet branch for WSIs, with the multimodal token space before any gradient flows1045

into the language model. In Stage 2, we unfreeze the LLM and continue end-to-end fine-tuning on all1046

four task formats across every modality; the CONCH v1.5 encoder remains frozen. The coverage1047

token selector is training-free and applied identically at training and inference. We use AdamW with1048

a cosine learning rate schedule and DeepSpeed ZeRO-2, cap the per-image visual budget at 10241049

tokens, cap CT and MRI volumes at 384 × 384 × 48, and fix the selector budget at k = 128 for1050

both branches so that radiological and pathological inputs incur the same downstream inference cost.1051

Table 7 summarises the two-stage training configuration used for BreastGPT, taken directly from the1052

launch scripts.1053
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Table 7: Training configuration for BreastGPT. Both stages use the ms-swift sft entry point with FlashAtten-
tion, gradient checkpointing, and DeepSpeed ZeRO-2.

Setting Stage 1: Visual front-end warm-up Stage 2: End-to-End SFT

Epochs 1 2
Trainable modules ViT, aligner (incl. WSI projection /

LongNet)
LLM, ViT, aligner

Frozen modules LLM backbone, CONCH encoder CONCH encoder
Datasets Closed-VQA subsets (BUS, CT,

Mammo, MRI) and the histopathology
caption / closed / open VQA tasks

All four task formats (closed, open,
grounding, report) on every modality
(16 splits)

Initialization Released Qwen3-VL-8B-Instruct
weights

Stage-1 checkpoint

Optimizer AdamW (default β, weight decay 0.1) AdamW (default β, weight decay 0.1)
Learning rate 1× 10−5, cosine schedule, 0.03 warm-

up ratio
1× 10−5, cosine schedule, 0.03 warm-
up ratio

Gradient clipping 1.0 1.0
Precision bfloat16 bfloat16
Image / volume budget IMAGE_MAX_TOKEN_NUM=1024;

CT and MRI volumes capped at
384× 384× 48

same

Max sequence length default 10,000 tokens
Selector budget k 128 128
Distributed DeepSpeed ZeRO-2; per-device batch

and accumulation set per launch
DeepSpeed ZeRO-2; per-device batch
and accumulation set per launch

D.5 System Prompt Templates1054

The full stage-aware system-prompt library used by BreastGPT, comprising three personas (Screening,1055

Diagnosis, Treatment, plus a generic clinician fallback) and the deterministic rule that composes1056

a persona with a modality-specific task instruction, is reproduced verbatim from the codebase in1057

Figure 9. The same library is used both during training and at inference time; the persona slot is1058

selected by the record’s stage field, and the instruction slot is filled by task and modality as described1059

in the assembly rule.1060

E BreastStage-Bench Evaluation1061

E.1 Benchmark Construction1062

BreastStage-Bench is constructed to evaluate whether a model can preserve stage-aware clinical1063

reasoning across the full breast cancer workflow rather than merely solve isolated image-classification1064

tasks. We use patient-level stratified sampling and keep all task instances derived from the same1065

patient within the same split. This prevents leakage through repeated images, repeated reports, or1066

semantically equivalent QA pairs.1067

The benchmark construction follows three principles:1068

1. No data leakage: Strict patient-level separation between training and test sets1069

2. Task diversity: All 136 task templates are represented with balanced class distributions1070

3. Clinical realism: Test cases reflect real-world prevalence and complexity1071

BreastStage-Bench contains 12,182 evaluation records in total, distributed across the four task families1072

and five modalities as follows:1073

• Closed-ended VQA (5,369 questions): BUS 987, CT 825, Mammography 1,828, MRI 908,1074

Histopathology 821.1075

• Open-ended VQA (2,833 questions): BUS 987, CT 825, MRI 908, Histopathology 113.1076

• Ground caption (2,910 cases): BUS 1,000, CT 510, Mammography 1,000, MRI 400.1077

• Caption (70 cases): Histopathology slide-level captioning.1078

• Report generation (1,000 cases): multiparametric MRI structured reports.1079
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E.2 Evaluation Metrics1080

Closed-ended VQA. We adopt accuracy as the primary metric. For multiple-choice questions,1081

we extract model responses using robust regular expressions matching option patterns (A/B/C/D),1082

answer text, and common variants such as “Option A” or “the correct answer is A”. If no valid option1083

is detected in the first 100 tokens of the response, the prediction is marked invalid and counted as1084

incorrect. This avoids rewarding models for verbose but non-committal answers.1085

Open-ended VQA. Unlike LLM-as-judge protocols commonly used in recent multimodal eval-1086

uation toolkits [70, 71, 19], BreastStage-Bench reports automatic semantic and lexical scores for1087

open-ended responses, and uses breast-expert sampling validation to audit the clinical correctness of1088

references and representative outputs. For normalized open-ended scores, each evaluated response1089

receives a score si ∈ [0, 1] according to the task-specific scoring rubric, and the total score is:1090

S =

∑N
i=1 si
N

× 100% (5)

The few-shot prompt includes 9 in-context examples covering fully correct (1.0), entirely incorrect1091

(0.0), and various “partially correct” responses (0.25, 0.5, 0.75). The evaluator is instructed to1092

prioritize clinical correctness over surface-form similarity and to penalize unsupported diagnosis,1093

missing contraindications, or recommendations inconsistent with the specified clinical stage.1094

Grounding Tasks. For lesion localization, we compute Intersection over Union (IoU) between1095

predicted and ground-truth bounding boxes:1096

IoU =
Area(pred ∩ gt)
Area(pred ∪ gt)

(6)

A prediction is considered correct if IoU ≥ 0.5. We report mean IoU and accuracy@0.5 across all1097

grounding tasks. Predictions with malformed coordinate syntax are counted as invalid and assigned1098

IoU 0.1099

Report Generation. We evaluate generated reports using:1100

• BLEU-4: Measures n-gram overlap with reference reports1101

• BERT Score: Captures semantic similarity using contextual embeddings1102

(microsoft/BiomedNLP-PubMedBERT-base)1103

• ROUGE-1: Assesses recall of unigrams1104

The weighted composite score is: Wtd = 0.5× BERT + 0.25× BLEU + 0.25× ROUGE-1.1105

E.3 Breast Expert Validation1106

BreastStage and BreastStage-Bench are constructed with a structured expert sampling audit rather1107

than relying only on automatic filters or LLM-generated text. Three board-certified breast specialists1108

(two breast surgeons and one breast radiologist, each with at least five years of post-residency1109

experience) independently review a stratified subset of BreastStage-Bench, scoring each item along1110

three pre-registered dimensions that mirror the claim made in the main text: task validity, answer1111

correctness, and clinical consistency. The audit covers all five modalities (BUS, mammography, CT,1112

MRI, histopathology) and all task families (closed VQA, open VQA, ground caption, report).1113

Sampling protocol. Sampling is stratified by (modality, task template) so that every one of the1114

136 task templates contributes evenly: each specialist independently audits 5 random samples per1115

template, yielding 680 per-specialist reviews and a pooled review pool of 2,040 (record, specialist)1116

judgments. Specialists are blind to which LLM stage produced each record. Each item is judged on1117

the following three binary dimensions:1118

• Task validity — the question is well-posed for the indicated clinical stage and the requested1119

evidence is identifiable in the image (or in the source report, for report-only items).1120
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• Answer correctness — the gold answer is logically consistent with the question and contains1121

no claims unsupported by the image or source report (no hallucinated lesions, biomarkers,1122

or risk categories).1123

• Clinical consistency — the assigned clinical stage (screening / diagnosis / treatment) and1124

the modality-specific terminology (BI-RADS category, ACR density, molecular subtype,1125

etc.) match the intended clinical role and current breast-oncology practice.1126

Disagreement resolution. Items flagged by at least one but not all specialists are routed to a1127

consensus review: the three specialists meet, the contested record is re-examined together, and a1128

single binary decision is recorded by majority vote (with the breast radiologist breaking ties on1129

imaging-specific calls and the senior breast surgeon breaking ties on management calls). Templates1130

whose post-consensus failure rate exceeds 10 % are routed back to the responsible LLM prompt for1131

revision, after which the affected records are regenerated and re-audited.1132

We report per-dimension approval rate and inter-rater agreement (Fleiss’s κ) in Table 8. Across all1133

three dimensions the post-revision approval rate exceeds 95 %, and Fleiss’s κ stays in the substantial-1134

agreement range (κ∈[0.74, 0.86]), indicating that the audit signal is reliable rather than dominated by1135

a single specialist’s idiosyncrasies.1136

Table 8: Expert-validation results on BreastStage-Bench. Pre-rev. = approval rate on the first audit pass; Post-rev.
= rate after the consensus-review and prompt-revision loop. κ is Fleiss’s κ across the three specialists on the
binary approval decision. Reviews counts (record, specialist) judgments; Answer correctness is computed
on items that carry a gold answer or free-text generation, hence the smaller pool. Re-gen. = number of task
templates routed to prompt revision.

Dimension Reviews Pre-rev. Post-rev. κ Re-gen.

Task validity 2,040 91.4% 98.2% 0.78 14
Answer correctness 1,620 90.6% 97.4% 0.79 11
Clinical consistency 2,040 96.6% 99.8% 0.86 2

Overall (any-dim. fail) 2,040 86.1% 96.3% 0.74 22

Per-stage breakdown. Post-revision approval is stable across clinical stages (screening 96.5%,1137

diagnosis 96.1%, treatment 95.8%), suggesting the LLM-generated content is not systematically1138

biased toward any single stage. The treatment stage has the lowest pre-revision answer correctness1139

score, 86.1%, because biomarker and prognostic claims are easier for the LLM to over-generate than1140

morphological descriptions; tightening the treatment-stage prompts (constraining biomarker mentions1141

to those present in the source pathology report) raised this dimension to 96.4% post-revision. The1142

per-stage record counts of the final pipeline export are summarised in Table 6 (1,068,187 screening,1143

680,078 diagnosis, 101,585 treatment-stage pairs).1144

Limitations of this audit. Three specialists, while sufficient for κ to be meaningful, is below1145

the panel sizes used in formal radiology guideline development; we therefore treat this audit as a1146

quality-assurance pass rather than a clinical gold standard. The full auditing log – per-record flag,1147

dimension scored, and (where applicable) the resulting prompt revision – is released alongside the1148

dataset to allow downstream re-auditing.1149

E.4 Baseline Model Configuration1150

All baseline models are evaluated zero-shot with the same instruction-formatted prompts used for1151

BreastGPT. For proprietary models (GPT-5.4, Claude-opus-4-6, Claude-sonnet-4-6, Gemini-3.1-1152

Flash, Gemini-3.1-Pro), we use the official APIs with temperature 0 and max_tokens 512. For1153

open-source models we use Hugging Face Transformers with greedy decoding. Input images are1154

preprocessed according to each model’s recommended processor; for multi-image or multi-sequence1155

cases all models receive the same ordered visual inputs and the same textual task context.1156
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F Additional Results and Ablations1157

F.1 Per-Modality Performance Breakdown1158

Table 9 provides a per-modality performance breakdown for BreastGPT and the strongest competing1159

baselines. This view complements the stage-level tables in the main paper by isolating whether1160

improvements are driven by a single easy modality or are distributed across heterogeneous imaging1161

sources.1162

Table 9: Per-modality performance breakdown on BreastStage-Bench closed-ended VQA.

Model BUS CT Mammo MRI Histo Avg

BreastGPT (cluster) 86.81 77.21 75.00 82.86 71.38 78.65
GPT-5.4 64.89 78.55 68.51 41.43 32.28 57.13
Gemini-3.1-Pro 68.09 73.33 50.21 47.14 46.53 57.06
Lingshu 58.94 78.55 39.89 54.29 51.52 56.64

F.2 Extended Baseline Comparisons1163

Tables 10 and 11 report the same VQA and Caption/Report metrics as the main paper’s Tables 11164

and 2, but extended to eight additional baseline models (Grok-4.1-Fast, Gemma-4, GLM-4.6V-Flash,1165

LLaVA-OneVision-1.5, HealthGPT, Hulu-Med, MedDr, RadFM) covering both proprietary and1166

recently released open / medical VLMs. None of these baselines beat BreastGPT on any cell, so for1167

compactness the main paper limits its comparison to the original cohort; this section confirms that the1168

conclusion holds against a broader set.1169

Table 10: VQA performance (%) on BreastStage-Bench for eight additional baselines (extends Table 1). Same
column structure as the main table; refer to it for column legend.

Closed-ended VQA (Accuracy, %) Open-ended VQA (normalized Score, %)

Screening Diagnosis Treatment Screening Diagnosis Treatment

Model #P BUS CT Mam MRI BUS Mam MRI MRI His Avg BUS CT MRI BUS MRI MRI His Avg

Proprietary Models
Grok-4.1-Fast – 57.23 76.61 30.74 40.95 49.47 22.82 44.23 31.75 36.42 43.36 44.76 43.43 43.95 43.06 43.94 41.74 40.50 43.05
Open-Source Models
Gemma-4 8B 62.98 78.18 44.57 38.57 47.87 18.17 48.43 39.68 40.68 46.57 43.29 44.20 43.46 42.47 44.49 42.40 40.12 42.92
GLM-4.6V-Flash 9B 58.94 73.09 37.34 41.90 45.48 12.16 48.60 53.97 49.70 46.80 42.69 43.70 42.78 42.05 43.54 42.47 40.28 42.50
LLaVA-OneVision-1.5 8B 58.09 68.85 30.32 40.95 41.76 12.31 50.17 53.97 50.18 45.18 – 56.06 59.84 – 59.19 58.12 45.25 55.69
Medical-Specific Models
HealthGPT – 47.02 24.48 41.38 45.71 34.04 21.17 43.01 42.86 20.22 35.54 54.66 50.17 53.08 51.92 59.38 55.27 46.41 52.98
Hulu-Med – 62.98 77.09 48.19 31.90 49.20 15.62 41.43 50.79 50.18 47.49 58.98 60.84 75.46 55.95 72.28 59.48 50.18 61.88
MedDr – 48.51 47.39 25.21 52.38 35.37 22.52 49.83 43.65 39.46 40.48 61.46 64.52 67.68 62.83 73.03 64.86 50.46 63.55
RadFM – 26.81 39.39 16.38 36.67 23.94 5.86 17.13 11.90 4.63 20.30 50.51 61.07 67.63 50.80 69.15 66.76 50.44 59.48

Table 11: Caption and Report Generation Performance (%) for eight additional baselines (extends Table 2).
Same column structure as the main table.

Caption Report

BUS CT Mammo Histo MRI MRI

Model #P IoU Wtd Wtd IoU Wtd Wtd Wtd Wtd
Proprietary Models
Grok-4.1-Fast – 13.40 47.30 45.12 2.52 48.09 45.15 49.02 50.47
Open-Source Models
Gemma-4 8B 37.82 46.34 44.45 8.01 46.33 44.04 47.87 49.16
GLM-4.6V-Flash 9B 28.03 43.01 43.43 6.01 43.15 43.53 44.26 48.21
LLaVA-OneVision-1.5 8B 14.99 47.68 49.04 4.53 48.41 46.91 48.62 50.62
Medical-Specific Models
HealthGPT – 22.56 43.11 40.05 7.69 44.40 46.63 46.93 48.18
Hulu-Med – 5.75 48.67 48.40 0.41 48.74 47.25 48.49 50.33
MedDr – 0.17 47.68 50.25 0.38 48.34 44.73 47.04 46.60
RadFM – - 41.90 38.13 - 43.42 41.23 46.53 43.27
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F.3 Open-ended VQA Raw Metric Breakdown1170

Table 12 reports the three constituent metrics (BERTScore F1, BLEU, ROUGE-1) underlying the1171

weighted score reported in Table 1. Closed-ended VQA is omitted because its only metric is accuracy.1172

Table 12: Open-ended VQA raw metrics per cell. Each entry is BERTScore F1 / BLEU / ROUGE-1 (%).
BreastGPT in cyan.

Screening Diagnosis Treatment

Model #P BUS CT MRI BUS MRI MRI His

Proprietary Models
GPT-5.4 – 88.88/1.62/34.33 86.50/1.65/22.73 91.82/11.65/44.10 87.25/1.45/25.71 90.82/14.09/41.05 90.57/10.10/41.04 83.67/0.57/11.02
Claude-opus-4-6 – 82.55/0.45/7.73 81.86/0.66/6.70 82.75/1.25/8.24 82.05/0.30/6.81 82.95/1.87/9.90 81.76/0.73/7.40 79.96/0.17/3.27
Claude-sonnet-4-6 – 82.54/0.46/8.97 81.71/0.88/8.16 82.71/1.26/10.56 81.85/0.34/7.94 82.83/1.82/12.46 80.90/0.51/8.15 79.90/0.14/4.32
Gemini-3.1-Flash – 86.50/1.51/20.51 86.04/2.68/18.08 85.60/2.51/15.81 84.66/0.68/13.19 85.36/3.26/16.15 83.07/1.12/9.34 82.27/0.34/6.37
Grok-4.1-Fast – 83.70/0.56/11.10 82.32/0.82/8.25 82.83/0.90/9.24 82.21/0.30/7.51 82.33/1.29/9.83 80.84/0.34/4.93 79.63/0.13/2.60
Open-Source Models
Qwen2.5-VL 3B 87.99/2.12/19.97 86.85/2.98/16.89 87.59/3.41/18.86 86.69/1.31/14.75 87.48/5.50/21.70 85.49/2.08/15.08 84.46/0.49/9.80
Qwen2.5-VL 7B 86.11/1.13/11.45 85.82/2.08/13.72 87.36/2.70/20.45 85.06/0.48/9.36 86.98/4.61/20.11 83.92/1.32/9.62 83.34/0.32/8.94
Qwen3-VL 4B 84.69/0.98/10.42 89.65/5.08/37.59 86.29/2.10/16.16 84.23/0.91/10.36 87.78/4.95/25.31 85.61/1.86/22.86 80.65/0.22/3.52
Qwen3-VL 8B 84.40/1.00/9.98 86.40/2.64/18.68 83.89/1.73/9.90 83.76/0.74/9.11 84.43/2.78/13.30 82.52/1.14/10.41 80.51/0.23/3.60
MiMo-VL 7B 82.27/0.52/4.90 88.14/4.29/43.35 89.97/19.76/55.10 81.32/0.37/3.75 90.36/22.57/59.33 89.91/16.07/56.42 78.85/0.14/1.59
InternVL3.5 8B 87.86/4.39/22.84 89.02/14.39/39.77 90.19/7.99/37.85 86.56/2.69/19.37 90.65/12.68/41.59 89.44/7.36/37.54 84.86/0.50/15.80
Gemma-4 8B 82.79/0.52/7.05 83.20/1.12/9.26 82.71/1.05/7.39 81.86/0.32/5.83 83.17/1.91/9.71 81.59/0.68/5.75 79.20/0.05/2.04
GLM-4.6V-Flash 9B 82.16/0.71/5.73 83.03/1.35/7.38 82.38/1.16/5.20 81.52/0.57/4.58 82.90/1.69/6.65 82.17/0.89/4.65 79.42/0.19/2.10
LLaVA-OneVision-1.5 8B – 90.14/6.57/37.39 91.82/11.65/44.09 – 90.82/14.09/41.03 90.57/10.10/41.24 84.88/0.39/10.84
Medical-Specific Models
Lingshu 7B 89.47/3.66/27.78 87.79/4.01/19.76 89.29/5.04/30.02 87.59/1.80/18.81 88.65/8.22/29.52 86.70/3.17/21.84 83.57/0.30/7.32
HuatuoGPT-V 7B 88.99/3.60/25.86 88.43/5.17/23.85 90.20/6.84/35.48 87.66/2.25/19.23 89.36/10.04/31.58 88.17/5.16/30.22 85.07/0.88/12.08
HealthGPT – 89.69/5.73/33.52 86.17/7.50/20.84 87.02/10.10/28.18 88.90/3.75/26.11 89.91/16.43/41.27 87.84/10.10/35.30 84.83/0.71/15.28
Hulu-Med – 91.14/9.89/43.73 90.99/14.81/46.56 95.29/40.64/70.61 90.02/6.34/37.42 93.60/37.93/64.00 90.64/10.31/46.35 87.35/3.33/22.70
MedDr – 91.22/20.02/43.39 90.46/31.04/46.13 92.69/26.61/58.74 91.85/19.38/48.23 93.70/40.07/64.63 91.82/21.43/54.38 87.12/3.25/24.35
RadFM – 87.50/3.86/23.19 89.66/24.94/40.04 93.08/25.80/58.57 86.53/9.71/20.44 92.94/30.76/59.96 91.86/26.74/56.57 87.00/3.21/24.55
Qwen3-VL (SFT) 8B 98.85/87.18/92.83 99.04/89.22/94.24 99.11/85.25/94.82 98.26/81.90/88.38 99.03/87.90/95.17 97.65/72.02/86.10 90.73/11.46/38.93
BreastGPT (cluster) 8B 99.15/90.67/94.91 99.07/88.56/94.45 99.27/87.53/95.87 98.63/85.08/90.60 99.12/88.94/95.68 98.09/75.47/88.08 92.69/18.88/50.96

F.4 3D Grounding IoU on CT and MRI1173

None of the 21 baseline models in our evaluation cohort can localise lesions in 3D volumetric1174

modalities (CT, MRI). Their bbox outputs are uniformly 2-D coordinate quadruples, which are1175

dimensionally incompatible with the 6-element 3-D ground-truth boxes; consequently, on every1176

GT-positive 3-D sample they fail to overlap the ground truth at all. The grounding-IoU numbers1177

a few baselines report on these modalities are entirely a by-product of true-negative credit on the1178

no-abnormality samples, not of any spatial localisation. We therefore report 3-D grounding IoU only1179

for BreastGPT and its controlled SFT counterpart in Table 13.1180

Table 13: Grounding IoU (%) on the 3D modalities (CT, MRI), restricted to the two models that emit volumetric
(6-D) bounding boxes. IoU credits true negatives as 1.0 and penalises false positives as 0. All 21 other baselines
produce 2-D outputs that are dimensionally incompatible with the 3-D ground truth and are omitted here.

Model #P CT IoU MRI IoU

Qwen3-VL (SFT) 8B 3.89 11.98
BreastGPT (cluster) 8B 5.12 33.49

F.5 BreastGPT Grounding Recognition Breakdown1181

Table 14 decomposes the IoU column of Table 2 for BreastGPT (cluster) into its true-negative and1182

false-positive components: TN counts items with no GT bbox where the model also abstains (correct1183

“no abnormality”), FP counts items where the model hallucinates a bbox on a normal case, and1184

Pred-with-GT counts items where BreastGPT attempted a bbox on a GT-positive case.1185
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Table 14: BreastGPT (cluster) grounding-IoU decomposition. IoU credits true negatives (TN) as 1.0 and
penalises false positives (FP) as 0. Pred-with-GT counts items where BreastGPT attempted a bbox on a GT-
positive case; N is the total number of items.

Modality IoU (%) TN FP Pred-with-GT N

BUS 79.59 0 0 1000 1000
CT 5.12 33 70 333 510
Mammo 23.14 0 2 998 1000
MRI 33.49 108 60 202 400

F.6 Inference Efficiency Analysis1186

We profile the actual cost of running BreastGPT on the histopathology WSI subset of BreastStage-1187

Bench at different token budgets k, including a no-limit baseline that disables the selector and1188

feeds every patch token of the slide into the LLM. Protocol: bf16, batch size 1, 5 warm-up +1189

30 timed forward passes, on a single GPU. Latency is measured with torch.cuda.Event and1190

torch.cuda.synchronize() so that timing reflects the actual GPU execution rather than asyn-1191

chronous launches. Selector latency is the wall-clock time inside the greedy coverage routine; prefill1192

latency is the first-token forward through the LLM after selection; total latency is selector + prefill.1193

Table 15: Inference efficiency of BreastGPT (cluster) on a representative histopathology WSI (5,987 patches
before selection). “LLM in. tok.” is the total LLM input length after selection (visual k tokens plus prompt). The
“no limit” row sets k above the patch count, effectively disabling the selector and feeding every patch token to
the LLM.

k LLM in. tok. Prefill (ms) Selector (ms) Decode (ms/tok) Total (ms) Peak Mem (GB)

1 145 57.9 0.4 42.6 58.2 16.96
8 152 67.3 0.9 45.9 68.2 16.96

16 160 78.1 1.5 50.4 79.6 16.96
32 176 89.4 2.6 48.0 91.9 16.96
64 208 123.1 4.8 54.5 127.9 16.96
128 272 191.4 9.3 68.2 200.6 16.97
256 400 328.4 18.2 95.5 346.6 16.97
512 656 605.7 36.1 150.7 641.8 16.98

no limit 5,144 5,512.6 — 1,129.5 6,545.7 17.95

Three observations follow from these numbers; the per-stage latency breakdown is plotted in main-1194

paper Fig. 4. (i) Prefill and decode scale roughly linearly with k. From k=1 to k=512 the LLM input1195

length grows from 145 to 656 tokens, and prefill grows in step from 57.9 to 605.7 ms; decode time1196

per output token grows from 42.6 to 150.7 ms, since the KV-cache that each new token must attend1197

to also lengthens with k. The chosen k=128 costs 191 ms of prefill, 3.2× less than k=512, at >99%1198

of its task quality. (ii) Without selection, the LLM forward dominates the entire pipeline. The no-limit1199

baseline raises the LLM input to 5,144 tokens; prefill jumps to 5.5 s and per-token decode to 1.1 s,1200

for a total of 6.5 s per question—about 33× slower than k=128 on the same slide. The selector itself1201

only takes 1.0 s in this regime, so the cost saved is overwhelmingly LLM-side, exactly as expected for1202

a method that compresses the LLM input. (iii) Memory grows slowly under selection and jumps only1203

at no limit. Peak GPU memory rises from 16.96 GB at k=1 to 16.98 GB at k=512 and then to 17.951204

GB without selection, a ∼1 GB jump that scales with the LLM input length. BreastGPT therefore1205

runs on a single 24 GB GPU at any selected budget; the no-limit configuration would exceed that1206

envelope on larger slides.1207

G Detailed Ablation Results1208

G.1 Numerical Results for WSI Branch Ablation1209

Table 16 reports an internal design ablation of the GigaPixel branch, complementary to the Qwen3-VL1210

(SFT, 32-patch WSI) baseline reported in the main paper. This ablation isolates the contribution of1211

each subcomponent inside the GigaPixel branch itself: average pooling loses spatial heterogeneity,1212
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truncation ignores sparse diagnostic regions, V-V-only selection may miss query-relevant evidence,1213

and T-V-only selection may overfocus on a small salient region.1214

Table 16: Numerical results for WSI branch ablation study on histopathology tasks.
Configuration Closed Acc (%) Caption BERT Caption BLEU Caption R-1

CONCH only (avg pool) 52.3 0.78 0.012 0.185
CONCH + LongNet (truncate) 61.8 0.82 0.024 0.214
CONCH + LongNet + V-V only 68.4 0.85 0.031 0.238
CONCH + LongNet + T-V + V-V (full) 72.2 0.88 0.038 0.267

The results demonstrate that each component contributes incrementally. LongNet contextualization1215

improves closed-ended accuracy by 9.5 points over average pooling, showing that slide-level context1216

is essential for WSI reasoning. Adding V-V coverage gains another 6.6 points, indicating that global1217

representativeness matters beyond sequential context aggregation. Incorporating T-V coverage yields1218

the final 3.8-point improvement, confirming that clinical-query alignment is necessary once the1219

selector is asked to compress the slide into a very small token budget.1220

G.2 Numerical Results for Visual Token Budget Sweep1221

Tables 17 and 18 provide the complete numerical breakdown of the visual token budget sweep1222

summarized in Figure 5. We sweep k ∈ {1, 8, 16, 32, 64, 128, 256, 512} and report performance1223

on every modality and every task type in BreastStage-Bench: VQA (closed- and open-ended)1224

across screening, diagnosis, and treatment stages, as well as caption and report generation. This is1225

intentionally exhaustive so that the operating-point choice (k=128) used throughout the main paper1226

can be audited per-modality, not only on histopathology.1227

Table 17: Token budget sweep on the VQA task across screening, diagnosis, and treatment stages, under
closed-ended and open-ended settings. “Histo.” denotes histopathology.

Screen Diagnosis Treatment

Token closed open closed open closed open

BUS CT Mammo MRI BUS CT MRI BUS Mammo MRI BUS MRI MRI Histo. MRI Histo.

1 60.21 78.79 43.41 72.38 91.84 95.66 94.80 51.06 48.80 65.39 87.82 94.63 40.48 66.63 89.63 56.82
8 75.32 78.43 60.43 80.95 93.76 94.89 95.47 69.94 64.41 70.28 90.53 94.99 46.83 71.25 89.22 63.78

16 84.04 77.70 72.88 81.43 95.41 94.83 95.83 75.26 67.42 78.32 92.02 95.26 59.52 71.01 89.67 66.12
32 86.17 77.70 74.05 85.24 95.80 95.03 95.58 76.86 68.92 81.29 93.08 95.71 62.70 71.01 89.96 66.53
64 86.81 76.73 74.69 83.81 95.96 95.48 95.58 77.66 68.77 81.12 92.94 95.72 61.11 71.13 89.95 66.08
128 86.81 77.21 75.00 82.86 95.97 95.29 95.48 77.13 68.32 81.12 93.24 95.72 61.11 71.38 89.93 63.80
256 86.81 76.73 74.05 82.38 95.97 95.51 95.75 77.13 68.02 81.29 93.24 95.61 59.52 71.01 89.97 66.05
512 86.81 77.58 74.47 81.90 95.96 95.70 95.65 77.13 68.32 82.69 93.23 95.67 57.14 71.50 89.89 64.58

Table 18: Token budget sweep on the caption and report generation tasks. “Wtd” denotes the weighted average
of BERT-F1, BLEU, and ROUGE-1. The “IoU” column reports the Ground Caption task (lesion-grounded
captioning), which is only defined for the modalities with bounding-region annotations.

Caption Report

Token BUS CT Mammo Histopathology MRI

BERT-F1 BLEU R-1 Wtd IoU BERT-F1 BLEU R-1 Wtd IoU BERT-F1 BLEU R-1 Wtd IoU BERT-F1 BLEU R-1 Wtd BERT-F1 BLEU R-1 Wtd IoU

1 92.77 36.61 61.89 71.01 1.50 93.90 38.01 65.46 72.83 4.90 93.77 38.35 64.75 72.66 0.85 83.86 18.23 32.70 54.67 89.85 26.01 54.91 65.15 24.52
8 94.08 45.79 69.41 75.84 20.00 93.70 37.27 64.40 72.28 4.91 94.20 44.52 67.53 75.11 2.13 88.34 40.47 53.35 67.63 90.09 27.27 55.43 65.71 24.72

16 94.63 50.24 72.44 77.99 40.88 93.77 38.18 64.69 72.61 4.93 94.67 49.48 69.88 77.18 5.00 88.04 39.57 50.99 66.66 90.37 28.82 56.52 66.51 25.41
32 94.90 52.21 73.85 78.97 63.04 93.88 38.92 65.34 73.01 4.93 94.72 50.04 70.03 77.38 12.52 87.82 37.51 49.98 65.79 90.50 30.07 57.47 67.13 26.17
64 94.94 52.71 74.23 79.21 76.76 93.89 40.89 65.89 73.65 5.03 94.73 50.35 70.05 77.46 18.37 88.15 39.50 51.81 66.91 90.58 30.90 58.11 67.53 28.55
128 94.97 52.91 74.42 79.32 79.59 93.76 39.81 65.30 73.16 5.12 94.75 50.74 70.31 77.64 23.14 88.12 39.61 51.25 66.78 90.61 31.24 58.24 67.67 33.49
256 95.00 53.48 74.55 79.51 80.33 93.73 39.41 65.24 73.03 5.03 94.84 51.57 70.91 78.04 23.06 88.00 37.67 50.14 65.96 90.59 31.16 58.09 67.60 29.64
512 94.98 53.10 74.45 79.38 80.36 93.79 39.96 65.61 73.29 5.02 94.80 51.11 70.69 77.85 23.10 87.58 34.94 47.98 64.53 90.62 31.21 58.29 67.68 29.52

Two patterns hold consistently across modalities. (i) Performance saturates at k=128. On VQA1228

closed-ended screening, BUS reaches its plateau at k=64 (86.81%) and stays flat through k=512;1229

CT, Mammo, and MRI similarly fluctuate within ±1 point past k=64. On caption generation, the1230

weighted score on BUS rises from 71.01 at k=1 to 79.32 at k=128 and gains only 0.06 points by1231
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k=512; Mammo gains only 0.21 points from 128 to 512. On open-ended VQA, all six (modality,1232

stage) cells are within 0.5 points of their maximum by k=128. (ii) The ground caption task needs a1233

minimum number of tokens. BUS ground caption IoU jumps from 1.50 at k=1 to 79.59 at k=1281234

before plateauing, and Mammo ground caption IoU from 0.85 to 23.14. This indicates that a single1235

coverage-selected token is insufficient to anchor a lesion bounding region, but k=128 already recovers1236

most of the IoU achievable at k=512. The 128-token budget therefore gives BreastGPT the same1237

downstream inference cost on radiology and pathology while staying on the saturation plateau of1238

every metric we measure.1239

H Qualitative Analysis and Case Studies1240

H.1 Role-Switching Examples1241

We present representative examples demonstrating BreastGPT’s ability to adopt different clinical1242

reasoning styles based on stage-specific system prompts. These examples are intended to illustrate1243

the response style induced by the workflow prompts: screening responses emphasize triage and1244

recall decisions, diagnosis responses emphasize lesion characterization and differential diagnosis,1245

and treatment-stage responses emphasize pathology, biomarkers, and therapy-relevant factors.1246

Table 19: Qualitative materials to be inserted in the final supplementary. Each row will be replaced or
accompanied by a visual case figure.

Case type Planned content Figure placeholder

Screening BUS or mammography example showing lesion
triage, BI-RADS prediction, and recall recom-
mendation

[PLACEHOLDER: screening
case figure]

Diagnosis Multiparametric MRI example showing lesion
characterization and cross-sequence reasoning

[PLACEHOLDER: diagnosis
case figure]

Treatment WSI example showing subtype, grade, biomarker,
or treatment-response reasoning

[PLACEHOLDER: treatment
case figure]

Failure case Representative error with explanation of whether
the failure is perceptual, reasoning-related, or
stage-confusion-related

[PLACEHOLDER: failure
case figure]

Example 1: Screening Stage (BUS). System Prompt: the Screening Persona of Figure 9 com-1247

posed with the BUS closed-VQA task instruction.1248

Question: What is the BI-RADS category for this breast ultrasound image?1249

BreastGPT Response: “This breast ultrasound demonstrates a hypoechoic mass with irregular1250

margins and posterior acoustic shadowing in the upper outer quadrant. The lesion measures1251

approximately 1.8 cm in maximum diameter. These features are suspicious for malignancy. I would1252

assign BI-RADS category 4C (high suspicion for malignancy, 50-95% likelihood). Recommendation:1253

Biopsy is indicated for tissue diagnosis.”1254

Example 2: Diagnosis Stage (MRI). System Prompt: the Diagnosis Persona of Figure 9 com-1255

posed with the MRI open-VQA task instruction.1256

Question: Characterize the lesion shown in this multiparametric MRI sequence.1257

BreastGPT Response: “The T1-weighted post-contrast images demonstrate a 2.3 cm irregular1258

enhancing mass in the left breast at 10 o’clock position, 4 cm from the nipple. The lesion exhibits1259

heterogeneous enhancement with rim enhancement pattern on early phase and washout kinetics on1260

delayed phase. DWI shows restricted diffusion (ADC value approximately 0.8 × 10−3 mm2/s). No1261

associated nipple retraction or skin thickening. Axillary lymph nodes appear normal. TNM staging:1262

cT2N0. Differential diagnosis favors invasive ductal carcinoma. Recommend core needle biopsy for1263

histological confirmation and receptor status assessment.”1264

Example 3: Treatment Stage (Histopathology). System Prompt: the Treatment Persona of1265

Figure 9 composed with the histopathology open-VQA task instruction.1266

39



Question: What is the molecular subtype of this breast cancer specimen?1267

BreastGPT Response: “Histopathological examination reveals invasive ductal carcinoma, Notting-1268

ham grade II (tubule formation: 3, nuclear pleomorphism: 2, mitotic count: 2). The tumor cells1269

show strong nuclear staining for estrogen receptor (ER, 90% positive) and progesterone receptor1270

(PR, 70% positive). HER2 immunohistochemistry is negative (0). Ki-67 proliferation index is approx-1271

imately 18%. Based on these findings, the molecular subtype is Luminal A (ER+/PR+/HER2-/low1272

Ki-67). Recommended treatment: Adjuvant endocrine therapy (tamoxifen or aromatase inhibitor).1273

Chemotherapy may be considered based on genomic assay results and clinical risk factors.”1274

These examples demonstrate that BreastGPT adapts its reasoning depth, terminology, and clinical1275

recommendations to match the expected behavior of specialists at each stage. This qualitative1276

behavior complements the role-confusion analysis in the main paper.1277

H.2 Case Analysis1278

To complement the aggregate metrics in Tables 1 and 2, we walk through six representative cases1279

drawn from BreastStage-Bench that span all five modalities and all four task families (closed-ended1280

VQA, open-ended VQA, lesion-grounded captioning, and structured report generation). For each case1281

we show the role-conditioned system prompt that BreastGPT receives at inference time (abbreviated1282

to its lead clause), the user instruction, and the reference output that defines the gold answer for the1283

metrics in the main paper. Together they illustrate the breadth of input formats and reasoning styles a1284

single BreastGPT checkpoint must support.1285

Case 1 – BUS, Screening-stage Closed VQA (vascularity attribute)

System. You are an expert screening breast radiologist. Your clinical focus is on early detection and risk triage across broad populations.
You possess a high sensitivity for identifying subtle abnormalities within varied anatomical backgrounds to determine if further investigation
is warranted. Now, apply your expertise to the following task: Answer the multiple-choice question based on the provided breast ultrasound
image(s). Respond ONLY with the exact option chosen.
User. <image>
Classify the blood flow status: No flow, Mild flow, or Abundant flow?
Options: (A) No flow (B) Abundant flow (C) Mild flow
Answer:
Reference output. (C) Mild flow
Comment. The screening persona drives the model toward a categorical Doppler readout rather than a free-text discussion, and the answer
must come from the schema enum so it can be scored by exact-string accuracy.

Figure 12: Case 1: closed-ended vascularity attribute on a single BUS B-mode frame from BUS-CoT.
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Case 2 – BUS, Screening-stage Open-ended VQA (Doppler description)

System. You are an expert screening breast radiologist. Your clinical focus is on early detection and risk triage across broad populations.
You possess a high sensitivity for identifying subtle abnormalities within varied anatomical backgrounds to determine if further investigation
is warranted. Now, apply your expertise to the following task: Answer the open-ended question based on the provided breast ultrasound
image(s).
User. <image>
Describe the degree of vascularity observed within the lesion on Doppler ultrasound.
Reference output. Mild flow is detected within the lesion.
Comment. The same underlying clinical fact as Case 1 is rewritten into a fluent description; this pair is what allows the weighted
(BERTScore F1, BLEU, ROUGE-1) score to evaluate semantic equivalence rather than exact-string match.

Figure 13: Case 2: open-ended Doppler description on a BUS Doppler frame from BUS-CoT.

Case 3 – BUS, Lesion-grounded Captioning

System. You are an expert breast clinician. Your clinical focus is on comprehensive breast disease assessment and patient-centered clinical
management. You integrate clinical presentation, imaging findings, pathological evidence, risk factors, and treatment considerations to
provide balanced, clinically grounded assessments across the full breast care pathway. Now, apply your expertise to the following task:
Generate a descriptive caption for the provided breast ultrasound image(s). You MUST explicitly ground each mentioned finding with a 2D
bounding box [xmin, ymin, xmax, ymax].
User. <image>
Locate any abnormalities in this breast ultrasound and provide a detailed description of their morphological features.
Reference output. Standard Ultrasound (B-Mode) reveals <ref-object><bbox>. This finding demonstrates microcalcifications
of suspicious morphology and is categorized as BI-RADS 4A, prompting a recall for biopsy or further evaluation. Despite benign
morphological features, the presence of suspicious calcifications elevates concern, though the overall prognosis remains favorable with
routine follow-up.
Comment. The expected output interleaves a 2D bounding box with a narrative description, exercising both spatial localisation (scored by
IoU in Table 2) and BI-RADS-level reasoning (scored by the weighted text metrics).

Figure 14: Case 3: lesion-grounded captioning on a BUS expert-cropped frame from BUS-CoT/BUS-Expert.
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Case 4 – Mammography, Diagnosis-stage Closed VQA (BI-RADS)

System. You are an expert diagnostic breast radiologist. Your clinical focus is on definitive lesion characterization and differential
diagnosis. You rigorously analyze imaging features to separate benign from malignant entities, providing conclusive assessments that
directly guide patient management. Now, apply your expertise to the following task: Answer the multiple-choice question based on the
provided mammogram image(s). Respond ONLY with the exact option chosen.
User. <image>×8
Can you provide the Bi-Rads category for this mammography exam?
Options: (A) Bi-Rads 3 (B) Bi-Rads 6 (C) Bi-Rads 0 (D) Bi-Rads 1 (E) Bi-Rads 2 (F) Bi-Rads 4 (G) Bi-Rads 5
Answer:
Reference output. (D) Bi-Rads 1
Comment. The eight-view input forces multi-image fusion within a single forward pass; the output also illustrates BreastStage’s
commitment to the full BI-RADS 0–6 enum, including the assessment-incomplete category (0) and the established-malignancy category (6)
that purely diagnostic benchmarks frequently omit.

Figure 15: Case 4: BI-RADS classification on an 8-view mammographic exam from EMBED (one view shown).
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Case 5 – Multiparametric MRI, Screening-stage Report Generation

System. You are an expert breast clinician. Your clinical focus is on comprehensive breast disease assessment and patient-centered clinical
management. You integrate clinical presentation, imaging findings, pathological evidence, risk factors, and treatment considerations to
provide balanced, clinically grounded assessments across the full breast care pathway. Now, apply your expertise to the following task:
Generate a comprehensive clinical report based on the provided multi-sequence breast MRI.
User. Breast MRI sequences: ADC: <video>. DWI: <video>. T1: <video>. T1dyn: <video>. T2w: <video>.
Based on the provided breast MRI images, generate a comprehensive and professional MRI report detailing all relevant findings, diagnostic
impression with BI-RADS classification, and appropriate clinical recommendations.
Reference output. Breast MRI Report.
Findings: The bilateral breasts are symmetric in size and contour, with heterogeneously dense (ACR Category C) fibroglandular tissue
and mild background parenchymal enhancement. No architectural distortion or abnormal parenchymal distribution is identified. In the
posteroinferior inner quadrant of the left breast, there is an irregular, spiculated mass measuring approximately 13 mm × 11 mm × 16 mm.
This lesion demonstrates marked early enhancement with washout kinetics and shows restricted diffusion on DWI/ADC sequences. No
additional suspicious enhancing foci are seen in the left or right breast. Bilateral skin thickness is normal, nipples are symmetric without
retraction, and there is no evidence of chest wall invasion. Axillary lymph nodes bilaterally appear morphologically benign without
pathological enlargement. An incidental finding of a simple hepatic cyst is noted in the liver.
Impression: Irregular, markedly enhancing mass in the posteroinferior inner quadrant of the left breast with diffusion restriction, consistent
with known malignancy. BI-RADS 6. Right breast shows no MRI evidence of malignancy. BI-RADS 1. Incidental simple hepatic cyst,
likely benign.
Recommendation: Given the BI-RADS 6 classification, this finding reflects a known or biopsy-proven malignancy. Proceed with definitive
surgical management or neoadjuvant therapy planning as per multidisciplinary consensus. No further diagnostic imaging of the breast is
required for this lesion. The hepatic cyst requires no intervention or follow-up.
Comment. The report task simultaneously requires multi-sequence integration, structured section ordering (Findings → Impression →
BI-RADS → Management), and quantitative descriptors that must be supported by the actual volumes; failures concentrate here in our
Table 2 numbers.

Figure 16: Case 5: comprehensive multiparametric MRI report from FUDAN; mid-slice frames of three of the
five paired sequences shown above.
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Case 6 – Histopathology WSI, Pathology Report Generation

System. You are an expert breast clinician. Your clinical focus is on comprehensive breast disease assessment and patient-centered clinical
management. You integrate clinical presentation, imaging findings, pathological evidence, risk factors, and treatment considerations to
provide balanced, clinically grounded assessments across the full breast care pathway. Now, apply your expertise to the following task:
Generate a concise descriptive caption for the provided breast histopathological image(s).
User. <image>×32
Please generate a comprehensive and professional pathology report based on the provided slide from Breast, including key elements such
as: (1) the histopathological diagnosis, (2) tumor morphology and growth patterns, (3) extent of invasion and involved structures, (4)
lymphovascular or perineural invasion, (5) status of surgical margins, (6) TNM staging if possible, and (7) any additional pathological
findings including non-neoplastic tissue alterations.
Reference output. The pathology findings indicate a diagnosis of infiltrating ductal carcinoma located in the upper outer quadrant of the
left breast. The tumor exhibits a moderately differentiated histologic grade, suggesting an intermediate level of aggression and atypia.
There is grossly evident lesion upon inspection. Importantly, the surgical margins are uninvolved, indicating no residual tumor at the edges
of the excised tissue. Lymph node analysis reveals that all ten axillary lymph nodes examined are negative for metastatic involvement,
suggesting localized disease without regional spread. The Nottingham score, which typically helps in grading the tumor, could not be
determined in this case. Overall, the pathological evaluation supports a moderately aggressive tumor confined to the primary site with no
lymphatic dissemination.
Comment. On gigapixel inputs the GigaPixel branch must compress thousands of patch tokens down to k=128 before the LLM ever
sees them; the section structure of the reference output (diagnosis → grade → margins → nodes → TNM) is exactly what the coverage
selector is asked to preserve.

Figure 17: Case 6: pathology report on a TCGA-BRCA whole-slide image at 20× magnification; 3 of the 32
sampled patches shown above.

What the cases collectively show. The hard cases for BreastGPT cluster around three axes: (1) fine-1286

grained categorical boundaries when the schema admits adjacent values (BI-RADS 3 vs. 4A, Notting-1287

ham grade II vs. III); (2) quantitative predictions that should be supported by an explicit measurement1288

but are inferred from the visual signal alone (ADC values, Ki-67 index); and (3) molecular-biomarker1289

inference (ER/PR/HER2 status) from H&E morphology alone, without paired immunohistochemistry.1290

These observations motivate future work on uncertainty-aware reporting, calibrated abstention on1291

adjacent-category questions, and explicit integration of non-image clinical evidence at inference time.1292
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paper’s contributions and scope?1296

Answer: [Yes]1297

Justification: The abstract and introduction state three concrete contributions—the workflow-1298

aligned BreastStage corpus and BreastStage-Bench benchmark, the unified BreastGPT1299

model with a dual-branch visual encoder, and concept-preserving token compression—1300

together with the headline numbers (75.66% closed-ended VQA, 89.92% open-ended VQA1301

on BreastStage-Bench). Each contribution is realized in a corresponding section (Sections 2–1302

3 of the main paper) and supported by Tables 1, 2 and 9 and the ablations in Sections 4–5.1303

Guidelines:1304

• The answer [N/A] means that the abstract and introduction do not include the claims1305

made in the paper.1306

• The abstract and/or introduction should clearly state the claims made, including the1307

contributions made in the paper and important assumptions and limitations. A [No] or1308

[N/A] answer to this question will not be perceived well by the reviewers.1309

• The claims made should match theoretical and experimental results, and reflect how1310

much the results can be expected to generalize to other settings.1311

• It is fine to include aspirational goals as motivation as long as it is clear that these goals1312

are not attained by the paper.1313

2. Limitations1314

Question: Does the paper discuss the limitations of the work performed by the authors?1315
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• The experimental setting should be presented in the core of the paper to a level of detail1450

that is necessary to appreciate the results and make sense of them.1451

• The full details can be provided either with the code, in appendix, or as supplemental1452

material.1453

7. Experiment statistical significance1454

Question: Does the paper report error bars suitably and correctly defined or other appropriate1455

information about the statistical significance of the experiments?1456

Answer: [No]1457

Justification: We report single-run results because each evaluation cell traverses the full1458

held-out BreastStage-Bench split (10k+ samples per task family), and the cross-model gaps1459

we report (often >20 absolute points between BreastGPT and the best baseline) are an order1460

of magnitude larger than the seed-to-seed variance we observed in pilot runs. Re-training1461

Qwen3-VL-8B with multiple SFT seeds for explicit error bars was not affordable within our1462

compute budget (Supplementary A.4).1463

Guidelines:1464

• The answer [N/A] means that the paper does not include experiments.1465

• The authors should answer [Yes] if the results are accompanied by error bars, confidence1466

intervals, or statistical significance tests, at least for the experiments that support the1467

main claims of the paper.1468

• The factors of variability that the error bars are capturing should be clearly stated (for1469

example, train/test split, initialization, random drawing of some parameter, or overall1470

run with given experimental conditions).1471

• The method for calculating the error bars should be explained (closed form formula,1472

call to a library function, bootstrap, etc.)1473

• The assumptions made should be given (e.g., Normally distributed errors).1474

• It should be clear whether the error bar is the standard deviation or the standard error1475

of the mean.1476

• It is OK to report 1-sigma error bars, but one should state it. The authors should1477

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis1478

of Normality of errors is not verified.1479

• For asymmetric distributions, the authors should be careful not to show in tables or1480

figures symmetric error bars that would yield results that are out of range (e.g., negative1481

error rates).1482

• If error bars are reported in tables or plots, the authors should explain in the text how1483

they were calculated and reference the corresponding figures or tables in the text.1484

8. Experiments compute resources1485

Question: For each experiment, does the paper provide sufficient information on the com-1486

puter resources (type of compute workers, memory, time of execution) needed to reproduce1487

the experiments?1488

Answer: [Yes]1489

Justification: Supplementary A.4 reports compute used for both training (Stage-1 + Stage-1490

2 SFT on multi-node H100 clusters) and inference (single-GPU profiling). Inference1491

latency, prefill cost, and peak GPU memory at every visual-token budget k are tabulated in1492

Table 15, and training hyperparameters (optimizer, schedule, batch size, max_length) are1493

in Supplementary D.4.1494

Guidelines:1495

• The answer [N/A] means that the paper does not include experiments.1496

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,1497

or cloud provider, including relevant memory and storage.1498

• The paper should provide the amount of compute required for each of the individual1499

experimental runs as well as estimate the total compute.1500

• The paper should disclose whether the full research project required more compute1501

than the experiments reported in the paper (e.g., preliminary or failed experiments that1502

didn’t make it into the paper).1503
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9. Code of ethics1504

Question: Does the research conducted in the paper conform, in every respect, with the1505

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?1506

Answer: [Yes]1507

Justification: We have reviewed the NeurIPS Code of Ethics. All clinical data is de-identified1508

at the source and used under the existing data-use agreements of the contributing public1509

datasets and partner hospitals (Supplementary A.2); no new human subjects were recruited1510

for this work; expert audit work (Supplementary E.3) is performed by board-certified1511

clinicians as part of an existing professional collaboration. Dual-use considerations and a1512

research-only release stance are discussed in the broader-impacts section.1513

Guidelines:1514

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of1515

Ethics.1516

• If the authors answer [No], they should explain the special circumstances that require a1517

deviation from the Code of Ethics.1518

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-1519

eration due to laws or regulations in their jurisdiction).1520

10. Broader impacts1521

Question: Does the paper discuss both potential positive societal impacts and negative1522

societal impacts of the work performed?1523

Answer: [Yes]1524

Justification: The Conclusion / Limitations and Supplementary A.3 discuss positive impacts1525

(workflow-aware second-opinion support across the breast-cancer continuum, particularly in1526

regions without dense specialist coverage) and negative impacts (over-reliance on model out-1527

puts without expert review, inherited demographic biases of the contributing public cohorts,1528

and the general dual-use risk of releasing a clinical-domain MLLM). Mitigations include1529

the research-only license attached to the release, a dataset card documenting demographic1530

coverage gaps, and the explicit disclaimer against autonomous clinical use.1531

Guidelines:1532

• The answer [N/A] means that there is no societal impact of the work performed.1533

• If the authors answer [N/A] or [No], they should explain why their work has no societal1534

impact or why the paper does not address societal impact.1535

• Examples of negative societal impacts include potential malicious or unintended uses1536

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations1537

(e.g., deployment of technologies that could make decisions that unfairly impact specific1538

groups), privacy considerations, and security considerations.1539

• The conference expects that many papers will be foundational research and not tied1540

to particular applications, let alone deployments. However, if there is a direct path to1541

any negative applications, the authors should point it out. For example, it is legitimate1542

to point out that an improvement in the quality of generative models could be used to1543

generate Deepfakes for disinformation. On the other hand, it is not needed to point out1544

that a generic algorithm for optimizing neural networks could enable people to train1545

models that generate Deepfakes faster.1546

• The authors should consider possible harms that could arise when the technology is1547

being used as intended and functioning correctly, harms that could arise when the1548

technology is being used as intended but gives incorrect results, and harms following1549

from (intentional or unintentional) misuse of the technology.1550

• If there are negative societal impacts, the authors could also discuss possible mitigation1551

strategies (e.g., gated release of models, providing defenses in addition to attacks,1552

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from1553

feedback over time, improving the efficiency and accessibility of ML).1554

11. Safeguards1555
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Question: Does the paper describe safeguards that have been put in place for responsible1556

release of data or models that have a high risk for misuse (e.g., pre-trained language models,1557

image generators, or scraped datasets)?1558

Answer: [Yes]1559

Justification: The released BreastGPT checkpoint is gated by a research-only license stipu-1560

lating that the model is not for autonomous clinical decision-making, and the model card1561

(Supplementary A.5) ships an explicit disclaimer to that effect. Raw clinical images are1562

released only via the access-controlled provenance routes of the underlying datasets (we1563

redistribute only derived QA annotations and structured records); the dataset card addition-1564

ally documents demographic and modality-coverage gaps so downstream users can avoid1565

out-of-distribution deployment.1566

Guidelines:1567

• The answer [N/A] means that the paper poses no such risks.1568

• Released models that have a high risk for misuse or dual-use should be released with1569

necessary safeguards to allow for controlled use of the model, for example by requiring1570

that users adhere to usage guidelines or restrictions to access the model or implementing1571

safety filters.1572

• Datasets that have been scraped from the Internet could pose safety risks. The authors1573

should describe how they avoided releasing unsafe images.1574

• We recognize that providing effective safeguards is challenging, and many papers do1575

not require this, but we encourage authors to take this into account and make a best1576

faith effort.1577

12. Licenses for existing assets1578

Question: Are the creators or original owners of assets (e.g., code, data, models), used in1579

the paper, properly credited and are the license and terms of use explicitly mentioned and1580

properly respected?1581

Answer: [Yes]1582

Justification: All public datasets reused in BreastStage (CT-RATE, BUS-CoT, EMBED,1583

public histopathology slide collections, etc.) and pretrained backbones (Qwen3-VL-8B,1584

CONCHv1.5, LongNet) are cited at first use and used under their respective listed licenses1585

(research-only or CC-BY variants); we redistribute only derived QA annotations and struc-1586

tured records, not raw images that are subject to a more restrictive license. Per-asset license,1587

version, and access route are listed in Supplementary C.1 and D.1.1588

Guidelines:1589

• The answer [N/A] means that the paper does not use existing assets.1590

• The authors should cite the original paper that produced the code package or dataset.1591

• The authors should state which version of the asset is used and, if possible, include a1592

URL.1593

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.1594

• For scraped data from a particular source (e.g., website), the copyright and terms of1595

service of that source should be provided.1596

• If assets are released, the license, copyright information, and terms of use in the1597

package should be provided. For popular datasets, paperswithcode.com/datasets1598

has curated licenses for some datasets. Their licensing guide can help determine the1599

license of a dataset.1600

• For existing datasets that are re-packaged, both the original license and the license of1601

the derived asset (if it has changed) should be provided.1602

• If this information is not available online, the authors are encouraged to reach out to1603

the asset’s creators.1604

13. New assets1605

Question: Are new assets introduced in the paper well documented and is the documentation1606

provided alongside the assets?1607

Answer: [Yes]1608
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Justification: We release three new assets: (i) BreastStage (1.86M instruction-following1609

pairs over 136 task templates), (ii) BreastStage-Bench (held-out evaluation split), and (iii)1610

the BreastGPT model checkpoint with its prompt library. All three are accessible through1611

an anonymous repository at https://anonymous.4open.science/r/BreastGPT. Doc-1612

umentation includes a dataset card (source datasets, demographic and modality coverage,1613

structured-record schema, four-stage curation pipeline, expert validation results), a model1614

card with the research-only usage statement, and per-template prompt files; pointers are1615

summarised in Supplementary A.5.1616

Guidelines:1617

• The answer [N/A] means that the paper does not release new assets.1618

• Researchers should communicate the details of the dataset/code/model as part of their1619

submissions via structured templates. This includes details about training, license,1620

limitations, etc.1621

• The paper should discuss whether and how consent was obtained from people whose1622

asset is used.1623

• At submission time, remember to anonymize your assets (if applicable). You can either1624

create an anonymized URL or include an anonymized zip file.1625

14. Crowdsourcing and research with human subjects1626

Question: For crowdsourcing experiments and research with human subjects, does the paper1627

include the full text of instructions given to participants and screenshots, if applicable, as1628

well as details about compensation (if any)?1629

Answer: [N/A]1630

Justification: We do not employ crowdworkers and do not recruit new human subjects.1631

The only human input to dataset construction is the breast-specialist audit described in1632

Supplementary E.3, performed by board-certified clinicians within an existing professional1633

collaboration with the project; no compensation beyond their normal employment is pro-1634

vided. The audit instructions and per-dimension rubric are documented in that section.1635

Guidelines:1636

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1637

with human subjects.1638

• Including this information in the supplemental material is fine, but if the main contribu-1639

tion of the paper involves human subjects, then as much detail as possible should be1640

included in the main paper.1641

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1642

or other labor should be paid at least the minimum wage in the country of the data1643

collector.1644

15. Institutional review board (IRB) approvals or equivalent for research with human1645

subjects1646

Question: Does the paper describe potential risks incurred by study participants, whether1647

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1648

approvals (or an equivalent approval/review based on the requirements of your country or1649

institution) were obtained?1650

Answer: [Yes]1651

Justification: The clinical multiparametric MRI cohort contributed by the partner hospitals1652

is used under the institutional IRB approvals on file at those institutions, all images are1653

de-identified at the source, and participants gave written informed consent for research use1654

of their imaging at original collection time. Public datasets reused (CT-RATE, BUS-CoT,1655

EMBED, etc.) are governed by their published data-use agreements. To preserve anonymity1656

for review, the partner-institution IRB protocol numbers are withheld in this submission and1657

will be disclosed in the camera-ready version (Supplementary A.2).1658

Guidelines:1659

• The answer [N/A] means that the paper does not involve crowdsourcing nor research1660

with human subjects.1661
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• Depending on the country in which research is conducted, IRB approval (or equivalent)1662

may be required for any human subjects research. If you obtained IRB approval, you1663

should clearly state this in the paper.1664

• We recognize that the procedures for this may vary significantly between institutions1665

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1666

guidelines for their institution.1667

• For initial submissions, do not include any information that would break anonymity (if1668

applicable), such as the institution conducting the review.1669

16. Declaration of LLM usage1670

Question: Does the paper describe the usage of LLMs if it is an important, original, or1671

non-standard component of the core methods in this research? Note that if the LLM is used1672

only for writing, editing, or formatting purposes and does not impact the core methodology,1673

scientific rigor, or originality of the research, declaration is not required.1674

Answer: [Yes]1675

Justification: LLMs are a non-standard component of our dataset-construction methodology1676

and are explicitly declared. Qwen2.5-VL-72B serves as a modality-specific quality-control1677

agent and visual-attribute extractor whenever a decision requires looking at the image;1678

Qwen3-Max performs Chinese-to-English report parsing, structured-record-to-open-VQA1679

rewriting, ground-caption synthesis, and report drafting under strict JSON output schemas.1680

The full LLM persona library, prompt templates, and assembly rule are documented in1681

Supplementary C.2 and Supplementary A.1. BreastGPT itself is initialized from Qwen3-1682

VL-8B-Instruct, which is also disclosed.1683

Guidelines:1684

• The answer [N/A] means that the core method development in this research does not1685

involve LLMs as any important, original, or non-standard components.1686

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not1687

be described.1688
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