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Abstract

Volumetric medical VQA requires reasoning
over long and redundant 3D visual token se-
quences, especially in multi-sequence MRI
where complementary modalities provide di-
verse diagnostic cues but expose the decoder
to many repeated anatomical regions. To in-
vestigate reasoning under multi-sequence vi-
sual redundancy, we first introduce BreMRIs-
VQA, a clinically curated breast MRI bench-
mark with 1.19M QA pairs from 71.0K se-
quences and 12.9K patients, covering both free-
text and multiple-choice questions. We fur-
ther propose SeVeR, a selective visual exposure
framework that compresses dense volumes into
modality-wise prototypes and retrieves com-
plementary multi-level evidence with change-
aware gated attention during decoding, trained
with a marginal-utility self-consistency objec-
tive that suppresses unhelpful retrieval. Exper-
iments on BreMRIs-VQA and public bench-
marks show that SeVeR improves both discrim-
inative and generative performance while ex-
posing substantially fewer visual tokens.

1 Introduction

Medical Visual Question Answering (VQA) is
evolving from recognition in single images to an-
swering clinically grounded queries over complex
imaging studies (Li et al., 2023; Lin et al., 2025;
Xu et al., 2025; Liu et al., 2026). This challenge is
particularly pronounced in volumetric MRI, where
diagnosis depends on integrating complementary
evidence across multiple sequences. For exam-
ple, a lesion with suspicious enhancement on dy-
namic contrast-enhanced MRI may be interpreted
differently after considering its T2-weighted sig-
nal and diffusion restriction pattern (Minhas and
Oliver, 2022). Therefore, an effective medical
VQA model needs to integrate complementary evi-
dence distributed across multi-sequence 3D images.
However, existing methods (Hamamci et al., 2024;

Wau et al., 2025) still predominantly rely on single-
modal inputs, overlooking the complementary in-
teractions inherent in multi-sequence MRI.

In this paper, we try to advance existing single-
modality-based medical VQA methods to the multi-
modal scenario, allowing a better alignment with
clinical practice. To this end, two challenges have
emerged: 1) Scarcity of multi-modality-based med-
ical VQA datasets: due to the inherent inaccessi-
bility of medical data and the requirement for clin-
ical expertise in designing multi-modality based
question-answer (QA) pairs, existing medical VQA
datasets (Gai et al., 2025; Chen et al., 2025b), typi-
cally contain only single-modal image and thus fea-
ture relatively limited types of QA pairs; 2) Redun-
dant visual exposure: in multi-modal scenario, im-
ages of different modalities contain complementary
diagnostic signals while simultaneously sharing ex-
tensive common regions, leading to the challenge
of signal dilution (Chen et al., 2024; Bolya et al.,
2023; Yang et al., 2025b), i.e., salient findings in
one single modality may be overwhelmed by repet-
itive background patterns of all other modalities.

To tackle the data challenge, we first built
BreMRIs-VQA, a large-scale, clinically curated
multi-modal medical VQA benchmark dataset. We
collected 71.0K breast MRI sequences from a co-
hort of 12.9K patients, where each contains at least
3 different MRI modalities, paired with a radiol-
ogy report and a pathology report verified by two
radiologists. Then, we design a QA generation
pipeline consisting of multi-stage extraction, task
construction, paraphrasing, and validation, which
enables BreMRIs-VQA to contain 1.19M VQA
pairs, including 671.6K free-text pairs and 515.1K
multiple-choice pairs. The benchmark covers seven
workflow-grounded task groups, enabling evalua-
tion of both generative reasoning and discrimina-
tive clinical decision making. Fig. 1 (a) illustrates
the number of 6 MRI modalities (T1-STIR, T1w,
DCE, T2w, DWI and ADC) included the dataset,
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Answer: The patient's BI-RADS category is 4A for the left
breast and 3 for the right breast.
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Figure 1: Overview of the BreMRIs-VQA benchmark and the proposed SeVeR. (a—b) BreMRIs-VQA contains 6
MRI modalities and 7 categories of clinical tasks derived from 1.19M QA pairs. (c¢) Architecture of SeVeR, which
integrates Greedy Prototype Selection, Change-aware Gated Attention, and Self-Consistency Regularization. (d—e)
SeVeR’s superior performance in multiple-choice and free-text generation tasks.

while Fig. 1 (b) depicts totally 7 VQA task cate-
gories ranging from fine-grained lesion characteri-
zation to holistic diagnosis.

We further propose SeVeR, a selective visual
exposure framework for multi-sequence medical
VQA, as shown in Fig. 1 (¢). SeVeR first applies
Greedy Prototype Selection (GPS) to compress
dense volumetric tokens into compact modality-
wise prototypes that preserve global coverage
while suppressing repeated visual content. Since
fixed prototypes may miss question-specific details,
SeVeR maintains a multi-level feature bank and
uses Change-aware Gated Attention (CaGA) to re-
trieve complementary evidence during decoding.
This design separates two roles: GPS provides a
compact visual memory before decoding, while
CaGA performs question-dependent evidence re-
trieval through the language-conditioned decoder
states. To avoid degenerate always-on retrieval,
we introduce Self-Consistency Regularization with
Marginal Utility (SCR-MU), which penalizes re-
trieval when it fails to improve task loss over a
retrieval-disabled baseline. Figs. 1 (d) and (e)
provide an overview of the resulting gains across
multiple-choice and free-text clinical tasks.

Our contributions are threefold. First, we intro-
duce BreMRIs-VQA, a large-scale multi-sequence

breast MRI VQA benchmark with workflow-
grounded free-text and multiple-choice questions
from expert verified clinical reports. Second,
we propose SeVeR, which initially selects com-
pact representative visual prototypes and dynam-
ically retrieves fine-grained evidence via change-
aware attention gates with a marginal-utility self-
consistency objective that prevents collapsing to
trivial behaviors. Finally, extensive experiments on
BreMRIs-VQA and public 3D benchmarks validate
the effectiveness of the proposed framework across
discriminative and generative tasks.

2 BreMRIs-VQA

Existing medical VQA datasets are dominated by
single-modality settings, limiting evaluation of
multi-sequence clinical reasoning. To address this
gap, BreMRIs-VQA is built from 71,041 breast
MRI sequences of 12,891 patients, with at least
three sequences per patient and heterogeneous
availability across six MRI modalities: T1w, T1-
STIR, T2w, DWI, ADC, and DCE. Fig. 1(a) sum-
marizes the modality distribution. These imaging
studies are paired with clinical-expert-verified radi-
ology and pathology reports, which provide the
evidence sources for QA construction. The re-
leased benchmark contains 1,186,726 volumetric
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Figure 2: Dataset construction pipeline. The top-right pie chart depicts hierarchical clinical attribute distribution.

QA pairs, including 671,596 free-text and 515,130
multiple-choice pairs, spanning seven workflow-
grounded tasks. Evaluation uses the case-level held-
out split detailed in Appendix A. Ethics, privacy,
and governance are reported in Appendix E.

2.1 Dataset Construction

We build BreMRIs-VQA with a three-stage LLM-
assisted but evidence-constrained pipeline (Fig. 2),
where the LLM never invents clinical facts from
images but only structures expert-verified reports
and diversifies report-grounded questions.

Stage I: Structured extraction. We use Qwen3-
max (Yang et al., 2025a) with clinician-designed
prompts to normalize radiology and pathology re-
ports into a JSON schema with a closed clini-
cal vocabulary (e.g., FGT € {A,B,C,D}), cover-
ing breast-level findings, lesion attributes, multi-
sequence imaging signals, BI-RADS-related fac-
tors, and pathology. Fields not mentioned in the
report are set to null, and schema-invalid or out-
of-vocabulary outputs are discarded before ques-
tion generation. Full schemas and prompts are in
Appendix A.2.

Stage II: Question generation. We instantiate
questions from deterministic clinician-designed
templates, each tied to a source key, answer
space, and task label. The templates cover seven
workflow-grounded tasks: global background as-

sessment, lesion detection/localization, morpholog-
ical characterization, multi-modal functional rea-
soning, local invasion/nodal reasoning, holistic di-
agnosis, and pathology prediction. This organiza-
tion supports capability-specific evaluation while
preserving clinical interpretability. Full templates
and key—task mappings are in Appendix B.

Stage III: Paraphrasing and filtering. To im-
prove linguistic robustness, we use Qwen3-max to
diversify template-generated questions, after the
source key, answer label, and answer space have
already been fixed by deterministic templates. This
step does not create new clinical facts or change
supervision labels. Each candidate is re-bound to
its template and rejected if it queries a different
attribute, leaks the gold answer or its synonyms
(e.g., “BI-RADS 4A” <> “category 4A”) into the
question, or maps the answer outside the prede-
fined answer space. Surviving paraphrases inherit
the original label verbatim.

2.2 Quality Control and Verification

To ensure factual grounding, each QA pair is scored
by Qwen3-Coder-Plus on factual consistency, clini-
cal validity, and overall report support, and candi-
dates with weak support are discarded or escalated
for manual review. In parallel, radiologists audit
3,500 stratified QA pairs (500 per task) for answer—
evidence pass rate. The retained set achieves an
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Figure 3: Overview of SeVeR. Multi-modal 3D volumes are first encoded into dense tokens via a shared 3D ViT.
The Greedy Prototype Selector (GPS) distills redundant tokens into compact prototypes using global affinity to
preserve broad visual coverage. Change-aware Gated Attention (CaGA) dynamically injects multi-level features
from a bank during decoding, using language-conditioned decoder states to retrieve complementary evidence.

average overall score of 2.85/3 and a 97.5% expert
pass rate across tasks (Table 10), and a closed-form
answer-leakage filter further removes paraphrases
whose question reveals the gold answer or its clini-
cal synonyms. Full protocols are in Appendix B.3.

3 Method

For each patient, we consider a set of multi-modal
3D medical image volumes, denoted as {V™}M_,
where each V™ € RZ*HXW represents a distinct
imaging modality. We first encode the 3D vol-
ume of each modality independently using a shared
3D Vision Transformer. After flattening along
the spatial dimensions, we get a dense token set
{Xm ¢ REm*dIM_ " where L, represents the
number of patches in the m-th modality.

3.1 Greedy Prototype Selector

As illustrated in Fig. 3, processing all visual to-
kens from multi-sequence volumes leads to redun-
dant visual exposure. We therefore use a Greedy
Prototype Selector (GPS) to initialize a compact
question-agnostic visual memory for each modality,
preserving broad coverage of the modality-specific
feature manifold under a small token budget. Un-
like MMTok (Dong et al., 2026b), where cover-
age maximization serves as a standalone token se-
lection strategy, GPS in SeVeR only prepares the
visual candidate space. Specifically, we first {5-
normalize all token features in the m-th modality
X™ to obtain {if}f:ml and compute the pairwise
affinity matrix A, where A7} = (x}") "7

i J
A temperature-scaled row-wise softmax is then

applied to yield the normalized affinity matrix:
exp(A?; /Tv)
Lo exp(AT /70)]

where 7, controls the sharpness of the affinity distri-
bution. To prevent self-dominance during selection,
we set the diagonal elements A7 = —oo. With this
affinity map, we can identify a compact subset of
tokens that effectively covers the modality-specific
feature manifold. First, we define the coverage
score of a candidate subset S™ C X™ as

Lm

Am
max A;7.

A7 = (1)

F(5™X™) =

Lm : JjeS
=1

2

Then, we get k (k < L,,,) prototypes for the m-th
modality via:
S™* = argmax f(S™, X™)
smcxm
s.t. [S™] = k.

3)

which is solved with a classical greedy algo-
rithm (Jungnickel, 1999) (detailed procedure in
Appendix F.1). Intuitively, GPS selects k repre-
sentative tokens whose affinity coverage is high
for the full modality-specific token set. To enable
end-to-end training of the upstream visual features
that shape A, we route gradients through a straight-
through estimator. The detailed greedy procedure
and straight-through estimator formulation are pro-
vided in Appendix F.1 and F.2. To preserve posi-
tional information, we add a learnable embedding
to each selected prototype:

H™ = S™* 4+ Embed(pos) 4
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where pos is the original token indices of the se-
lected tokens within X",

3.2 Change-aware Gated Attention

GPS provides a compact visual initialization in a
question-agnostic manner, but it does not decide
which evidence is relevant to the current question.
To perform question-conditioned evidence selec-
tion, we further maintain a multi-level feature bank
B={V* 5:“1’ where V¢ denotes the visual embed-
dings from the ¢-th layer of the vision encoder and
L, is a subset of the whole vision encoder. During
decoding, CaGA uses language-conditioned hidden
states to retrieve complementary visual evidence
from B. Specifically, at the ¢-th layer in the de-
coder, we compute a change-aware gated attention
module from the layer-to-layer update.

Let H; denote the hidden states after the t-th
decoder layer, where Hy = concat/H";T|m =
1,..., M], i.e., the first layer of the decoder takes the
concatenation of GPS-initialized prototypes from
all modalities and the question tokens 7" as input.
Then, we measure the mean cosine similarity be-
tween consecutive layers

N
. 1
simy = = > cos(hyn, b))

n=1

where hy ,, is the n-th token in H;, and N is the
number of tokens. To inject multi-level cues only
when needed and to avoid always-on retrieval, we
map this similarity to a scalar gate defined as

gt = o((simy — 7) - 5), (6)

where 7 is a threshold and s controls the sharpness,
o denotes the sigmoid function. Finally, we update
the visual token states by gated fusion:

Hy < (1—g;) Hy + g Hy, (N
H, = CrossAttn(Hy, V;), 8)

where V; is the bank feature used at layer ¢.

3.3 Marginal-Utility Regularization

Layer-wise retrieval can collapse to trivial always-
on or always-off behavior without explicit super-
vision. Our goal is to train the gate to activate re-
trieval only when it improves task performance. To
achieve this, we run a retrieval-enabled pass with
task loss L, and a retrieval-disabled pass (setting
g+ — 0) with loss Lg;s. The disabled branch is
treated as a stop-gradient baseline.

To penalize cases where retrieval fails to improve
over the disabled baseline, we designed Marginal-
utility loss with a soft margin §:

Ly = softplus(Ley —stopgrad(Lagis) +9). (9)

This term is near zero when retrieval yields a lower
loss than the baseline by at least §, and increases
otherwise. The final objective is:

L= Len+ B L+ R, (10)
where R = 1 x 10~* is a small numerical-stability
constant to prevent zero-loss solutions.

4 Experiment

4.1 Experimental Setup

We report multiple-choice accuracy and free-text
BLEU (Papineni et al., 2002), ROUGE-L (Lin,
2004), and BERTScore (Zhang et al., 2019) across
all benchmarks. Baselines span three categories:
general MLLMs (Qwen3-VL (Bai et al., 2025a),
Qwen2.5-VL (Bai et al., 2025b)), large medical
VLMs (HuLu-Med (Jiang et al., 2025a), Ling-
shu (Xu et al., 2025), OmniV (Jiang et al., 2025b)),
and 3D-specific models (M3D (Bai et al., 2024),
Merlin (Blankemeier et al., 2026), RadFM, CT-
CHAT), evaluated in zero-shot and fine-tuned set-
tings. Implementation details are in Appendix G.

4.2 Main Results on BreMRIs-VQA

Table 1 reports results across all seven work-
flow tasks. Zero-shot models, including domain-
pretrained medical specialists, remain substantially
below fine-tuned models, with larger gaps on tasks
involving spatial localization and nodal reasoning.
Among fine-tuned models, 3D-specific architec-
tures (M3D) and Lingshu show lower performance
than general transformers, as M3D is pre-trained
on single-modality CT data and Lingshu is not
specifically optimized for multi-sequence volumet-
ric inputs. SeVeR at 4B scale achieves the best
overall average with the largest improvements on
cross-sequence integration tasks, while on Morpho-
logical Characterization, multiple-choice accuracy
marginally trails fine-tuned Qwen3-VL, suggesting
compact prototypes may not fully preserve fine-
grained shape information.

4.3 Efficiency Analysis

Table 2 compares SeVeR against VisionZip (Yang
et al., 2025b), DivPrune (Alvar et al., 2025), and
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Zero-shot Fine-tune
Task Metric |Qwen3-VL Hulu-Med Hulu-Med Lingshu|M3D-Phi3 M3D-L2 M3D-L3 Lingshu Qwen3-VL SeVeR
4B 4B 7B 4B 7B 8B 7B 4B 4B

Global Accuracy| 23.20 57.25 59.95  69.43 76.78 72.83  66.53 88.23 89.43  89.82
Background BLEU 72.76 80.34 82.91 85.12 91.23 92.87 90.12  95.92 96.55  96.63
Assessment ROUGE | 72.63 84.76 8742  91.07 93.45 94.81 9215 9742 97.86  97.85
BERT. 94.41 97.83 9836  99.27 98.94 99.22  98.83  99.62 99.63  99.68
Lesion Accuracy| 13.64 37.44 47.15  70.10 62.68 64.44 6134 77.12 73.55  78.48
Detection & BLEU 60.99 74.28 79.61 86.99 93.12 94.25 92.34  98.30 98.74  98.61
Localization ROUGE | 53.11 70.35 77.84  89.31 90.22 91.53  89.64 9281 93.56  93.96
BERT. 91.20 95.96 97.12  98.88 99.48 99.65 9941 99.80 99.88  99.87
Accuracy| 44.79 18.33 2236 30.20 38.78 3535 3324 55.23 57.68  57.45
Morphological| BLEU 41.22 35.84 3972 54.65 62.15 64.83 6031 71.29 7034  73.46
CharacterizationROUGE |  47.23 42.17 45.68  55.87 64.23 66.87 6234 71.90 7192 72.63
BERT. 91.80 90.86 92.14  96.29 96.12 96.48 9593 97.12 97.24 9746
Multi-Modal Accuracy| 56.01 57.46 5746 5091 59.32 7224 63.21 78.92 79.81  80.11
Functional BLEU 58.80 68.74 7136 81.88 88.12 90.23 8734 94.13 97.01 97.28
Reasoning ROUGE | 58.09 70.12 72.88 82.78 89.45 91.14 8821 94.08 9697  97.37
BERT. 91.69 95.12 95.84  98.06 98.12 9841 9795 98.72 9935 9943
. _|Accuracy| 9.67 66.29 66.29  60.64 54.81 5432 4431 76.23 77.54 7742

Local Invasion
& Nodal BLEU 54.44 78.45 80.13  76.82 82.31 83.54 80.12 87.18 84.14  88.01
Assessment ROUGE | 57.42 79.22 81.05 77.83 83.42 84.63 81.24 86.72 8592  87.83
BERT. 92.74 95.64 96.08 9527 97.12 97.34 9691 97.58 97.41 97.77
Holistic Accuracy| 23.51 28.94 3133 23.99 28.96 30.78  21.52  34.12 35.86  36.53
Diagnostic BLEU 43.93 69.15 7142 7279 82.34 84.12  80.15 87.82 87.35  88.22
Decision ROUGE | 44.62 70.08 72.35  73.90 82.13 83.55 80.13 85.61 85.70  85.86
BERT. 89.30 95.21 95.62  95.84 97.15 9731 9694 97.50 97.53  97.59
Accuracy| 38.04 49.68 51.33  47.79 54.74 54.12 5432 7257 7129 7418
Pathology BLEU 61.47 85.12 87.46  88.95 91.12 92.34  90.21 95.34 9489 95.34
Prediction ROUGE | 62.61 86.34 88.12  89.96 92.11 9345 9124 9544 9499 9553
BERT. 92.15 95.74 96.02  96.18 98.72 98.89  98.61 99.07 98.98  99.10
Accuracy| 29.84 45.06 4798  50.44 53.72 54.87 49.21 68.92 6945  70.57
Average BLEU 56.23 70.27 7323 7817 84.34 86.03 8294  90.00 89.87  91.08
ROUGE | 56.53 71.86 75.05 80.10 85.00 86.57 83.56 89.14 89.56  90.15
BERT. 91.90 95.19 95.88  97.11 97.95 98.19  97.80 98.49 98.58  98.70

Table 1: Main performance on BreMRIs-VQA. Bold and underline indicate the best and second-best performance.

Method Vis. Tokens Lat. (ms) | Accuracy BERT.

Baseline 12544 952.6 69.18 98.42
VisionZip 256 630.8 67.63 98.16
VisionZip 512 698.4 68.72 98.34
VisionZip 1024 829.6 69.03  98.39
DivPrune 256 605.7 67.21 98.08
DivPrune 512 625.6 68.24  98.25
DivPrune 1024 863.3 68.61 98.31
MMToK 256 605.6 66.94 98.03
MMToK 512 618.8 67.86 98.18
MMToK 1024 829.4 68.37 98.27
SeVeR 256 598.4 69.73  98.48
SeVeR 512 644.1 70.21  98.60
SeVeR 1024 833.2 69.88  98.52

Table 2: Latency—performance comparison with visual
token pruning methods on BreMRIs-VQA.

MMToK (Dong et al., 2026b) under the same back-
bone (Qwen2.5-VL (Bai et al., 2025b)) and budgets.
Pruning methods fall below the full-token baseline
in accuracy at all budgets, since irreversible token
removal discards visual content that cannot be re-
covered. Although SeVeR is not always the fastest,

—— Ours (Solid)

~== wio Prototyping (Dashed)

Accuracy

Task
Global Background Assessment

04

s1 s2 s3 sS4 S5 S6

Figure 4: Missing-modality robustness. Multiple-
choice accuracy under six modality settings (S1-S6).

its latency remains within a practical range. SeVeR
at k=512 achieves 70.21% accuracy in 644 ms, ex-
ceeding the full-token baseline (69.18%, 953 ms) in
both accuracy and speed. Baseline implementation
details are in Appendix G.

4.4 Modality Robustness and Interpretability

Missing-modality robustness. We compare
SeVeR against its variant without GPS prototype
selection (w/o Proto.) across six modality settings
(S1-S6; Figure 4). Both models perform compa-
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(b) Token-level gated attention maps across decoder layers: attention sparsifies with depth as sufficient evidence is integrated.
Figure 5: Interpretability visualization of SeVeR on the question “What is the delayed phase enhancement kinetics
of the mass in the upper inner quadrant of the right breast?” with six MRI modalities.

rably under S1, S2, and S4, which retain primary
structural and enhancement sequences, but degrade
more substantially under S3 (DWI, ADC, and T2w,
without DCE or T1w) and S5 (without T1w), where
key reference modalities are absent. SeVeR main-
tains a smaller accuracy drop relative to S6 in these
settings, as CaGA redistributes retrieval weights
across available sequences rather than relying on
fixed token positions. Details and per-task free-text
results are in Appendix H.5.

Layer-wise modality preference. Fig. 5a shows
that early layers broadly attend to structural modal-
ities (e.g., T1-STIR) for anatomical perception and
lesion localization. In intermediate layers, the
model increasingly focuses on functionally infor-
mative modalities (DCE, DWI, ADC), indicating
active question-aware functional reasoning.
Gated attention sparsification. Fig. 5b illus-
trates the progressive sparsification of token-level
gated attention across transformer layers. Early lay-
ers exhibit dense cross-modal attention for global
anatomical exploration, while intermediate layers
progressively suppress redundant tokens and focus
on diagnostically relevant regions. In deeper layers,
attention becomes highly sparse, indicating that
the model has distilled clinically relevant informa-
tion into compact semantic representations. This
hierarchical transition from broad exploration to
selective semantic condensation reflects effective
question-aware clinical reasoning.

4.5 Public 3D Benchmarks

Tables 3 and 4 evaluate SeVeR on 3D-RAD (Gai
et al., 2025) and DeepTumorVQA (Chen et al.,

no-limit: 2988 m

Prefill
Selector

71

= 10

s -8~ Accuracy

@ F70 2
80 . 2
210 <
g g
g 69 5
> 10 3
5 10 2
&

<

—

68

T
] o)
¢ o

T T T
o e N @

Visual prototype budget kK
Figure 6: Prototype-budget latency profile. Latency

and performance under prototype budgets k, with the
full-token no-limit setting shown as a dashed reference.

2025b), two single-volume benchmarks that serve
as transfer tests for the selective exposure principle.
On 3D-RAD, SeVeR achieves the highest accuracy
on all three classification and temporal tasks and
leads on the majority of generation metrics, remain-
ing closely competitive with fine-tuned Qwen3-VL
throughout. On DeepTumorVQA, SeVeR ranks
first overall on both multiple-choice and free-text
metrics and leads on Visual Reasoning and Medical
Reasoning, while models with large-scale CT pre-
training outperform SeVeR on Measurement and
Recognition. Full results are in Appendix H.3.

4.6 Ablation Study

Component contributions. Table 5 isolates each
design choice at a fixed 512-token budget. Re-
moving CaGA causes the largest drop, confirm-
ing that GPS prototypes alone cannot recover the
fine-grained evidence compressed away at this bud-
get and that the multi-level bank with on-demand
retrieval is necessary. Removing SCR-MU (w/o
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Zero-shot Finetune
Task Metric |Q2.5VL Q3VL RadFM M3D-L2 M3D-P3 OmniV Lingshu|M3D-L2 M3D-P3 Qwen3-VL SeVeR
4B 4B 13B 7B 4B 1.5B 7B 7B 4B 4B 4B
Exist. Det. Accuracy | 19.52  3.52 2920 18.00 40.25 28.66 59.60 81.09 82.43 82.52 82.62
Static T. Diag. Accuracy | 0.00 0.00 44.11 2547 2540 2296 6.02 51.20 49.30 47.70 51.77
Longit. T. Diag. | Accuracy| 0.29 0.15 4299 24.17 2431 2423 1213 74.78 74.77 74.39 75.28
Medical BLEU 1.78 0.11 334 15.95 2.55 2.52 2.50 30.54 33.52 35.01 36.78
Measurement ROUGE | 4.30 0.08 6.62 23.24 5.63 7.88 5.45 36.06 36.46 38.49 39.01
BERT. 84.20 76.65 86.85 91.50 85.74 85.66 83.81 94.65 94.86 96.01 95.93
Image BLEU 3.51 0.26 13.48 10.69 16.31 1642 534 31.28 39.66 48.08 48.81
Observation ROUGE | 8.84 044 19.14  20.82 23.19 26.69 1225 39.12 50.52 52.48 54.16
BERT. 84.53 7622 87.16 86.61 86.92 88.29 85.67 90.00 92.19 92.92 93.09
Anomaly BLEU 2.93 0.24  11.00 9.10 15.06  13.47 3.71 25.25 33.28 39.95 39.83
Detection ROUGE | 9.17 0.54 17.62 18.64 23.19 2572  9.46 33.76 42.45 43.96 45.58
BERT. 84.47 76.65 86.76  86.07 87.11 88.21 84.81 89.16 90.72 9143 91.58

Table 3: Comparison of zero-shot and finetuned performance across six tasks in 3D-RAD. Exist. Det.: Existence
Detection; Static T. Diag.: Static Temporal Diagnosis; Longit. T. Diag.: Longitudinal Temporal Diagnosis. Q2.5VL:
Qwen2.5-VL; Q3VL: Qwen3-VL. Bold and underline indicate the best and second-best performance.

Type  Metric Merlin M3D-L2 M3D-P3 CT-CHAT RadFM SeVeR
Meas MC 0256 0.733 0.740  0.740 0.739 0.735
FT 0364 0370 0366 0379 0434 0.521
Recog MC 0.661 0.664 0.661 0.664  0.789 0.707
FT 0.664 0.665 0.660  0.663  0.812 0.715
VisRsn MC 0382 0.616 0.627 0.620  0.625 0.673
FT 0392 0408 0420 0428 0439 0.499
MedRsn MC 0446 0557 0560  0.555 0.584 0.656
FT 0.550 0.562  0.561 0.549  0.629 0.663
Total MC 0440 0.626 0.632  0.628 0.662 0.687
FT 0.478 0.489  0.493 0.497  0.555 0.599

Table 4: Average DeepTumorVQA performance. Meas:
Measurement; Recog: Recognition; VisRsn: Visual Rea-
soning; MedRsn: Medical Reasoning. MC: multiple-
choice accuracy; FT: average free-text score.

Setting Acc. BLEU ROUGE BERT. &k

Baseline Ft. 69.45 89.87 89.56  98.58 4608
w/o CaGA 6436 8892 8530 9542 512
w/o Regul. 68.17 87.04 8§9.16 97.63 512
Q-GPS 69.92 90.21 89.83 97.66 512
SeVeR 70.57 91.08 90.15 98.70 512

Table 5: Compact ablation summary on BreMRIs-VQA.
We report average metrics across seven tasks and the
number of visual prototypes exposed to the decoder.

Regul.) degrades free-text quality most: Fig. 5b
shows that without the marginal-utility penalty late-
layer attention remains dense rather than sparsify-
ing, indicating that SCR-MU is what converts the
gate from always-on to selective. The question-
conditioned GPS variant (Q-GPS) underperforms
greedy GPS, supporting the design choice of keep-
ing GPS question-agnostic and delegating question
conditioning to CaGA where full decoder context
is available. Full 3D-RAD ablation results are in
Appendix H.4, and hyperparameter sensitivity anal-
yses are in Appendix H.2.

Prototype budget. Fig. 6 shows that increasing k
improves accuracy up to k=512, beyond which per-

formance plateaus or declines as redundant tokens
dilute the prototype set while latency continues to
rise. We therefore set k=512 as the default, where
the accuracy gain over smaller budgets is substan-
tial and latency remains well below the full-token
baseline. More results are in Appendix H.4.
Backbone compatibility. We apply SeVeR to
two distinct backbone families: Qwen2.5-VL-
3B (70.21% Acc) and Qwen3-VL at 4B and 8B
(70.57% and 72.13%). Both families yield consis-
tent gains over their respective fine-tuned baselines,
demonstrating that the selective exposure design
is not specific to any single backbone and can be
integrated without architecture-level modifications.
Hyperparameter sensitivity for 7, k, s, and 8 and
full task-wise results are in Appendix H.1.

5 Conclusion

We introduce BreMRIs-VQA, a clinically curated
benchmark with 1.19M QA pairs from 12.9K multi-
sequence breast MRI cases, and SeVeR, a frame-
work for selective visual exposure and dynamic
evidence retrieval in volumetric medical VQA.
SeVeR achieves compact global coverage of multi-
sequence volumes through prototype selection and
retrieves fine-grained feature evidence during de-
coding, with a self-consistency objective that sup-
presses redundant retrieval. On BreMRIs-VQA,
SeVeR outperforms same-scale fine-tuned base-
lines, with the largest gains on cross-sequence inte-
gration tasks and a more favorable accuracy-latency
tradeoff than token pruning methods. Results on
public 3D single-volume benchmarks further con-
firm selective visual exposure as a broadly applica-
ble principle for volumetric medical reasoning.
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Limitations

Despite the encouraging results, this work has sev-
eral limitations that point to directions for future
research. Firstly, the free-text generation tasks
in BreMRIs-VQA are evaluated with automated
language metrics, which may not fully capture
clinical nuance, and radiologist-grounded human
evaluation is left for future work. Secondly, the
GPS module currently uses a fixed prototype bud-
get per sequence, and adapting compression ratios
to sequence-level complexity remains unexplored.
Finally, while SeVeR is validated on algorithmic
benchmarks, integration studies within real-world
radiology reading workflows are beyond the scope
of this paper. Addressing these limitations will fur-
ther strengthen the clinical applicability and practi-
cal deployment of the proposed framework.
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A BreMRIs-VQA Dataset Details

This section provides details for the construction,
split protocol, and coverage of BreMRIs-VQA.
Split-level statistics follow the released train/test
partitions, while annotation-level distributions are
computed from the raw generated QA pool.

A.1 Dataset Source and Case-Level Split

BreMRIs-VQA is built from multi-sequence breast
MRI studies paired with clinical-expert-verified ra-
diology and pathology reports. We split BreMRIs-
VQA at the case level to prevent question—answer
pairs from the same clinical case from appearing
in both training and evaluation. For each case, we
first build a distributional signature over its gen-
erated QA pairs, where each QA pattern is repre-
sented by the tuple (task, question_key,
answer) and counted across all questions belong-
ing to that case. Because the full signature is high-
dimensional, we compress it into a stable stratifica-
tion label using the five most frequent QA patterns
for that case. Cases with the same compressed label
are grouped into the same stratum, shuffled with a
fixed random seed of 42, and split using a 96%/4%
train/test ratio. For strata containing only one case,
where within-stratum splitting is impossible, cases
are assigned after shuffling so that the global split
ratio remains close to 96%/4%. The resulting case
sets are disjoint by construction. The held-out case
set is used as the test set for both open-ended and
multiple-choice evaluation, so the two evaluation
formats are matched at the clinical-case level and
differ only in question format.

A.2 Three-Stage Construction Pipeline

Stage I: Structured clinical information extrac-
tion. The first construction stage converts free-
text radiology and pathology reports into report-
grounded structured representations. For radiol-
ogy reports, the schema includes organ_level
attributes such as fibroglandular tissue (FGT),
background parenchymal enhancement (BPE),
symmetry, post-surgical changes, associated fea-
tures, lymph nodes, BI-RADS category, and
management recommendation. It also includes
lesion_level attributes for mass, non-mass
enhancement, and non-enhancing lesions, cover-
ing side, quadrant, depth, size, morphology, and
multi-sequence signal characteristics from T1w,
T2w, DWI, ADC, and DCE. For pathology reports,
the schema captures tumor location, histological

type and grade, surgical margin status, lymph node
involvement, molecular biomarkers, and pathologi-
cal staging. All unsupported fields are set to null,
schema-invalid outputs are discarded, and values
outside the predefined clinical vocabulary are re-
moved before question generation.

Stage II: Clinical question generation and task
organization. Questions are generated from de-
terministic templates tied to structured clinical keys
and organized into seven workflow-grounded tasks.
Global background assessment establishes diagnos-
tic context through breast composition, BPE, sym-
metry, and post-surgical changes. Lesion detection
and spatial localization evaluates whether lesions
are present and where they are located. Morpholog-
ical characterization covers descriptors of masses,
non-mass enhancement, and non-enhancing le-
sions that support BI-RADS interpretation. Multi-
modality functional reasoning evaluates DWI/ADC
signal, T2 signal, and DCE kinetic patterns that re-
flect diffusion restriction and enhancement behav-
ior. Local invasion and nodal assessment requires
relational reasoning about surrounding structures
and lymph nodes. Holistic diagnostic decision in-
tegrates multiple imaging findings for BI-RADS
categorization and management recommendation.
Pathology prediction bridges imaging phenotype
with pathology-derived outcomes, including tumor
characteristics, nodal status, biomarkers, and patho-
logical staging. The complete key—task mapping is
reported in Appendix B.

Stage III: Linguistic diversification. After
template-based generation fixes the source key and
answer label, Qwen3-235B (Yang et al., 2025a)
proposes paraphrased questions to reduce surface-
form bias. The LLM may change wording but can-
not change the clinical key, answer label, answer
type, or allowed answer space. For multiple-choice
questions, the option label must remain unchanged,
and paraphrases that leak the answer text or its syn-
onyms are discarded. For open-ended questions,
the paraphrased question is retained only if it asks
for the same structured attribute as the original
template. This stage increases linguistic coverage
while preserving deterministic supervision from
report-derived fields.

A.3 Dataset Statistics and Task Taxonomy

Figure 7 illustrates how generated QA templates
are distributed across imaging levels, clinical task
groups, and individual structured attributes. Breast-
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level annotations yield the largest question volume
because every case provides background tissue in-
formation spanning FGT composition, BPE level,
breast symmetry, post-surgical changes, lymph
node status, BI-RADS assessment, and manage-
ment recommendation, producing dense per-case
question sets regardless of lesion presence. Lesion-
level and pathology-level questions have narrower
but complementary coverage, since they are gen-
erated only when corresponding structured find-
ings are annotated for a given case. Within each
task group, the ribbon widths confirm that the la-
bel vocabulary is spread across multiple clinically
meaningful attributes with no single attribute dom-
inating, supporting the breadth and difficulty of
evaluation that BreMRIs-VQA provides.

Figure 8 shows word clouds computed from the
natural-language question and answer text after the
linguistic diversification step. On the question side,
the most frequent tokens are anatomical qualifiers
and imaging descriptors (e.g., left, right, breast,
enhancement), reflecting the structured attribute
keys from which questions are derived. On the an-
swer side, the vocabulary is concentrated around
standardized clinical categories (e.g., yes, no, mini-
mal, moderate, positive), consistent with the fixed
answer spaces enforced during template-based gen-
eration. The co-occurrence of rich question diver-
sity with constrained, clinically grounded answers
confirms that BreMRIs-VQA exercises linguistic
generalization while maintaining deterministic su-
pervision. The table below details the per-task QA
count and label distribution across all seven clinical
workflow tasks.

B QA Generation and Quality Control

B.1 Template-Based Question Generation

To construct clinically meaningful VQA tasks,
we generate questions from a physician-designed
schema covering breast-level context, lesion-level
characterization, pathology findings, and free-text
diagnostic reasoning. Each template is bound to
a predefined source key and, when applicable, a
fixed answer space, which keeps the generated QA
pairs reproducible and grounded in report-derived
evidence. The representative templates are grouped
into breast-level, lesion-level, pathology-level, and
free-text diagnostic questions below.

Tables 6-9 summarize representative templates.
Breast-level questions cover global context such
as FGT, BPE, symmetry, post-surgical changes,

lymph nodes, BI-RADS assessment, and manage-
ment. Lesion-level questions cover detection, loca-
tion, morphology, multi-sequence signal, enhance-
ment kinetics, non-mass enhancement, and non-
enhancing lesions. Pathology-level questions cover
surgical procedures, tumor characteristics, margins,
lymph nodes, biomarkers, and pathological staging.
Free-text questions simulate holistic diagnostic re-
porting and require models to integrate multiple
findings into clinically meaningful descriptions.

B.2 Clinical Workflow Task Organization

Although the previous step produces individual
VQA samples from structured annotations, clin-
ical diagnosis is inherently a multi-stage reason-
ing process rather than a collection of isolated at-
tribute predictions. Radiologists typically inter-
pret breast MRI by progressively integrating infor-
mation across different levels of analysis, starting
from global contextual assessment and lesion detec-
tion, and eventually arriving at a holistic diagnos-
tic conclusion. To better reflect this real diagnos-
tic workflow, we organize the generated questions
into a hierarchy of clinically meaningful tasks. In-
stead of grouping questions purely according to
low-level visual attributes, we introduce a rule-
based key—task mapping mechanism designed in
collaboration with clinicians. Specifically, each
generated question is associated with a conceptual
identifier called a question_key, which corre-
sponds to the structured attribute from which the
question is derived. These keys provide a unified
representation for linking structured annotations,
generated questions, and downstream evaluation
tasks. A predefined mapping table then assigns
each question_key to aspecific diagnostic task
using either exact matching or prefix-based rules.
Exact rules match a single attribute key, whereas
prefix rules group a family of semantically related
attributes under the same task category. Through
this mechanism, all generated questions are system-
atically organized into a set of clinically motivated
reasoning tasks that correspond to the major stages
of breast MRI interpretation. The mapping rules
used to assign questions to tasks are summarized in
Table 11. Concretely, the task taxonomy consists
of the following stages:

Global Background Assessment. Radiologists
first evaluate the overall background context of the
breast before focusing on specific lesions. This
stage includes questions related to fibroglandu-
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Category

Question Template

Options

Fibroglandular
Tissue (FGT)

What is the fibroglandular tissue (FGT) category
of the left breast?

A, B, C, D, None

What is the fibroglandular tissue (FGT) category
of the right breast?

A, B, C, D, None

What is the background parenchymal enhancement

Minimal, Mild,

E::;if;?}il (BPE) level of the left breast? Moderate, Marked
Enhancement What is the background parenchymal enhancement Minimal, Mild,
(BPE) level of the right breast? Moderate, Marked
Breast Symmetry | Are the breasts symmetric in size and shape? Yes, No
Are there evidence of scar tissue in the left breast? Yes, No
Are there evidence of scar tissue in the right breast? Yes, No
Post-surgical Are there imaging findings consistent with prior Yes. No
Changes lumpectomy in the left breast? ’
Are there imaging findings consistent with prior Yes. No
lumpectomy in the right breast? ’
Are there imaging findings consistent with prior Yes. No
mastectomy in the left breast? ’
Are there imaging findings consistent with prior Yes. No
mastectomy in the right breast? ’
Is nipple retraction present in the left breast? Yes, No
. Is nipple retraction present in the right breast? Yes, No
ﬁ;;g;agted Is skin thickening present in the left breast? Yes, No
Features Is skin thickening present in the right breast? Yes, No
Is architectural distortion present in the left breast? Yes, No
Is architectural distortion present in the right breast? Yes, No
Are the axillary left lymph nodes abnormal? Yes, No
Lymph Node Are the axillary right lymph nodes abnormal? Yes, No
Assessment Are the internal mammary left lymph nodes abnormal? | Yes, No
Are the internal mammary right lymph nodes abnormal? | Yes, No
BI-RADS What is the BI-RADS assessment for the left breast? 0,1,2,3,4A,4B,4C,5,6
Assessment What is the BI-RADS assessment for the right breast? 0,1,2,3,4A,4B,4C,5,6
Clinical Is follow-up recommended for this patient? Yes, No
Management Is biopsy recommended for this patient? Yes, No

Table 6: Breast-level question templates used for MRI VQA generation.
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Category Question Template Options
Is there a mass in th i drant
in the upper inner quadran Yes, No
of the left breast?
Mass Presence -
. Is there a mass in the upper outer quadrant
& Location Yes, No
of the left breast?
Is there a mass in the lower inner quadrant
. Yes, No
of the right breast?
Is there a mass in the central region of the breast? Yes, No
. . d, oval,
Mass What is the shape of the mass in the left breast? round, ova
lobular, irregular
Morphology circumscribed, irregular
What is the margin of the mass in the left breast? . > ITreguiar,
spiculated
. . . hyperintense, isointense,
. What is the T1-weighted signal of the mass? yber
Mass Signal hypointense
Ch teristi . . . h int , isoint ,
aracteristies What is the T2-weighted signal of the mass? ypetintense, isotntefise
hypointense
Is there diffusion restriction in the mass? Yes, No

Dynamic Enhan-
cement Kinetics

What is the initial enhancement kinetics of the mass?

Slow, Medium, Fast

What is the delayed phase enhancement

Persistent, Plateau,

kinetics of the mass? ‘Wash-out

Is there a non-mass enhancement in the left breast? Yes, No
Non-mass Focal, Linear.
Enhancement What is the distribution pattern of ’ ’

the non-mass enhancement?

Regional, Segmental,
Multiple regions, Diffuse

What is the internal enhancement pattern of
the non-mass enhancement?

Homogeneous, Heterogeneous,
Clustered, Clustered ring

Non-enhancing
Lesions

Is there a non-enhancing lesion in the breast?

Yes, No

What is the type of the non-enhancing lesion?

cyst, non-enhancing mass,
architectural distortion,
ductal precontrast high
signal on TIW

Table 7: Lesion-level question templates used for MRI VQA generation.
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Category Question Template Options

Is there a pathological lesion identified

Presence & in the left breast? Yes, No
Surgical Is there a pathological lesion identified

. . Yes, No
Procedure in the right breast?

What surgical procedure was performed Lumpectomy,

on the left breast? Mastectomy, Other

What surgical procedure was performed Lumpectomy,

on the right breast? Mastectomy, Other
Tumor Is the maximum pathological tumor size Yes, No
Characteristics larger than 2 cm?

What is the histological grade of the tumor? 1, 2, 3, Unknown
Surgical Margins | Are the surgical margins involved by tumor? Positive, Negative

& Lymph Nodes | Are lymph nodes involved based on pathology? | Positive, Negative

Positive, Negative,

; 2
What is the ER status of the tumor? Equivocal, Unknown

BlOl’l’laI'kf':I'S & What is the PR status of the tumor? POSl.t ive, Negative,
Pathological Equivocal, Unknown
Staging Positive, Negative,

What is the HER?2 status of the tumor? )
Equivocal, Unknown

Positive, Negative,

. ) 9
What is the Ki67 status of the tumor? Equivocal, Unknown

Positive, Negative,

; 2
What is the AR status of the tumor? Equivocal, Unknown

Stage 0, Stage I, Stage II,

. . 9
What is the pathological TNM stage? Stage IIT, Stage IV, Unknown

Table 8: Pathology question templates used for pathology report VQA generation.
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Level

Breast level
581k

Lesion level
399k

Pathology level
130k

Free-text / other
121k

Clinical task

Attribute family

Post-surgical changes
154k

A. Global Background
276k

Narrative / free-text
121k

NEL detection / location
100k

BI-RADS
98k

B. Lesion Detection

401k .
NME detection / location
92k

Mass detection
location

Mass signal
61k

Diagnosis labels
53k

FGT

50k

BPE

48k

Axillary nodes
48k

C. Morphology
95k

D. Functional MRI
121k

E. Invasion / Nodes Biomarkers
80k

Pathology nodes

37
X Associated features
F. Diagnosis / 3
Management
127k

3k
ass morphology
Ma}fnagcmcm

29k

Other attributes

P. Patholo;
24 148k

Figure 7: Level-task—attribute flow of BreMRIs-VQA. Ribbon width is proportional to the number of generated QA
templates, and colors correspond to the seven clinical workflow task groups.

Question Template
Describe the overall fibroglandular tissue composition and
background parenchymal enhancement of both breasts.
Provide a comprehensive description of the mass identified
in the breast MRI.
Describe the imaging characteristics of the non-mass en-
hancement in the breast.
Describe the appearance of axillary and internal mammary
lymph nodes.
Provide the final BI-RADS assessment and overall diag-
nostic impression.

Table 9: Free-text diagnostic question templates used
for holistic clinical reasoning.

lar tissue composition, background parenchymal
enhancement, breast symmetry, and post-surgical
changes. These factors influence lesion visibility
and diagnostic difficulty.

Lesion Detection and Localization. Once the
global context is established, the next step is to de-
termine whether suspicious findings are present and
where they are located. Questions in this category
involve detecting masses, non-mass enhancement
(NME), and non-enhancing lesions, as well as iden-
tifying their anatomical locations within the breast.

Morphological Characterization. After lesion
detection, radiologists analyze morphological fea-
tures to assess malignancy risk. This stage includes
attributes such as lesion size, shape, margins, and
distribution patterns, which correspond to key de-

scriptors used in standardized breast imaging re-
porting systems.

Multi-Modal Functional Reasoning.  Breast
MRI provides multiple imaging modalities that
reveal complementary physiological information.
This task group evaluates functional characteris-
tics such as signal intensity across sequences and
contrast enhancement patterns, requiring models to
integrate multi-modal cues.

Local Invasion and Nodal Reasoning. In ad-
dition to lesion features, clinicians also examine
signs of local tissue invasion and lymph node in-
volvement in diagnosis. Questions in this category
involve associated features such as nipple retrac-
tion, skin thickening, architectural distortion and
lymph node abnormalities.

Holistic Diagnosis. The final stage of radiolog-
ical reasoning involves synthesizing all available
information to produce a diagnostic assessment and
clinical recommendation. This task includes pre-
dicting BI-RADS categories and suggested clinical
management decisions.

Pathology Prediction. Beyond imaging-based
reasoning, we further introduce pathology-oriented
tasks derived from structured pathology reports.
These questions evaluate the model’s ability to in-
fer pathological outcomes, including tumor char-
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Question Text

diagnostic .
assessment . assigned
“““ consistent

lesion

breasts

presence

birads axillary

mass

enhancement P

tissue mner
region

quadrant
pattern

tumor
absence e

risk

bilC](gI'OLln d lumpectomy

Answer Text

size

negative fibroglandular ~ malignant
. . mastectomy
pattern  identified
normal consistent
. risk
axillary

focal

enhancement lymph

shape

lesion prior symmetric

lesions
nonenhancing internal

hyperintense heterogeneous

positive

Figure 8: Question and answer text word clouds for BreMRIs-VQA. Font size indicates token frequency after
removing common function words. Unlike the attribute-frequency statistics, this visualization is computed directly

from the natural-language question and answer text.

Task Fact. Clin. Overall Pass (%)
Global background 2.94 2.92 2.93 99.2
Lesion localization 2.91 2.89 2.90 98.6
Morphology 2.86 2.83 2.84 97.5
Functional reasoning 2.79 2.75 2.77 96.2
Local invasion/nodal 2.88 2.86 2.87 97.9
Holistic diagnosis ~ 2.82 2.79 2.80 96.8
Pathology prediction 2.80 2.82 2.81 96.5

Table 10: Quality-control summary for generated QA
pairs. Fact., Clin., and Overall denote factual consis-
tency, clinical validity, and overall report support on a
0-3 scale. Pass rate denotes the percentage of expert-
audited QA pairs that pass answer—evidence checking.

acteristics, surgical margins, lymph node status,
biomarker expression, and pathological staging.

B.3 LLM Verification and Human Expert
Consistency Check

Each generated QA candidate is verified against
the source report evidence with a radiologist-style
quality-control prompt. The verifier assigns three
0-3 scores with metric-specific rubrics. For fac-
tual consistency, 0 means the answer contradicts
or is absent from the report, 1 means only weak
or indirect support, 2 means partial support with
missing qualifiers such as location, laterality, or
pathology status, and 3 means direct report sup-
port without hallucinated findings. For clinical
validity, O means clinically implausible or radio-
logically incorrect, 1 means medically ambiguous
or poorly grounded, 2 means clinically plausible
with minor imprecision, and 3 means radiologi-
cally coherent and clinically correct. For overall

support, 0 means the QA pair should be discarded,
1 means it requires manual review, 2 means it is
usable but partially supported, and 3 means it can
be retained as fully report-grounded supervision.
Candidates with weak support are removed or sent
for manual review. The full verification prompt is
provided in Appendix D.6. In addition to automatic
verification, two board-certified breast-imaging ra-
diologists independently review a stratified sample
of 3,500 QA pairs (500 per task) and mark whether
each pair passes answer—evidence checking, where
a pass means that the answer can be justified by
the cited source evidence without requiring addi-
tional assumptions. Failed cases are used to refine
templates and filtering rules.

C Background

Medical Vision-Language Models. Recent medi-
cal vision-language models extend general multi-
modal LLMs to clinical images and reports, en-
abling stronger medical understanding and genera-
tion (Blankemeier et al., 2026; Liu et al., 2026; Hu
et al., 2026; Dong et al., 2026a). A clear trend is to
scale training data and align multi-modal reason-
ing for broad clinical tasks (Hu et al., 2024b). For
example, HealthGPT (Lin et al., 2025) and Ling-
shu (Xu et al., 2025) emphasize unified training for
medical comprehension and generation. In radiol-
ogy, RadFM (Wu et al., 2025) leverages large-scale
2D and 3D medical data and supports volumetric
inputs, providing a strong generalist baseline for
3D medical understanding. Despite these advances,
most medical MLLMs still adopt dense visual tok-
enization and expose large numbers of tokens to the
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Prefixes

Task Name Exact Keys
Global Background breast_level.breast_symmetry
Assessment

breast_level. FGT., breast_level. BPE.,
breast_level.post_surgical_changes.

mass, non_mass_enhancement,
Lesion Detection
& Localization non_mass_enhancement.count,

non_enhancing_lesion.count

non_enhancing_lesion, mass.count,

mass.location.,
non_mass_enhancement.location.,
non_enhancing_lesion.location.

Morphological
Characterization

non_mass_enhancement.distribution,
non_enhancing_lesion.lesion_type_detail

mass.size_mm., mass.morphology.,
non_mass_enhancement.size_mm.,
non_enhancing_lesion.size_mm.

Multi-Modal
Functional Reasoning

non_mass_enhancement.
internal_enhancement_pattern

mass.signal_characteristics.,
non_mass_enhancement.signal_characteristics.,
non_enhancing_lesion.signal_characteristics.,
mass.internal_enhancement.

Local Invasion &
Nodal Reasoning

breast_level.associated_features.,
breast_level.lymph_nodes.

Holistic Diagnosis -

breast_level. BI-RADS.,
breast_level.management.

Pathology Prediction | -

pathology.

Table 11: Key—task mapping rules used to organize generated questions into clinical-workflow based tasks.

decoder, which can be problematic for 3D volumes:
volumetric scans contain heavy redundancy while
clinically relevant cues are sparse. This motivates
our focus on selective visual exposure to reduce
signal dilution.

3D Medical VQA and Benchmarks. 3D medi-
cal VQA requires cross-slice spatial understand-
ing and fine-grained evidence aggregation, mak-
ing it harder than 2D VQA. Existing 3D medical
MLLMs (Hamamci et al., 2024; Lin et al., 2026)
and benchmarks (Hamamci et al., 2026; Gai et al.,
2025; Chen et al., 2025a) have taken important
steps toward this goal. M3D (Bai et al., 2024) ad-
vances 3D multimodal learning with large-scale
3D data and benchmarks that cover VQA and lo-
calization. Photon (Fang et al., 2026) studies vol-
ume understanding with variable-length volumetric
tokenization and training strategies that speed up
volume understanding. Closer to multi-modal MRI,
mpLLM (Vepa et al., 2025) introduces a prompt-
conditioned hierarchical MoE for VQA over mul-
tiparametric 3D brain MRI, using modality- and
token-level experts to fuse interrelated MRI modal-
ities. On the evaluation side, 3D-RAD empha-
sizes diverse 3D radiology VQA tasks with multi-
temporal settings (Gai et al., 2025), while DeepTu-
morVQA targets tumor-centric 3D reasoning with
expert-level questions across recognition, measure-
ment, and clinical reasoning (Chen et al., 2025b).
These efforts highlight a shared challenge: 3D med-
ical image reasoning needs both global context and

subtle local cues, yet dense token exposure can di-
lute the sparse diagnostic signals. Moreover, most
public benchmarks focus on CT and single-volume
inputs, systematic evaluation on multi-modal MRI
scans with workflow-grounded questions remains
limited, motivating our BreMRIs-VQA benchmark
and the SeVeR framework.

Visual Token Reduction and Resampling.
MLLMs often encode images into many visual to-
kens, motivating token reduction, token merging,
and learned resampling. Perceiver-style resamplers
in Flamingo (Alayrac et al., 2022) compress visual
features into a fixed number of latent tokens be-
fore language decoding, while TokenLearner (Ryoo
et al., 2021), Token Merging (Bolya et al., 2023),
and FastV (Chen et al., 2024) reduce visual compu-
tation through adaptive token selection or merging.
More recent MLLM pruning studies further ana-
lyze whether reduced visual token budgets preserve
reasoning quality (Wen et al., 2025; Alvar et al.,
2025; Yang et al., 2025b; Hu et al., 2024a). The
closest design to our first-stage selector is MM-
Tok (Dong et al., 2026b), which formulates visual
token selection as coverage maximization. We
therefore do not claim the coverage objective it-
self as the main novelty. Instead, SeVeR adapts
coverage-based selection as a modality-wise redun-
dancy reducer for 3D medical volumes and couples
it with language-conditioned gated retrieval and
marginal-utility regularization, which are designed
for multi-sequence volumetric VQA rather than
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generic 2D VLM acceleration.

D Prompt Templates for VQA Data
Generation

D.1 Report-to-JSON Extraction Prompt Text

Breast MRI Report-to-JSON Extraction

You are a breast imaging expert with
— extensive clinical experience.
Your task: extract all structured

— information from a free-text

— breast MRI report into a

— standardized JSON.

All values must be strictly grounded
— in the input report. Do NOT add
< any inference or medical common
< sense.

If a field is not explicitly

— mentioned, set it to null (do not
— guess) .

1) Output must be a valid JSON only.
— No explanations.
2) The JSON schema must exactly match
— the provided template. Do not
rename, remove, or add fields.
3) All values must be extracted from
— the report text. If not
< mentioned, use null.
- Example: if "skin thickening" is
< not stated, set it to null
s (not false).
— If enhancement kinetics is not
— described, set it to null.
4) Convert "cm" to millimeters (mm).
If multiple lesions are described,
create multiple entries and place
them in the correct arrays:
- mass, non_mass_enhancement,
— non_enhancing_lesion
6) If a lesion type is not present,
— output an empty array [] for that
— type.

0

FGT (Fibroglandular Tissue) Rules
Map keywords to FGT grade:
- "A", "almost entirely fatty" ->
N npn
"B", "scattered fibroglandular" ->
o np"
- "C", "heterogeneously dense" -> "C"
"D", "extremely dense" -> "D"
If left/right differ, fill both sides
— separately.
If not described, set FGT.left = null
— and FGT.right = null.

Lesion Type Rules (Strict)

- explicit bounded lesion such as

— "mass", "nodule", etc.

Non-mass enhancement (NME) :

- regional/linear/segmental/ductal
— enhancement without a clear 3D
— boundary.

Non-enhancing lesion:

— lesions described as non-enhancing
— (e.g., cystic signal,

— pre-contrast high signal on T1,
— architectural distortion without
— enhancement) .

Classify strictly based on report

— semantics.

Initial phase:

- Fast: early marked enhancement /
— rapid peak

— Medium: moderate enhancement

- Slow: mild or minimal early

— enhancement

Delayed phase:

- Persistent / Plateau / Wash-out
— according to report wording
If kinetics not described, set to
— null.

Quadrant:

- UIQ / UOQ / LIQ / LOQ / central
Depth:

- anterior / middle / posterior
If unclear, set to null.

If BI-RADS is explicitly provided for
« left/right, fill accordingly.

If only a single BI-RADS is given

<« without side, fill both.

If not described, set to null.

Read the breast MRI report text

— provided next.

Extract all information and output
— JSON only.

D.2 Breast MRI Report JSON Schema

Report JSON Schema

{

"breast_level": {

"EGT": {
llleft": "C", // or "A", "B", "C", "D"
"right": "c" // or "A", "B", "C", "D"
br
"BPE": {
"left": "Moderate", // or "Minimal",
<« "Mild", "Moderate", "Marked"
"right": "Mild"

I
"breast_symmetry": true,
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"post_surgical_changes": {
"left": {
"scar_tissue": false,
"lumpectomy_changes": false,
"mastectomy_changes": false
by
"right": {
"scar_tissue": false,
"lumpectomy_changes": false,
"mastectomy_changes": false
}
by
"associated_features": {
"left": {
"nipple_retraction": null,
"nipple_invasion": null,
"skin_retraction": null,
"skin_thickening": null,
"skin_invasion": {
"direct_invasion": null,
"inflammatory_cancer": null
by
"axillary_adenopathy": null,
"pectoralis_muscle_invasion": null,
"chest_wall_invasion": null,
"architectural_distortion": null,
"ductal_dilation": null // or "mild",
<~ "marked", null
by
"right": {
"nipple_retraction": null,
"nipple_invasion": null,
"skin_retraction": null,
"skin_thickening": null,
"skin_invasion": {
"direct_invasion": null,
"inflammatory_cancer": null
by
"axillary_adenopathy": null,
"pectoralis_muscle_invasion": null,
"chest_wall_invasion": null,
"architectural_distortion": null,
"ductal_dilation": null // or "mild",
<— "marked", null
}
by
"lymph_nodes": {
"axillary_left": null, // or "normal"
— "abnormal"
"axillary_right": null,
"internal mammary_left": null,
"internal_mammary_right": null
I
"BI-RADS": {
"left": null, // or "O", "1", "2", "3",
— "4A", "4B", "4C", "5", "6"
"right": null
by
"management": {
"follow_up_recommended": null, // or
— true, false
"biopsy_recommended": null
}
I
"mass": [
{ "id": 1,
"side": "left",
"location": {
"quadrant": "UOQ", // or
< "UIQ","UOQ","LIQ","LOQ","central",
— null
"depth": "middle" // or
— "anterior","middle", "posterior",
— null
by
"size_mm": {
"long": 12,
"short": 9,
"depth": 8
I
"signal_characteristics": {
"T1W": "hyperintense", // or
N "hyperintense","isointense","hypoij
<~ ntense",null
"T2W": "hyperintense", // or
< "hyperintense","isointense","hypoij

<~ ntense",null
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"DWI_restriction": "present", // or

— "present","absent",null

"ADC": "hyperintense", // or

< "hyperintense","isointense","hypoiJ

— ntense",null

"kinetics": {
"initial":
"delayed":

}

"Fast",
"Wash-out"

by
"morphology": {

"shape": "oval", // or "round","oval"J

< ,"lobular","irregular",null
"margin": "circumscribed" // or
< "circumscribed","irregular", "spicu |
— lated",null
by
"internal_enhancement": {
"pattern": "heterogeneous", // or
< "homogeneous", "heterogeneous", "rim |
s _enhancement","dark_internal_septaJ
<~ tions",null
"associated_vascularity": {
"adjacent_vessel_sign": null,
"increased_peritumoral_vascularity":
— null

}
1,
"non_mass_enhancement": [

{

"lesion_id": 1,

"side": "left",

"location": {
"quadrant": null,
"depth": null

I

"size_mm": {
"long": null,
"short": null,
"depth": null

I

"distribution": "Segmental", // or

[ "Focal","Linear","Regional","SegmentJ
< al","Multiple regions","Diffuse",null
"internal_ enhancement_pattern":
<, "Clustered_ring", // or
< "Homogeneous", "Heterogeneous", "Clust |
< ered","Clustered_ring",null
"signal_characteristics": {
"T1W": "hyperintense", // or
< "hyperintense","isointense", "hypoi |
— ntense",null
"T2W": "hyperintense", // or
< "hyperintense","isointense","hypoiJ
<~ ntense",null
"DWI_restriction": "present",
— "present","absent",null
"ADC": "hyperintense", // or
< "hyperintense","isointense", "hypoi |

// or

— ntense",null

"kinetics": {
"initial": "Fast", //
— "Slow","Medium","Fast",null
"delayed": "Wash-out" // "Persisten

«— t","Plateau", "Wash-out",null

}
1,
"non_enhancing_lesion": [

{

"lesion_id": 1,

"side": "left",

"location": {
"quadrant": null,
"depth": null

by

"size_mm": {
"long": null,
"short": null,
"depth": null

by

"signal_characteristics": {




"T1W": "hyperintense", // or
< "hyperintense","isointense", "hypoi |
<— ntense",null
"T2W": "hyperintense", // or
< "hyperintense","isointense", "hypoi |
— ntense",null
"DWI_restriction": "present", // or
— "present","absent",null
"ADC": "hyperintense", // or
< "hyperintense","isointense", "hypoi |
<— ntense",null
"kinetics": {
"initial": "Fast", //
— "Slow","Medium", "Fast",null
"delayed": "Wash-out" // "Persisten
«— t","Plateau", "Wash-out",null

}
I
"lesion_type_detail": "ductal precontras |
t_high_signal_on_T1W" // or

"cyst","non;enhancingimass","architej

—
—

< ctural_distortion",null

D.3 Pathology Report Extraction Prompt Text

Pathology Report-to-JSON Extraction

# Role

You are an expert Pathologist and
Data Structuring Specialist.
task is to extract information

Reports and convert it into a
structured **English JSONx*x*
format.

reeLryl

# Input Data Description
1. Input data format:
{
'type': Surgical pathology |
— Non-surgical pathology,
'pathology': Pathology Reports.
}

2. The x*Surgical pathologyxx: text

means Not Applicable or Not
Found.

— fields separated by spaces or

— colons.

3. The xxNon-surgical pathologyx*x:

— often formatted as Python set

— strings (e.g., “"{'text',

—  'text'}"").

4. xxSymbols*x: ~(-)  means Negative,
< T~ (+)° means Positive, ~/° often
N

N

# Translation Rules
Adherence)

e the following mapping to
translate Chinese terms to
standard English medical
terminology:

(Strict

CE g

— Invasive carcinoma -> "Invasive
— Carcinoma"
- No special type (NST) —-> "Invasive

— Carcinoma of No Special Type
(NST) "

- Ductal carcinoma in situ —->
— Carcinoma In Situ (DCIS)"
- Fibroadenoma —-> "Fibroadenoma"

—

Your

from raw Chinese Breast Pathology

"Ductal

.

- Sclerosing adenosis -> "Sclerosing
— Adenosis"

- Mastopathy -> "Mastopathy"
— "Fibrocystic Changes"

- Spindle cell lesion —-> "Spindle
Cell"

or

—

## Anatomy & Margins

- Left / Right -> "Left" / "Right"
- Medial / Lateral / Superior /
Inferior -> "Medial" / "Lateral"

s
< / "Superior" / "Inferior"

- Basal / Superficial -> "Basal" /

— "Superficial"

- Quadrant (UIQ / UOQ / LIQ / LOQ) —>
<« "Quadrant" (UIQ, UOQ, LIQ, LOQ)

- Margin -> "Margin"

## Molecular & IHC

— Immunohistochemistry -> "IHC"

- Strong / Moderate / Weak —->

< "Strong" / "Moderate" / "Weak"

- Negative / Positive -> "Negative" /
— "Positive"
— Amplification -> "Amplification"

# Data Parsing Rules
1. xxMarginsxx: Extract the distance

< (cm) 1f available. Convert ~(-)°
— to “Negative’.

2. x*xIHC+*: Look for Supplementary
— Report or Immunohistochemistry
— sections. Merge them into the

— “biomarkers” field.

3. xxMeasurements*x: Convert all

— dimensions to “cm’. Extract the
— largest dimension as
— "max_dimension_cm”.

4. For *xNon-surgical pathologyx*x:
Clean the Python set syntax
({'..."}") and combine the text
— before extraction.

—

—

# Final Output

Return strictly a JSON object
following the schema below.
not add explanations.

o Do

—
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D.4 Pathology Report JSON Schema

Surgical Pathology JSON Schema

{

"left": {
"is_present": boolean,
"procedure": "string (e.g., BCS,
— Mastectomy, Biopsy)",
"lesions": [
{
"id": 1,
"location_detail": "string",
"diagnosis": {
"main_type": "string",
"grade": "string (e.g., Grade II)",
"full text": "string (translated
<~ summary)"
I
"size": {
"original_text": "string",
"max_dim_cm": float
I
"margins": {
"status": "Negative" | "Positive" |
< "Unknown",




"closest_distance_cm": float,
"details": "string (e.g., Superior
< margin 2.5cm)"
by
"biomarkers_ihc": {
"ER": boolean, "PR": boolean,
<~ "HER2": boolean, "Ki67":
<~ Dboolean, "AR": boolean,
— boolean

"notes":

}
}
1,
"lymph_nodes": {
"status": "Positive" |
<~ Performed",
"positive_count": int,
"total_count": int,
"sentinel_ positive":
"sentinel_total": int
by
"tnm_stage":

"Negative" | "Not

int,

"string"

by

"right": {
// Exact same structure as
— 1f not present

"left", or null

"is_present": boolean,
"procedure": "string",
"lesions": [],
"lymph_nodes": {},
"tnm_stage": "string"

}

# Output Format
{

(JSON)

"Question": "...",
"Answer": "..."

D.5 QA Paraphrasing Prompt

Open-VQA Generator Prompt

You are a medical imaging data
— assistant specializing in breast
— MRI.

Your task is to rewrite a structured
— attribute into a natural-language
— Question-Answer pair suitable for
< a Breast MRI 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.

— Does NOT introduce any new

medical interpretation,

diagnosis, or inference.

Do NOT introduce information not
explicitly contained in the
input.

Do NOT repeat or list the provided
options in the output.

Use varied sentence structures
across different samples.

Use precise anatomical and imaging
— terminology appropriate for
— breast MRI.

7. Output ONLY valid JSON in the

No extra text.

—

—
—

3
AN
N

4.
N

5
N

6

— specified format.

# Input (JSON)

{
"Question": "...",
"options": [ll.‘.ll, ll."ll’ u._'"],
"Answer": "..."
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Quality-Control Prompt

D.6 LLM Verification Prompt

=

are an expert breast MRI
radiologist. Your task is to
evaluate whether the provided
Question-Answer pair is factually
supported by the given breast MRI
evidence. Evaluate the QA pair
across the following dimensions:

(L0018

1. Factual Consistency

Does the answer accurately reflect
the MRI evidence without
unsupported findings?

—
—

2. Clinical Validity
the answer clinically reasonable
and radiologically correct?

3. Overall Support

Should the QA pair be retained as
— report-grounded supervision?
You must ONLY rely on the provided
— evidence.

Do NOT infer findings beyond the

— evidence.

[Evidence]
Finding:
{finding}

Impression:
{impression}

[Question]
{question}

[Answer]
{answer}

Scoring Criteria:
Factual Consistency:

0 = contradicted or absent from

— evidence

1 = weak or indirect evidence support
2 = partially supported but missing
— key qualifier

3 = directly supported with no

— hallucination

Clinical Validity:

0 = clinically implausible or

— radiologically wrong

1 = medically ambiguous or poorly
— grounded




2 = clinically plausible with minor
— imprecision
3 = radiologically coherent and

— clinically correct

Overall Support:

0 = discard

1 = manual review required

2 = usable but partially supported
3 = retain as fully report-grounded

Output ONLY valid JSON:

{{
"factual_consistency": 0-
"clinical_wvalidity": 0-3,
"overall_score": 0-3,
"explanation": "brief explanation”

H}

3,

E Ethics, Privacy, and Data Governance

E.1 Ethics and Privacy

This retrospective study and the use of clinical
data for benchmark construction were approved
through the responsible institutional ethics and
data-governance procedures. All data handling
follows the institutional data-governance protocol
for retrospective medical research. Before bench-
mark construction, clinical images and reports are
de-identified according to the approved protocol,
including removal or masking of direct patient iden-
tifiers from reports and metadata. The public re-
lease plan follows the data-use permission of the
source institution: source images, clinical reports,
and other restricted artifacts will not be openly dis-
tributed.

E.2 Template Design and Review

The VQA templates are drafted from the structured
breast MRI reporting schema and pathology at-
tributes used in Stage I, then revised with clinical
input to ensure that each template corresponds to
a meaningful diagnostic question. Each template
is associated with four fields: a clinical task cate-
gory, a source structured key, an allowed answer
space, and a question form. This binding prevents a
template from asking for information that is absent
from the extracted report evidence. Templates that
are ambiguous, duplicate another task, or cannot
be mapped to a single structured key are removed
by clinical experts. The final templates are listed in
Appendix B so that the mapping from task category
to question form is explicit.

E.3 Control of LLM-Generated Content

The LLM is used for structured extraction and para-
phrase proposal, but the accepted supervision is
determined by report-derived structured fields and
deterministic filters. For Stage I, outputs must be
valid JSON under the predefined schema; unsup-
ported or unmentioned attributes are set to null;
values outside the allowed clinical vocabulary are
discarded; and schema-invalid outputs are excluded
from downstream question generation. For Stage
III, paraphrasing is performed after the answer la-
bel has already been fixed by the structured field. A
paraphrased pair is retained only if it preserves the
same source key, answer label, and question type
as the original template-generated pair. Thus, the
LLM may change surface wording, but it cannot
introduce a new label into the final dataset.

E.4 Final VQA-Pair Filtering

Each candidate VQA pair passes a final quality-
control pipeline before inclusion. We remove
pairs whose answer is unsupported by the source
structured field, whose question refers to a miss-
ing or null attribute, whose answer is outside
the template-specific vocabulary, or whose para-
phrase changes the clinical slot being queried. For
multiple-choice questions, we additionally filter an-
swer leakage by matching the question text against
the correct option and a synonym list for common
clinical labels. We also remove duplicate, empty,
contradictory, and malformed QA pairs. These
steps are designed to reduce hallucinated labels, se-
mantic drift during paraphrasing, and leakage from
answer options into the question.

F Method Details

F.1 Greedy Prototype Selection Algorithm

To identify a compact set of representative visual
tokens for each modality, we adopt a greedy proto-
type selection strategy. Given the modality token
matrix X", the algorithm iteratively selects k to-
kens that maximize the overall affinity coverage
of the token set. Specifically, we first normalize
the tokens and compute a pairwise affinity matrix
using cosine similarity. At each iteration, the can-
didate token that provides the largest marginal im-
provement in affinity coverage is selected as a new
prototype. The detailed procedure is summarized
in Algorithm 1.
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Input Modality token matrix X™ € REm ¥4 prototype budget k, temperature 7.
Output Prototype indices S™* and position-aware prototypes H™.
1 Normalize tokens X™ + L2Norm(X™).
2 Compute affinity A™ — X™(X™)T, where A™ € REm>Lm,
3 Remove self-match AP +— —o0, Vi
4 Normalize rows AT LeXp(A” /70) )
>y exp(AR /Ty)
5 Initialize coverage S+ 0, 7+ —ocofori=1,...,Ly,. Here r; stores the best selected affinity for
token 7.
6 Greedy selection fort=1,...,k:

L
1 <= A
score(s) = I E max(ri,A;Z> ,
=1

m

s€{l,...,Lm}\ S,

s* + arg max score(s),
S

S+ SuU{s*},

Ti max(ri, A;’SL*) ,
P77L % X'"L[S"’L,*].
H™ < P™ + Embed(pos(S™™)).

7 Form prototypes
8 Add position
9 Return

Sk S,

g - ppm
5 .

Vi.

Algorithm 1: Greedy Prototype Selection (GPS)

F.2 Straight-Through Estimator for
End-to-End Training

The greedy selection in Eq. (3) returns discrete
token indices and is non-differentiable. However,
the affinity matrix Ais computed from upstream
visual features that we want to train end-to-end
with the downstream VQA objective. To propagate
gradients through the selection step without chang-
ing its discrete behavior at inference, we apply a
straight-through estimator (STE):

ngf’* = g™ 4 M Stopgrad(gm), (11
where S™ is a soft prototype representation com-
puted as an affinity-weighted mixture of all tokens
in X™ using the normalized affinity scores Am,
i.e., a differentiable surrogate of the hard selection.

Forward pass. The first term S™* dominates
and equals the discrete greedy selection, so the
model sees the same hard prototypes during both
training and inference.

Backward pass. The contribution of S * to the
gradient is zero (it is a discrete index operation
with no useful subgradient), and the contribution of
—stopgrad(S™) is also zero by construction. Gra-
dients therefore flow only through the differentiable
surrogate S™ which depends on the upstream vi-
sual features via A,

What is trained vs. not trained. The greedy
index operation itself is not trained—the set of se-
lected indices is determined entirely by the current
A™ at each forward pass. The trainable compo-
nents are (i) the upstream 3D ViT that produces
X™ and (ii) any projection layers that shape the
affinity space. Training therefore adjusts the feature
space in which coverage is measured, which in turn
changes which tokens get selected in subsequent
forward passes.

F.3 Self-Consistency Regularization Details

Self-Consistency Regularization with Marginal
Utility is applied during task-specific fine-tuning to
discourage degenerate always-on visual retrieval.
The regularization compares the marginal utility
of additional retrieved features and encourages the
gate to remain active only when extra visual evi-
dence reduces task loss. To stabilize optimization,
the regularization is introduced after an initial su-
pervised warm-up, so the model first learns stable
VQA representations before the gating behavior is
explicitly constrained.

G Implementation Details

G.1 Training Setup

All experiments are conducted on a server with 8
NVIDIA H100 GPUs using BF16 mixed precision.
Unless otherwise stated, the main BreMRIs-VQA
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results use Qwen3-VL-4B as the backbone for
SeVeR-4B. The token-pruning efficiency compari-
son fixes the backbone to Qwen2.5-VL-3B for all
pruning baselines and SeVeR-3B, while the cross-
model scaling study covers SeVeR-3B (Qwen?2.5-
VL-3B), SeVeR-4B (Qwen3-VL-4B), and SeVeR-
8B (Qwen3-VL-8B). All variants use the same two-
stage training pipeline unless noted otherwise.

G.2 Two-Stage Training Protocol

Phase 1: Cross-modal representation alignment.
The LLM backbone is kept frozen; only the visual
encoder, the GPS module, and the cross-modal
projector are updated. This prevents catastrophic
forgetting of language priors while the visual side
learns domain-relevant representations. For CT-
based datasets (3D-RAD (Gai et al., 2025), Deep-
TumorVQA (Chen et al., 2025b)), Phase 1 uses
volume—caption pairs from CT-RATE (Hamamci
et al., 2024). For BreMRIs-VQA, Phase 1 trains
the model to generate full radiology reports (find-
ings and impressions) from multi-sequence MRI
volumes, encouraging cross-modality alignment
before downstream supervision. Phase 1 hyper-
parameters are: learning rate 1 x 1074, effective
batch size 32 x 8=256, 3 epochs, AdamW opti-
mizer (31=0.9, 52=0.999, e=10"%), cosine decay
with a 5% linear warm-up.

Phase 2: Task-specific fine-tuning. All param-
eters are unfrozen and the model is jointly fine-
tuned on supervised VQA data with the stan-
dard language-modeling objective. Phase 2 hy-
perparameters are: learning rate 8 x 1076 (swept
from 5 x 1076 to 2 x 107°), effective batch size
32x8=256, 1 epoch, AdamW (31=0.9, 82=0.999,
e=10"%), weight decay 0.05 (swept from 0.01 to
0.1; bias and layer-norm parameters excluded), co-
sine decay with a 3—-5% linear warm-up. To stabi-
lize joint optimization before the gating signal is
active, the first 10% of Phase 2 steps (0.1 epoch)
run without the Self-Consistency Regularization
with Marginal Utility (Sec. 3.3); the regularization
is then enabled for the remainder of Phase 2 with
weight 5=0.5. This staged activation lets the back-
bone first converge on the task loss, preventing
degenerate early-stage gate saturation.

G.3 Baseline Implementation Details

Qwen3-VL (general MLLM baseline). We use
the official implementation and pretrained weights.
Multi-sequence MRI volumes are fed as native 3D

video inputs following the Qwen3-VL video en-
coding protocol, which treats temporal frames as
volumetric slices and preserves their spatial struc-
ture. The model is fine-tuned on BreMRIs-VQA
with the same two-stage pipeline and hyperparame-
ters as SeVeR.

Lingshu and other medical VLM baselines
(HuLu-Med, OmniV). We use official imple-
mentations and pretrained weights. For Lingshu,
each MRI volume is represented as a sequence of
individual 2D images (one per slice), so the number
of input image tokens equals the number of slices
in the volume; this multi-image input format aligns
with Lingshu’s native video-style API. All base-
lines are fine-tuned on BreMRIs-VQA following
the same two-stage pipeline, and zero-shot variants
are evaluated without any fine-tuning.

M3D (3D medical VLM baseline). We use the
official implementation and pretrained weights. Be-
cause M3D accepts a single volumetric tensor, all
available MRI modalities for a given case are con-
catenated along the channel dimension; channels
corresponding to missing modalities are filled with
zeros. The 3D vision encoder is pre-trained on
BreMRIs-VQA using the Phase 1 captioning ob-
jective, and the full model is then fine-tuned on
BreMRIs-VQA VQA data, using the same data
splits and optimizer settings as SeVeR.

Visual token pruning baselines (VisionZip, Di-
vPrune, MMTok). All three methods are repro-
duced from their official GitHub implementations
and applied on top of our own fine-tuned Qwen2.5-
VL-3B checkpoint (trained with the two-stage proto-
col above, but without GPS/CaGA). Each method’s
token-selection module is inserted between the vi-
sual encoder output and the LLM input at inference
time; no additional training is performed. Latency
is measured on a single H100 GPU (batch size
1, BF16), averaged over 100 randomly sampled
test examples from BreMRIs-VQA; CaGA retrieval
overhead is included in SeVeR'’s reported latency.

3D-specific models (Merlin, RadFM, CT-CHAT).
Official checkpoints are evaluated in zero-shot
mode on the CT benchmarks (DeepTumorVQA,
3D-RAD), following the original evaluation proto-
cols without additional fine-tuning.
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GBA LDL | Morph.

Setting Base VLM ‘

MMFR LINN | HD | PP | Avg

[ Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.|Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.

SeVeR-3B Qwen2.5-VL-3B
SeVeR-4B Qwen3-VL-4B
SeVeR-8B Qwen3-VL-8B

88.90 99.55
89.82 99.68
91.08 99.74

77.78 99.80
78.48 99.87
80.14 99.90

56.89 97.32
57.45 97.46
59.02 97.68

79.56 99.22
80.11 99.43
81.65 99.55

76.85 97.60
77.42 97.77
79.06 97.96

36.02 97.48
36.53 97.59
38.14 97.87

75.47 99.23
74.18 99.10
75.82 99.24

70.21 98.60
70.57 98.70
72.13 98.85

Table 12: Full cross-model scaling on BreMRIs-VQA. Task abbreviations: GBA = Global Background Assessment,
LDL = Lesion Detection and Localization, Morph. = Morphological Characterization, MMFR = Multi-Modal
Functional Reasoning, LINR = Local Invasion and Nodal Reasoning, HD = Holistic Diagnosis, PP = Pathology
Prediction. Avg. denotes the macro-average across the seven tasks.

H Additional Experimental Results

H.1 Cross-Model Scaling on BreMRIs-VQA

Table 12 reports the full task-wise results for
the cross-model scaling study. SeVeR-3B uses
Qwen2.5-VL-3B, while SeVeR-4B and SeVeR-8B
use Qwen3-VL-4B and Qwen3-VL-8B, respec-
tively.

Performance improves monotonically across all
seven tasks and both metrics as the backbone
scales from 3B to 8B, demonstrating that the
GPS/CaGA mechanism is backbone-agnostic and
scales gracefully with LLM capacity. The 4B—8B
step (+1.56 pp avg. Acc., +0.15 pp BERTScore)
yields the largest gains on Morphological Charac-
terization and Multi-Modal Functional Reasoning
— tasks requiring fine-grained pattern recognition
across MRI sequences — suggesting that larger
LLMs better leverage the multi-level evidence sup-
plied by CaGA. The relative task ordering is pre-
served across all three scales, confirming that se-
lective visual exposure provides consistent benefits
independent of backbone capacity.

H.2 Hyperparameter Sensitivity on

BreMRIs-VQA

Table 13 sweeps four key hyperparameters one at
a time while holding the others at their defaults
(marked ). The model is robust throughout: all
sweeps stay within £0.7 pp of the default average
accuracy. For visual-affinity temperature 7, the
optimal 0.10 balances prototype selectivity: lower
values concentrate affinities too aggressively (risk-
ing coverage collapse on diverse multi-sequence
inputs), while higher values over-smooth inter-
prototype similarities and reduce discriminability.
The prototype budget k=512 maximizes coverage
without introducing redundant prototypes that di-
lute the selection signal, consistent with the latency—
accuracy trade-off in Sec. 4.3. Gate sharpness
5=10 provides adequate binary resolution without
causing premature gate saturation. For the regular-

ization weight 3, a moderate 0.5 penalizes degen-
erate always-on retrieval without over-suppressing
the gating mechanism; both S=0.1 (too lenient)
and 5=1.0 (too aggressive) degrade average accu-
racy by 0.4-0.6 pp.

H.3 Full DeepTumorVQA Results

Table 14 reports the complete subtype-level re-
sults on DeepTumorVQA. Subtypes marked with
x are evaluated using MRA on free-text numer-
ical answers. SeVeR-4B achieves the highest
overall average in both multiple-choice (0.687)
and free-text (0.599), outperforming even the 13B
RadFM. The largest margins appear in Visual Rea-
soning (VisRsn: +0.048 MC, +0.060 FT over the
second-best) and Medical Reasoning (MedRsn:
+0.072 MC, +0.034 FT), task categories that require
integrating cross-slice spatial cues — precisely
the regime where CaGA’s on-demand evidence re-
trieval is most effective. Notably, for Lesion Count,
SeVeR reaches 0.982 accuracy in MC and 0.914
in FT, far ahead of all baselines, indicating that se-
lective prototype coverage preserves the counting
evidence that dense token exposure dilutes. In Mea-
surement subtypes (Meas), SeVeR leads on free-
text MRA (0.521 vs. RadFM’s 0.434) despite trail-
ing in MC (—0.030 vs. CT-CHAT), suggesting that
the generative pathway benefits more from focused
visual access than the classification head. In Recog-
nition (Recog), the larger RadFM (13B) leads at
0.789/0.812; SeVeR-4B reaches 0.707/0.715, com-
petitive given the 3 x parameter gap.

H.4 Full 3D-RAD Ablation Results

Table 15 reports the full per-task ablation on 3D-
RAD, extending the summary in the main text. E.D.
= Existence Detection, S.T.D. = Static Temporal
Diagnosis, L.T.D. = Longitudinal Temporal Diag-
nosis. Removing CaGA (w/o CaGA) incurs the
largest single drop on Longitudinal Temporal Diag-
nosis (L.T.D.: 66.66 vs. 75.28 for the full model)
and Static Temporal Diagnosis (S.T.D.: 41.70 vs.
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Setti GBA LDL Morph. MMFR LINR HD PP Avg.
N8 "Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.| Acc. BERT.
Effect of T, (visual-affinity temperature).
7,=0.05 |89.10 99.55 |77.64 99.75 |56.72 97.21 |79.42 99.21 |76.83 97.53 |36.05 97.32 |73.26 98.92 {69.86 98.50
7,=0.101|89.82 99.68 {78.48 99.87 |57.45 97.46 |80.11 99.43 |77.42 97.77 |36.53 97.59 |74.18 99.10 |70.57 98.70
7,=0.20 |89.36 99.61 |78.03 99.80 |57.21 97.33 |79.73 99.29 |77.08 97.61 |36.31 97.44 |73.55 98.98 |70.18 98.58
Effect of k (prototype budget).
k=256 |88.94 99.52 |77.81 99.78 [56.96 97.28 |79.58 99.25 |76.91 97.56 |36.14 97.39 [73.08 98.90 |69.92 98.53
k=512T [89.82 99.68 |78.48 99.87 |57.45 97.46 [80.11 99.43 |77.42 97.77 |36.53 97.59 |74.18 99.10 |70.57 98.70
k=1024 |89.41 99.60 |78.15 99.82 |57.02 97.30 |79.66 99.31 |76.98 97.60 [36.36 97.47 |73.04 98.94 |70.09 98.58
Effect of s (gate sharpness).
=5 89.28 99.58 [77.92 99.79 |57.18 97.35|79.51 99.24 |76.95 97.58 |36.22 97.42 |73.18 98.93 |70.03 98.56
s=10t 89.82 99.68 |78.48 99.87 |57.45 97.46 [80.11 99.43 |77.42 97.77 |36.53 97.59 |74.18 99.10 |70.57 98.70
=20 89.47 99.62 [78.11 99.81 |57.24 97.37 |79.88 99.33 |77.16 97.65 |36.41 97.50 |73.22 98.96 |70.21 98.61
Effect of 8 (marginal-utility regularization weight).
£=0.1 89.33 99.59 [78.06 99.81 |57.11 97.34 |79.74 99.30 |77.05 97.62 |36.27 97.45|73.28 98.95 |70.12 98.58
£=0.5" |89.82 99.68 [78.48 99.87 |57.45 97.46 |80.11 99.43 |77.42 97.77 |36.53 97.59 |74.18 99.10 |70.57 98.70
£5=1.0 |89.08 99.54 |77.77 99.77 |56.98 97.25 |79.53 99.24 |76.89 97.55 |36.16 97.38 |73.17 98.91 [69.94 98.52

Table 13: Hyperparameter sensitivity on BreMRIs-VQA. Each block varies one hyperparameter while keeping
the others fixed at their default values, marked with . We report multiple-choice accuracy (Acc.) and free-text
BERTScore (BERT). GBA = Global Background Assessment, LDL = Lesion Detection and Localization, Morph. =
Morphological Characterization, MMFR = Multi-Modal Functional Reasoning, LINR = Local Invasion and Nodal
Reasoning, HD = Holistic Diagnosis, PP = Pathology Prediction.

51.77), where multi-slice evidence retrieval is es-
sential for identifying temporal changes — con-
firming that prototype compression alone is insuffi-
cient for temporally demanding tasks. The k sweep
shows that k=512 achieves the best aggregate:
k=256 degrades free-text metrics despite maintain-
ing competitive E.D. accuracy, as fewer prototypes
suppress multi-scale cues needed for generation;
k>1024 saturates accuracy while consuming more
tokens with no BERTScore benefit. Removing the
marginal-utility regularization (w/o Regul.) de-
grades E.D. accuracy by 0.82 pp and visibly hurts
free-text BLEU/ROUGE across all three genera-
tive task groups, confirming that the regulariza-
tion suppresses degenerate always-on gate patterns
that dilute generation quality. The Phase 1-only
checkpoint (without fine-tuning) shows that repre-
sentation alignment through captioning is a neces-
sary precursor, yielding non-trivial free-text quality
(BERTScore =~ 86-91) but near-zero discriminative
accuracy, which supervision subsequently converts
into strong task-specific performance.

H.5 Additional Results for Modality Settings

Table 16 provides the complete numerical break-
down of modality-robustness results across all six
settings and seven clinical tasks. The six set-
tings correspond to progressively richer combina-

tions of breast MRI sequences: S/ uses only T1-
weighted imaging (anatomical structure); S2 adds
dynamic contrast-enhanced sequences (DCE) for
vascular enhancement patterns; S3 uses diffusion-
weighted imaging (DWI), apparent diffusion coef-
ficient (ADC), and T2-weighted imaging for signal
characterization; S4 combines T1w, DCE, T2w,
and DWI; S5 further adds T1-STIR to S4; and S6
uses all available sequences. Across every task and
metric, SeVeR maintains consistently smaller per-
formance gaps relative to S6 compared with the
w/o Proto. baseline, confirming that GPS prototype
coverage and CaGA on-demand retrieval collec-
tively reduce over-reliance on any single modality.

Fig. 9 extends the modality-robustness compari-
son to BLEU, ROUGE, and BERTScore for free-
text answers, complementing the accuracy curves
in Fig. 4 from the main text. Across all three met-
rics, SeVeR (solid lines) degrades more gracefully
than the w/o Proto. baseline (dashed), especially
under the most resource-constrained settings. The
free-text results thus confirm the same conclusion
as the discriminative analysis: prototype-based vi-
sual compression yields representations that are
robust to missing or substituted MRI sequences.
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Multiple-choice Free-text
Type Subtype Merlin M3D-L2 M3D-P3 CT-CHAT RadFM SeVeR |Merlin M3D-L2 M3D-P3 CT-CHAT RadFM SeVeR
7B 7B 4B 7B 13B 4B 7B 7B 4B 7B 13B 4B

Lesion Volumex | 0.253 0.815  0.825 0.833  0.815 0.819|0.079 0.085  0.079 0.075  0.112 0.258
Organ HUx 0.254 0.638  0.640 0.637  0.647 0.637 | 0.487 0.490  0.491 0513  0.608 0.620
Organ Volumex 0262 0.747  0.754 0.750  0.755 0.748 | 0.526  0.535  0.528 0.549  0.583 0.685
Average 0.256 0.733  0.740 0.740  0.739 0.735|0.364 0.370  0.366 0379 0434 0.521
Colon Lesion 0.859 0.859  0.859 0.859  0.856 0.859 | 0.859 0.859  0.859 0.859  0.893 0.859
Kidney Cyst 0.797 0.797  0.797 0.797  0.861 0.856 |0.797 0.797  0.797 0.797  0.864 0.856
Kidney Lesion 0495 0510 0.501 0514  0.668 0.491 |0.511 0.515  0.490 0.507  0.692 0.520
Recog Kidney Tumor 0.564 0574 0.574 0.574  0.886 0.852|0.574 0.574 0.574 0.574  0.890 0.852
Liver Lesion 0.535 0524 0.517 0.524  0.652 0.516 | 0.524 0.524  0.524 0.524  0.662 0.526
Pancreatic Lesion | 0.718 0.718  0.718 0.718  0.810 0.669 | 0.718 0.718  0.718 0.718  0.871 0.675
Average 0.661 0.664 0.661 0.664  0.789 0.707 | 0.664 0.665  0.660 0.663  0.812 0.715

Adj Organ 0217 0565  0.609 0.609  0.609 0.652|0.174 0.174  0.304 0.304  0.435 0.044
Inter-Segment 0470 0567  0.576 0572 0.591 0.714 | 0.577 0.561  0.592 0.589  0.456 0.524
Kidney Vol Comp | 0.347 0.370  0.364 0372  0.386 0.414 | 0.350 0.370  0.356 0370  0.386 0.359
Lesion Attenuation | 0.317  0.541 0.539 0.544  0.555 0.679 | 0.526 0.544  0.548 0.542  0.521 0.505
Lesion Diameter+ | 0.263 0.778  0.783 0.781 0.766 0.725|0.182 0209  0.233 0269  0.232 0.414
Lesion Location | 0.307 0.310  0.310 0.340  0.340 0.476 | 0.359 0.353  0.337 0353  0.334 0.133
Lesion Slicex 0.241 0.672  0.684 0.672  0.664 0.684 | 0.524 0.533  0.510 0513  0.672 0.696
VisRsn |Lesion Count & Locx| 0.583  0.861  0.860 0.862  0.861 0.856 |0.534 0.534 0.534 0.534  0.506 0.616
Lesion Countx 0.455 0.781  0.784 0.796  0.790 0.982 | 0.000 0.000  0.000 0.000  0.001 0914
Lesion Outlier 0.521 0507  0.549 0.451 0.493 0423|0451 0535 0.535 0.577  0.521 0.549
Liver Lesion Clust | 0.331 0.438  0.475 0.463  0.469 0.669 | 0.388 0.469  0.469 0.431 0.513 0.413
Organ Aggrega.x | 0257 0.660  0.667 0.655 0.661 0.635|0.577 0.569  0.586 0.574  0.621 0.720
Organ Enlarge. 0.736 0.736  0.736 0.736  0.746 0.717 | 0.736  0.736  0.736 0.736  0.759 0.713
Tumor-Organ HUx | 0296 0.836  0.839 0.821 0.821 0.802|0.113 0.122  0.139 0.197  0.189 0.384
Average 0.382 0.616  0.627 0.620  0.625 0.673 | 0.392 0.408  0.420 0.428  0.439 0.499
Fatty Liver 0.318 0.461  0.455 0.481 0.481 0.558 | 0.481 0.481  0.396 0.487  0.578 0.422
Lesion Type 0.865 0.865  0.865 0.865 0.865 0.865|0.865 0.865  0.865 0.865  0.851 0.865
Cyst Resecta. 0.371 0.657  0.800 0.800  0.771 0.771 | 0.800 0.800  0.800 0.800  0.771 0.829
MedRsn| Lesion Resectab. | 0.379 0.483  0.483 0.483 0483 1.000 | 0.414 0.483 0483 0.483  0.483 1.000
Pancrea. Steat. 0526 0526 0.513 0513  0.579 0.526 | 0.526 0.526  0.526 0.526  0.658 0.566
Tumor Staging 0216 0351  0.243 0.189  0.324 0.216 | 0.216 0.216  0.297 0.135 0432 0.297
Average 0446 0.557  0.560 0.555 0.584 0.656 | 0.550 0.562  0.561 0.549  0.629 0.663
Total Average 0.440 0.626  0.632 0.628  0.662 0.687 | 0.478 0.489  0.493 0.497  0.555 0.599

Meas

Table 14: Full subtype-level performance on DeepTumorVQA. Subtypes marked with * indicate free-text numerical
answers evaluated using MRA (higher is better).

E.D. S.T.D. L.T.D.| Medical Measurement Image Observation Anomaly Detection Exposed
Acc. Acc. Acc. |BLEU ROUGE BERT |BLEU ROUGE BERT |BLEU ROUGE BERT | tokens

Baseline Zs. | 3.52 0 0.15 | 0.11 0.08 76.65| 0.26 044 7622 | 0.24 0.54  76.65| 4608
SeVeR Phasel | 22.94 10.54 21.12 | 1047 20.78 9123 | 474 1794 865 | 5.36 17.28  86.24 512
Baseline Ft. | 82.01 45.16 72.19 | 3295 33778 95.03 | 42.63 4525 9192|3427 3754 90.58 | 4608
w/o CaGA |75.73 41.70 66.66 | 3043 31.19 87.75|39.36 41.78 84.88 | 31.64 34.66 83.64 512
k=256 82.11 5136 75.63 | 37.21 39.56 9595|4884 5372 93.10 | 39.07 4485 91.56 256
k=1024 82.37 51.11 7339 | 3394 3568 9549|4872 5343 93.06 | 38.97 43.18 91.58 | 1024
k=2048 8236 52.56 76.87 | 34773 3679 95.78 | 43.62 4727 9233 | 38.80 4257 9142 | 2048
w/o Regul. |81.44 51.45 74.62 | 3653 3878 95.00 | 48.51 53.88 92.19 | 39.60 4536 90.69 512
SeVeR 8226 51.77 7528 | 36.78 39.01 9593 | 48.81 54.16 93.09 39.83 4558 91.58 512

Metrics

Table 15: Full ablation study on 3D-RAD. We report task performance and the average number of exposed input
visual tokens. E.D. = Existence Detection, S.T.D. = Static Temporal Diagnosis, L.T.D. = Longitudinal Temporal
Diagnosis, Zs. = Zero-shot, Ft. = Fine-tune, Acc. = Accuracy, and BERT = BERTScore.
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(a) Free-text BERTScore. (b) Free-text BLEU. (c) Free-text ROUGE.

Figure 9: Robustness to modality availability under different settings. SeVeR (solid) vs. w/o selective exposure
(dashed) under six modality settings (S1-S6). (a) BERTScore, (b) BLEU, (¢) ROUGE for free-text quality.
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Acc. BLEU
S1 S2 S3 S4 S5 S6 S1 S2 S3 S4 S5 S6

Global Background Assessment w/o Proto. [89.82 89.82 83.10 87.78 79.97 89.43]95.66 95.90 72.76 95.43 96.49 96.63
SeVeR 89.82 89.82 89.82 87.78 80.77 89.82|96.63 96.63 96.65 96.63 96.44 96.63

Lesion Detection & Localization ~ w/o Proto. | 78.39 76.60 69.76 72.68 54.69 73.55(97.78 98.16 60.99 97.53 98.62 98.74
SeVeR 78.39 76.60 80.21 72.67 54.80 78.48|98.77 98.77 98.62 98.76 98.56 98.61

Morphological Characterization w/o Proto. | 57.35 49.50 37.80 53.65 27.92 57.68|73.63 74.42 41.22 73.96 74.78 70.34
SeVeR 57.35 49.50 37.73 53.65 28.04 57.45|74.38 74.83 72.30 74.89 74.74 73.46

Multi-Modal Functional Reasoning w/o Proto.|78.75 73.60 61.43 64.70 51.33 79.81|96.50 96.86 58.80 95.60 96.66 97.01
SeVeR 78.75 73.60 62.75 64.70 55.95 80.11|97.47 97.45 97.46 97.40 97.21 97.28

Local Invasion & Nodal Reasoning w/o Proto.|77.01 76.96 67.05 69.64 66.74 78.54|87.49 87.77 54.44 86.49 87.45 84.14
SeVeR 77.01 76.96 77.99 69.64 68.25 77.42|88.37 88.31 87.87 88.12 87.94 88.01

Task Model

Holistic Diagnosis w/o Proto. |34.97 37.08 22.26 37.50 30.66 35.86|87.44 87.88 43.93 86.56 87.53 87.35
SeVeR 34.97 37.08 22.82 37.50 31.75 36.53|88.32 88.32 88.02 88.29 88.11 88.22
Pathology Prediction w/o Proto. | 72.79 68.07 63.18 69.75 63.75 71.29|94.39 94.78 61.47 93.48 94.52 94.89

SeVeR 72.79 68.07 61.29 69.75 65.25 74.18|95.34 95.39 95.70 95.34 95.15 95.34

ROUGE BERTScore
S1 S2 S3 S4 S5 S6 S1 S2 S3 S4 S5 S6

Global Background Assessment w/o Proto. [96.87 97.11 72.63 96.62 97.70 97.86|98.68 98.74 94.41 98.44 99.54 99.68
SeVeR 97.85 97.84 97.88 97.84 97.64 97.85/99.68 99.68 99.68 99.68 99.48 99.68

Lesion Detection & Localization ~ w/o Proto.|93.31 93.79 53.11 93.09 94.12 93.56|98.88 98.97 91.20 98.64 99.73 99.88
SeVeR 94.25 94.32 93.83 94.26 94.07 93.96 | 99.88 99.88 99.87 99.88 99.68 99.87

Morphological Characterization w/o Proto. | 71.98 72.43 47.23 71.50 72.30 71.92|96.51 96.58 91.80 95.69 96.75 97.24
SeVeR 72.71 72.90 72.64 72.85 72.70 72.63|97.48 97.50 97.47 97.49 97.30 97.46

Multi-Modal Functional Reasoning w/o Proto.|96.58 96.96 58.09 95.70 96.76 96.97|98.49 98.55 91.69 97.62 98.71 99.35
SeVeR 97.56 97.54 97.42 97.50 97.31 97.37|99.48 99.47 99.45 99.46 99.26 99.43

Local Invasion & Nodal Reasoning w/o Proto.|86.97 87.25 57.42 85.99 86.95 85.92]96.80 96.84 92.74 95.92 96.99 97.41
SeVeR 87.85 87.82 87.47 87.61 87.43 87.83|97.78 97.77 97.71 97.73 97.53 97.77

Task Model

Holistic Diagnosis w/o Proto. [85.19 85.56 44.62 84.39 85.33 85.70]96.61 96.71 89.30 95.69 96.76 97.53
SeVeR 86.05 86.01 85.81 86.07 85.90 85.86|97.59 97.60 97.57 97.60 97.40 97.59
Pathology Prediction w/o Proto. |94.70 95.02 62.61 93.80 94.84 94.99(98.12 98.19 92.15 97.17 98.25 98.98

SeVeR 95.66 95.65 96.00 95.67 95.48 95.53|99.11 99.11 99.16 99.11 98.91 99.10

Table 16: Full task performance under different modality settings (S1-S6). Top: MC accuracy (Acc.) and free-text
BLEU. Bottom: free-text ROUGE and BERTScore.
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