ided
1ed

This MICC/
by the M

version, except for the format and this waterm:

M ICCAI final published version is available on SpringerLink

K
’

Candidate-Expanding Routing with
Permutation-Stabilized Experts for
Mixed-Format Medical VQA

Hai-Dang Nguyen!? and Huy-Hieu Pham!:23*

L College of Engineering and Computer Science, VinUniversity, Hanoi, Vietnam
2 VinUni-Illinois Smart Health Center, VinUniversity, Hanoi, Vietnam
3 Center for Innovations in Health Sciences, VinUniversity, Hanoi, Vietnam
dang.nh3@vinuni.edu.vn, hieu.ph@vinuni.edu.vn

Abstract. Mixed-format medical visual question answering (VQA) re-
quires stable option selection and machine-readable free-text output. The
two formats fail differently: multiple-choice predictions can change with
option symbols or positions, while clinically plausible open answers can
fail automated evaluation when serialization is malformed. We address
both challenges with an answer-text memory, a permutation-stabilized
vision—language expert, and a sparse candidate-expanding router. The
cyclic schedule follows prior work; our contribution is to make expert top-
2 a routable candidate alongside memory and expert top-1. On a 1,403-
case retrospective internal analysis, this expansion improves a matched
binary router from 88.95% to 91.73% (+2.78 percentage points; 95%
CI 1.57-3.99), with 56 rescued errors and 17 regressions. Oracle cov-
erage rises from 90.31% to 96.15%, and the final submitted configura-
tion reaches 92.23% on the same retrospective split. For open questions,
strict generation and deterministic guards produce 475/475 schema-valid
participant-facing outputs without repair, retry, or hard-gate failure. Vi-
sual ablations reveal substantial textual dependence. Candidate expan-
sion supplies the principal controlled routing gain; open-path evidence
establishes output-contract validity rather than clinical correctness in
medical use or deployment.

Keywords: Medical VQA - vision—language models - option-order
sensitivity - expert routing - output validation

1 Introduction

Medical visual question answering (VQA) connects heterogeneous clinical im-
ages with questions ranging from recognition to multi-step reasoning [11,12].
Recent public MLLMs include Qwen2.5-VL, MedGemma, and Lingshu [2,9,19].
Med-CMR, spans 11 organ systems, 12 modalities, and seven visual or clinical-
reasoning tasks [5]. Its mixed format creates two interface problems: MCQs re-
quire stable selection from case-defined options, while open questions require

* Corresponding author.
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useful content in a machine-readable form. An MCQ can fail through unsta-
ble option identifiers, whereas a clinically plausible open answer can become
unscorable through malformed fields. A single submission must control both
semantic selection and the observable output contract.

MCQ selection is sensitive to option order and symbols [17,21]. Prior cyclic
evaluation exposes each semantic option to every identifier before back-mapping
and aggregation [25]; permutation sensitivity also affects VLMs [26], motivating
recent LVLM bias correction [1]. Calibration estimates label priors [24], and
self-consistency aggregates repeated reasoning paths [20]. Rather than collapse
repeated scores to one answer, we retain ranked semantic alternatives so that a
correct top-2 option remains available to the selector.

Retrieval-augmented and medical memory models usually condition one gen-
erator on retrieved evidence [10, 22]; learning-to-defer and selective-prediction
methods instead choose which predictor should answer [4,13,16]. We keep mem-
ory and VLM as independent candidate generators and merge them only at se-
lection. Routing memory with expert top-1 and top-2 expands reachable answers
when the first two candidates are wrong. It also separates candidate coverage,
whether any candidate is correct, from router regret, errors made after a correct
candidate is available.

For open VQA, hallucination and rationale faithfulness concern clinical con-
tent and causal support [6,8]; valid JSON establishes neither. Parsing, determin-
istic guards, and one retry address malformed fields, hidden text, and repetition
only as an output contract, without claiming clinical verification.

To address these challenges, we separate candidate formation from selection.
The MCQ path constructs one memory candidate and two ranked VLM candi-
dates; the open path places one structured generation behind an explicit serial-
ization contract. The main contributions are:

— We formulate MCQ inference as heterogeneous candidate expansion over
answer-text memory and expert top-1/top-2. The third candidate raises
matched accuracy by 2.78 percentage points and oracle coverage by 5.84
points on retrospective internal analysis.

— We adapt prior cyclic scheduling to case-defined medical-VQA labels through
token-aware scoring, semantic back-mapping, and option-space aggregation
while retaining ranked expert outputs for selection.

— We separate coverage from routing error through matched ablations, rescue
and regression counts, and router regret. Shortcut controls and the open-
output audit bound the resulting claims.

The rest of the paper is organized as follows. Section 2 presents the permutation-
stabilized expert, answer-text memory, candidate-expanding router, and open-
output contract. Section 3 describes the experimental protocol, baselines, con-
trolled ablations, mechanistic analyses, qualitative evidence, and robustness stud-
ies. Section 4 discusses findings, limitations, and conclusions.
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2 Method

2.1 System Overview

The common input is a medical image I, question ¢, task type, and, for MCQ),
case-defined label-text pairs O = {(¢;,0;)}X,. A slot joins a displayed symbol
and its position. The MCQ path outputs one /e {¢;}; the open path outputs
a validated JSON object containing answer and reasoning_trace. Figure 1
separates these paths and organizes each as input, method, and output. MCQ
retrieval and VLM scoring share no prediction state and meet only at the router;
the open branch uses its own retrieval and generation path.

FIT-TIME Answer-text memory @ Qwen3.6-278 Sparse OVR router
ARTIFACTS 11,592 released fit MCQs +MCQ LORA 3 develop + selection data

CASE INPUT (a) MCQ LABEL SELECTION _: :

Answer-text Top-5 .5 Answer-
memory & neighbors [] vocabulary | .

[ Image-frame

@

- s : EUR MCQ OUTPUT
i= Options {10 ! CYCLICOPTION iy % VLM option case-defined
! RELABELING (K shifts) : scoring @ CANDIDATE- Regd label
P A e B ) LU  EXPANDING 5
v st [0 |[02 | - [ox |\ 4 [m] Sematic £ e {4}
: Csw o (o] - [0 >: back-map ROUTER
st [og [0 ] = [oga] @ | G « memory
' Aggregate in « expert top-1
option space (W d  © experttop-2
(e,
(b) OPEN-ENDED STRUCTURED GENERATION M
———————————————————— > f \ OPEN OUTPUT
in(f)enrlg;wece > f [ > &) | validated 350N
Answer-text Strict JSON Parse + Deterministic pass | repair answer:
fitted memory generation sanitize | output gates | retry | reject

Fig. 1. Mixed-format input-to-output pipeline. A shared image and question are dis-
patched by task type. (a) For MCQs, answer-text memory independently yields cg,
while cyclic relabeling, VLM scoring, and semantic back-mapping yield ¢; and c2; our
router returns one valid case-defined label. (b) For open questions, retrieved context
conditions strict JSON generation, followed by parsing and deterministic gates that re-
turn validated answer and reasoning_trace fields or trigger repair, retry, or rejection.
Dashed arrows are fitted dependencies; solid arrows are online inference.

2.2 Heterogeneous MCQ Candidate Generation

Answer-text memory. The memory contains 11,592 released fit MCQs. Fit docu-
ments concatenate question, options, organizer visual description, metadata, and
correct answer text; queries contain only question and options. Case-folded regex
unigrams use smoothed IDF, L2 normalization, and cosine similarity (min_ df =
1). We rank 50 neighbors, retain five, match their answer text to current options,
and similarity-vote for cr. Historical labels and evaluated references are never
transferred. Because fit descriptions contain a normalized answer substring in
422 cases, we call this an answer-aware answer-vocabulary memory and audit
the confound in Section 3.6.
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Permutation-stabilized expert. Following the cyclic selector evaluation of Zheng
et al. [25], we use a balanced K-shift schedule so that every semantic option
occupies every case-defined symbol-position slot once. For s € {0,..., K — 1},

ms(i) =1+ ((1 — s — 1) mod K). (1)

Only the slot assignment changes; image, question, and option content remain
fixed. Option o; occupies £ (;); scores are mapped back before the submitted
log-score average,

K-1

z, =K' Z 2s(Ur (i) , = arg max z;, (2)
s=0 ¢

This ranks the geometric mean after within-shift normalization; its two highest
scores define c1, co. Under the additive slot model z, (¢, (i)) = Ui + by (i) + €is,
balanced exposure contributes the same mean slot term to each option, but
cannot remove content—slot interactions. Benchmark labels are single-token A-
E; scoring tests six whitespace/punctuation variants. Parser/router tests also
cover numeric, Roman, and arbitrary labels; ties follow case order.

2.3 Candidate-Expanding Router

Candidates are memory cg and expert ranks ci,cs. A one-vs-rest L1 logistic
model uses 58 inference features covering agreement, retrieval, confidence, input
length, metadata, keywords, and shift consistency. References, correctness, IDs,
and oracle switches are excluded. Targets choose the first correct candidate in
priority cg,c1,co and omit unreachable rows. Five-fold record-level out-of-fold
predictions select class multipliers. The final 1liblinear fit (C' = 1, balanced
classes, seed 26) uses development plus a permitted 100-case selection set. In-
ference applies factors (1.0,1.0,0.7), masks duplicate/invalid candidates, and
returns the exact case label.

2.4 Open-Ended Output Contract

Open retrieval searches 14,308 fit cases; up to three contexts enter one greedy
JSON prompt (256-token cap; penalty 1.05; no repeated 8-grams). Both fields
are generated once. Parsing accepts JSON or labeled fields, removes hidden
text and Markdown, and caps answer /rationale at 35/80 words. Schema, length,
repetition, symbol, meta-text, type, and consistency rules allow serialization-
only repair and one retry; persistent failure aborts. Each object thus contains a
nonempty answer and brief rationale. These checks verify output-contract prop-
erties, not clinical correctness or faithfulness, and are not hallucination detection.
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3 Experiments

3.1 Experimental Setup

Data and protocol. Med-CMR reports 20,653 VQA pairs across 11 organ sys-
tems, 12 modalities, and seven tasks [5]. We stratify 17,722 labeled challenge
cases [15] by question type, task, organ, and modality: fit has 14,308 cases
(11,592 MCQ/2,716 open), while development and internal analysis each have
1,707 (1,403/304). Development supports selection. The later-inspected inter-
nal split is retrospective development evidence, not an independent evaluation.
The unscored participant set has 2,057/475 cases and no final hidden result.
MCQs use exact-label accuracy, 10,000 pHash-cluster bootstrap replicates [3],
and Holm-corrected exact McNemar tests [14]. Patient/study IDs are unavail-
able. Med-CMR is CC BY-NC 4.0; no new patient data were collected, and use
is research-only.

Models and baselines. Qwen3.6-27B revision 6a9e13b [18] runs bfloat1l6 with a
frozen vision stack. LoRA (r = 8, a = 16, dropout 0.05) uses AdamW (1075),
batch 1, accumulation 16/8, and seed 42 on one H100 80GB [7]. A 300-step fit
uses 11,592 MCQs plus 2,000 PMC-VQA cases with two relabelings [23]; 40-step
continuation on a permitted 100-case selection set chooses step 30.

3.2 Main Baselines

Table 1 reports the reviewed same-split baselines. Candidate expansion raises bi-
nary routing from 88.95% to 91.73% (95% CI [1.57, 3.99]). The final retrospective
result is 92.23%; the development-tuned margin switch reaches 80.40%.

Table 1. Same-split baselines on 1,403 retrospective internal MCQs. The margin switch
is selected on development and frozen; (Ours) identifies the proposed and final systems.

Method Acc. (%) Method Acc. (%)
Text / retrieval baselines

Global answer-frequency prior 23.16 Question-only retrieval 35.71
Answer-free lexical memory 60.73 Answer-aware lexical memory 61.15
VLM expert baselines

Base Qwen3.6 + context, direct 58.95 Label-shuffle LoRA, direct 72.70
Cyclic probability mean 80.04 Continued adapted expert 81.25

Routing systems
Dev-tuned margin switch 80.40 Memory + expert top-1 88.95
Top-2 router (Ours) 91.73 Final system (Ours) 92.23




6 H.-D. Nguyen and H.-H. Pham

3.3 Controlled Ablation

Table 2 separates expert scoring from candidate expansion. Top-2 rescues 56
binary-router errors and causes 17 regressions: 39 net correct cases (42.78 per-
centage points; 95% CI [1.57,3.99]; Holm-adjusted p = 2.1 x 10~°). Permutation
diagnostics then change accuracy by —0.14 points (95% CI [—0.50,0.21]).

Table 2. Matched internal-MCQ changes. Each row states its comparison; Cls use
pHash-cluster bootstrap sampling. (Ours) marks candidate expansion. The base-to-
adapted contrast confounds domain supervision with label-shuffle augmentation.

Controlled change From To A pp 95% CI

A. Expert stabilization

Add cyclic stabilization to base 58.95 63.36 4.42 [+2.36, +6.48]
Add label-shuffle adaptation 58.95 72.70 13.76 [+11.91, +15.67]
Add cyclic plurality to adapted 72.70  79.83 7.13 [+5.41, +8.92]
Use probability-mean aggregation 79.83  80.04 0.21 [-0.78, +1.21]
Switch to submitted log mean 80.04 79.90 —0.14 [-0.79, +0.50]
Continue adapted expert 79.90 81.25 1.35 [4+0.71, +2.06]
B. Controlled router ablation

Add expert top-2 (Ours) 88.95 91.73 2.78 [+1.57, +3.99]
Add permutation diagnostics 91.73 91.59 —0.14 [-0.50, +0.21]

3.4 Mechanistic Analysis

Figure 2 distinguishes agreement-based diagnosis from candidate reachability.
Adding cs raises oracle coverage from 90.31% to 96.15% and matched routing

from 88.95% to 91.73%.

(a) Our expert: agreement diagnostic
100 q n=761 100 4

(b) Top-2 expansion (Ours): reachability and routing
96.2

90.3

80 80

60 60

40 - 40

Expert accuracy (%)

20 1 20 1

Cases covered or correct (%)

0

+5.84 pp
coverage

89.0 91.7

+2.78 pp
accuracy

T T T T
<=2/5 3/5 4/5 5/5

T
2 candidates

3 candidates

(memory + top-1)(+ top-2; Ours)

Agreement across five shifts

T
Binary router Expanded router
(memory + top-1)(+ top-2; Ours)

Fig. 2. Mechanistic evidence. (a) Expert accuracy versus five-shift agreement, with
Wilson intervals and bin counts; agreement is diagnostic only. (b) Top-2 expands oracle
coverage from 90.31% to 96.15% and matched routing from 88.95% to 91.73%; hatching

marks expanded systems.
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Cyclic scoring improves both checkpoints. Probability and log averaging are
equivalent on identical logits (80.04% vs. 79.90%, p = 0.83), while the adapta-
tion contrast remains confounded by a missing same-data standard-LoRA check-
point. Candidate expansion makes 82 answers newly reachable. The router selects
cr/c1/ca for 861/427/115 cases, with conditional accuracies 96.86/93.68/52.17%;
co cases are harder because earlier candidates conflict. The remaining 55 reach-
able errors yield 3.92 points of router regret. Agreement predicts correctness
(AUROC 0.750), but margin is stronger (0.858), matching the neutral feature
ablation in routing.

3.5 Qualitative Evidence Across Formats

Figure 3 shows two CT cases selected by fixed, reproducible criteria. In the
MCQ, memory and top-1 fail; top-2, our router, and the reference agree, while
visual removal produces another error. The open example maximizes a fixed an-
swer /rationale overlap score among fit-disjoint radiology outputs and preserves
both reference findings. Together they expose the two mechanisms without re-
placing aggregate or clinical validation.

(b) MCQ input

(c) MCQ output: top-2 rescue

Question. From the feature set observed, reason toward an
unusual mechanism that would not align with common diagnoses.
What key attribute in the image and its description suggests a rare
condition rather than a typical ?

Retrieval candidate B X

(a) MCQ: Original CT

- A. A unilocular low-attenuation cyst in the lesser omentum Expert top-1 B X

consistent with a type | hydatid cyst

Expert top-2 Av
B. A unilocular low-attenuation cyst in the greater omentum adjacent

to the stomach consistent with a type | hydatid cyst . .
C. A unilocular low-attenuation lesion along the posterior gastric wall {Candldate-expandmg routerJ
representing a simple gastric duplication cyst rather than a
parasitic etiology

D. A unilocular low-attenuation cystic lesion within the greater
omentum anterior to the stomach most consistent with an omental
pseudocyst from prior pancreatitis

E. A unilocular low-attenuation lesion adherent to the greater
omentum adjacent to the stomach consistent with a simple omental

Reference: A

Binary router: B X
Expanded router: A v
Al visual fields removed: E X

cystic lesion
(d) Open: chest CT () Open input + reference (f) Open structured output
Question. Describe the atypical yet coherent pattern that departs answer. Extensive subcutaneous
from routine entities, focusing on the distribution and its impact on and
surrounding structures. tracking through chest wall fascial planes

subcutaneous emphysema with air dissecting through the
chest wall soft tissues and extending into the
mediastinum. This pattern indicates a breach in the airway
or alveoli allowing air o track along fascial planes.

free air with

s reasoning_trace The image shows extensive
. large-
volume subcutaneous emphysema of the chest wall.

Fig. 3. Real Med-CMR input-to-output examples [5, 15]. (a—c) For abdominal CT,
memory/top-1 predict B, top-2 exposes reference A, and our router selects A; visual
removal predicts E. (d—f) For chest CT, the open output preserves both reference
findings in valid JSON. Images are only resized; both are SHA-, pHash-, and template-
disjoint from fit. These cases illustrate mechanism, not aggregate validity.
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3.6 Robustness and Sensitivity

Options-only and question-plus-options retrieval score 61.30% and 61.65%, ex-
posing answer-vocabulary regularity. Answer-free memory scores 60.73% versus
61.15% answer-aware; their disjoint scores are 60.35/61.04%. We find 78 exact-
image overlaps but no patient/study IDs. A pHash-grouped refit reaches 92.37%,
close to 92.23%; this limits grouping sensitivity but is not independent valida-
tion. Each control in Table 3 recomputes expert features and routing with the
trained system fixed.

Table 3. Visual sensitivity on retrospective internal MCQs. (Ours) is matched input;
other rows are independent controls, not a cumulative sequence.

Input condition Expert  Router A (pp) 95% CI Flip
Full input (Ours) 81.25 92.23 0.00 reference 0.00
Raw image omitted 76.27 88.95 —3.28  [-4.49, -2.14] 6.91
All visual fields omitted 75.98 89.17 —3.06 [-4.34, -1.85] 7.34
Modality shuffle (3 seeds) 79.66 90.16 —2.07 [-3.09, -1.07] 6.27

Open-output contract. All 475 participant-facing outputs are schema-valid, with
no repair, retry, or hard-gate failure; seven review warnings remain. Organizer
pre-evaluation on 425 open cases reported GT 1.859/4 and VA 2.774/4. No
gate intervened and the evaluator is unavailable; this establishes output-contract
validity only, not clinical benefit.

4 Discussion and Conclusion

Expert top-2 provides the principal controlled routing gain: 39 net correct cases
(4+2.78 percentage points) and oracle coverage of 96.15% rather than 90.31%.
This headroom enables the final 92.23% retrospective result; Figure 3 illustrates
the mechanism, not aggregate validity.

Cyclic relabeling is prior work; probability and log aggregation are equiva-
lent here, and agreement is diagnostic but neutral for routing. Evidence remains
retrospective, with answer regularity, image/template overlap, record-level OOF,
and no patient/study IDs. Raw-image omission retains 88.95%, so image depen-
dence cannot establish faithful grounding. Hidden results and clinician review
are unavailable.

Candidate expansion, not extra uncertainty features, supplies the main gain;
open guards enforce serialization only. Future work should freeze the system for
blind patient-disjoint evaluation, use set-valued targets, and compare guarded
and raw answers with clinician-supported metrics.
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