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Abstract. Medical visual question answering under domain shift asks
that the answer be right and that the reasoning be faithful to the image,
not fluent narration from language priors. The MedReason 2026 challenge
makes the second requirement decisive, capping the visual accuracy of an
answer whenever the reasoning is not grounded in the image. We present
MIRA (Modality-adaptive Image-grounded Reasoning and Answering),
an offline system built on a nine-billion-parameter multimodal model and
designed backwards from that rule. Its centrepiece is grounding-aware
chain-of-thought : rather than sampling a teacher and keeping the traces
that happen to be correct, we hand a frozen teacher the reference answer
and supervise only its visual justification, so the teacher explains a known
answer instead of searching for one. A two-stage low-rank adaptation
trains under a token-weighted loss mirroring the rubric; a metadata-free
modality router and synthetic out-of-distribution acquisitions address
the shifted test split. On an 886-case held-out slice MIRA answers 96.2%
of multiple-choice questions correctly (against 34.7% un-adapted, on a
smaller subset) and reasons with a judge-rated faithfulness of 3.45/4.
A case-matched ablation (n=47) associates grounded supervision with
a rise in faithfulness 2.13 → 3.43 and in gated visual accuracy 2.11 →
2.40, while answer correctness moves little (1.60 → 1.70), locating the
remaining difficulty in the answers rather than in the grounding.

Keywords: Medical VQA · Grounded reasoning · Domain shift · Chain-
of-thought · Parameter-efficient fine-tuning · Multimodal LLM.

1 Introduction

Medical visual question answering promises a natural interface to clinical decision
support: a model reads an image, answers a question, and shows its reasoning so
that a clinician can check it [10,13]. A model can nonetheless produce the right
words for the wrong reasons, leaning on language priors until the explanation is
untethered from the evidence. MedReason 2026 makes faithfulness part of the
score: on open-ended questions it judges whether the answer’s visual claims hold
and whether the reasoning trace stays anchored to the image, and lets the second
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gate the first, capping visual accuracy however plausible the answer sounds [12].
Grounding is a training target, not a presentational nicety.

Two obstacles stand in the way. Chain-of-thought supervision as usually prac-
tised is text-centric [15]: it teaches a model to emit reasoning tokens without
redirecting where it looks, which fails on the small nodules and focal lesions on
which diagnosis turns. The evaluation is also unforgiving of engineering slips:
an earlier eight-billion-parameter attempt of ours answered only a third of the
multiple-choice questions because a short budget truncated its thinking. Existing
remedies miss what the challenge rewards: alignment methods improve answers
at the response level [10,13], while reasoning distillation copies an answer-blind
teacher’s mistakes into the supervision. Neither trains a visual justification for a
known-correct answer, which is what the gate measures. So we invert the recipe,
supervising that justification to make visual faithfulness rather than answer cor-
rectness the explicit training target. MIRA is the resulting system (Fig. 1). Our
contributions are:

(i) Grounding-aware chain-of-thought (GA-CoT), supervising the
teacher only on its visual justification of a given answer; (ii) a two-stage
low-rank adaptation under a rubric-aligned, token-weighted objective, lifting
multiple-choice accuracy from 34.7% to 96.2%; (iii) a metadata-free modality
router, synthetic out-of-distribution training, and a guaranteed-conclusion
decoding rule, removing the earlier truncation failure; and (iv) a case-matched
ablation attributing the gated visual score chiefly to grounded reasoning and
locating the headroom in answer correctness.

2 Related Work

Benchmarks and reasoning supervision. VQA-RAD [9], PathVQA [7], and
SLAKE [11] reward the final answer alone; MedReason 2026 also scores how
faithfully the reasoning follows the image [12]. Chain-of-thought prompting [15]
improves multi-step reasoning but remains text-centric, and the usual distillation
recipe filters an answer-blind teacher by final correctness; we instead anchor the
chain to explicit observations and condition the teacher on the answer.
Medical VLMs and efficient adaptation. LLaVA-Med [10] and Med-
Flamingo [13] optimise response-level objectives rather than a gated faithfulness
one. We adapt a member of the Qwen multimodal family [1,2] (which also
supplies the challenge’s visual-accuracy judge) with low-rank adapters [8,5]
over its language, vision, and gated-linear-attention projections, accelerated
by FlashAttention [4]. Rather than a learned domain-adaptation head we
meet the shift with a metadata-free random-forest router [3], light contrast
normalisation [14], and synthetic exposure to the target acquisitions.

3 Challenge and Problem Formulation

Task and data. Each case presents a medical image, an optional context, and
a question. Closed-ended cases require selecting one option; open-ended cases
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Table 1. Modality distribution of the 17,722-case development pool; counts cover the
17,223 single-modality cases. Radiography and MRI, in bold, are the source pools for
synthetic augmentation and for the modality router.

Path./Micro. Photo./Derm. CT Radiog.&Fluoro. MRI Ultrasound Endoscopy Ophthal./Opt. Nucl.Med./PET

4,752 3,953 2,711 2,061 1,545 683 606 498 240

Physiologic signals: 174.

require both a reasoning trace and a final answer, the answer alone being in-
sufficient [12]. The labelled development pool holds 17,722 cases (14,398 closed-
ended, 3,324 open-ended) over ten imaging modalities (Table 1). We set aside
a fixed five-percent internal slice of 886 cases before any training and adapt on
the remaining 16,836. A validation set of 2,532 cases and the hidden test sets
withhold their answers; the private split is drawn from out-of-distribution acqui-
sitions, namely low-dose radiographs and high-field (7T) brain MRI. Evaluation
runs on the organisers’ side from a submitted container.
Metrics. Three quantities are reported [12]. Multiple-choice accuracy is the
exact match of the chosen option. Answer correctness GTfinal∈{0, . . . , 4} is the
medical and semantic agreement of the final answer with the reference, judged
by a text-only Llama-3.1-70B model [6]. Visual accuracy VAfinal ∈ {0, . . . , 4} is
judged by a Qwen-2.5-VL model [2] that sees the image and yields two sub-scores:
VAans, whether the answer’s visual claims are supported, and RVFtrace, whether
the reasoning stays faithful. Crucially, the second gates the first:

VAfinal =


min(VAans, 1) if RVFtrace ≤ 1,

min(VAans, 3) if RVFtrace = 2,

VAans if RVFtrace ≥ 3.

(1)

The leaderboard averages per-metric ranks over the combined hidden test
sets [12]. Equation (1) drives what follows: full visual-accuracy credit needs a
faithfulness of at least three.

4 Method

Let πθ be a multimodal model that, for a case x = (xv, xq) of image xv and
question xq, emits a reasoning trace τ within a thinking segment followed by an
answer a; open-ended training cases carry a reference answer a⋆. Because Eq. (1)
gates visual-accuracy credit on faithfulness, MIRA supervises τ and not only a
(Fig. 1).

4.1 Base Model and Parameter-Efficient Adaptation

We build on a nine-billion-parameter multimodal model coupling a vision en-
coder to a gated linear-attention language backbone with a native thinking mode,
loaded in four-bit precision [5] so it runs offline on a single accelerator; decoding
relies on the backbone’s fast linear-attention kernels, without which throughput



4 S. S. Shah et al.

Fig. 1. MIRA end to end: data preparation builds two training corpora and a modal-
ity router; two-stage adaptation yields one 51M-parameter adapter under a token-
weighted loss; inference infers modality, adapts prompt and preprocessing, and closes
the reasoning to guarantee a readable answer. Dashed arrows pass artefacts between
phases.

falls roughly fifteenfold. We place low-rank adapters [8] on every linear projec-
tion of the three sub-networks (language attention and feed-forward layers, vi-
sion encoder, gated-linear-attention blocks), located automatically at load time.
Adaptation touches 51M parameters, 0.54% of the model; the output embedding
stays frozen, since training a weight tied to the input embedding would break
adapter portability at no gain.

4.2 Grounding-Aware Chain-of-Thought

Conventional distillation retains traces whose answer happens to be right, re-
warding the teacher for solving the problem and inheriting its errors. We invert
the arrangement: for each open-ended case we run the model as a frozen teacher
π0, giving it the image, the question, and the reference answer a⋆, and ask only
that it account for a⋆ from the image. The teacher returns a two-part trace
τ = (τobs, τrea): first what is directly visible (structures, laterality, relative inten-
sity, abnormalities, image quality), then a chain of inference in which each step
refers back to one of those observations. Supplying a⋆ takes answer-finding out
of the teacher’s task and directs it towards an image-conditioned justification,
but does not certify that each observation is present in the image: a teacher told
the answer can still rationalise after the fact. Our filter is structural, in that we
discard the teacher’s own answer, keep the justification, append the verbatim
reference a⋆ as the target, and retain a trace only if it opens from an explicit
visual observation; the retained justifications were not separately verified against
the images, so grounded should be read in that operational sense. This yields
3,149 traces, one per open-ended training case, of roughly 1,400 characters; a
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Table 2. Principal settings; decoding is greedy with a bounded-then-closed budget.

Setting Value Setting Value

Backbone / precision nine-billion-param., 4-bit Loss weights reason. 1.5, ans. 2.5, prompt 0
Adapter rank / scale 16 / 32 (dropout 0.05) Optimiser 8-bit AdamW, bf16
Trainable parameters 51M (0.54%) Grad. clip / decay 0.5 / 0.01
Effective batch / length 16 / 2048 Stage 1 2 epochs, lr 2×10−5

Reasoning budget 768 / 1024 (closed/open) Stage 2 2 epochs, lr 5×10−6

Held-out slice 886 cases (fixed seed) Router threshold 0.60

variant with the reasoning replaced by fixed boilerplate supports the ablation in
Sect. 5.

4.3 Two-Stage Adaptation and the Rubric-Aligned Objective

Two stages separate two skills (Table 2). The first stage is broad : the model sees
all training cases in a plain, answer-only format with thinking disabled, learning
medical vocabulary, the concise answer style the judges expect, and the multiple-
choice format; this is the stage that moves multiple-choice accuracy. The second
stage is narrow : from the first stage’s adapter at a fourfold smaller learning rate,
it trains only on the grounded traces with thinking on, learning to reason from
the image without unlearning what it knows. The loss matches the rubric, which
reads the reasoning and the answer but not the prompt; writing wt for the token
weight, we mask the prompt and weight the reasoning and answer spans above
the default:

L(θ) = −

∑
t

wt log πθ(xt | x<t)∑
t

wt

, wt =


0 t ∈ prompt,

1.5 t ∈ reasoning,

2.5 t ∈ answer.

(2)

4.4 Inferring Modality and Closing the Reasoning

At test time images arrive without the modality label available during training,
and the hidden split is drawn from unseen acquisitions, so we infer modality
from the image. Nine illumination- and scale-stable statistics (brightness, con-
trast, sharpness, noise, the balance of high- and low-frequency energy, colour
saturation, intensity entropy, and the near-black and near-white pixel fractions)
feed a random forest [3] separating ordinary images from the two synthetic
out-of-distribution classes, reaching about 98% accuracy under five-fold cross-
validation, a figure that measures recognition of our simulated transformations,
not accuracy on real low-dose or 7T acquisitions. The router is cautious, leaving
the ordinary-image default only when its confidence in an out-of-distribution
class exceeds 0.60 and outweighs the ordinary-image score.

Given the inferred modality we adjust the system prompt (warning, for in-
stance, of quantum-mottle noise on a low-dose radiograph) and apply a gentle,
structure-preserving preprocessing step, kept mild because the faithfulness judge
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reads the reasoning against the original image. Finally, the model thinks within
a fixed budget; if it has not closed its reasoning by then we close it on its behalf
and prompt directly for the answer, decoding only the tokens needed to name
an option or state a short response. This guarantees a readable answer from
completed and truncated reasoning alike, removing the failure that limited our
earlier baseline.

4.5 Synthetic Out-of-Distribution Data and Answer Calibration

Synthetic acquisitions. We simulate the hidden acquisitions from ordinary
training images: a low-dose radiograph by injecting dose-dependent quantum
noise (at a sampled dose fraction between a tenth and a third of normal) and
lowering global contrast toward mid-grey, a high-field scan by local contrast
enhancement [14] then mild sharpening. Mixing about a fifth of the eligible post-
split radiography and MRI cases as synthetic variants yields 671 images (377
low-dose, 294 high-field), entering the first stage with the matching modality
prompt. The same transforms label the router, so detector and model share one
definition of an out-of-distribution image.
Answer calibration. The answer-correctness judge reads text only and pe-
nalises verbose, reference-divergent answers, so we confine all reasoning to the
thinking segment and require a concise, reference-style final answer, enforced
when building the data by stripping the teacher’s own answer: what the model
concludes stays short enough for the text judge, while why stays in the trace for
the visual judge.

5 Experiments and Results

Setup and data separation. We report the metrics of Sect. 3 on an internal
held-out slice: the fixed five-percent sample of 886 cases (711 closed-ended, 175
open-ended), drawn with a fixed seed before any training and used neither for
adaptation, nor for teacher traces, nor as a source for the synthetic acquisitions.
Closed-ended cases use the official exact match; the open-ended judges replicate
the official rubric and gating of Eq. (1), scoring visual accuracy with a model from
the organisers’ Qwen-2.5-VL family, a closely aligned proxy for the official judge
rather than a reproduction of it, and answer correctness with a public Qwen2.5-
72B model in place of the gated Llama-3.1-70B; both open-ended figures are
internal estimates only. Separation is by released case identifier; as the release
exposes no patient or study identifier, two images from one study may fall on
opposite sides of the split, and we ran no near-duplicate detection over images
or question templates.
Multiple-choice accuracy. On the held-out slice MIRA answers 96.2% of
multiple-choice questions correctly (684 of 711), far above the un-adapted base
model (34.7% on a smaller subset) and our earlier eight-billion-parameter base-
line (33.0%, lost to reasoning truncation). The first stage alone reaches 96.6%,
so specialising for reasoning does not cost the closed-ended skill (Table 3, left,
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Fig. 2. Held-out slice results at a glance: multiple-choice accuracy across configurations
(base model, earlier truncated 8B baseline, after stage 1, after both stages) alongside
MIRA’s mean open-ended scores (RVFtrace, VAans, VAfinal, GTfinal), summarising the num-
bers in Table 3.

Table 3. Left : multiple-choice accuracy (n=711; base model on a deterministic subset,
67/193, Wilson 95% interval [28.4, 41.7]%). Centre: MIRA’s open-ended scores (n=
175). Right : the grounding ablation (n = 47, matched), same judges and cases; the
control replaces each grounded trace with fixed boilerplate, varying the content of the
supervision rather than its presence. Scores are 0–4.

Multiple choice (n=711) MIRA (n=175) Grounding ablation (n=47, matched)

Configuration Acc. Score Value Reasoning RVFtrace VAans VAfinal GTfinal

Random choice (5 options) 20.0% RVFtrace 3.45 Boilerplate 2.13 2.49 2.11 1.60
Earlier 8B baseline (truncated) 33.0% VAans 2.51 Grounded (ours) 3.43 2.40 2.40 1.70
Base model, no adaptation 34.7% VAfinal 2.51 Difference +1.30 −0.09 +0.30 +0.10
After first (domain) stage 96.6% GTfinal 1.61
After both stages (ours) 96.2%

Fig. 2). The base figure covers the n=193 closed-ended cases inside the first 240
of the slice, taken in deterministic order because un-adapted decoding is some
twenty-five times slower per case (67/193, Wilson 95% interval [28.4, 41.7]%);
not being case-matched against the full 711, it is a diagnostic reference point,
not a controlled estimate of the gain.

Open-ended reasoning, and what grounding buys. For MIRA on open-
ended cases faithfulness averages 3.45 of 4, gated and ungated visual accuracy
both 2.51, and answer correctness 1.61, the weakest of the three (Table 3, centre;
Figs. 2 and 3). To attribute the gain we retrain the grounding stage on the
boilerplate traces and rescore, under the same judges, the 47 open-ended cases
inside that 240-case slice (Table 3, right). Grounded traces raise faithfulness
from 2.13 to 3.43 and, through the gate, visual accuracy from 2.11 to 2.40,
while answer correctness moves little (1.60 to 1.70). That the ungated answer-
level score does not rise (2.49 to 2.40) while the gated one does is consistent with
the improvement coming from fewer faithfulness caps rather than better visual
claims, the mechanism Eq. (1) rewards. With n=47 on a five-point ordinal scale
we report means without confidence intervals: the faithfulness difference (+1.30)
is large relative to the scale, the answer-correctness one (+0.10) is not, and we
draw no conclusion from the latter.
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Fig. 3. Per-case open-ended score distributions on the held-out slice (n=175). Judge-
rated faithfulness and gated visual accuracy concentrate at the high end; answer cor-
rectness is the dispersed metric.

Validation coverage. With the validation answers withheld, we verify that the
container’s predictions cover all 2,532 cases (2,057 closed-ended, 475 open-ended)
in the official format and spread evenly across the five options (390, 397, 441,
440, 389, no blanks), showing none of the single-letter collapse of the earlier
truncated baseline.

6 Discussion and Conclusion

The results separate where each part of the design acts. Adaptation earns the
multiple-choice score, closing the gap from near chance to 96.2%; grounded
supervision earns the gated visual score, carrying faithfulness past the
threshold Eq. (1) requires; and answer correctness is the binding con-
straint, at 1.61 of 4. Its small ablation difference (1.60 to 1.70) is the expected
shape of this intervention: the second stage supervises the justification, and
nothing in GA-CoT adds diagnostic knowledge the backbone lacks. GTfinal thus
reflects a backbone-knowledge ceiling rather than a shortfall of reasoning su-
pervision, and the levers that would move it, a larger backbone, retrieval, or
self-consistency, are orthogonal to grounding.

Caveats bound the numbers. We report no matched comparison with pub-
lished medical vision-language models, so our internal references bound our own
components but not our standing in the literature. The held-out slice shares
the training distribution and separates by identifier rather than patient; neither
open-ended judge is the official one; synthetic acquisitions are not the real thing,
and a different scanner would erode the router’s precision; and the evidence
rests on one split and a 47-case ablation without uncertainty estimates. Treat-
ing the gate as the design driver nonetheless yields 96.2% accuracy at 3.45/4
faithfulness. Adapter, router and container will be released.

Disclosure of Interests. The authors have no competing interests to declare that

are relevant to the content of this article.
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