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Abstract. Medical Multimodal Large Language Models (MLLMs) hold
significant potential for clinical visual question answering (VQA), yet
their reliability is often compromised by unstable visual grounding and
flawed reasoning logic. While reinforcement learning-based post-training,
such as Group Relative Policy Optimization (GRPO), offers a path to
steer model behavior, its efficacy is severely constrained by the high
cost of expert supervision. To address this, we propose VRUGA, an
active learning framework designed to maximize GRPO post-training
efficiency under a constrained expert budget. Specifically, we introduce
Dual-Uncertainty Quantification (DUQ) to identify high-risk failure modes
by jointly evaluating visual grounding stability and reasoning trajectory
consistency. Logic-Aware Diversity Sampling (LADS) is subsequently
employed to select a representative active set by leveraging decoder
hidden-state embeddings to capture a diverse spectrum of latent rea-
soning patterns. Finally, a Cross-Threshold Pseudo-Labeling (CTPL)
mechanism stabilizes the alignment process through tiered supervision,
integrating expert-corrected samples with majority-voted pseudo-label
anchors to mitigate policy overfitting. Extensive evaluations on VQA-
RAD, SLAKE, and PathVQA benchmarks demonstrate that VRUGA
achieves a 75.2% average accuracy, significantly outperforming state-of-
the-art active learning baselines while requiring only a 10% expert an-
notation budget.

Keywords: Medical Multimodal Large Language Models - Active Learn-
ing - Uncertainty Quantification - Reinforcement Learning

1 Introduction

Medical Multimodal Large Language Models (MLLMs) have shown strong po-
tential for medical visual question answering (VQA) [33,30], but their relia-
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bility remains constrained by unstable visual grounding and multi-step rea-
soning errors [28,26]. Recently, reinforcement-learning-based post-training (e.g.,
Group Relative Policy Optimization, GRPO [5]) has emerged as a promising
way to steer MLLMs toward more accurate and stable behavior in medical
VQA [8,15,24]. However, such post-training critically depends on high-quality
expert references, which are scarce and expensive in medicine. This shifts the
challenge from how to optimize with labels to which cases to label: under a fixed
expert budget, the goal is to identify high-value samples for annotation while
maintaining stable post-training and avoiding policy drift.

Active learning (AL) is a natural strategy for reducing expert labeling cost
by selecting the most valuable unlabeled samples for annotation [20,17]. How-
ever, most existing AL methods are developed for classification or segmentation,
where uncertainty [12,21,31,16] and sample similarity [13,23,29,4,3] are relatively
well defined. These assumptions do not transfer well to generative medical VQA
with MLLMs, where correctness depends not only on the final answer, but also
on whether the model is grounded on consistent visual evidence and follows a
stable reasoning process [11]. In this setting, the key challenge is to distinguish
genuine clinical failure risk from superficial output variability. For generative
medical VQA, predictive variation may arise from decoding randomness, or from
deeper instability in visual grounding and reasoning. Therefore, effective query-
ing should measure uncertainty in terms of evidence consistency and reasoning
reliability, rather than final-answer confidence alone.

Even with improved uncertainty estimates, selecting the top-ranked uncertain
samples can still be inefficient due to redundancy [2,19]. High-uncertainty cases
may cluster around recurring failure patterns, such as similar question types or
challenging imaging conditions, leading to diminishing returns when expert effort
is spent on near-duplicate samples. Moreover, in RL-based post-training, aligning
only on a limited set of difficult cases can induce policy drift, as the model may
over-specialize to sparse corrective signals and lose stability on routine cases [14].
Under limited supervision, it is therefore crucial to improve high-risk failure cases
while preserving reliable behavior on routine examples.

To address these challenges, we propose VRUGA, an active learning frame-
work for efficient post-training of medical MLLMs. First, VRUGA introduces
Dual-Uncertainty Quantification (DUQ), which goes beyond text-only uncer-
tainty by jointly measuring visual grounding instability and reasoning trajec-
tory uncertainty. By detecting cross-modal misalignments and logical hesitation,
DUQ identifies clinically risky samples that standard logit-based metrics often
overlook. Second, we propose Logic-Aware Diversity Sampling (LADS) to reduce
redundancy by selecting samples that cover diverse reasoning patterns in the de-
coder hidden-state space. Third, we propose Cross-Threshold Pseudo-Labeling
(CTPL) to stabilize GRPO-based post-training by combining expert corrections
on high-uncertainty cases with pseudo-label anchors on high-confidence sam-
ples, effectively preventing policy over-specialization on limited active sets. Ex-
periments show that VRUGA achieves 75.2% average accuracy, outperforming
the state-of-the-art DEUCE (72.5%). Notably, on SLAKE, it recovers 97.8% of
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Fig. 1. Overview of our VRUGA framework that integrates DUQ, LADS, and CTPL
for active sample selection and stable post-training for medical MLLM.

the full-data performance using only 10% expert labels, significantly reducing
annotation costs.

2 Method

2.1 Problem Settings and Method Overview

In the medical MLLM post-training, we consider a pre-trained multimodal model
My, a limited expert annotation budget B < N, and an unlabeled medical
VQA dataset D, = {(x;"%,xP*)} . Here, x;"® denotes a medical image and
xt*t denotes the corresponding question. The objective is to post-train My with
GRPO [5] by selecting the most informative samples in D,, for expert annotation,
thereby improving VQA performance under a limited labeling budget.

As illustrated in Fig. 1, VRUGA integrates three components to query in-
formative samples under a constrained annotation budget: DUQ identifies high-
uncertainty cases by measuring grounding instability and reasoning uncertainty;
LADS selects a diverse active set in the decoder-state embedding space; and
CTPL balances expert corrections with high-confidence pseudo-label anchors
for stable post-training.

2.2 Dual-Uncertainty Quantification (DUQ)

Standard output-level metrics for vision or language tasks, such as logit en-
tropy, often fail to capture the instability of internal decision-making. To better
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measure prediction uncertainty in VQA tasks, we instead quantify uncertainty
through two complementary perspectives: visual grounding and reasoning logic.

Visual Evidence Uncertainty (Uyis). To assess whether the model re-
lies on consistent visual evidence when generating the answer, we measure the
stability of attention from generated text tokens to visual tokens under stochas-
tic generation. Given an input z = (x™8 x™*') we sample K responses with
temperature 7' > 0. For the k-th trial, let y*) = {ygk),yék),...,yéi)} be the
sequence of L generated answer tokens. For each token y(-k), we extract an at-

J
tention vector a§k) € RYv from the last multimodal fusion layer, where N, is the

number of visual tokens (corresponding to image patches). Each entry in agk)

indicates the attention weight assigned to a specific visual token when predicting
y](-k). We aggregate these weights into a trial-specific evidence map M®*) ¢ RNv:

Ly

K _ 1 (k)
j=1
We then define the salient patch set Sy as the set of indices corresponding
to the top-m highest values in M®*) (with m < N,), capturing the primary
diagnostic regions. The visual uncertainty U, is computed as the complement
of the average pairwise Jaccard similarity across K trials:

2 18, N S|
Ujs=1— ——— o S9 2
AMK—UKZ%K@U&| @)

where high U,;s indicates non-convergent evidence localization; i.e., even if the
generated text is consistent across trials, it is supported by inconsistent visual
evidence.

Reasoning Trajectory Uncertainty (Upsn). To quantify logical hesita-
tion, we measure the average next-token entropy along the Chain-of-Thought
(CoT) tokens (excluding the final answer span). Let T = {wy,wa,...,Wreor }
denote the CoT token sequence generated on-policy. We define

Leor
1
Ursn = _LCoT Z ZP(U ‘ x,w<t)logp(v | Z‘,’U)<t), (3)
t=1 vey

where V is the vocabulary and P(- | z,w«;) is the model’s on-policy next-token
distribution under the fixed decoding configuration. Unlike final-answer entropy,
U,sn captures uncertainty accumulated throughout the reasoning trajectory; per-
sistently high entropy suggests unstable reasoning. We compute the final DUQ
score as:

Uduq =a- Uy + (1 — a) - Ursn, (4)

where a € [0,1] is a hyperparameter that balances the contribution of visual
grounding stability and reasoning logic consistency.
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DUQ-Guided Data Partition. Based on Uqyq, we partition the unlabeled
pool into three functional subsets. The candidate pool D, = {z | Uguq(z) >
Thigh } identifies highly uncertain cases that require manual expert intervention
for ground-truth labeling. Conversely, the stable set Dy = {2 | Uguq(z) < Tiow }
contains samples where the model is confident enough for reliable self-supervised
pseudo-labeling. Samples with intermediate uncertainty are omitted from train-
ing to avoid ambiguous supervision and ensure the stability of the knowledge
anchors.

2.3 Logic-Aware Diversity Sampling (LADS)

While high DUQ scores identify informative failures, selection based solely on
uncertainty leads to logical redundancy due to sample clustering. To ensure
broad coverage of distinct reasoning patterns, we propose Logic-Aware Diversity
Sampling (LADS). LADS integrates DUQ scalars with logical embeddings to
perform weighted diversity sampling within the candidate pool D..
To achieve this, we construct an uncertainty-weighted logic vector z;:
- Z; ].
Z; = Uduq,i TS where z; = i tezﬂ h; . (5)

where h; ; is the last-layer decoder hidden state of the CoT token ¢t € 7;. The logic
embedding z;, obtained by mean-pooling h;; over the CoT tokens, captures a
coarse representation of the reasoning trajectory, while the DUQ score Uqyq,; acts
as a scaling factor indicating the estimated risk of visual grounding or reasoning
failure. To select the final active set D, of size B, we employ an iterative farthest
point sampling strategy in this weighted space. Starting with the sample with
the highest Uqyq, we iteratively select the next sample i* € D, that maximizes
its distance to the current set D,:

= a a in ||z, — z; 6
= (i 1512 ©)

This strategy ensures that expert intervention is focused on samples that
are both highly informative and logically distinct, preventing the budget from
being consumed by repetitive error patterns and ensuring a more comprehensive
coverage of the cognitive failure space.

2.4 Post-training with Cross-Threshold Pseudo-Labeling (CTPL)

To prevent overfitting on the limited active set D,, CTPL employs a tiered
GRPO reward strategy. By combining expert supervision on high-uncertainty
samples with pseudo-label anchoring on high-confidence ones, it maintains ro-
bust performance across routine clinical scenarios while leveraging high-precision
guidance.

We optimize GRPO on the expert-labeled active set D, and the pseudo-
labeled anchor set D,. For each sample x; € D,, we use its expert reference 5 ' ;

7 )
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for each sample x; € D,, we use its majority-voted pseudo-label §**¢ obtained
from K stochastic trials. The total objective is
X ~psd
Liotal = Eu,ep, [Larro (@i, ¥y P)] + v Eg, e, [ﬁc;RPo(l“i,szb )} . (7)

where ~y controls the trade-off between high-precision expert supervision and the
stability provided by high-confidence pseudo-label anchors.

3 Experiments

3.1 Experimental Setup

Datasets and Backbone We evaluate VRUGA on closed-ended subsets of
three medical VQA benchmarks: VQA-RADI[9] (2,248 QAs) contains radiol-
ogy images (CT, MRI, X-ray) spanning head, chest, and abdominal pathologies;
SLAKE[10] (4,923 English QAs) features multi-organ CT and MRI scans for
abnormality detection across various body regions; and PathVQA|[7]| (16,334
QAs) provides histopathology images for tissue-level disease classification. To-
gether, these datasets cover a wide range of clinical scenarios in radiology and
pathology. We adopt Qwen2.5-VL-7B[27] as the foundational MLLM.

Implementation Details For each dataset, Thign and 74w were set as the 85th
and 50th percentiles of Ugyq, respectively. The active set size B is 10% of total
samples, and the stable set D, comprises the bottom 50%. We follow the official
train/test splits of each benchmark and draw the active learning pool from the
training set only. For Uy;s, cross-attention is extracted from the last multimodal
fusion layer with head-averaged weights, and m is set to top-10% of N,. We
use Chain-of-Thought (CoT) prompting [25] to elicit reasoning trajectories. All
experiments use PyTorch on 2 x NVIDIA H200 GPUs. For GRPO, we set group
size G = 8, KL penalty 0.01, and 200 global steps with AdamW (Ir 1 x 1072,
cosine decay). DUQ uses K = 8 trials at T = 0.7 with « = 0.5; CTPL anchor
weight v = 0.1. All results are averaged over 3 random seeds. Following [9,1],
exact-match accuracy is the primary metric.

3.2 Comparison with State-of-the-art Methods

We evaluate VRUGA against random sampling and five state-of-the-art active
learning (AL) methods. As shown in Table 1, VRUGA consistently outperforms
traditional heuristics. In terms of average accuracy, VRUGA improves over Ran-
dom sampling (70.7%) and uncertainty-based Entropy [18] (71.2%) by 4.5 and
4.0 percentage points, respectively. This suggests that simple logit-based uncer-
tainty is insufficient to capture the multimodal failure modes of medical VQA.
Compared with diversity-oriented strategies such as VOTE-k [22] (71.9%) and
PATRON [32] (71.8%), VRUGA further achieves average gains of 3.3 and 3.4 per-
centage points, respectively. The advantage is particularly evident on PathVQA,



VRUGA: Visual-Reasoning Guided Active Learning for Medical MLLMs 7

Table 1. Accuracy (%) on medical VQA benchmarks under 10% expert budget. The
first two lines represent the upper bound (100% data) and lower bound (zero-shot),
respectively. Best results are bolded; second-best are underlined.

Method Training Data VQA-RAD SLAKE PathVQA Avg. 1
Qwen2.5-VL-7B (GRPO) 100% Expert 70.5 79.3 82.8 77.5
Qwen2.5-VL-7B (Base) 0% (Zero-shot) 67.3 71.6 65.5 68.1
Random 10% Expert 68.1 73.2 70.7 70.7
Entropy [18] 10% Expert 68.2 74.1 71.2 71.2
Core-set [19] 10% Expert 68.3 73.9 71.5 71.2
VOTE-k [22] 10% Expert 68.5 74.4 72.8 71.9
PATRON [32] 10% Expert 68.4 74.8 722 718
DEUCE |[6] 10% Expert 68.6 75.5 73.5 72.5
VRUGA (w/o Unl.) 10% Expert 68.6 76.2 74.3 73.0
VRUGA (Ours) 10% Exp. + 50% Unl. 68.8 77.6 79.1 75.2

where VRUGA reaches 79.1% accuracy, outperforming VOTE-k and PATRON
by 6.3 and 6.9 percentage points, respectively. Furthermore, VRUGA surpasses
the previous state of the art, DEUCE [6] (72.5%), by 2.7 percentage points in
average accuracy. Most notably, on the SLAKE benchmark, VRUGA attains
77.6% accuracy, recovering 97.8% of the full-data GRPO upper bound (79.3%)
while requiring only 10% expert annotations, together with additional unlabeled
anchor samples for CTPL.

Scalability is validated in Fig. 2(a), where VRUGA maintains a superior
margin across all annotation budgets (2%-20%). The advantage is most pro-
nounced in scenarios with extremely low annotation ratios (2%—5%), where its
steeper learning curve demonstrates the efficiency of dual-uncertainty guidance
in identifying informative samples.

3.3 Ablation and Parameter Analysis

Strategy Effectiveness. Table 2 confirms the synergy of VRUGA’s compo-
nents. In Part (A), the incremental addition of DUQ and LADS boosts average
accuracy to 73.0%, while the inclusion of CTPL yields the largest gain (+2.2%).
This significant jump underscores that high-precision expert labels require stable
knowledge anchors to prevent policy drift during reinforcement learning, effec-
tively bridging the gap between error correction and routine stability. Regarding
uncertainty strategies in Part (B), individual visual (Uy;s) and reasoning (Ugy)
metrics outperform text-only entropy, but their integration in DUQ is vital for
mitigating hallucinations through complementary grounding views. Finally, Part
(C) shows that LADS using decoder hidden states outperforms ViT-based or
LLM-based features. This superiority confirms that the most informative diver-
sity for medical VQA resides in the model’s internal reasoning trajectories rather
than in superficial feature distances, indicating that diversity sampling is most
effective in a latent space that has already integrated cross-modal information.
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Table 2. Ablation study of VRUGA: (A) module contributions; (B) uncertainty met-
rics; (C) diversity sampling latent spaces.

Block Variant Configuration VQA-RAD SLAKE PathVQA Avg. 1
(A) Incremental Module Analysis
Zero-shot Baseline 67.3 71.6 65.5 68.1
Random Selection 68.1 73.2 70.7 70.7
+ DUQ 68.4 74.5 72.1 1.7
+ DUQ + LADS 68.6 76.2 74.3 73.0
Full VRUGA (+CTPL) 68.8 77.6 79.1 75.2
(B) Uncertainty Strategy Analysis (Fixed LADS + CTPL)
Logit Entropy (Text-only) 68.2 74.1 71.2 71.2
Uvis Only (Perceptual) 68.4 75.2 73.4 72.3
Ursn Only (Cognitive) 68.5 75.8 72.8 724
DUQ (Full Perceptual + Cognitive) 68.8 77.6 79.1 75.2
(C) Diversity Selection Space Analysis (Fixed DUQ + CTPL)
No Diversity (Random) 68.4 74.5 72.1 1.7
Visual Feature (ViT-based) 68.5 75.3 73.1 72.3
Textual Feature (LLM-based) 68.6 75.5 73.4 72.5
LADS (Decoder Hidden States) 68.8 77.6 79.1 75.2
(a) Budget Efficiency (b) Impact of Ds (c) Sensitivity to o (d) Sensitivity to y
—8— VRUGA (Ours) 82 ~e— VQA-RAD 824 —o— VQA-RAD 82 —o— VQA-RAD
854 ~4- DEUCE —— SLAKE —— SLAKE —— SLAKE
§ 7:' xfa)::o:l 80 ~0— PathVQA 804 ~4— PathvQA 80 ~4— PathvQA
b [l £ 784 £ 781
£ %m %m- %m-j ——
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Fig. 2. Sensitivity and efficiency analysis: (a) budget efficiency; (b) anchor ratio Ds;
(c) fusion weight «; and (d) reward scale 7.

Hyperparameter Sensitivity. Fig. 2(b)-(d) evaluates hyperparameter sensi-
tivity across all datasets. Accuracy universally peaks at an anchor ratio D, =
50% (Fig. 2b), as excessive ratios introduce reward-contaminating noise while
lower ratios limit anchor diversity. For uncertainty fusion, a = 0.5 (Fig. 2c)
achieves the optimal balance between visual grounding and reasoning consis-
tency. Finally, a reward scale v = 0.1 (Fig. 2d) provides the best trade-off by
leveraging unlabeled anchors without over-relying on pseudo-labels. The consis-
tency of these optimal settings validates the generalizability of VRUGA.

4 Conclusion

We present VRUGA, a dual-uncertainty-guided active learning framework for
medical MLLM post-training. By combining multimodal uncertainty quantifica-
tion with logic-aware diversity sampling, VRUGA recovers 97.8% of the full-data
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GRPO performance using only 10% expert annotations. CTPL further stabilizes
RL via automated anchors. We acknowledge two limitations: (i) Us;s relies on
attention as a grounding proxy, and verbalized CoT may not perfectly reflect
internal reasoning; nonetheless, our ablations show both signals correlate with
downstream error. (ii) Evaluation uses exact-match accuracy on closed-ended
VQA; assessing grounding faithfulness with open-ended metrics is left for fu-
ture work. VRUGA offers a scalable, cost-effective solution for aligning medical
MLLMs with clinical reasoning demands.
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