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Abstract

Recent advances in Multi-modal Large Language Mod-
els (MLLMs) have predominantly focused on enhancing vi-
sual perception to improve accuracy. However, a criti-
cal question remains unexplored: Do models know when
they do not know? Through a probing experiment, we re-
veal a severe miscalibration problem in MLLMs.
To address this, we propose Confidence-Driven Reinforce-
ment Learning (CDRL), which uses original-noise image
pairs and a novel confidence-based reward to enhance
perceptual sensitivity and robustly calibrate the model’s
confidence. Beyond training benefits, calibrated confi-
dence enables more effective test-time scaling as a free
lunch. We further propose Confidence-Aware Test-Time
Scaling (CA-TTS), which dynamically coordinates Self-
Consistency, Self-Reflection, and Visual Self-Check modules
guided by confidence signals. An Expert Model acts in mul-
tiple roles (e.g., Planner, Critic, Voter) to schedule these
modules and provide external verification. Our integrated
framework establishes new state-of-the-art results with con-
sistent 8.8% gains across four benchmarks. More ablation
studies demonstrate the effectiveness of each module and
scaling superiority.

1. Introduction
“Ignorance more frequently begets confidence than
does knowledge.”
— Charles Darwin, The Descent of Man (1871)
Recent advances [3, 13, 15, 31, 58] in Multimodal Large

Language Models (MLLMs) have focused on investigations
into visual perception, ranging from optimizing visual data
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Figure 1. Disconnection Between Model and Accu-

racy Under Perception Degradation. The X-axis ('Perception’)
shows the input image with progressively increasing noise. The
plot demonstrates that while the Mean Confidence remain highly
stable (insensitive), the Model Accuracy descends sharply, reveal-
ing a significant gap between the model’s self-reported certainty
and its actual performance as the visual input degrades.

distributions [58] and visual position encodings [15] to re-
fining visual instruction tuning [3]. These efforts share
a common goal: better visual perception enable higher
accuracy. However, Darwin’s paradox reminds us of an
equally critical yet under-explored dimension: Does the
model know when they do not know?

To answer this question, we conduct a key probing ex-
periment (Figure 1). Specifically, we progressively add
noise to key visual evidence containing critical information,
and measure the model confidence and accuracy. If model
truly relies on visual perception, its and accuracy
should drop substantially when visual evidence disappears.
However, we observe the opposite: remains sur-
prisingly stable despite severe perception degradation. This
discrepancy exposes that MLLLMs suffer from severe confi-
dence miscalibration, which maintaining high
even under perception degradation.

This confidence miscalibration problem has been well
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studied in LLMs through uncertainty [17, 53] and log-
its [10, 18] estimation for each textual output token and
obtain satisfactory performance. However, these works fun-
damentally misalign with MLLMs’ visual perception due to
granularity mismatch. While LLMs calibrate confidence at
individual token granularity, visual perception in MLLMs
manifests holistically across the entire response. To solve
this problem, we calculate the confidence for entire re-
sponse as the mean negative log-probability across all out-
put tokens. Building on this, we propose a Confidence-

Driven Reinforcement Learning (CDRL) approach that

explicitly rewards perception-confidence alignment. This

enables MLLMs to develop calibrated confidence that ac-
curately reflects their visual understanding, bridging the gap
between what they see and what they claim to know.

A free lunch for this confidence calibration is its di-
rect applicability to test-time scaling with considerable im-
provement. The calibrated confidence naturally serves as
a reliability indicator, enabling models to identify uncertain
predictions that warrant additional reasoning effort. To fully
leverage this advantage, we further propose Confidence-
Aware Test-Time Scaling (CA-TTS), which coordinates
three proposed synergistic modules guided by confidence
signals.  Self-Consistency employs confidence-weighted
voting combined with expert model calibration to aggre-
gate multiple reasoning paths. Self-Reflection leverages
expert-generated critiques to refine low-confidence predic-
tions. Self-Check validates visual grounding through con-
trastive decoding between original and noised images. By
dynamically routing to appropriate modules based on con-
fidence levels, CA-TTS achieves substantial accuracy gains
while maintaining computational efficiency.

Our contributions are summarized as follows:

e We present the first systematic investigation of visual
perception-aware confidence calibration in MLLMs.

e We propose Confidence-Driven RL from Vision
(CDRL), a calibration training method with specialized
confidence rewards to enhance perceptual sensitivity.

* We show CDRL’s calibrated confidence enables test-time
scaling as a free lunch, enabling our Confidence-Aware
Test-Time Scaling (CA-TTS).

e Qur integrated framework achieves new state-of-the-art
results, significantly outperforming baselines with consis-
tent 8.8 % overall gain on four benchmarks.

2. Related Work

2.1. Visual Perception Studies of MLLMs

The perceptual capabilities of MLLMs initially benefited
from the integration of independently pre-trained models.
CLIP [37] achieved alignment between visual and textual
representations via contrastive learning. Subsequent mod-
els, such as LLaVA [25] and Qwen-VL [2], leveraged more

powerful architectures and higher-quality data to enhance
visual understanding and instruction-following abilities.

Key factors influencing perceptual capabilities have been
identified. In the realm of visual processing, MLLMs
demonstrate a tendency to over-focus on a few visual tokens
[39]. Regarding in-context learning, they still show diffi-
culty in effectively leveraging visual cues for fine-grained
reasoning [23]. Positional encoding methods also present
persistent challenges, such as modal confusion and inad-
equate multi-scale representation [44]. Furthermore, rein-
forcement learning based on preference optimization has
been shown to significantly enhance performance on vision-
intensive tasks compared to SFT, while also strengthening
the vision encoder’s representational capabilities [40].

Inspired by Reinforcement Learning from Human Feed-
back (RLHF), research has begun to explore its application
in MLLM visual perception. Incorporating human prefer-
ence data has been shown to enhance performance [48] and
mitigate hallucinations [11, 56, 59]. For instance, [26] uti-
lized Al feedback to construct reward models, improving
output faithfulness. Methods such as DPO have also been
employed to capture subtle visual differences [52]. While
these approaches have demonstrably improved perceptual
abilities, the role of confidence has been seldom investi-
gated.

2.2. Calibration for MLLMs

Multi-modal Large Language Models (MLLMs) suffer
from severe systemic miscalibration when evaluating their
own outputs, with overconfidence leading to a significant
gap between reported confidence and actual accuracy. Un-
like the relatively mature research on LLM calibration
[12, 18, 28, 34, 41, 43, 45, 53], work on MLLM calibra-
tion is nascent, facing the core challenge of addressing the
unique impact of the visual component.

This issue initially gained traction in high-risk domains
like clinical diagnostics and autonomous driving [9, 19],
where solutions focused on Multi-round Interrogation or
RL-Prompting. Furthermore, other research [38] has ex-
plored training-free methods, applying them to in-context
learning (ICL) for medical image classification. More re-
cently, as research identifies hallucinations as an extreme
form of calibration failure, advancements such as visual
contrastive decoding [20, 36] and DPO-based alignment [7]
have emerged. However, these efforts largely remain incre-
mental extensions of LLM calibration methods. They fail
to adequately address how core concepts like visual percep-
tion fundamentally impacts calibration outcomes—the key
differentiator from LLM calibration.

2.3. Test-Time Scaling Strategies

As enthusiasm for scaling computation during pre-training
wanes, Test-Time Scaling (TTS), also known as Test-Time

25915



((a) Confidence-Driven RL from Vision (CDRL) )

Reward function Al

P OY A B

Original ImngE Question

m What color is
£ the hair?

1
What coloris |

Confidence-based Calibration Reward

A2

he hu|r7 1

_____\-____
1
1
1
1
1
1
1
1
1
1
1
1

7

[
\
|
[

e tonn (- + oD -0 E) 0 0|

* |
[
[
[
[

[ Accuracy Reward

(b) Confidence-Aware Test-Time Scaling (CA-TTS) ]

________________________________________ N

Answer:

[ Question + Original Image ] [ Question + Noised Image ]

rollouts [ mla ] [oglcz ] e

(o)

o [°.2) : ... | think the answer is A .
=) s S
Expert (Critic) @

Critique: this is incorrect. A correct answer
------ Please rethink and

Confidence Voting [A:05,B:0.3 ] [ can be den'\(ed from
answer again.

[ &) mum ] [@ MLLM ]

[A'065 B: 0.55 ]

ﬁ Final answerl

\
Quas‘rlonl +Imugel [ Self-Consistency ] '[ Self-Reflection [ Self-Check ] |
J ‘[ J \

i )

Expert (Planner) f_) J

———————————————————— ey ———————

|

|

|

|

|

|

|

|

Contrastive :

. - Decoding |
$-> @ Answer: You are right ... The answer d]]:t' <> |
[A:03,B:05]x05 'Ls’a?\F'idence: 17.3 (high) ArswesjE :
|

|

|

|

|

|

|

|

|

|

e e

Figure 2. Framework Overview. The upper panel (a) illustrates how original-noise image pairs are used to optimize the model via
Reinforcement Learning, driven by a Confidence-based Calibration Reward and a Accuracy Reward. The bottom panel (b) shows
the adaptive Confidence-Aware Test-Time Scaling (CA-TTS) system, where an Expert Model acts as a Planner, Voter, and Critic to
coordinate the Self-Consistency, Self-Reflection, and Self-Check modules, which collaborate to produce the final answer.

Compute, has emerged as a significant research focus
[1, 16, 63]. TTS aims to establish a paradigm where in-
creasing computational expenditure during inference yields
consistent performance improvements. This approach has
gained traction due to its potential for greater generaliza-
tion and flexibility compared to the standard pre-training
and fine-tuning framework. Early practices, such as CoT-
prompting [49], initiated this line of inquiry. Subsequently,
TTS research diverged into two primary branches: (1) Par-
allel Scaling, represented by methods like Self-Consistency
[21], which combines multi-sampling and majority vot-
ing; and (2) Sequential Scaling, exemplified by approaches
such as Self-Refine [32] and STaR [62]. The integration
of these two branches has led to the development of tree-
structured Hybrid Scaling strategies like ToT [57] and
MCTS-based methods [24], which enhance policy robust-
ness. Furthermore, large-scale RL-based inference models,
spearheaded by Openai-ol [35] and Deepseek-R1 [8], can
be viewed as a novel Internal Scaling paradigm.

More recently, research has built upon these founda-
tional paradigms to conduct cutting-edge explorations. For
instance, TTRL [66] ingeniously adapts these concepts to
Test-Time Training (TTT), enhancing a model’s ability to
learn from unlabeled data. sl [33] demonstrated that TTS
techniques could achieve performance comparable to large
models trained on massive datasets using only about 1k

samples. Highlighting its potential, other work has shown a
3B model outperforming a 405B model through TTS [27].
Deepconf [10] also achieved substantial improvements in
mathematical reasoning solely by using confidence scores
for TTS. Concurrently, efforts have begun to investigate the
potential of TTS in the multimodal domain. For exam-
ple, researchers have proposed Test-Time Reranking (TTR)
[14], which uses expert model confidence to refine the orig-
inal model’s probability distribution. However, robust Mul-
timodal TTS that fundamentally addresses the role of vi-
sual components and framework robustness remains a sig-
nificant research gap.

3. Method

3.1. Framework Overview

To address the Perceptual Bluntness Problem in visual rea-
soning, we propose an innovative framework (Figure 2)
built upon two core components. Confidence-Driven RL
from Vision (CDRL) enhances perceptual sensitivity and
calibrates confidence using GRPO and original-noise im-
age pairs. Based on the calibrated confidence, Confidence-
Aware Test-Time Scaling (CA-TTS) employs an adaptive
strategy where an Expert Planner coordinates multiple de-
coupled reasoning modules to ensure a robust, final answer.
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3.2. Confidence-Driven RL from Vision (CDRL)

3.2.1. Preliminaries

High-Quality Data Filtering. To construct the high-
quality training set Dgy,, we first aggregate Dgoyrce from six
public benchmarks: three for mathematical reasoning[51,
64, 65] and three general-purpose VQA datasets [29, 50,
61]. We use an LLM-based pipeline to filter this pool for
quality, difficulty, and diversity, yielding Dgjjereq With 1936
data. Detailed information about filtering procedure and
dataset can be found in Appendix B.

Noised Image Generation. To sensitize the model to per-
turbations, we augment Drjjereq by using CLIP attention
maps to apply a noise function Gpejse, generating a perturbed
image ¢’ for each original 7. This creates the final train-
ing set DR, containing paired tuples of ((¢,4'), ¢, a). This
dataset is fundamental for the following resource-friendly
GRPO algorithm, which aims to enhance the model’s per-
ceptual sensitivity and robust self-calibration capabilities.
Group Relative Policy Optimization. We employ a pol-
icy model 7y and an initial reference model .. In each
training loop, we sample an image pair (i, ') and question ¢
from D. The policy then generates k candidate output pairs,
(01,0%),...,(0ok,0},), where o; is the reasoning trajectory
for the original image 7. The GRPO algorithm optimizes 7y
by maximizing the objective:

k

Z i,1',q,0j) 0

Jarpo(0) =K i gD

*5DKL(7T9||7Tref).

In practice, optimization uses advantage estimation.
Each of the k outputs o; is scored with a total reward 7. Its
advantage A;—the reward normalized against the group’s
average—reflects its relative quality. High-advantage paths
are then up-sampled, while low-advantage paths are sup-
pressed.

Our total reward score 7, used for the advantage esti-
mation, comprises three components: the output accuracy
reward Roypu,; = I(GT C a;) (where a; is the final an-
swer, GT is the ground truth, and I is the indicator func-
tion), a formatting reward Rpormar,; to ensure structural cor-
rectness, and our novel Confidence-based Calibration Re-
ward Rcone ;. The final reward is:

T = RConf,j + ROutput,j + RFormat,j (2)

3.2.2. Confidence-based Calibration Reward

To address both perceptual insensitivity and poor confi-
dence calibration, we design the Confidence-based Cal-
ibration Reward, Rcoq;. This reward aims to enhance
perceptual sensitivity using the image pair (¢,¢) and their
outputs (o;, ]) while also promoting good confidence cal-
ibration.

To compute this reward, we first need to define the
model’s output confidence C'. At each generation step t,
we compute the Negative Mean Log-Probability (NMLP) of
the model’s output logits L. First, the logits L are converted
to log-probabilities: 1p = LogSoftmax(L). We then select
the top % highest log-probability values (denoted log p(;))
to define the token’s confidence Confie,. For a complete
sequence o composed of T tokens, its total confidence C' is
the arithmetic mean of all token confidences:

T
1 1
= T 521 Confioken,, Where Confiogen = % Eﬁ log D(i)-

3)
A lower NMLP value indicates a sharper probability dis-
tribution, signifying higher certainty.

Our Rcons reward combines these objectives. The per-
ception goal uses the raw confidence difference AC =
C; — C} (from outputs o;, 0}) to encourage sensitivity. The
calibration goal links the binary accuracy Roypyt,; (Which is
0 or 1, defined previously) with the normalized confidence
o™ from the original image output. This combined
mechanism encourages the model to be confident when cor-
rect and unconfident when wrong, while simultaneously be-
ing sensitive to input perturbations.

The final Confidence-based Calibration Reward
Rcon,; is formulated as:

Rconf,j = atanh(,@ * AC) +

Perception Term

(2 . ROulput,j -

Calibration Term

1) . C}’LO'I’m’

“4)
where the first term rewards a large confidence change AC
and the second term (which simplifies to +C} if correct and
—C} if incorrect) rewards proper calibration.

Note: To avoid contaminating the training trajectory, the
calibration term and its associated gradient updates are only
computed based on the output o; (from the original image)
and its confidence C}, not the perturbed output 0;-.

3.3. Confidence-Aware Test-Time Scaling (CA-
TTS)

In this section, we introduce our adaptive multi-module
TTS framework. This framework comprises three core
modules driven by confidence and enhanced by integrat-
ing visual and textual elements: Self-Consistency, Self-
Reflection, and Self-Check. Furthermore, an Expert Model
is incorporated to schedule the interactions between these
modules or to participate deeply within specific tasks, oper-
ating under different designated roles.

3.3.1. Self-Consistency

Instead of merely relying on multi-sampling and majority
voting, our self-consistency is based on a confidence-driven,
Expert Model-guided approach.
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First, for each input sample (Image i, Question g), we
collect n samples, gathering their corresponding Chain-
of-Thought (CoT), Answer (A), and Confidence (C) se-
quences:

S = {(COTi,Ai, Cz) Z'L:l' (5)

Subsequently, leveraging the reliable confidence and
visual perception capabilities obtained in the first stage,
and inspired by prior work [10], we employ confidence-
weighted majority voting. We experimented with vari-
ous confidence quantification methods (e.g., tail confidence,
min confidence) and found mean confidence to be the most
effective.

Specifically, we aggregate the confidence scores for each
candidate answer k across all samples. This serves as the
aggregation and calibration of the model’s internal confi-
dence. The result of this internal voting, V;,.ternai, 18 @ dic-
tionary mapping candidate options k to their weighted vote
counts:

Vtinternal [k] = Z C’L . ]I(Az = k)a (6)

where I is the indicator function (1 if A; = k, 0 otherwise).
Next, we combine this internal calibration with an exter-
nal calibration step. We first extract the set of all unique
candidate answers from our initial samples to form a candi-
date list Leogndidates- We then provide the image ¢, question
q, and this candidate list L.qnqdidates to the Expert Model
(now in the Voter role, the prompt Py, is shown in Ap-
pendix A). The expert M, xﬂ‘;f:[t is designated to verbally
output its internal confidence for each option, producing a
normalized confidence list Ceppers = [c1,...,¢|z|] such
that > ;¢ =1 We then apply a voting weight 7;. This
weight is multiplied by the expert’s normalized confidence
¢y, for a given answer k. This external vote is added to the
normalized internal voting score V2™ (k] to yield the fi-
nal vote dictionary Vy;pq:
Vfinal [k] = iz%%al [k]+71 *Ck, Vk € Lcandidatss- (7)
In this manner, the Voter Expert participates in the cal-
ibration process, providing a secondary adjustment oppor-
tunity to the base model’s internal calibration, thus making
the entire self-consistency process more robust.

3.3.2. Self-Reflection
We employ the Expert Model as a Critic (M%) to gen-

expert
erate critiques that guide the base model in recozr)lsidering its
initial reasoning. In this phase, we provide the original im-
age 7 and question ¢ to the expert. Using a specific prompt
(Peritique» see Appendix A), the expert is directed to generate
a corresponding critique (C'rit) on the problem.
Crit = MCMMC(L q, Pcritique) . (8)

expert

After obtaining the C'rit, we use this critique to prompt
the base model (Mp,s.) to reconsider its reasoning and gen-
erate a new reflected Chain-of-Thought C'0T¢ ficc+ and its
corresponding answer A fiect:

(COTreflecta Areflect) = Mbase(iv q, Cth) (9)

This reflected answer A, fjcc: is then added to the final
vote tally Vy;nq by incrementing its score by a weight of
To. If Ayefiect 18 @ new answer not previously in Viipa, it
is first initialized with this score.

3.3.3. Self-Check

This module shifts the focus from text-based checks to
self-examination at the visual level. Using the same im-
age pair construction method as in Section 3.2.1, we create
an original-noise image pair (7,4’) for the test image. As
noted in Section 3.2.2, logits can be considered a precur-
sor form of confidence. Therefore, inspired by [20], we
utilize a more fundamental, confidence-driven method by
applying Visual Contrastive Decoding (VCD) to adjust the
output. This process decodes the answer by contrasting the
log probabilities of generating answer y from the original
image 7 and the noisy image 7’

log Pvep(yli,q) = (1+ a) -log Pa(yli, q)

. (10)
— Q- IOg Pg(y|l/, q)v

where « is a hyperparameter controlling the strength of the
contrast.

This module does not directly involve the Expert Model.
The answer obtained from VCD decoding, Acpeck, is added
to the Vy;yq dictionary by incrementing its score by a vot-
ing weight 3.

3.3.4. Expert Planning

In addition to its Voter and Critic roles, the Expert Model
also functions as a Planner, M, Qg‘e%”, responsible for mod-
ule scheduling. Before inference, the planner analyzes the
input (¢, ¢) and outputs a scheduling order 7r. This order is
a permutation of the three modules (Self-Consistency M.,
Self-Reflection Mj,, and Self-Check M), ensuring that
each module is used exactly once.

This adaptive scheduling is feasible because the three
modules are fully decoupled and order-insensitive. The fi-
nal output of every module is simply a contribution to the
shared voting dictionary V.. If a module is executed
first, it initializes the contributions to an empty Vy;,q;. This
design ensures the flexibility and robustness of our system.

4. Experiments

4.1. Experimental Setup

4.1.1. Model Baselines

Our framework uses Qwen2.5-VL-7B-Instruct [42] as the
base model in a two-stage process. First, the CDRL train-
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Table 1. Evaluation Results on Visual Reasoning Benchmarks. Abbreviations: OE (Open-Ended), MC (Multi-Choice), PE (Perception),
RE (Reasoning), STEM (Science, Technology, Engineering, and Mathematics), HASS (Humanities, Arts, and Social Sciences), and ALL

(Overall). Best results are bold.

Math Reasoning General VQA

Model/Dataset Math-Vista;cimini Math-Vision;,; MMStar;.,; MMMU,

OE MC ALL OE MC ALL PE RE ALL STEM HASS ALL
Training Free Baselines (Qwen2.5-VL-7B)
Pass@1 623 66.8 647 242 217 230 584 682 602 @ 40.1 60.7  48.8
Majority Voting 684 737 698 262 332 301 636 770 69.0 532 625 575
Deepconf 69.3 747 707 264 323 296 582 710 61.1 51.5 625 56.1
Training Based Framework
DreamPRM(InternVL-2.5-8B) - - 68.9 - - 22.1 - - 62.3 - - 61.4
R1-Onevision(Qwen2.5-VL-7B) 61.7 66.2 64.1 20.8 37.8 299 608 669 637 51.6 59.3 553
VL-Rethinker(Qwen2.5-VL-7B) 653 81.7 74.1 221 39.0 30.7 60.7 665 634 51.6 60.7  55.6
We-Think(Qwen2.5-VL-7B) 65.7 80.1 733 209 374 297 626 70.1 65.1 50.8 62.5 557
Ours (Qwen2.5-VL-7B) 742 847 795 384 456 424 678 772 713 599 735 663

ing stage enhances the model’s perceptual sensitivity. Sec-
ond, the CA-TTS inference stage uses this trained model
as the reasoning agent. In the CA-TTS framework, we em-
ploy Gemini-2.5-Pro [6] as the Expert Model. Its role is to
adaptively schedule the three core TTS modules and pro-
vide verification feedback.

4.1.2. Evaluation Benchmarks

We evaluated our framework’s effectiveness and robustness

on key benchmarks covering image-based mathematical

reasoning and general multimodal reasoning. The bench-
marks include:

* Math-Vista [30]: A comprehensive mathematical vision
reasoning benchmark, integrating 28 existing multimodal
datasets and 3 newly created ones.

* Math-Vision [47]: A high-quality multimodal math rea-
soning benchmark containing 3040 samples, spanning 16
different mathematical disciplines.

¢ MMStar [5]: A vision-indispensable general-purpose
multimodal benchmark, containing 1500 meticulously
human-curated samples.

e MMMU [60]: A massive multidisciplinary multimodal
benchmark designed to evaluate model performance
across 30 subject areas and 183 subfields.

4.1.3. Baselines

We compare our method (CDRL + CA-TTS) against two

categories of baselines to validate its superiority:

1. Training-Free Baselines: Includes various training-free
Test-Time Scaling (TTS) strategies, such as Majority
Voting [22] and Deepconf [10]. To ensure a fair com-
parison, all Training-Free methods were reproduced on
the same base model (Qwen2.5-VL-7B-Instruct).

2. Training Baselines: Includes various models trained
on visual reasoning tasks, such as DreamPRM [4], R1-
Onevision [55], VL-Rethinker [46] and WeThink [54].

Table 2. Ablation Study for CDRL and CA-TTS. Best results
are bold, second-best are underlined.

Math-Vision;,,;

Setting OE MC ALL

Training-Free 24.24 21.71 22.96
CDRL 1846 3416  26.38
CA-TTS 37.99 4295 37.99
CDRL+CA-TTS 38.44  45.60 4235

4.2. Implementation Details

CDRL. We performed full-parameter fine-tuning on
8xH100 141GB GPUs using bfloat16 mixed precision and
a batch size of 2. We generated 4 rollout pairs per sample,
though rollouts from noised-image inputs did not partici-
pate in the gradient update.

CA-TTS. We generated 8 parallel inference samples per
question, using Temperature 7" = 1.0 and top-k = 40 to
encourage diversity. All module voting weights were set
equally (71 = 75 = 73 = 0.5). For the Self-Check module,
VCD hyperparameters were set to a = 0.5 and 8 = 0.1.
The Expert Voter was allowed a maximum of 3 retries to
ensure reliable confidence output.

4.3. Main Results

a) Superior Performance over Training-Based Base-
lines. As shown in Table 1, our proposed method (Ours)
achieves state-of-the-art performance across all four vi-
sual reasoning benchmarks. Specifically, our model (Ours
(Qwen2.5-VL-7B)) reaches ALL scores of 79.5%, 42.4%,
71.3%, and 66.3% on Math-Vista, Math-Vision, MMStar,
and MMMU, respectively. More importantly, compared to
other advanced training-based methods like VL-Rethinker,
our model demonstrates stronger performance on all bench-
marks—for instance, achieving 0.7% higher on Math-Vista
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Table 3. Performance of Different Expert Models on Math-
Vision. OE (Open-Ended), MC (Multi-Choice). The results on
other datasets can be found in Appendix C.

Math-Vision;.;,ini

Expert Model OE MC ALL
Majority Voting 22.09 3130 27.65
Qwen-2.5-VL-7B 3091 34.03 32.57
Qwen-2.5-VL-72B  28.52 37.70 34.21
Qwen-VL-Max 3571 36.13 3597
GPT-5 38.94 4393 4145
Gemini-2.5-Pro 46.62 4241 43.75

and 0.7% higher on MMMU. This fully demonstrates the
effectiveness and superior generalization capability of our
proposed framework.

b) Validating the Free Lunch of Calibrated Confidence.
This significantly outperforms training-free baselines, in-
cluding Pass@1 and Majority Voting. This result validates
the free lunch concept introduced earlier: the calibrated
confidence from our training phase is directly and effec-
tively translated into considerable performance improve-
ments at inference time via our Confidence-Aware Test-
Time Scaling (CA-TTS) framework.

4.4. Ablation Studies

We conducted a series of ablation studies and conclude four
insights as shown in following:

a) CDRL and CA-TTS contribute independently and
synergistically. In Table 2, we analyze the contributions
of different components. Here, Training-Free corresponds
to the Pass@1 baseline from Table 1. (1) Using the CDRL
alone provides a moderate performance boost over the base-
line (e.g., from 48.8% to 52.2% on MMMU). (2) Us-
ing the CA-TTS alone yields a significant leap in perfor-
mance (e.g., jumping from 64.7% to 77.8% on Math-Vista).
(3) By combining both (CDRL+CA-TTS), our full model
achieves the best performance across all benchmarks (e.g.,
42.4% on Math-Vision). This suggests that the CDRL stage
provides a better policy or model state for the CA-TTS
stage, and the combination is most effective.

b) This framework can be generalized to different ex-
pert models. To investigate the generalizability and scal-
ability of our framework, we applied it to a series of dif-
ferent expert models. As shown in Table 3, we evaluated
performance using Majority Voting as a comparison base-
line and found better performance even Qwen-2.5-VL-7B
itself serves as an expert model. The evaluation also ex-
tended to other powerful foundational models, including
Qwen-2.5-VL-72B, Qwen-VL-Max, GPT-5, and Gemini-
2.5-Pro. The experiments were conducted on the Math-
Visiones¢mini dataset. This diversity of experts aims to
verify that our method is robust and not highly dependent

®  Ours /”/.
B Majority Voting ,0/ ”
45 DeepConf -~
Aol
° el
40 -~
§ -7 P1=3.65
S35 e
< e Bo=164 __-m
30 L] = —‘__.. ———— ¥
———————— Bs =119
254 m==""" ]
1 2 4 8 16 32

Number of samples

Figure 3. Test-time scaling comparison on Math-Vision. Ac-
curacy vs. number of samples for our CA-TTS (blue), Majority
Voting (green), and DeepConf (yellow). The slope of our method
(81 = 3.65) is 2.2-3.1x steeper than baselines (82 = 1.64,
B3 = 1.19), demonstrating superior scaling potential with cali-
brated confidence.

on the performance of any single expert model. This fur-
ther highlights that our framework, particularly through its
self-calibration capabilities, can consistently and effectively
enhance the reasoning capabilities of models with different
scales and architectures.

¢) Test-time scaling is enhanced with calibrated confi-
dence. As shown in Figure 3, our CA-TTS method demon-
strates superior scaling properties compared to Majority
Voting and DeepConf baselines. The key advantage is the
substantially steeper scaling slope: our method achieves
B1 = 3.65, which is 2.2x and 3.1x higher than Majority
Voting (B2 = 1.64) and DeepConf (83 = 1.19), respec-
tively. This indicates that CA-TTS more effectively lever-
ages additional samples, with the performance gap widen-
ing as sample count increases from 1 to 32. While all meth-
ods start at similar accuracy with a single sample (~25-
30%), our approach scales to over 45% accuracy, signifi-
cantly outperforming the baselines’ plateau at ~35%. This
robust scaling confirms that calibrated confidence enables
more efficient test-time computation. Additional scaling re-
sults are provided in Appendix C.

d) CDRL enables knowing when visual evidence is
insufficient. As shown in Table 4, CDRL training
significantly enhances the model’s perceptual sensitivity
across multiple visual uncertainty conditions. The baseline
model (Qwen2.5-VL-7B-Instruct) exhibits minimal confi-
dence drops (CD) when visual input is compromised—near-
zero or even positive CD values for Occlusion (—0.24),
Viewpoint (+0.09), and Mosaic (4-0.11) conditions indicate
poor awareness of visual degradation. After CDRL train-
ing, the model demonstrates substantially larger confidence
drops across all perturbation types: Noised (—1.39), Oc-
clusion (—1.13), Viewpoint (—1.29), and Mosaic (—0.86).
This represents a 4-8 x enhancement in visual sensitivity on

25920



Tree-of-Thoughts

Leaf A: 4 Expert (Final

Approach A ]—>[ Reasoning Steps 1 ]—:D[

)

Evaluator)

Question:
How many bricks

Approach B

Leaf B: 6

i Degenerated to

are missing from

i

Reasoning Steps 2 H

Evaluation Logic: Parallel

the wall? Reasoning Steps 3 . Pruned Selects Simplest Path : Self-Consistency|
Approach C H Reasoning Steps 4 H Leaf C: 4 [ Final Answer: 4 (x) ]
\_ ) q *tsussssssssssssssssssssssssssssssssssssanans ‘:

p
CA-TTS Expert (Planner) @ Module Scheduling— —[A: 0.65,8: 055~ ] —[ A:0.65,B: 065 - ]+ ~[ A: 0.65,8: 075 ]»| Final Answer: 6 ()
LY

Answer: ... | think the answer is 4 .

[R:usoning Steps 1 ] [ A: 4 Conf: 15.2 ]

Confidence: 15.4 (low)

[ Question + Original Image ] [ Question + Noised Image ]

)

@ MLLM [Rmsoning Steps 2] [ A: 4 Conf: 15.3 ]

Dynamic

[Reasnning Steps 3] [ A: 6 Conf: 17.3 ]

4:05,6:0.3 ---
Confidence Voting L !

can be derived from - Please

|

Critique: this is incorrect. A correct answer

Confidence-Driven
Srheduli

rethink and

] (@ w J(@ w )

answer again.
4:0.65, 6: 0.55 -+~ ]

Answer: You are right
is6.
Confidence: 16.9 (high

Expert (Voter) (@) b ol 59 g =) [

<>

Answer: 6

- The answer

)

.

J

Figure 4. A case study comparing the reasoning processes of

Decoding
ToT [57] and CA-TTS (Ours). ToT (upper) conducts a complex tree

search that remains vulnerable to a single-point-of-failure in its final evaluation, leading it to the incorrect answer. In contrast, Our method
(bottom) demonstrates a multi-stage, resilient process: an initial error from Self-Consistency (Answer: 4) is corrected by Self-Reflection

(Answer: 6) and confirmed by Self-Check.

Table 4. Analysis of model confidence sensitivity under differ-
ent visual uncertainty conditions on Math-Vision. We compare
the base model with our CDRL-trained model across five visual
conditions. CD (Confidence Drop) measures sensitivity to visual
perturbations relative to the original image . ECE and AUC mea-
sure calibration quality. Best results are in bold.

Qwen2.5-VL-7B-Instruct +CDRL (Ours)
Visual Uncertainty | CD, ECE| AUC? | CD] ECE| AUCt
Origin 0 64.57 54.81 0 62.24 59.42
Noised -0.32  66.19 60.00 |-1.39 63.75 60.19
Occlusion -0.24  66.19 5388 | -1.13 65.05 56.34
Viewpoint +0.09 6499 5519 | -1.29 64.18 57.26
Mosaic +0.11  65.41 60.01 | -0.86 63.07 61.68

average. Additionally, CDRL improves calibration metrics
(ECE) and uncertainty quantification (AUC) across all con-
ditions, demonstrating that the model learns to properly as-
sess perception quality and reduce confidence when visual
evidence is insufficient.

4.5. Case Study: CA-TTS vs. ToT

As shown in Figure 4, Our method highlights a robust, de-
coupled reasoning process. As illustrated, the Expert (Plan-
ner) first schedules modules. In the Self-Consistency phase,
the model may initially converge on an incorrect answer
(e.g., 4), even with voter intervention. However, the pro-
cess continues: in the Self-Reflection phase, the expert acts
as a Critique, providing a new incentive signal that guides
the model to correct its answer to 6. This is subsequently
solidified in the Self-Check phase using visual-contrastive
decoding. This demonstrates our method’s key advantages:
it is robust, features multiple decoupled verification stages,

and benefits from continuous and varied incentive signals.

In contrast, tree-based methods like ToT [57], while ex-
ploratory, are often more cumbersome and possess a criti-
cal vulnerability: a heavy reliance on the performance of a
single-pass, final evaluation model. When all paths reach
their leaf nodes, this single evaluation determines the out-
come. As our comparative example illustrates, a flaw in this
single evaluation can cause the entire complex exploration
to converge on the wrong answer (i.e., 4). Our approach
avoids this single point of failure. As discussed in Sec-
tion 4.4, our method shows significant gains even with self-
evaluation, proving it is less sensitive to the expert model’s
perfection. Thus, CA-TTS offers a more resilient and ef-
ficient process through multi-stage validation, unlike ToT’s
high-stakes dependency on one-shot evaluation.

5. Conclusion

This work identifies perceptual bluntness as a root cause
of hallucination in MLLMs: a model that reasons before
perceiving will inevitably produce unreliable answers. We
demonstrate that a synergistic Perceive-then-Reason ap-
proach is essential. The CDRL training stage first instills
perceptual calibration, creating the necessary foundation
that enables our adaptive CA-TTS framework to success-
fully orchestrate its reasoning modules. Extensive experi-
ments across four challenging benchmarks validate our ap-
proach. This finding signals a paradigm shift for MLLM
research: future efforts must move beyond text-level pref-
erence tuning and co-optimize visual grounding with con-
fidence calibration to build truly robust, self-aware systems
that know what they see and when they don’t know.
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