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Abstract001

Large Language Models have shown great po-002
tential in reasoning tasks through test-time scal-003
ing methods like generating multiple candidate004
solutions for a given task. However, reliably005
selecting the correct answer from these can-006
didates remains challenging. Existing Self-007
certainty-based selection methods are effective008
on easy tasks but become unreliable on hard009
ones. We propose Confidence-Guided Multi-010
Agent Verification (CG-MAV) that uses confi-011
dence to distinguish easy and hard tasks and ap-012
plies different strategies accordingly. CG-MAV013
leverages Self-certainty-based Borda voting not014
only as a selection signal but also as an indica-015
tor of task difficulty, enabling a classification of016
tasks into easy and hard categories. Easy tasks017
are handled through direct selection, while hard018
tasks are processed through multi-agent veri-019
fication. Each verification agent is assigned a020
clear and specific persona, focusing on a dis-021
tinct aspect of solution correctness. Extensive022
experiments on two reasoning datasets across023
multiple models demonstrate the superiority024
and generalization of our proposed CG-MAV. 1025

1 Introduction026

Large Language Models (LLMs) have demon-027

strated strong capabilities in reasoning tasks. Re-028

cent work on test-time scaling (Ye et al., 2025;029

Wang et al., 2025) shows that LLM reasoning can030

be further enhanced by allocating more compu-031

tation at test time, typically through aggregating032

multiple reasoning paths. However, how to aggre-033

gate multiple reasoning paths into a correct answer034

remains a challenge.035

A representative strategy is to select the most036

frequently occurring final answer, such as self-037

consistency (Wang et al., 2022). While effective038

on simple tasks, the assumption of self-consistency039

that correct reasoning chains dominate the sampled040

1The code will be open upon acceptance of the paper.

outputs often breaks down on challenging tasks, 041

where multiple similar yet flawed solutions are gen- 042

erated (Tan et al., 2025). Recently, confidence- 043

based methods (Geng et al., 2024; Ren et al., 2023) 044

have gained increasing attention. These approaches 045

(Razghandi et al., 2025; Leang et al., 2025) rank 046

candidate outputs using token-level likelihoods or 047

confidence scores derived from the model’s output 048

distribution. Among them, Self-certainty (Kang 049

et al., 2025) measures the LLM’s confidence based 050

on its predictive distribution, and selects the re- 051

sponse with the highest confidence as the final an- 052

swer. Although Self-certainty performs well on 053

simple problems where the LLM’s predictive dis- 054

tribution is sharp, it becomes less effective for chal- 055

lenging reasoning tasks with diffuse predictive dis- 056

tributions, where the model exhibits limited confi- 057

dence in candidate responses, making direct answer 058

selection based solely on Self-certainty difficult. 059

To overcome this problem, many study proposes 060

multi-agent frameworks, which leverages LLM col- 061

laboration to evaluate candidate responses (Agashe 062

et al., 2023; Wang et al., 2024a). These approaches 063

exploit the diversity of reasoning perspective to 064

mitigate the risk of over-dependence on a single 065

solution (Chen et al., 2024; Li et al., 2023). How- 066

ever, these methods treat all tasks uniformly and 067

fail to allocate computational resources to tasks that 068

require more careful evaluation (Ma et al., 2025). 069

In this paper, we propose a Confidence-Guided 070

Multi-Agent Verification framework, named CG- 071

MAV. First, we propose the Self-Certainty based 072

Borda Voting (Emerson, 2013) (SCBV) to evaluate 073

multiple candidate responses. Specifically, can- 074

didates are ranked by Self-certainty and assigned 075

votes based on their relative ranks. SCBV is not 076

only a selection signal, but also an indicator of task 077

difficulty. Figure 1a shows that when the LLM’s 078

predictive distribution is sharply concentrated, the 079

model exhibits high confidence in its response, in- 080

dicating that the task is easy. Conversely, when all 081
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Answer 1: Let x be the number of 

musicians who do not play string

instruments……so 130 - 78 = x. 

Therefore, x = boxed{52}. Final

Answer: The final answer is 52. I 

hope it is correct.

Question: In an orchestra,

60% of the musicians play

string instruments, and the 

remainder play woodwind,

brass, or percussion

instruments. If the orchestra

has 130 members, how

many musicians do not play 

string instruments?

Borda Voting Top-3 based on Self-Certainty

Answer 2: Let x be the number of 

musicians who do not play string

instruments……so 130 - 0.6 * 130 =

x. Therefore, x = boxed{78}. Final

Answer: The final answer is 78. I

hope it is correct.

Answer 3: Let x be the number of 

musicians who play string instruments

…… the number of musicians who do

not play string instruments is 130 - 0.6

* 22 = 130 - 13 = 117. The answer is 

boxed{117}.

Self-Certainty 

+ 

Borda Voting

Sample
Large Language 

Model

…
…

(a) easy task

Answer 1: Let’s start by using the fact 

that the perimeter of a triangle is…… 

we find three non-congruent isosceles 

triangles with integer side lengths and 

a perimeter of 10:a = 1,x = 8, a = 2, x 

= 6, a = 3,x = 4.the answer is: boxed{3}

Question: How many (non-

congruent) isosceles

triangles exist which have a 

perimeter of 10 and integer

side lengths?

Borda Voting Top-3 based on Self-Certainty

Answer 2: Let’s break down the

problem step by step:…… Therefore, 

there is only one non-congruent

isosceles triangles with a perimeter of 

10 and integer side lengths, x=3 and 

y=4. Answer: boxed{1}

Answer 3: Let’s break down the

problem step by step: Since the 

triangle is isosceles…… Therefore,

the only two valid solutions are x = 3 

and y = 4, and x = 4 and y = 2. there 

are only boxed{2} non-congruent

isosceles triangles

Self-Certainty 

+ 

Borda Voting

Sample
Large Language 

Model

…
…

(b) hard task

Figure 1: The distribution of SCBV for the top-3 candidate responses on (a) easy task and (b) hard task.

candidates exhibit low SCBV as shown in Figure082

1b, the LLM is unconfident, indicating the task is083

hard. We use SCBV to classify each task into easy084

or hard, relying on it for answer selection in easy085

tasks while avoiding over-reliance in hard tasks.086

Second, for hard tasks, we introduce a multi-agent087

verification that focuses exclusively on answer val-088

idation. Unlike prior multi-agent frameworks that089

entangle reasoning and debate within each agent090

and consequently overburden individual agents, our091

framework assigns each agent a distinct verifica-092

tion persona, which consists of a particular verifi-093

cation perspective and a corresponding verification094

strategy. Then, each agent produces a persona-095

focused binary judgment, i.e., true or false, on each096

of the top-3 SCBV candidate solutions to indicate097

whether the candidate answer satisfies the corre-098

sponding verification criterion. This enables more099

reliable evaluations and facilitates effective aggre-100

gation across complementary perspectives. By as-101

signing each agent a focused verification persona,102

we reduce the burden placed on individual agents103

and improve the reliability of their judgments.104

Our contributions can be summarized as follows:105

(1) We identify a fundamental limitation of Self-106

certainty based answer selection and propose the107

SCBV-guided task classification strategy that mit-108

igates this limitation by adaptively handling easy109

and hard tasks (2). We design a multi-agent ver-110

ification framework, where agents assigned with111

different persona focus on distinct verification per-112

spective. The final output is obtained by aggre-113

gating these judgments. (3) We conduct exten-114

sive experiments on two datasets across models.115

The consistent superior performance of CG-MAV116

demonstrates its effectiveness and generalization.117

2 Related Work 118

Recent efforts to improve the reasoning capabili- 119

ties of LLMs follow two directions: reinforcement 120

learning–based post-training and test-time scaling. 121

The former enhances reasoning through explicit 122

optimization with reward signals, while the latter 123

improves performance by increasing test-time com- 124

putation without additional training. 125

Reinforcement learning for LLMs. Reinforce- 126

ment learning has been a central paradigm for post- 127

training LLMs in both alignment and reasoning. 128

Early work on reinforcement learning from human 129

feedback (RLHF) (Ouyang et al., 2022) optimizes 130

outputs toward human preferences by training a 131

reward model and applying outcome supervision 132

over complete responses. More recently, reinforce- 133

ment learning with verifiable rewards (RLVR) has 134

emerged as effective alternatives, where automated 135

verifiers provide end-of-generation rewards, lead- 136

ing to substantial performance improvements on 137

challenging reasoning tasks such as mathematical 138

problems (Guo et al., 2025; Zeng et al., 2025; Hu 139

et al., 2025; Lambert et al., 2024). Algorithms such 140

as Group Relative Policy Optimization (GRPO) 141

have been shown to be particularly effective (Shao 142

et al., 2025). Beyond outcome-level rewards, pro- 143

cess supervision has gained attention for offering 144

finer-grained guidance during reasoning. Most 145

existing methods implement process supervision 146

by training a process reward model (PRM) from 147

human-annotated or automatically generated sig- 148

nals and using it as a static reward during reinforce- 149

ment learning (Lightman et al., 2023; Luo et al., 150

2024; Wang et al., 2024b; Setlur et al., 2024). How- 151

ever, static PRM are vulnerable to distribution shift 152
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and reward hacking as training progresses (Kazem-153

nejad et al., 2024). These limitations highlight the154

difficulty of maintaining reliable reward signals,155

and motivate training-free approaches like test-time156

scaling.157

Test-Time Scaling. As high-quality and unex-158

plored training data become increasingly difficult159

to obtain, Test-Time Scaling has gained more and160

more attention, which improves reasoning perfor-161

mance by scaling test-time computation without162

any training. Prior work can be broadly catego-163

rized into parallel and sequential approaches. Par-164

allel methods sample many candidate generations165

and select among them, such as Best-of-N research166

(Amini et al., 2024; Sessa et al., 2024) and Self-167

consistency (Wang et al., 2022). These methods168

exploit sampling diversity and have demonstrated169

near log-linear improvements as the number of sam-170

ples grows. Sequential methods expand computa-171

tion along a single trajectory, such as Chain of172

Thought (Wei et al., 2022) and Self-refine (Madaan173

et al., 2023), where the model iteratively evaluate174

and improve responses. More recent work inte-175

grates parallel and sequential test-time scaling. For176

example, Monte Carlo Tree Search (Guan et al.,177

2025) expands a search tree over reasoning steps178

and selection actions based on iterative evaluation.179

However, these test-time scaling methods allocate180

computation uniformly across tasks and rely on181

frequency or likelihood, which can be inefficient182

and unreliable for hard tasks.183

In contrast, our proposed CG-MAV focuses on184

improving answer selection at test time through185

confidence-guided verification, rather than uni-186

formly increasing inference computation or rely-187

ing on frequency or likelihood. We leverage Self-188

certainty as an indicator of task difficulty to distin-189

guish between easy and hard tasks, and selectively190

invoke multi-agent verification on hard tasks where191

additional reasoning is necessary. This design en-192

ables more effective allocation of test-time compu-193

tation, while avoiding both unnecessary overhead194

on easy tasks and unreliable selection on hard tasks.195

3 Methodology196

The overview of CG-MAV is illustrated in Figure197

2. CG-MAV is centered on SCBV, which reflects198

the reliability of generated solutions. Each task is199

categorized as either easy or hard based on a SCBV200

threshold. For easy tasks, the solution with high-201

est SCBV is selected as the final answer directly,202

whereas hard tasks are further verified by multiple203

Algorithm 1 Confidence-Guided Multi-Agent Ver-
ification (CG-MAV)
1: Input: prompt x; model M; confidence metric C(·);

threshold τ ; verification agents A = {a1, . . . , aD}; sam-
ple size K

2: Output: selected answer y∗

3: Sample K candidate answers:
4: Y = {y(k) ∼ G(· | x)}Kk=1

5: Compute self-confidence for each candidate:
6: c(k) = C

(
y(k)

)
, ∀ y(k) ∈ Y

7: Determine task difficulty:
8: if ∃ k ∈ [1,K] s.t. c(k) ≥ τ then
9: classify as easy task

10: else
11: classify as hard task
12: end if
13: if easy task then
14: Select the most confident answer:
15: y∗ = argmaxy(k)∈Y c(k)

16: else
17: Perform multi-agent verification:
18: for y(k) ∈ Y do
19: for ad ∈ A do
20: Obtain binary approval zd(y(k)) ∈ {0, 1}
21: end for
22: end for
23: Aggregate verification scores:
24: S(y(k)) = 1

D

∑D
d=1 zd(y

(k))
25: Select the best verified answer:
26: y∗ = argmaxy(k)∈Y S(y(k))
27: end if
28: return y∗

verification agents that focus on different perspec- 204

tive and strategy. The algorithm for the proposed 205

CG-MAV is detailed in Algorithm 1. 206

3.1 LLM Background 207

We consider a reasoning task where LLM is 208

prompted to generate answers y = (y1, ..., ym) 209

from an input x = (x1, ..., xn). At step i, the 210

LLM outputs a vector of logits l ∈ R|V |, where V 211

denotes the vocabulary and | · | denotes the cardi- 212

nality of a set. These logits are transformed into a 213

probability distribution p(·|x, y<i) ∈ [0, 1]|V | over 214

candidate next tokens. This distribution represents 215

the LLM’s estimated likelihood for each token be- 216

ing generated at step i. 217

3.2 Self-certainty based Borda voting 218

Prior work has shown that distribution over the 219

full vocabulary provide a more reliable estimate 220

of LLM’s confidence than token-level likelihood 221

alone, particularly in open-ended generation and 222

reasoning tasks. Specifically, Self-certainty derived 223

from the divergence between the model’s predic- 224

tive distribution and a uniform distribution have 225

been empirically validated as effective indicators 226
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Question: In an orchestra,

60% of the musicians play string

instrument, and the remainder 

play woodwind, brass, or 

percussion instruments. If the 

orchestra has 130 members, how 

many musicians do not play 

string instruments?

SCBV-Guided Task Classification

High

SCBV

Low

SCBV

Hard Task

Answer 1

Easy Task

Agent 1

Answer 2

Answer 3

Approval

1

2

4

Perspective

Calculation correctness

Logical consistency

Strategy

Direct judgement

Step-by-step 

inspection

Edge case 

validation

……

Agent 2 Agent 3 Agent 4

sample

Agent 1

Agent 2

Agent 3

Agent 4

Self-Certainty + 
Borda Voting(SCBV)

Answer 

2

Self-Certainty Rank

1. Self-Certainty: 78

2. Majority:117

Faculty accuracy

Low High

……
……

Answer 1: {78}

Answer 2: {52}

Answer 3: {52}

Answer 4: {117}

Answer 5: {117}

Answer 6: {117}

Voting Strategy

Ground-
Truth：
52

3. Borda Voting (ours)
52: 9 votes

78: 6 votes

117: 6 votes

SCBV 

aligns with 

correctness

SCBV 

poorly aligns with 

correctness

Multi-Agent Verification

Multi-Agent Approval-Based Answer Selection

Enough to select answer Not Enough to select answer

S
C

B
V

Answer 

1

Answer 

4

S
C

B
V

Answer 

1

Answer 

2

Answer 

3

Units

Persona

Agent 5

Figure 2: An overview of our proposed CG-MAV.

of internal certainty in LLMs. Following this line227

of work, we adopt a confidence metric as:228

C(x, y) =
1

n|V |

n∑
i=1

|V |∑
j=1

log(|V | · p(j|x, y<i)),

(1)229

where n denotes the length of the output y.230

Since selecting the single most certain sample231

can ignore answer frequency, we apply Borda vot-232

ing to aggregate certainty rankings across samples,233

combining confidence with consensus. Specifically,234

given N outputs, we rank them by Self-certainty235

and assign each output a vote based on its rank:236

v(r) = (N − r + 1)p, (2)237

where r denotes the rank position and p controls238

ranking influence. Votes from all outputs that pro-239

duce the same final answer are summed.240

While Self-certainty provides an effective con-241

fidence signal in many settings, its effectiveness242

diminishes in challenging reasoning tasks. In such243

case, the model’s internal uncertainty is intrinsi-244

cally high, leading to uniformly low and weakly245

separated Self-certainty across sampled candidates.246

As a result, rather than relying on confidence for di-247

rect answer selection, we introduce a SCBV-guided248

strategy to identify cases where require further ver-249

ification.250

3.3 SCBV-Guided Task Classification251

Given an input x, we sample a set of candidate out-252

puts y = {y(1), y(2), ..., y(K)}. For each candidate253

y(k), we compute its SCBV C(k). An intuitive idea 254

is selecting the candidate with the highest SCBV. 255

However, extensive empirical evidence suggests 256

that, in challenging reasoning tasks, the SCBV of 257

multiple sampled candidates are consistently low 258

and exhibit weak separation. In such cases, SCBV 259

based ranking becomes unreliable and often fails 260

to distinguish correct solutions from plausible but 261

incorrect ones. 262

To address this issue, we propose a SCBV- 263

guided task classification mechanism that explicitly 264

distinguishes between easy and hard tasks. Empiri- 265

cally, easy tasks exhibit concentrated SCBV, with 266

at least one answer achieving a high SCBV, which 267

makes SCBV based selection reliable. In contrast, 268

hard tasks are characterized by uniformly low and 269

weakly separated SCBV. Based on this observation, 270

we introduce a decision boundary that determines 271

whether SCBV along is sufficient for task solution 272

instead of using SCBV as a ranking signal solely. 273

Let C = {C(1), C(2), ..., C(K)} denote the set 274

of SCBV for all candidates of a task. We define a 275

SCBV threshold τ and partition the tasks set into 276

two categories via the following decision rule: 277

T (x) =

Easy, if max
k∈{1,...,K}

C(k)(x) ≥ τ,

Hard, otherwise,
(3) 278

where T (·) denotes a classifier that determines the 279

difficulty of task based on its SCBV. 280

When T (x) = Easy, at least one answer ex- 281
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hibits sufficiently high SCBV, indicating that the282

model’s predictive distribution is relatively con-283

centrated. In this case, SCBV based selection is284

reliable, and we select the answer by :285

y∗ = argmax
y(k)∈Y

C(k). (4)286

In contrast, when T (x) = Hard, all sampled287

candidates fall below the SCBV threshold. Under288

this condition, SCBV becomes a weak indicator of289

correctness and do not provide a stable ordering290

among candidates. Rather than forcing a fragile291

decision based on marginal SCBV differences, we292

explicitly defer direct answer selection and pro-293

cess all candidates with the subsequent multi-agent294

verification stage, where they are evaluated using295

distinct verification personas beyond the model’s in-296

ternal certainty estimates. This mechanism allows297

SCBV to be exploited when it is informative, while298

preventing overcommitment when it collapses.299

3.4 Multi-Agent Verification300

For a hard task, where no candidate exceeds the301

SCBV threshold and SCBV based selection be-302

comes unreliable, we process the entire candidates303

set y = {y(1), ..., y(K)} with subsequent verifica-304

tion stage. We define a set of verification agents305

A = {a1, a2, ..., aD}, where each agent ad is as-306

signed a distinct verification persona. Each persona307

is specified by a particular verification perspective308

together with a corresponding verification strategy309

. The verification personas are designed to empha-310

size complementary aspects of correctness, encour-311

aging agents to focus on distinct evaluation aspects.312

Each verification agent independently evaluates a313

candidate solution and outputs a binary judgment314

(true or false). For a given candidate y(k), we col-315

lect the binary judgments from all D agents, de-316

noted as z(y(k)), which we refer to as the verifi-317

cation outcome of the candidate. To qualify the318

degree of multi-agent agreement, we introduce a319

function:320

S(y(k)) = 1

D

D∑
d=1

zd(y
(k)), (5)321

where z(y(k)) = 1 if the d-th agent outputs True,322

and 0 otherwise. Eq. 5 measures the outcome of323

verification agents that output True for the candi-324

date. Rather than reflecting the strength of any indi-325

vidual agent’s belief, S(·) captures collective con-326

sistency across independent verification personas.327

Candidate selection is then formulated as a consen- 328

sus maximization problem: 329

y∗ = argmax
y(k)∈Y

C(y(k)). (6) 330

This decision rule does not rely on a single uncer- 331

tain signal, but instead bases correctness on the 332

agreement among multiple independent verifica- 333

tion agents. 334

4 Experiments 335

4.1 Experimental Setting 336

Datasets. We conduct experiments on two widely 337

used mathematical reasoning datasets, GSM8K 338

(Cobbe et al., 2021) and MATH(Hendrycks et al., 339

2021), which are commonly adopted to evalu- 340

ate multi-step reasoning capabilities of LLMs. 341

GSM8K is a benchmark of grade-school–level 342

math word problems designed to evaluate multi- 343

step numerical reasoning. It consists of 7.47k train- 344

ing examples and 1.32k test questions, each re- 345

quiring a sequence of arithmetic reasoning steps 346

to obtain the final answer. MATH is a substan- 347

tially more challenging dataset consisting of 7.50k 348

training and 5.00k test problems spanning diverse 349

domains, including algebra, geometry, number the- 350

ory, and precalculus. Each problem is annotated 351

with a full solution and a final boxed answer. Com- 352

pared to GSM8K, MATH exhibits higher structural 353

complexity, longer reasoning chains, and greater 354

ambiguity in intermediate steps, making it a repre- 355

sentative setting for difficult reasoning scenarios. 356

For both datasets, we evaluate on official test splits 357

and follow prior work in extracting and normaliz- 358

ing final answer for automatic evaluation. 359

Dataset Type Level Train Test

GSM8K 1 1 7.47k 1.32k
MATH 7 5 7.50k 5.00k

Table 1: Statistics of experimental dataset. Type denotes
the kinds of problems in the dataset, and level measures
the difficulty of problems.
Implementation Details. We use the Llama-3-8B- 360

Instruct (Dubey et al., 2024) as our base model for 361

all experiments. When sampling multiple candidate 362

answers, we set the temperature to 0.6 and top-p to 363

0.9. During the multi-agent verification stage, we 364

adopt greedy decoding. All experiments are run on 365

NVIDIA A40 GPUs 366

Baselines. In order to comprehensively evalu- 367

ate the effectiveness of our proposed CG-MAV, 368
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we compare it with various baselines, covering369

both single model baselines and multi-agent base-370

lines. Specifically, the single model baselines371

include Greedy (Brown et al., 2020), FirstAns372

(Kang et al., 2025), Perplexity(Hu et al., 2024),373

Self-consistency(Wang et al., 2022), and Self-374

certainty(Kang et al., 2025). Detailed description375

are provided below.376

• Greedy (Brown et al., 2020) generates a single377

output by selecting the most probable token at378

each step, without any aggregation or verifica-379

tion across multiple samples.380

• FirstAns (Kang et al., 2025) selects the first381

extractable final answer from the N sampled out-382

puts, following the generation order of the LLM.383

• Perplexity (Hu et al., 2024) selects the candidate384

with the lowest average negative log-likelihood385

under the LLM.386

• Self-consistency (Wang et al., 2022) samples387

multiple reasoning paths and selects the most388

frequent final answer.389

• Self-certainty (Kang et al., 2025) selects the390

answer with the highest estimated confidence391

among multiple sampled outputs.392

The multi-agent baselines cover Debate(Du et al.,393

2023), STaR(Zelikman et al., 2024), Multi-agent394

FT(Subramaniam et al., 2025), which exploit multi-395

agent collaboration.396

• Debate (Du et al., 2023) proposes a interaction-397

based multi-agent debate framework, where398

agents iteratively exchange arguments and revise399

their responses through structured discussion.400

• STaR (Zelikman et al., 2024) iteratively fine-401

tunes the LLM using ground-truth answers,402

adding correctly solved instances to the training403

set and re-prompting incorrect ones with ground-404

truth–derived hints until convergence.405

• Multi-agent FT (Subramaniam et al., 2025) en-406

ables self-improvement by fine-tuning LLMs on407

diverse multi-agent–generated reasoning traces.408

We repeat each experiment five times with dif-409

ferent random seeds and report the mean results.410

4.2 Overall Performance411

To verify the effectiveness of CG-MAV, as de-412

scribed in Section 3, we present the performance413

comparison. The results in Table 2 demonstrate the414

effectiveness of CG-MAV. From the results shown415

in Table 2, we can draw the following findings:416

We first compare CG-MAV with widely adopted 417

single model baselines, where CG-MAV con- 418

sistently nearly outperforms all baselines across 419

datasets. On GSM8K, CG-MAV slightly underper- 420

forms self-certainty when N = 8, which can be 421

attributed to the limited sampling budget. Despite 422

differences in sampling and aggregate strategies, 423

these methods share a key limitation: they treat all 424

tasks uniformly and lack an explicit mechanism to 425

identify easy or hard task that require additional 426

verification. As a result, confidence signals are ap- 427

plied uniformly, which can be unreliable when the 428

LLM exhibits high uncertainty. In contrast, CG- 429

MAV introduces a threshold based splitting strat- 430

egy that fundamentally changes how these signals 431

are utilized. Rather than uniformly aggregation 432

all tasks, we partition inputs into easy and hard 433

subsets based on Self-certainty. This mechanism 434

yields two advantages. First, it prevents hard tasks 435

from being overwhelmed by noisy majority sig- 436

nals. Second, it ensures that verification capacity 437

is allocated precisely where it is most beneficial. 438

We further compare our approach with repre- 439

sentative multi-agent baselines, and CG-MAV con- 440

sistently outperforms them across datasets. These 441

methods improve performance via multi-agent in- 442

teraction or iterative fine-tuning, by coordinating 443

reasoning and generation across multiple agents or 444

by relying on additional training data. While effec- 445

tive in certain settings, such designs typically place 446

substantial complexity on individual agents, which 447

limit scalability and robustness. CG-MAV differs 448

fundamentally from these approaches in that multi- 449

agent capacity is used exclusively in verification for 450

hard tasks, not generation or learning. Each agent 451

is assigned a distinctive perspective to evaluate can- 452

didate answers and identify flaws. By removing the 453

burden of generation and interaction, agents can 454

focus on distinct error detection. This functional 455

separation significantly reduces task complexity 456

for each agent. Quantitatively, CG-MAV outper- 457

forms multi-agent baselines with large margins on 458

tasks. Compared to STaR and Multi-agent FT, our 459

approach achieves excellent performance without 460

any additional training, highlighting its practicality 461

and scalability 462

4.3 Ablation Studies 463

In this section, we analyze the contributions of 464

SCBV-guided task classification and multi-agent 465

verification. We consider three settings: (1) Vanilla 466

CG-MAV, our framework; (2) Integration + MAV, 467
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Type Methods MATH GSM8K Avg.N = 8 N = 32 N = 64 N = 8 N = 32 N = 64

Single

Greedy - 47.96 - - 84.00 - 65.98
FirstAns 49.08 49.08 49.09 82.08 82.08 82.08 65.70

Perplexity 51.96 52.56 53.34 85.01 85.16 85.81 68.97
Self-consistency 54.60 55.53 55.83 85.19 85.65 86.18 70.50

Self-certainty 54.54 54.86 56.04 85.27 85.93 86.79 72.23

Multiple
Debate - 51.62 - - 78.44 - 65.03
STaR - 50.34 - - 77.45 - 63.90

Multi-agent FT - 57.43 - - 86.61 - 72.02

Ours CG-MAV 55.37 58.71 60.19 85.04 87.68 88.34 72.56

Table 2: Performance Comparison. The best results are highlighted in bold. For baselines that do not require
multiple sampling, we directly report the results from a single sample.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
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Figure 3: Performance of CG-MAV under different
SCBV thresholds on the training sets of MATH and
GSM8K, with an optimal threshold of 0.4 for MATH
and 0.8 for GSM8K.

which removes task classification and uniformly468

applies multi-agent verification to all tasks; and (3)469

CG + Selection, which replaces multi-agent veri-470

fication with single model selecting final answer471

from top-3 candidates ranked by SCBV. From the472

results presented in Table 3, the following observa-473

tions can be drawn:474

Overall, vanilla CG-MAV consistently outper-475

forms both Integration + MAV and CG + Selec-476

tion. Compared with Integration + MAV, CG-MAV477

achieves better performance by selectively invok-478

ing verification only on hard tasks. The result479

shows that blindly allocating multiple verification480

to easy tasks is unnecessary and harmful, whereas481

SCBV-guided task classification enables more effi-482

cient and reliable decision making.Compared with483

CG + Selection, CG-MAV shows clear advantages.484

The reason is that simply expanding the context485

of a single model is insufficient when SCBV in486

unreliable. In contrast, leveraging multi-agent veri-487

fication provides diverse and complementary per-488

spectives, leading to more robust judgments on489

hard tasks.490

4.4 Hyperparameter Tuning 491

The SCBV threshold is treated as a hyperparameter 492

and is tuned on the training set. Specifically, we 493

perform a search over threshold values ranging 494

from 0.1 to 1.0, with a step of 0.1, and select the 495

value that yields the best accuracy on the training 496

data. The selected threshold is then applied to 497

the test set. Figure 3 illustrates that the optimal 498

threshold is 0.4 on MATH, while a higher threshold 499

of 0.8 yields the best performance on GSM8K. This 500

is mainly because the model is more confident on 501

the easier GSM8K dataset and therefore requires 502

a higher threshold. On the more difficult MATH 503

dataset, the model’s confidence is generally lower, 504

which results a lower threshold. 505

4.5 Cross- Moodel Generalization 506

In this section, we conduct experiments on a 507

diverse set of LLMs to evaluate whether CG- 508

MAV generalizes across different backbone LLMs, 509

such as Qwen2.5-3B (Team, 2024), Qwen2.5-7B 510

(Team, 2024), and Mistral-7B-Instruct-v0.2 (Chap- 511

lot, 2023). As shown in Table 4, our proposed 512

CG-MAV consistently improves performance over 513

the corresponding baseline, demonstrating reliable 514

generalization across models. 515

4.6 SCBV as a Reliability Indicator 516

Figure 4 analyzes the distribution of SCBV scores 517

over correctly answered instances. We observe a 518

clear separation: instances with higher SCBV con- 519

sistently exhibit a much higher proportion of cor- 520

rect answers, whereas low-certainty regions contain 521

a large fraction of incorrect or unreliable predic- 522

tions. This observation supports the use of SCBV 523

as a reliability signal and motivates our SCBV- 524

guided classification of easy and hard tasks. 525
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Ablation Setting MATH GSM8K
N = 8 N = 32 N = 64 N = 8 N = 32 N = 64

Vanilla CG-MAV 55.37 58.71 60.19 85.04 87.68 88.34
Integration + MAV 48.95 50.03 51.19 73.67 77.46 78.65

CG + Selection 45.46 47.88 48.47 73.27 75.18 76.82

Table 3: The impact of SCBV-Guided Task Classification and Multi-Agent Verification.

Model Method MATH GSM8K
N = 8 N = 32 N = 64 N = 8 N = 32 N = 64

Qwen2.5-3B Self-certainty 67.39 70.17 72.83 81.23 84.37 85.98
CG-MAV 67.85 71.79 74.90 82.08 84.28 87.99

Qwen2.5-7B Self-certainty 71.46 74.88 76.54 82.16 86.37 88.03
CG-MAV 71.68 75.02 78.54 82.74 87.87 89.58

Mistral-7B-Instruct-v0.2 Self-certainty 18.68 22.50 23.02 36.47 44.75 45.83
CG-MAV 18.70 23.17 25.13 36.75 46.33 48.56

Table 4: Comparison with Self-certainty across different models. The best results are highlighted in bold.
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Figure 4: Distribution of Self-certainty scores and ac-
curacy across confidence Ranges. Higher Self-certainty
corresponds to a larger proportion of correct answers.

4.7 Perspective Attention Analysis526

To better understand how different verification per-527

spectives operate and whether they indeed attend528

to complementary information, we conduct an at-529

tention based qualitative analysis of the verification530

stage. Specifically, for each candidate solution,531

we visualize attention distributions to show which532

parts of the task and answer each verification agent533

focus on during verification.534

Concretely, given a task x and a candidate an-535

swer y, we extract the token-level attention scores536

computed during the verification process of agents537

conditioned on (x, y). For each token in the prob-538

lem and the generated answer, we compute the av-539

erage attention weight assigned by the agent’s out-540

put tokens, yielding a token-level attention matrix541

that we visualize as a heatmap for each verification542

perspective. We observe that different verification543

agents tend to focus on different regions of the544

task-answer pair. Figure 5 shows representative545

attention heatmap for the five verification perspec-546

tives, which illustrates this observation. 547

Question: how many (non-congruent) isosceles triangles exist
which have a perimeter of 10 and integer side length?

1.

1.

1.

1.

Units 

Step-by-step inspection

1.

Calculation correctness

Step-by-step inspection

Calculation correctness

Edge case validation

Faculty accuracy

Direct judgement

Logical consistency

Edge case validation

Figure 5: Attention heatmaps showing diverse focus
across agents.

5 Conclusion 548

Selecting correct answers from multiple candidate 549

solutions remains a fundamental challenge for test- 550

time scaling methods, especially when plausible 551

but incorrect solutions are generated. To solve this 552

challenge, we propose a confidence-guided multi- 553

agent verification framework for robust answer se- 554

lection, named CG-MAV. in this paper. Specifi- 555

cally, CG-MAV leverages confidence not only as a 556

selection signal but also as an indicator of task dif- 557

ficulty, enabling tasks to be divided into easy and 558

hard. Easy tasks are solved through direct selec- 559

tion, while hard tasks are handled by multi-agent 560

verification with distinct persona. Extensive exper- 561

imental results on two reasoning datasets across 562

multiple models show that CG-MAV consistently 563

outperforms the baselines, which demonstrates CG- 564

MAV’s superiority and generalization. 565
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6 Limitations566

The main limitations of this paper are as follows:567

(1) The SCBV threshold for task classification is568

determined empirically through experiments on the569

train set, rather than derived from a principled or570

theoretically grounded criterion. (2) The CG-MAV571

introduces additional computational overhead in572

hard tasks, as multi-agent verification requires in-573

voking multiple reasoning processes, which may574

limit scalability under strict latency or resource575

constraints. These limitations suggest promising576

directions for future research, such as reducing the577

reliance on empirically tuned confidence thresholds578

and developing more efficient verification strate-579

gies for hard tasks.580
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A Experimental Details793

A.1 The Details of CG-MAV794

This appendix lists the prompts used for the five795

agents in CG-MAV.796

Units Step-by-step inspection agent is designed797

to verify the correctness of unit throughout the rea-798

soning process. It focus exclusively on the defini-799

tion, transformation and combination of physical or800

abstract units at each step of the solution. By isolat-801

ing unit consistency from numerical computation,802

this agent targets a common but often overlooked803

source of errors.804

Prompt

You are a critical verifier tasked with evaluating mathematical problem. You 

will be presented with a question and a proposed solution. Your job is to

carefully go over and analyze the solution. Follow the instructions.

INSTRUCTION:

Check whether units are handled correctly at each step of the solution. Focus 

only on unit definitions, transformations, and combinations as they appear in 

the reasoning steps. If you find any issues with the units, stop and reply 

‘FINAL VERRIFICATION ANSWER: False’. If all units are handled correctly, 

reply ‘FINAL VERIFICATION ANSWER: True’.

Figure 6: Prompt of Units Step-by-step inspection
agent.

Faculty accuracy Direct judgment agent simu-805

lates the holistic evaluation of an experienced fac-806

ulty reviewer. Rather than decomposing the so-807

lution into isolated components, it applies direct808

judgment to assess whether the solution would be809

approved. If any conceptual flaw or reasoning gap810

is identified, the agent rejects the solution. The811

agent acts as a human-aligned verifier that deter-812

mines whether the solution would be approved by813

a faculty reviewer.814

Calculation correctness Edge case validation815

agent is responsible for testing the validity of the816

solution under extreme and boundary conditions. It817

systematically examines whether the calculations818

remain correct when inputs approach limiting val-819

ues. This targeted validation complements standard820

Prompt

You are a critical verifier tasked with evaluating mathematical problem. You 

will be presented with a question and a proposed solution. Your job is to

carefully go over and analyze the solution. Follow the instructions.

INSTRUCTION:

Using direct faculty judgement, assess whether the solution is correct as a 

whole. Consider whether the reasoning and final answer align with standard 

expectations for a correct solution. If any part of solution would be judged 

incorrect from a faculty perspective, reply ‘FINAL VERRIFICATION 

ANSWER: False’. If the solution would be accepted as correct by a faculty

reviewer, reply ‘FINAL VERIFICATION ANSWER: True’.

Figure 7: Prompt of Faculty accuracy Direct judgment
agent.

calculation checking by identifying errors that only 821

appear in extreme or boundary cases. 822

Prompt

You are a critical verifier tasked with evaluating mathematical problem. You 

will be presented with a question and a proposed solution. Your job is to

carefully go over and analyze the solution. Follow the instructions.

INSTRUCTION:

Check the calculation correctness of the solution under edge cases and 

boundary conditions. Examine whether calculation remains valid for extreme 

or special values. If any edge cases leads to incorrect calculations or invalid 

results, reply ‘FINAL VERRIFICATION ANSWER: False’. If calculations are 

correct for all relevant edge cases, reply ‘FINAL VERIFICATION ANSWER: 

True’.

Figure 8: Prompt of Calculation correctness Edge case
validation agent.

Calculation correctness Step-by-step inspection 823

agent conducts a step-by-step verification of all 824

arithmetic and algebraic operations in the solution. 825

It checks each intermediate computation for numer- 826

ical accuracy and valid mathematical manipulation. 827

By focusing on individual calculation steps, this 828

agent provides fine-grained signals of numerical 829

correctness that are independent of the overall rea- 830

soning structure or conceptual validity. 831

Prompt

You are a critical verifier tasked with evaluating mathematical problem. You 

will be presented with a question and a proposed solution. Your job is to

carefully go over and analyze the solution. Follow the instructions.

INSTRUCTION:

Inspection the solution step by step, focusing on calculation correctness at each 

stage. Check for arithmetic mistakes, incorrect manipulations, or common 

calculation errors. If any step contains a calculation error, reply ‘FINAL 

VERRIFICATION ANSWER: False’. If all calculations are correct step by step, 

reply ‘FINAL VERIFICATION ANSWER: True’.

Figure 9: Prompt of Calculation correctness Step-by-
step inspection agent.

Logical consistency Edge case validation agent 832

evaluates the logical correctness of the solution 833

by examining its consistency with domain knowl- 834
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edge and established theories across all relevant835

cases. In particular, it focus on edge scenarios to836

determine whether the remains valid beyond typi-837

cal settings. The agent checks whether the solution838

remains logically consistent and aligned with estab-839

lished domain knowledge, particularly under edge840

cases and extreme conditions.841

Prompt

You are a critical verifier tasked with evaluating mathematical problem. You 

will be presented with a question and a proposed solution. Your job is to

carefully go over and analyze the solution. Follow the instructions.

INSTRUCTION:

Check the logical consistency of the solution when applying domain 

knowledge and established theories for this type of task. Evaluate whether the 

reasoning remains logically consistent across all cases. If any logical 

inconsistency or misuse of domain knowledge if found, reply ‘FINAL 

VERRIFICATION ANSWER: False’. If the solution is logically consistent in 

all cases, reply ‘FINAL VERIFICATION ANSWER: True’.

Figure 10: Prompt of Logical consistency Edge case
validation agent.
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