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Abstract001

Majority voting is the standard for aggregat-002
ing multi-agent responses into a final decision.003
However, traditional methods typically require004
all agents to complete their reasoning before005
aggregation begins, leading to significant com-006
putational overhead, as many responses be-007
come redundant once a majority consensus008
is achieved. In this work, we formulate effi-009
cient multi-agent voting as a reliability-aware010
agent scheduling problem and propose Efficient011
Majority-then-Stopping (EMS) to improve rea-012
soning efficiency. EMS first estimates a Task-013
Conditioned Reliability Ordering (TCRO) for014
each agent by retrieving its historical consen-015
sus evidence on semantically similar queries,016
and then invoking agents in descending reliabil-017
ity order. Next, Adaptive Incremental Voting018
(AIV) terminates the process once the current019
leading answer cannot be overturned by any020
possible votes from the remaining agents, and021
returns this answer. Finally, Reliability His-022
tory Updating (RHU) updates only the invoked023
agents according to their consensus with the024
final decision. Extensive evaluations across025
five benchmarks show that EMS preserves the026
accuracy of Majority Voting while reducing027
the average number of invoked agents by 35%028
and token consumption by 44%, respectively.029
The code is available at https://anonymous.030
4open.science/r/001-3CEA/.031

1 Introduction032

Large Language Models (LLMs) have demon-033

strated remarkable success in complex tasks such034

as mathematical reasoning, code generation, and035

commonsense questions answering (Kojima et al.,036

2022; Wan et al., 2023; Li et al., 2026a). De-037

spite these advancements, a single LLM often ex-038

hibits limited reasoning diversity and struggles with039

problems requiring dynamic, task-specific strate-040

gies (Mirzadeh et al., 2024; Jiang et al., 2024; Guo041

et al., 2024). Recent research has sought to ad-042

dress these limitations by leveraging multi-agent043
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Figure 1: Intuitive comparison of different multi-agent
voting processes. There exists a significant difference
in terms of Number of Invoked Agents among different
voting sequences.

systems (MAS) (Li et al., 2023; Chen et al., 2024; 044

Wu et al., 2023), where multiple LLM-based agents 045

collaborate to tackle complex tasks. However, re- 046

cent studies suggest that the gains of MAS are not 047

necessarily driven by interaction-heavy communi- 048

cation. Choi et al. (2025); Zhou et al. (2025) show 049

that aggregation can be regarded as a fundamen- 050

tal topology in MAS and can achieve performance 051

comparable to debate in reasoning workflows. 052

Among the various aggregation techniques, ma- 053

jority voting has become one of the most widely 054

used methods due to its simplicity and effective- 055

ness(Zhao et al., 2024; Kaesberg et al., 2025). In 056

the standard majority voting setting, each agent 057

performs reasoning independently, and the final 058

decision is made based on the most frequent re- 059

sponse. Several extensions of this basic paradigm 060

have been proposed to enhance performance, such 061

as reliability-based weighting considering agents’ 062

past accuracy, and confidence-based soft voting in- 063

tegrating model-reported confidence scores. How- 064

ever, these approaches still follow the same funda- 065

mental paradigm: reasoning first, aggregation later. 066
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In this setup, all agents must complete their reason-067

ing before a final decision can be made. In many068

scenarios, the majority decision can be reached069

before all agents have completed their reasoning,070

making the contributions of the remaining agents071

redundant. This leads to unnecessary computa-072

tional overhead, especially when large numbers of073

agents or expensive LLM inferences are involved.074

This inefficiency raises a key challenge: How can075

we reduce redundant reasoning in multi-agent LLM076

systems while preserving the accuracy benefits of077

majority voting?078

A natural insight to improve the efficiency of079

majority voting is to reduce reasoning that can no080

longer affect the final decision. In a system with N081

agents, once the current leading answer is guaran-082

teed to remain the final winner regardless of how083

the remaining agents vote, the system can safely084

terminate and return the certified answer. This ob-085

servation suggests a majority-then-stop mechanism086

that preserves the decision rule of standard ma-087

jority voting while reducing redundant inference.088

However, the efficiency of such early stopping crit-089

ically depends on the order in which agents are090

invoked. As shown in Figure 1, if the most reli-091

able agents are consulted first, a consensus can be092

reached more quickly, whereas querying less re-093

liable agents early may require waiting for more094

agents to vote. Therefore, achieving efficient early095

stopping requires prioritizing agents that are most096

likely to produce a consensus for majority voting.097

To address this issue, we formulate multi-agent098

majority voting as a reliability-aware agent schedul-099

ing problem, and propose Efficient Majority-then-100

Stopping (EMS) to reduce inference cost while101

preserving the decision quality of full majority vot-102

ing. EMS estimates a task-conditioned reliability103

score for each agent based on its historical agree-104

ment evidence retrieved according to the semantic105

similarity of the current query. The agents are then106

invoked in descending order of this score, allowing107

the system to reach a certified majority decision108

as early as possible. Specifically, EMS consists109

of three steps. First, Task-Conditioned Reliability110

Ordering (TCRO) ranks agents according to their111

expected reliability on the current query. Second,112

Adaptive Incremental Voting (AIV) invokes agents113

following this order and terminates the voting pro-114

cess once the current leading answer is certified115

to be the final winner. Third, Reliability History116

Updating (RHU) records the consensus of each117

invoked agent and updates its local history.118

1. We analyze the inefficiency of the widely used 119

reasoning-first aggregation paradigm in Multi- 120

Agent Voting and formulate it as a reliability- 121

aware agent scheduling problem to improve 122

inference efficiency. 123

2. We propose an Efficient Majority-then- 124

Stopping (EMS), which combines task- 125

conditioned reliability ordering with adap- 126

tive incremental voting to terminate redundant 127

agent invocations safely. 128

3. Experiments on five benchmarks show 129

that EMS reduces “Avg.#Agents” and 130

“Avg.Tokens” by 35% and 44% while pre- 131

serving the accuracy of Majority Voting, 132

respectively. 133

2 Related Work 134

Multi-Agent Systems. Recent advances in large 135

language models (LLMs) have stimulated increas- 136

ing interest in multi-agent systems (MAS) (Ko- 137

jima et al., 2022; Wan et al., 2023; Mirzadeh 138

et al., 2024), where multiple LLM-based agents 139

collaborate to solve complex tasks. Representative 140

frameworks such as AutoGen (Wu et al., 2023) 141

enable structured collaboration among multiple 142

agents through role assignment, communication, 143

and task decomposition. Other interaction-based 144

approaches, including multi-agent debate (Chan 145

et al., 2023; Liang et al., 2024), further encourage 146

agents to critique and refine one another’s interme- 147

diate reasoning, thereby improving the quality of 148

final outputs. While these studies demonstrate the 149

effectiveness of collaborative reasoning for improv- 150

ing task performance, the efficiency of multi-agent 151

inference, particularly the reduction of redundant 152

agent calls during decision making, remains rela- 153

tively underexplored. 154

Efficient Multi-Agent Inference. To improve ef- 155

ficiency, recent work has explored adaptive routing 156

and selective invocation mechanisms (Yue et al., 157

2025). For example, MASRouter (Yue et al., 2025) 158

learns to route LLMs in multi-agent systems, re- 159

ducing unnecessary model calls by selectively as- 160

signing agents to different inputs. DOWN (Eo 161

et al., 2025)activates debate only when initial con- 162

fidence suggests that additional deliberation is 163

necessary, thereby avoiding unnecessary interac- 164

tion on easy instances. Other methods, such as 165

AgentDropout (Wang et al., 2025b) and ARG- 166

Designer (Li et al., 2026b), further improve collabo- 167
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Figure 2: Overview of the proposed Efficient Majority-then-Stopping (EMS) framework. For each query, EMS
first uses the Task-Conditioned Reliability Ordering (TCRO) to determine a reliability-aware voting order. It
then performs incremental voting via Adaptive Incremental Voting (AIV), where agents are invoked sequentially
according to the estimated order. Finally, Reliability History Updating (RHU) updates the confidence state of the
agents contributing to the majority-voting.

rative reasoning by pruning redundant agents or op-168

timizing interaction structures. These approaches169

primarily reduce the cost of debate or collaboration,170

whereas EMS directly optimizes the aggregation171

stage by exploiting the majority-voting structure172

for certified early termination.173

Multi-Agent Voting and Aggregation. Aggre-174

gating outputs from multiple agents is a fundamen-175

tal component of MAS (Wang et al., 2025a), and176

majority voting remains one of the most widely177

adopted decision rules because of its simplicity and178

strong performance. Recent work demonstrates179

that majority voting accounts for the vast majority180

of performance gains typically attributed to com-181

plex multi-agent debate, suggesting that expensive182

inter-agent communication rounds are often unnec-183

essary (Kaesberg et al., 2025; Choi et al., 2025).184

Furthermore, standard voting protocols are partic-185

ularly optimal for reasoning-based tasks, signifi-186

cantly outperforming other decision-making struc-187

tures (Zhang et al., 2025). Despite these advances,188

most existing approaches follow a reasoning-first-189

aggregation-later paradigm, which introduces sig-190

nificant computational waste as the final decision191

is often reachable before all agents complete their192

reasoning. Our work addresses this gap by formu-193

lating majority voting as a reliability-aware agent194

scheduling problem.195

3 Methodology 196

3.1 Problem Formulation 197

Consider a multi-agent system (Li et al., 2023; 198

Kim et al., 2025) composed of N agents A = 199

{a1,a2, . . . ,aN}, where each agent aj is instanti- 200

ated by a specific Large Language Model (LLM). 201

Let Q = {q1, q2, . . . , qM} denote a dataset con- 202

sisting of M queries, where each query qi is asso- 203

ciated with a ground-truth answer y⋆i . The ground- 204

truth answer is used only for evaluation and is not 205

accessible during inference. 206

Each agent aj is modeled as an inference func- 207

tion Fj : Q → Y , where Y denotes the answer 208

space. Given a query qi, agent aj independently 209

produces a prediction yi,j = Fj(qi), where the sec- 210

ond subscript j always refers to the original index 211

of the agent in A. The goal of multi-agent decision 212

making is to produce a final prediction ŷi per query 213

by aggregating the responses of invoked agents. 214

Vanilla Majority-Voting. In the vanilla majority- 215

voting scheme, all N agents are invoked for each 216

query qi. The full response set is 217

Y full
i = {yi,1, yi,2, . . . , yi,N}. (1) 218

Let U full
i denote the set of unique answers appear- 219

ing in Y full
i . The final prediction is given by 220

ŷMV
i = arg max

y∈U full
i

N∑
j=1

I
[
yi,j = y

]
, (2) 221
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where I[·] is the indicator function. Although the222

majority voting is simple and effective, it requires223

every agent to perform inference before aggrega-224

tion, leading to unnecessary computational cost225

when the final decision could already be deter-226

mined from a partial set of votes.227

Sequential Majority Voting. To reduce redundant228

invocations, we reformulate the voting process as229

a sequential decision procedure. For each query230

qi, the system estimates a reliability score for each231

agent aj :232

Si,j = S(qi,Hi,j), (3)233

where Hi,j denotes the history buffer maintained234

for aj before processing qi, and S(·, ·) denotes the235

reliability scoring function. Sorting all agents by236

descending scores yields a permutation237

Ψi = argsort↓j∈{1,...,N} (Si,j) , (4)238

where Ψi(k) denotes the original index of the agent239

ranked at the k-th position. The corresponding240

prioritized agent sequence is241

Âi = (âi,1, âi,2, . . . , âi,N )

= (aΨi(1),aΨi(2), . . . ,aΨi(N)).
(5)242

After the t agents in the prioritized sequence243

have been invoked, the set of original indices is244

Ii(t) = {Ψi(1),Ψi(2), . . . ,Ψi(t)}. (6)245

The corresponding partial response set is246

Yi(t) = {yi,j | j ∈ Ii(t)}
= {yi,Ψi(1), yi,Ψi(2), . . . , yi,Ψi(t)}.

(7)247

Here, Yi(t) contains only the responses of the248

agents that have actually been invoked by step t,249

rather than the full response set Y full
i .250

Let Li ≤ N denote the stopping time of the se-251

quential voting process, i.e., the number of agents252

invoked before the system terminates. The final253

prediction ŷi is computed from the partial response254

set Yi(Li). The accuracy of ŷi is evaluated by com-255

paring it with the ground-truth answer y⋆i .256

The objective is to preserve the accuracy of full257

majority-voting while reducing the expected num-258

ber of invoked agents:259

max
Π

Eqi∼Q [I[ŷi = y⋆i ]]− λEqi∼Q

[
Li

N

]
, (8)260

where Π denotes the sequential voting policy, in-261

cluding agent ordering and stopping, and λ ≥ 0262

controls the accuracy-cost trade-off.263

The main insight of EMS is that it treats the 264

multi-agent voting process as a sequential problem, 265

where agents vote one after another. As illustrated 266

in Figure 2, EMS consists of three main stages: 267

3.2 Task-Conditioned Reliability Ordering 268

The key to efficient sequential voting is to invoke 269

more reliable agents earlier. Since heterogeneous 270

LLM agents may show different strengths across 271

tasks, we propose a task-conditioned reliability 272

score for each agent, dynamically estimate the re- 273

liability of each agent conditioned on the explicit 274

semantic context of the current query. 275

For each agent aj , we define its task-conditioned 276

reliability score on query qi as a smoothed poste- 277

rior estimate: 278

Si,j =
ρ+mi,j z̄

(k)
i,j

2ρ+mi,j
, (9) 279

where mi,j denotes the amount of retrieved local 280

evidence, z̄(k)i,j is the top-k task-conditioned agree- 281

ment rate, and ρ > 0 is the strength of a symmetric 282

Beta prior. This prior shrinks the estimate toward 283

the neutral value 1/2 when only limited historical 284

evidence is available. We next define the quantities 285

in Eq. (9). Before processing query qi, agent aj 286

maintains a growing history buffer Hi,j . For each 287

previous query qh on which aj was invoked, we 288

store an evidence tuple (eh, zh,j) ∈ Hi,j , where 289

eh = ϕ(qh) is the query embedding produced by a 290

sentence encoder ϕ(·). And 291

zh,j = I[yh,j = ŷh] (10) 292

indicates whether the answer of aj agreed with the 293

final voting consensus ŷh. 294

Given the current query qi, let ei = ϕ(qi). For 295

agent aj , we retrieve the top-k historical evidence 296

tuples that are most similar to the current query: 297

N (k)
i,j = TopK(eh,zh,j)∈Hi,j

(cos(ei, eh)) , (11) 298

where cos(ei, eh) denotes the cosine similarity be- 299

tween the current query and a historical query. If 300

the history buffer is empty, then N (k)
i,j = ∅. Then 301

the amount of retrieved local evidence is 302

mi,j = |N (k)
i,j |, (12) 303

where | · | denotes set cardinality. 304

For each retrieved tuple (eh, zh,j) ∈ N (k)
i,j , we 305

assign a top-k softmax weight: 306

ω
(j)
i,h =

exp(cos(ei, eh))∑
(eh′ ,zh′,j)∈N

(k)
i,j

exp(cos(ei, eh′))
. (13) 307
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Here, h′ is a dummy index over the retrieved evi-308

dence tuples. The softmax assigns larger weights to309

historical queries that are more semantically simi-310

lar to the current query. The top-k task-conditioned311

agreement rate is then312

z̄
(k)
i,j =

∑
(eh,zh,j)∈N

(k)
i,j

ω
(j)
i,h · zh,j , (14)313

When no historical evidence is available, mi,j =314

0, and Eq. (9) reduces to Si,j = 1/2, so all agents315

start from a neutral reliability estimate. After com-316

puting Si,j for all agents, we sort the agents in317

descending order according to Eq. (4) and obtain318

the prioritized sequence in Eq. (5).319

3.3 Adaptive Incremental Voting320

Given the ordered agent sequence Âi =321

(âi,1, âi,2, . . . , âi,N ) for query qi, we perform322

adaptive incremental voting to reduce redundant323

reasoning. We define the initial quorum size as the324

smallest number of votes that can possibly certify325

a final winner under the strongest initial agreement.326

If fewer than half of the agents are invoked, even a327

unanimous partial vote can still be overturned by328

the remaining agents. Therefore, the initial quorum329

is set to τ =
⌈
N+1
2

⌉
.330

For query qi, the first τ agents in the or-331

dered sequence are invoked in parallel: Ii(τ) =332

{Ψi(1), . . . ,Ψi(τ)}. And the partial response set333

is Yi(τ) = {yi,j | j ∈ Ii(τ)}. If the current vote334

distribution certifies a final decision, the system335

stops. Otherwise, the next agent in the ordered336

sequence is invoked, and the procedure continues337

until either a certificate is obtained or all N agents338

have been used.339

To define the stopping rule, let ni(y, t) be the340

number of votes received by answer y after t agents341

have been invoked:342

ni(y, t) =
∑

j∈Ii(t)

I[yi,j = y]. (15)343

Let m(1)
i (t) and m

(2)
i (t) denote the largest and sec-344

ond largest vote counts among all answers observed345

in Yi(t), respectively:346

m
(1)
i (t) = max

y∈Ui(t)
ni(y, t),

m
(2)
i (t) = max

y∈Ui(t)\{y
(1)
i (t)}

ni(y, t),
(16)347

where Ui(t) is the set of unique answers in Yi(t),348

and y
(1)
i (t) is the current leading answer. If there is349

only one unique answer, we set m(2)
i (t) = 0. The 350

number of remaining uninvoked agents is N − t. 351

Theorem 1: Certified Plurality Stopping. Af- 352

ter t agents have voted, if the current vote counts 353

satisfy 354

m
(1)
i (t) > m

(2)
i (t) +N − t, (17) 355

then the current leading answer y(1)i (t) is guaran- 356

teed to remain the final plurality winner regardless 357

of how all remaining agents vote. 358

When Eq. (17) holds, the voting process termi- 359

nates and returns he final prediction 360

ŷi = y
(1)
i (t). (18) 361

Otherwise, the next agent âi,t+1 is invoked: 362

Ii(t+ 1) = Ii(t) ∪ {Ψi(t+ 1)}, (19) 363

and its response is added to the partial response set: 364

Yi(t+ 1) = Yi(t) ∪ {yi,Ψi(t+1)}. (20) 365

The certificate in Eq. (17) is then checked again. 366

If no certificate is obtained before all agents are 367

invoked, the method reduces to vanilla majority- 368

voting over the full response set. 369

The certified plurality criterion explicitly ac- 370

counts for the current runner-up and the number of 371

remaining agents, thereby allowing the system to 372

stop exactly. 373

3.4 Reliability History Updating 374

After the final answer ŷi is obtained for query qi, 375

the system updates only the states of the agents that 376

were actually invoked. Let Ii = Ii(Li) denote the 377

final invoked agent set for query qi, where Li ≤ N . 378

For each invoked agent aj with j ∈ Ii, we define 379

the agreement signal zi,j = I[yi,j = ŷi]. The online 380

state is updated as 381

Hi+1,j = Buffer
(
Hi,j ∪ {(ei, zi,j)}

)
. (21) 382

where ei = ϕ(qi), and Buffer(·) denotes a bounded 383

sliding-window History operation that retains the 384

most recent evidence tuples when the buffer ex- 385

ceeds its capacity. For agents that are not invoked, 386

j /∈ Ii, the state remains unchanged. 387
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Table 1: Comparison on five benchmarks. Accuracy (%) and efficiency metrics are reported. “Avg. #Agents”
denotes the average number of agents invoked per query, and “Avg. Tokens” denotes token consumption per query.

Methods Accuracy (%) Efficiency

GSM8K GPQA CSQA AQuA MMLU Avg. Avg. #Agents Avg. Tokens

Single Agent 95.68 66.16 84.66 88.52 88.81 84.77 1.00 468
Self-Consistency 96.73 66.67 85.88 88.98 90.63 85.78 9.00 4,357

MAD∗ 96.96 69.17 85.24 89.92 89.86 86.23 6.00 8,499
AgentDropout∗ 97.04 68.69 87.47 90.16 90.09 86.69 6.00 7,258

Simple MV 97.27 70.20 86.24 90.94 90.37 87.01 9.00 7,381
Weighted MV 97.27 71.72 86.65 90.55 90.47 87.33 9.00 7,381
EMS (Ours) 97.27 70.20 86.24 90.94 90.50 87.01 5.84 4,123

4 Experiments388

4.1 Experimental Setup389

Datasets. We evaluate the performance of the390

proposed EMS across five benchmarks: 1) Mathe-391

matical Reasoning: AQuA (Ling et al., 2017), and392

GSM8K (Cobbe et al., 2021). 2) General Knowl-393

edge: MMLU (Hendrycks et al., 2021), GPQA Di-394

amond (Rein et al., 2024), CommonsenseQA (Tal-395

mor et al., 2019). All datasets utilize standard set-396

tings, with details provided in Appendix.397

Agent Configuration. Our framework utilizes a398

heterogeneous pool of N = 9 LLMs to ensure di-399

verse reasoning perspectives, which includes: 1)400

OpenAI (GPT-4.1, GPT-4.1-mini, GPT-5-mini); 2)401

Google (Gemini-2.0-Flash); 3) Anthropic (Claude-402

Haiku-4.5); 4) DeepSeek (DeepSeek-V3); 5) Al-403

ibaba (Qwen3-235B-A22B); 6) Meta (Llama-4-404

Maverick); and 7) Mistral AI (Mistral-Medium-405

3.5); All model inferences are conducted via the406

API aggregation service provided by Yunwu and407

OpenRouter. For semantic query feature extraction,408

we employ the paraphrase-multilingual-MiniLM-409

L12-v2 encoder to map queries into a shared latent410

space for similarity-based retrieval.411

Baselines. We compare EMS against the following412

baselines: 1) Individual Baselines include Single413

Agent with Chain-of-Thought (CoT) (Wei et al.,414

2022) using the top-performing model and Self-415

Consistency (SC) (Wang et al., 2023) via repeated416

sampling. For a fair comparison under a similar417

agent-calls budget, MAD uses the top-3 models418

with two debate rounds. For AgentDropout, we fol-419

low its heterogeneous graph setting with seven can-420

didate agents and one communication round, and421

apply node dropout at inference by removing one422

low-importance agent per round. This gives an ex-423

pected budget of six LLM calls per question, which424

is comparable to the baselines and to EMS. 3) Vot- 425

ing Baselines include the Simple Majority Voting 426

(Simple MV) using the full agent pool, and Weight- 427

ing methods comprise Historical-based Weighted 428

MV(Li et al., 2024). 429

Evaluation Metrics. Average Accuracy measures 430

final consensus correctness, denoted as “Avg.Acc.”. 431

Moreover, we measure multi-agent system effi- 432

ciency by the Average Number of Invoked Agents, 433

defined as the mean number of agents called to pro- 434

duce responses per query. Formally, given a query 435

set Q, the metric is computed as 436

Avg.#Agents =
1

|Q|
∑
qi∈Q

L(qi), (22) 437

where L(qi) denotes the number of agents invoked 438

for query qi. This metric serves as a proxy for 439

inference cost, as each agent invocation typically 440

corresponds to one LLM call. Average Token Con- 441

sumption, denoted as “Avg. Tokens”, measures the 442

average token consumption per query. 443

4.2 Main Results 444

Table 1 presents the overall comparison between 445

EMS and existing baselines. 1) Multi-Agent meth- 446

ods consistently improve over single-agent infer- 447

ence. Specifically, EMS achieves an average accu- 448

racy of 87.01%, outperforming the Single Agent 449

and Self-Consistency baselines by 2.24 and 1.23 450

percentage points, respectively. This confirms the 451

effectiveness of aggregating multiple agents for 452

robust reasoning. 2) EMS also compares favor- 453

ably with existing Multi-Agent Collaboration base- 454

lines. It improves over MAD by 0.78 percentage 455

points in average accuracy while invoking slightly 456

fewer agents on average. Compared with efficiency- 457

oriented methods, EMS achieves comparable or 458
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Figure 3: Analysis of the Adaptive Incremental Voting. Each bar represents the proportion of questions that achieve
the final results based on the “Agents Invoked”.

Table 2: Effect of different ordering and stopping strate-
gies. Random 5 and Random+ES use random agent
orders without cold-start information. For the other or-
dered variants, 5% of the data is used for cold-start, and
the reported efficiency metrics include this cold-start
cost. ES denotes early stopping.

Methods Avg. Acc. Avg.#Agents Avg.Tokens

Full MV 87.01 9.00 7,381

Random 5 85.59 5.00 4,065
Fixed Top 5 86.40 5.27 4,374
Random + ES 87.01 6.32 5,121
Fixed + ES 87.01 5.71 4,966
EMS 87.01 5.84 4,123

slightly better accuracy. 3) EMS achieves compara-459

ble accuracy to full-voting methods while substan-460

tially reducing inference cost. It matches Simple461

MV in average accuracy, both reaching 87.01%,462

while reducing agent calls from 9.00 to 5.84 and to-463

ken consumption from 7,381 to 4,123, correspond-464

ing to 35.1% and 44.1% reductions, respectively.465

Although Weighted MV achieves the highest ac-466

curacy of 87.33%, it still requires all agents and467

7,381 tokens per query. Overall, EMS offers a bet-468

ter accuracy-efficiency trade-off through reliability-469

aware ordering and certified early stopping.470

4.3 Ablation Study471

In this section, we give a comprehensive analysis472

of the proposed method to verify its effectiveness.473

Effect of Early Stopping. The core insight of474

EMS is that an early stopping mechanism based on475

dynamic consensus checking can eliminate redun-476

dant computations without compromising reason-477

ing quality. As shown in Table 2, Full MV achieves478

an average accuracy of 87.01%, but requires invok-479

ing all 9 agents and consumes 7,381 tokens per480

query. Naively reducing the number of agents is481

not sufficient: Random 5 reduces the token cost482

to 4,065, but its accuracy drops to 85.59%. Sim-483

ilarly, Fixed Top 5 improves over Random 5, but 484

still underperforms Full MV with an average accu- 485

racy of 86.40%, while its fixed reliance on strong 486

but verbose agents limits the token savings. These 487

results indicate that directly truncating the voting 488

process can damage the reliability of multi-agent 489

aggregation. In contrast, early stopping preserves 490

the accuracy of Full MV while reducing inference 491

cost. Random+ES reaches the same average ac- 492

curacy as Full MV, while reducing Avg. #Agents 493

from 9.00 to 6.32 and Avg. Tokens from 7,381 to 494

5,121. This shows consensus-based stopping is an 495

effective safeguard: the system stops early only 496

when the leading answer is sufficiently stable. 497

Effect of Agent Ordering Strategies. We further 498

study whether a better agent order can improve the 499

efficiency of early stopping. Fixed+ES uses a fixed 500

sequence of 9 agents learned from the 5% cold 501

start calibration set. Compared with Random+ES, 502

Fixed+ES maintains the same average accuracy of 503

87.01%, while reducing Avg. #Agents from 6.32 504

to 5.71 and Avg. Tokens from 5,121 to 4,966. This 505

suggests that even a globally fixed reliability-aware 506

order can help the system reach a stable consensus 507

earlier. EMS further introduces Task-Conditioned 508

Reliability Ordering. It achieves the same average 509

accuracy, while reducing Avg. Tokens to 4,123. 510

EMS reduces the average token consumption by 511

44.1% compared with Full MV, and further saves 512

19.5% and 17.0% over Random+ES and Fixed+ES, 513

respectively. Although EMS invokes slightly more 514

agents than Fixed+ES on average, it consumes 515

fewer tokens, suggesting that Task-Conditioned Re- 516

liability Ordering may select a more cost-effective 517

agent sequence rather than merely minimizing the 518

number of invoked agents. Overall, EMS achieves 519

the best accuracy-efficiency trade-off among the 520

compared strategies. 521

Analysis of the Adaptive Incremental Voting. 522

To better understand how Adaptive Incremental 523
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Table 3: Early-stopping error analysis. ES: early-
stop rate; TP: correct early stops; FP: incorrect early
stops. H-FP: harmful false-positive stops corrected by
FullMV. Shared Err.: errors shared by early stopping
and FullMV.

Metric Easy (AQuA) Hard (GPQA)

n 254 198
ES 87.80% 76.77%
TP 81.89% 58.08%
FP 5.91% (15) 18.69% (37)

H-FP 0.39% (1) 3.54% (7)
Shared Err. 5.51% (14) 15.15% (30)

Voting reduces redundant computation, we analyze524

the distribution of the number of invoked agents525

across benchmarks. As shown in Figure 3, the Ini-526

tial Voting stage with five agents already resolves a527

large portion of queries on relatively easier bench-528

marks. For example, 90.1% of GSM8K queries and529

81.1% of AQuA queries stop after the initial five530

agents. In contrast, GPQA exhibits a much lower531

initial stopping rate of 33.3%, indicating that these532

more challenging tasks require additional agents533

to reach agreement. After the initial stage, EMS534

incrementally invokes extra agents only when the535

current votes are insufficient to determine the final536

winner. For most benchmarks, only a small frac-537

tion of queries require all 9 agents. This confirms538

that the certified stopping rule can adapt the voting539

depth to task difficulty: simple queries are resolved540

early, while difficult queries are allowed to collect541

more evidence.542

Early-Stopping Error Analysis. We further an-543

alyze whether early stopping introduces additional544

errors compared with Full MV. Table 3 reports the545

early-stop rate and its error decomposition on an546

easy benchmark, AQuA, and a hard benchmark,547

GPQA. On AQuA, EMS stops early on 87.80% of548

the queries, among which 81.89% are correct early549

stops. The false-positive stop rate is only 5.91%,550

and only 0.39% of all queries are harmful false551

positives, i.e., cases where early stopping produces552

an incorrect answer that would have been corrected553

by Full MV.On GPQA, the task is substantially554

harder. EMS still stops early on 76.77% of the555

queries, but the false-positive stop rate increases to556

18.69%. However, most of these errors are shared557

with Full MV, while only 3.54% are harmful false558

positives. This suggests that many early-stopping559

errors come from the intrinsic failure of the full vot-560

ing pool rather than premature termination itself.561

Table 4: Performance scaling with respect to the maxi-
mum agent pool size N on GPQA.

N Acc. Avg.#Agents Avg.Tokens

5 67.17 3.98 7,073
7 68.18 5.43 8,725
9 70.20 6.84 9,432
11 71.21 8.17 10,547
13 71.72 9.56 12,250

Sensitivity Analysis of Agent Pool Size N . To 562

investigate the scalability and upper-bound perfor- 563

mance of EMS, we evaluate its behavior under 564

different agent pool sizes N ∈ {5, 7, 9, 11, 13} on 565

the GPQA. The results are summarized in Table 4. 566

As the candidate pool size N increases, we observe 567

a consistent improvement in reasoning accuracy, 568

accompanied by a gradual increase in the average 569

number of agents participating in the voting pro- 570

cess. However, the marginal benefit of enlarging 571

the agent pool diminishes as N grows. On the 572

GPQA dataset, increasing N from 9 to 13 requires 573

invoking an additional 2.72 agents on average and 574

increases token cost by 29.9%, yet gains only a 575

modest accuracy improvement of 1.52%. This ob- 576

servation suggests that continually increasing the 577

number of agents provides limited returns and may 578

not be an efficient strategy for multi-agent voting. 579

Furthermore, we observe that as N increases, the 580

average agent call rate of EMS remains relatively 581

stable, indicating that the early-stopping mecha- 582

nism effectively controls inference cost growth 583

even when the agent pool becomes larger. 584

5 Conclusion 585

We study the efficiency of majority voting in multi- 586

agent reasoning. Although majority voting pro- 587

vides a simple and effective way to aggregate di- 588

verse agent responses, traditional voting requires 589

all agents to complete inference before aggregation 590

resulting in redundant computation. We propose Ef- 591

ficient Majority-then-Stopping (EMS), which for- 592

mulates efficient voting as a reliability-aware agent 593

scheduling problem. EMS orders agents by task- 594

conditioned reliability, incrementally collects votes, 595

terminates once the leading answer can no longer 596

be overturned, and updates the reliability history of 597

invoked agents according to their consensus with 598

the final consensus. Experiments across five bench- 599

marks demonstrate that EMS maintains the accu- 600

racy of majority voting while reducing the average 601

number of invoked agents and token consumption. 602
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Limitations603

Despite the effectiveness of EMS, our work has604

two key limitations. (1) The evaluation is merely605

conducted on the mathematical reasoning and gen-606

eral knowledge; more challenging and field tasks607

can be applied to verify the generalization of the608

proposed method. (2) The essence of this algorithm609

is to improve efficiency by reducing the votes of610

unnecessary agents. However, based on human611

voting experience, the choice of voting agents is612

actually a very complex issue, which is also a key613

bottleneck. (3) The efficiency of EMS depends on614

the quality of agent ordering, designing more ex-615

pressive scheduling strategies remains an important616

direction for future work.617

Ethical Considerations618

The proposed Efficient Majority-then-Stopping is619

an algorithm for general reasoning tasks, and the620

algorithm itself does not have any ethical risks.621
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A Experimental Details805

Following prior work (Wang et al., 2025b), we use806

the same dataset settings and evaluate our method807

on five benchmarks covering mathematical reason-808

ing and commonsense knowledge. Table 5 sum-809

marizes the statistics and evaluation metrics for810

each dataset. We set the temperature T = 0, Top-811

p = 1.0, and random seed 42. The same answer812

extraction and correctness checking rules are ap-813

plied to all methods.814

Table 5: Overview of Datasets.

Dataset Domain Test Size

Mathematical Reasoning
GSM8K Grade School Math 1,319
AQuA Algebra Problems 254

Commonsense & General Knowledge
MMLU Academic Subjects 1,474
CommonsenseQA General Sense 1,221
GPQA Graduate Science 198

B Additional Results815

B.1 Effect of Cold-Start Ratios816

As shown in Table 6, we analyze the effect of the817

cold-start ratio in EMS, where EMS-CS-5% and818

EMS-CS-10% use 5% and 10% of the evaluation819

data to initialize the reliability estimates, respec-820

tively. For EMS-CS-5% and EMS-CS-10%, the821

reported efficiency metrics are computed over the822

entire evaluation set and include the additional cost823

introduced by the cold-start stage, where all agents824

are invoked to initialize the reliability estimates.825

EMS-CS-5% achieves the lowest token con-826

sumption and a slightly smaller number of invoked827

agents than EMS-CS-10% and EMS-Online. In-828

creasing the cold-start ratio to 10% does not im-829

prove accuracy, but introduces more full-agent in-830

vocations during initialization, leading to higher831

average cost. The online variant avoids explicit832

cold-start data, but its early reliability estimates833

are less stable, resulting in slightly higher token834

consumption than EMS-CS-5% Therefore, we use835

EMS-CS-5% as the default setting, as it provides836

Table 6: Effect of different cold-start ratios.

Setting Avg. Acc. Avg.#Agents Avg.Tokens

EMS-CS-5% 87.01 5.84 4,123
EMS-CS-10% 87.01 6.01 4,455
EMS-Onlie 87.01 5.87 4,283

Table 7: Runtime analysis on AQUA. LLM latency is
recomputed according to the actual scheduling protocol.
Computer overhead includes ACM scoring, stopping
verification, and reliability updating.

Method LLM
Latency

Computer
Overhead

Total
Latency

Full MV 26.306s/q - 26.306s/q
Random+ES 19.022s/q - 19.031s/q
EMS 14.146s/q 16.007ms/q 14.162s/q

the best accuracy-efficiency trade-off under end-to- 837

end cost accounting. 838

B.2 Runtime Analysis 839

We further analyze the end-to-end runtime on 840

AQUA. Full MV invokes all N = 9 agents in par- 841

allel and takes the maximum latency, while Ran- 842

dom+ES and EMS invoke the initial batch of τ = 5 843

agents in parallel and perform subsequent escala- 844

tion sequentially. 845

Although EMS may perform sequential escala- 846

tion after the initial parallel batch, its additional 847

computational overhead is negligible, requiring 848

only 16.007 ms per question. Although EMS may 849

perform sequential escalation after the initial paral- 850

lel batch, it does not require all agents to be invoked 851

for most questions. Therefore, the runtime gain 852

comes from reducing the number of LLM calls on 853

the effective execution path. 854
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