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Abstract001

Multi-model debate enhances large language002
model reasoning but suffers from prohibitive003
computational costs and instability risks, where004
excessive deliberation can overturn correct ini-005
tial consensus. However, existing research has006
primarily focused on performance gains, while007
the efficiency and stability implications of iter-008
ative debate remain underexplored. To address009
these limitations, we formulate Multi-Model010
Debate as a decision control problem and pro-011
pose ConFreeze, a selective execution mecha-012
nism that uses initial vote patterns as a gating013
signal. When models unanimously agree in014
the initial round, we freeze the consensus to015
avoid computational waste and instability risk.016
When models disagree, we trigger a subsequent017
round of collaborative refinement where mod-018
els critique and revise predictions. This allo-019
cates debate budget where reasoning conflicts020
signal improvement potential. To better reflect021
robustness and comprehensively evaluate de-022
bate dynamics, we evaluate not only end-task023
quality but also stability measures(flip rate, im-024
prove/worsen rate) together with token cost.025
Experiments on ANLI, AdvGLUE, and Truth-026
fulQA demonstrate that ConFreeze achieves027
29.5%-43.1% token reduction while maintain-028
ing accuracy.029

Our findings reveal that debate benefits030
are concentrated almost exclusively in dis-031
puted instances, validating initial consen-032
sus as a reliable signal for efficient infer-033
ence control. Code and prompts are avail-034

able at an anonymized repository anony-035
mous.4open.science/ConFreeze.036

1 Introduction037

Large language models have demonstrated impres-038

sive capabilities, yet single-model reasoning re-039

mains brittle, often suffering from hallucinations040

or incomplete evidence integration (Rawte et al.,041

2023) (Sahoo et al., 2024). To address this, Multi-042

Model Debate has been proposed as a mecha-043

nism to improve reliability by coordinating mul- 044

tiple model instances to critique and refine predic- 045

tions (Choi et al., 2025). In this approach, multiple 046

model instances propose answers, critique one an- 047

other, and optionally revise their predictions (Du 048

et al., 2024; Li et al., 2024; Liang et al., 2023). 049

While effective (Wei et al., 2022; Wang et al., 050

2023), current debate frameworks face two critical 051

challenges. First, the computational cost is pro- 052

hibitive, as token consumption grows multiplica- 053

tively with the number of agents and rounds (Smit 054

et al., 2024). Second, and often overlooked, is 055

the risk of instability: excessive deliberation can 056

overturn initially correct answers through persua- 057

sive but flawed critiques, a phenomenon we term 058

harmful flips (Smit et al., 2024; Zhang et al., 2025). 059

Wynn et al. (Wynn et al., 2025) find that debate 060

is not uniformly beneficial and can sometimes de- 061

grade performance due to over-deliberation and 062

persuasive but incorrect arguments. Amayuelas 063

et al. (Amayuelas et al., 2024) show that persua- 064

sive ability can disproportionately influence other 065

agents in debate, including under adversarial set- 066

tings. 067

We observe a fundamental asymmetry in con- 068

sensus dynamics: unanimous agreement typically 069

signals a stable, high-confidence decision, whereas 070

disagreement signals genuine uncertainty. For 071

unanimous cases, additional debate often yields di- 072

minishing returns while increasing the risk of false 073

consensus . Conversely, when models disagree, the 074

minority viewpoint may surface overlooked evi- 075

dence, making collaborative refinement highly ben- 076

eficial. This suggests that debate resources should 077

be allocated selectively—invested where conflict 078

signals potential improvement, and withheld where 079

early consensus indicates stability . 080

To operationalize this principle, we formulate 081

multi-model debate as a decision control problem 082

and propose ConFreeze as a selective execution 083

mechanism that uses initial voting patterns as a 084
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gating signal. The underlying logic dictates that if085

models reach unanimous agreement in the initial086

round, we freeze the consensus to avoid compu-087

tational waste and instability risks. Conversely,088

we trigger a subsequent round of collaborative re-089

finement if the models disagree. This design is090

training-free as it requires no hyperparameter tun-091

ing and depends only on the previous round by092

relying solely on observable vote distributions. Fur-093

thermore, the framework is composable by acting094

as a drop-in wrapper for existing pipelines. To bet-095

ter characterize robustness beyond final-task scores,096

we evaluate debate with both quality and stability097

objectives. In addition to standard end-task met-098

rics (accuracy and macro-F1), we report stability099

metrics: flip rate (whether the final label changes100

from the previous round to the subsequent round),101

and improved/worsened rates (whether a change102

fixes an error or introduces a new one), which more103

directly quantify harmful vs. beneficial revisions.104

To quantify deployability, we log per-instance to-105

ken usage and report token savings under gating.106

To clarify the trade-off relationship between cost107

and quality, we record per-instance token usage108

together with debate histories, and evaluate how109

much computation can be saved under selective110

subsequent round execution. Our contributions are111

as follows:112

• We propose ConFreeze, a training-free gating113

mechanism that uses initial vote patterns to se-114

lectively execute debate, addressing the dual115

challenges of prohibitive token costs and pre-116

diction instability while enabling drop-in de-117

ployment over existing Multi-Model Debate118

frameworks.119

• We introduce fine-grained stability metrics120

(flip rate, improve rate, and worsen rate) that121

decompose prediction changes into beneficial122

and harmful components, enabling explicit123

measurement of cost-accuracy-stability trade-124

offs and providing empirical validation that125

these measures effectively discriminate when126

debate helps versus harms.127

• We conduct a comprehensive evaluation128

across ANLI, AdvGLUE, and TruthfulQA,129

demonstrating approximately 29.5%-43.1%130

token reduction while maintaining accu-131

racy parity against always-debate baselines.132

Through systematic ablations over team com-133

position, temperature, and prompting, we es-134

tablish that consensus-based gating general-135

izes across configurations and that debate ben- 136

efits concentrate almost entirely on initially 137

disputed instances, validating initial consen- 138

sus as a reliable gating signal. 139

2 Methodology 140

2.1 Overview 141

Figure 1 shows the overview of ConFreeze, con- 142

sisting of three stages: initial round prediction and 143

consensus detection, consensus-freeze gating, and 144

selective refinement and aggregation. We begin by 145

having each model independently examine the in- 146

put and produce a prediction with a brief rationale 147

1⃝. We then aggregate these predictions via major- 148

ity voting to obtain the initial consensus 2⃝, and 149

compute a unanimity flag indicating whether all 150

models agree 3⃝. For consensus-freeze gating, we 151

make a gating decision based on the unanimity flag 152

4⃝: if unanimous, we freeze the prediction and skip 153

subsequent rounds; otherwise, we trigger collab- 154

orative refinement. Instances are partitioned into 155

two sets 5⃝: the frozen set (unanimous) directly 156

outputs initial predictions as final answers, while 157

the eligible set (disagreement) proceeds to further 158

deliberation. For selective refinement, we trigger 159

a subsequent round for the eligible set 6⃝, where 160

each model reconsiders its prediction given peer ra- 161

tionales from the initial round. The frozen set skips 162

this round entirely. Finally, we aggregate predic- 163

tions 7⃝: frozen instances use initial majority vote, 164

while eligible instances use majority voting over 165

subsequent round predictions. We now describe 166

each stage in more detail. 167

2.2 Stage 1: Initial Round Prediction and 168

Consensus Detection 169

The first stage of ConFreeze collects independent 170

predictions from each model and detects consensus 171

patterns to inform the subsequent gating decision. 172

This stage consists of three steps: 1) each model 173

independently generates a prediction with ratio- 174

nale; 2) predictions are aggregated via majority 175

voting; 3) a unanimity flag is computed to iden- 176

tify instances with full agreement. These signals 177

enable ConFreeze to distinguish stable unanimous 178

instances from uncertain disagreement cases in the 179

next stage. 180

Independent Prediction Generation. Con- 181

Freeze prompts each model Ak (where 182

k ∈ {1, . . . ,K}) to independently examine 183
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Figure 1: Overview of ConFreeze.

instance xi and produce both a categorical predic-184

tion ŷ
(1)
i,k ∈ Y and a brief rationale explaining its185

reasoning. The input prompt contains only the task186

instruction and instance content (e.g., premise-187

hypothesis pair for NLI, or question-choices188

for multiple-choice QA), with no visibility into189

other models’ reasoning. This ensures that initial190

round outputs reflect genuine model beliefs before191

any coordination takes place. The independent192

reasoning format provides both the necessary193

label predictions for voting and the rationales for194

subsequent critique.195

Majority Voting Aggregation. After obtaining196

independent predictions from all K models, Con-197

Freeze aggregates these votes into an initial round198

consensus using equal-weight majority voting. For199

each label ℓ ∈ Y , we compute the vote share:200

pi,ℓ = 1
K

∑K
k=1 1[ŷ

(1)
i,k = ℓ],

∑
ℓ pi,ℓ = 1201

The initial round majority label is then ŷ
(1)
maj,i =202

argmaxℓ pi,ℓ. With an odd number of models203

(we use K = 3 throughout), ties are avoided by204

construction. Majority voting provides a more ro-205

bust baseline than selecting a single model’s output206

while remaining computationally lightweight.207

We also compute vote margin and entropy (Shan-208

non, 1948) (Settles, 2009) from the initial-209

round vote distribution to characterize agreement210

strength for later offline analysis and threshold211

sweeps(metrics defined in Section 3.3).212

Unanimity Detection. Leveraging the initial 213

round majority label and vote distribution, we 214

detect consensus patterns for gating: unanimous 215

agreement indicates stable, high-confidence in- 216

stances with minimal debate benefit and poten- 217

tial instability risk. ConFreeze thus computes 218

a lightweight, ground-truth-free unanimity flag: 219

ui = 1[maxℓ pi,ℓ = 1], which identifies instances 220

where all K models produce identical predictions 221

(pi,ℓ = 1 for some ℓ). Instances with ui = 1 are 222

frozen, while ui = 0 proceed to collaborative re- 223

finement. 224

2.3 Stage 2: Consensus-Freeze Gating 225

This stage determines which instances undergo col- 226

laborative refinement, using a lightweight, training- 227

free gating mechanism that allocates computation 228

only to initially uncertain cases. 229

Gating Decision Rule. We formalize gating as 230

a binary decision gi ∈ {0, 1} computed after the 231

initial round: gi = 1 triggers the subsequent round, 232

while gi = 0 freezes the initial round decision. Our 233

consensus-freeze policy uses a simple unanimity- 234

based rule: gi = 0 if ui = 1 (all models agree), and 235

gi = 1 if ui = 0 (models disagree). Equivalently, 236

gi = 1[ui = 0]. The core principle is: unanimous 237

agreement signals stability; disagreement signals 238

genuine uncertainty. 239

When gi = 0 (freeze), we lock the initial round 240

majority label ŷ(1)maj,i as the final prediction and skip 241

the subsequent round entirely. When gi = 1 (pro- 242
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Table 1: Evaluation datasets.

Dataset Split Size Label Type Task Description
ANLI-R3 dev 1200 3-way NLI Adversarially constructed natural language inference
TruthfulQA-MC1 val 684 Multi-choice Factuality testing under misleading prompts
AdvGLUE-QQP test 142 Binary Adversarial paraphrase detection
AdvGLUE-SST-2 test 262 Binary Adversarial sentiment analysis
AdvGLUE-QNLI test 266 Binary Adversarial QA-based entailment
AdvGLUE-MNLI test 242 3-way NLI Adversarial natural language inference

ceed), we trigger collaborative refinement where243

each model reconsiders its prediction in light of244

peer rationales. This rule is training-free, requires245

no ground truth, and can be applied as a drop-in246

wrapper to any debate pipeline.247

Instance Partitioning and Execution Paths.248

Based on the gating decisions, we partition the249

dataset N into two disjoint subsets: U = {xi ∈ N :250

ui = 1} (unanimous) and D = {xi ∈ N : ui = 0}251

(disagreement). Instances in U directly use the ini-252

tial round majority label ŷ(1)maj,i as the final predic-253

tion, while instances in D proceed to collaborative254

refinement in the subsequent round.255

This partitioning determines the coverage (frac-256

tion of instances proceeding to refinement), which257

directly impacts token savings. This instance-level258

routing allocates debate budget precisely where259

initial disagreement signals genuine uncertainty,260

while protecting stable unanimous decisions from261

unnecessary perturbation.262

In deployment, frozen instances physically skip263

the subsequent round to save cost. For analysis264

purposes, we may emulate subsequent rounds on265

frozen instances to study counterfactuals while266

maintaining the same final predictions.267

2.4 Stage 3: Selective Refinement and268

Aggregation.269

After partitioning instances into frozen and eligible270

sets, ConFreeze enters the final stage where eligible271

instances undergo collaborative refinement while272

frozen instances remain locked. This stage consists273

of two steps: 1) prompt models to reconsider their274

predictions in light of peer feedback; 2) aggregate275

revised predictions to produce final outputs.276

Collaborative Refinement. For each instance277

i ∈ D (the disagreement, eligible set), ConFreeze278

triggers a subsequent round in which each model279

Ak reconsiders its initial prediction after observing280

the peer rationales from the initial round. Each281

model now receives additional context: the original282

input xi together with the rationales produced by283

all K models in the initial round. The model is284

then prompted to reconsider, producing a revised 285

prediction ŷ
(2)
i,k . This design encourages explicit 286

cross-checking: models can challenge unsupported 287

claims, reconcile conflicting interpretations, and 288

correct earlier mistakes using peer evidence and 289

counterarguments. 290

Final Prediction Aggregation After collecting 291

subsequent round predictions from all models 292

on eligible instances, ConFreeze applies equal- 293

weight majority voting to produce the final pre- 294

diction: y∗i = ŷ
(1)
maj,i if i ∈ U , and y∗i = 295

argmaxℓ
1
K

∑K
k=1 1[ŷ

(2)
i,k = ℓ] if i ∈ D. Frozen 296

instances (U) directly use the initial round major- 297

ity vote, while eligible instances (D) use majority 298

voting over subsequent round predictions. 299

3 Experimental Setup 300

3.1 Evaluation Datasets 301

We select six benchmarks with categorical out- 302

puts and challenging instances where multi-model 303

debate can provide value. ANLI-R3 (Nie et al., 304

2020) provides three-way NLI with challenging 305

annotation rounds, AdvGLUE (Wang and et al., 306

2021) contributes adversarially perturbed classi- 307

fication tasks (QQP, SST-2, QNLI, MNLI), and 308

TruthfulQA-MC1 (Lin et al., 2022) tests robust- 309

ness on multiple-choice questions. We follow each 310

benchmark’s official splits and evaluation protocol. 311

Table 1 summarizes dataset characteristics. 312

3.2 Model Configuration 313

We use three-model teams to enable majority vot- 314

ing. Our model pool includes gpt-4o-mini and 315

gpt-3.5-turbo-0125 from OpenAI, claude-3-haiku- 316

20240307 from Anthropic, deepseek-chat from 317

DeepSeek, and llama-3.1-8b-instant from Meta. 318

This selection spans different capability levels and 319

cost points while covering both proprietary APIs 320

and open-weight models to reflect realistic deploy- 321

ment scenarios. 322

To probe how model diversity affects consen- 323

sus quality, we evaluate three team configura- 324

tions: (i) Homogeneous (gpt-3.5-turbo ×3); (ii) 325
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Table 2: Main Results on Efficiency and Performance.

Dataset Method Inference Efficiency Reasoning Performance
Tokens/item Saving Coverage Accuracy (%) Macro-F1 (%)

ANLI-R3

GPT-3.5 263.7 – – 37.4 38.5
GPT-4o-mini 282.7 – – 37.3 38.8
DeepSeek-V3 299.7 – – 39.6 39.7

Initial Round 846.2 – 0 39.1 40.0
ConFreeze 1,757.6 29.5% 53.7% 42.6 43.0
Full Debate 2,493.6 base 100% 42.4 43.2

AdvGLUE

GPT-3.5 97.0 – – 60.6 59.1
GPT-4o-mini 99.2 – – 64.9 65.0
DeepSeek-V3 145.5 – – 70.2 70.7

Initial Round 341.7 – 0 65.0 65.7
ConFreeze 744.2 43.1% 65.1% 73.0 72.4
Full Debate 1,308.7 base 100% 74.0 73.6

TruthfulQA

GPT-3.5 166.2 – – 64.4 –
GPT-4o-mini 191.0 – – 78.3 –
DeepSeek-V3 221.1 – – 90.2 –

Initial Round 578.3 – 0 80.3 –
ConFreeze 1,224.3 40.3% 58.6% 89.7 –
Full Debate 2,051.3 base 100% 88.7 –

Moderately-Diverse (gpt-4o-mini, gpt-3.5-turbo,326

deepseek-chat); (iii) Highly-Diverse (gpt-3.5-turbo,327

claude-3-haiku, llama-3.1-8b-instant).328

3.3 Evaluation Metrics329

We evaluate performance across four dimensions:330

vote dispersion signals, end-task quality, stability,331

and cost efficiency. For each instance, y is the332

ground truth, ŷ(1)maj is the initial round majority label,333

and y∗ is the final output. Under ConFreeze, we334

partition instances into frozen unanimous subset U335

and eligible disagreement subset D, where |U| +336

|D| = N .337

vote-dispersion signals. To identify which338

instances benefit from debate, we compute339

lightweight vote-dispersion signals from the ini-340

tial round. Using the vote shares pi,ℓ defined341

in Section 2.2, we defined vote margin and342

the vote entropy: mi = p(1) − p(2), Hi =343

−
∑

ℓ∈Y pi,ℓ log pi,ℓ These signals characterize344

agreement strength without requiring ground truth:345

low margin or high entropy indicates initial dis-346

agreement, suggesting potential benefit from col-347

laborative refinement. We use these signals for348

gating decisions and offline threshold sweeps.349

End-task quality. We report initial accuracy350

AccR1 = 1
N

∑N
i=1 1[ŷ

(1)
maj,i = yi], final accuracy351

Accfinal = 1
N

∑N
i=1 1[y

∗
i = yi], and Macro-F1352

computed on final outputs.353

Stability metrics. Standard accuracy cannot re-354

veal whether debate improves through error cor-355

rection or introduces instability. To decompose356

prediction changes, we define three per-instance 357

indicators: 358

flipi = 1[ŷ
(1)
maj,i ̸= y∗i ] (1) 359

impi = 1[ŷ
(1)
maj,i ̸= yi ∧ y∗i = yi] (2) 360

wori = 1[ŷ
(1)
maj,i = yi ∧ y∗i ̸= yi] (3) 361

Aggregating over subset S ′ ⊆ {1, . . . , N} yields 362

flip rate Flip(S ′) = 1
|S′|

∑
i∈S′ flipi, improve rate 363

Improve(S ′), and worsen rate Worsen(S ′) (de- 364

fined analogously). Unless stated, rates are global 365

(denominator N ). Reporting rates separately for U 366

versus D isolates the effect of gating from debate 367

effectiveness. 368

Cost and coverage. We define coverage as the 369

fraction of instances that proceed to the subsequent 370

round: Cov = |D|/N , where N is the total dataset 371

size, measuring the fraction of instances proceed- 372

ing to collaborative refinement. Lower coverage in- 373

dicates greater token savings. We log per-instance 374

token usage and report average tokens per item. 375

4 Result Analysis 376

We structure our analysis around three research 377

questions to systematically evaluate the efficiency- 378

accuracy trade-off, the underlying stability dynam- 379

ics, and the robustness of ConFreeze to design vari- 380

ations. 381

4.1 Efficiency-Performance Trade-off 382

Analysis (RQ1) 383

Table 2 evaluates ConFreeze against single-model 384

and full debate baselines. 385

5



Table 3: Stability Analysis and Attribution of Decision Revisions.

Dataset Policy
Global Dynamics (%) Unanimous (U ) (%) Disagreement (D) (%)

Flip Imp Wor ImpU WorU ImpD WorD

ANLI-R3 Full Debate 14.4 7.7 4.3 0.4 0.2 14.3 8.1
ConFreeze 14.4 7.8 3.9 0.0 0.0 14.5 7.3

TruthfulQA Full Debate 13.1 9.2 0.8 0.5 0.0 22.8 2.1
ConFreeze 13.1 10.0 0.7 0.0 0.0 24.1 1.6

AdvGLUE Full Debate 14.1 11.2 2.3 3.0 0.4 27.3 6.1
ConFreeze 13.3 10.0 3.2 0.0 0.0 28.5 8.5

Figure 2: ROC curves for vote entropy (H) predicting revision outcomes (Improve/Worsen). Vote margin (m) yields
nearly identical performance and is provided in the accompanying artifact for clarity.

ConFreeze substantially reduces token consump-386

tion while maintaining comparable accuracy. Com-387

pared to full debate, ConFreeze achieves 29.5% to-388

ken reduction on ANLI, 43.1% on AdvGLUE, and389

40.3% on TruthfulQA. These savings are achieved390

by limiting the second-stage coverage to 53.7% on391

ANLI, 65.1% on AdvGLUE, and 58.6% on Truth-392

fulQA.393

Beyond achieving a substantial reduction in to-394

ken cost, ConFreeze also preserves near-identical395

accuracy performance compared to the full de-396

bate baseline. To statistically validate this equiva-397

lence, we conducted paired McNemar exact tests398

on the accuracy results of ConFreeze versus full399

debate across all datasets, revealing no significant400

divergence between the two approaches. The ob-401

served p-values across ANLI (0.940), AdvGLUE402

(0.392), and TruthfulQA (0.648) all exceed con-403

ventional significance thresholds (alpha = 0.05),404

demonstrating that ConFreeze maintains strict ac-405

curacy parity with the full debate baseline and im-406

poses no measurable performance penalty. Quan-407

titatively, the final accuracy of ConFreeze devi-408

ates by only 0.3–1.0 percentage points from full409

debate across all datasets: ANLI achieves 42.6%410

versus 42.4%, AdvGLUE achieves 73.0% versus411

74.0%, and TruthfulQA achieves 89.7% versus412

88.7%. Macro-F1 scores exhibit a similarly sta-413

ble trend.414

Furthermore, ConFreeze consistently outper-415

forms both single-model and 1-round debate base-416

lines while approaching the performance ceiling417

of full debate. On ANLI, for instance, ConFreeze 418

boosts the accuracy from 39.6% (best single model) 419

and 39.1% (with initial debate round) to 42.3%, 420

which attests to its effective multi-model coordina- 421

tion mechanism. Identical performance patterns are 422

observed across AdvGLUE and TruthfulQA, con- 423

firming that ConFreeze retains the core advantages 424

of multi-model debate while strategically allocat- 425

ing deliberation resources exclusively to instances 426

where initial inter-model disagreement signals po- 427

tential for performance improvement. 428

4.2 Stability and Attribution Analysis (RQ2) 429

In RQ2, we investigate the mechanical basis of 430

ConFreeze by asking whether initial voting patterns 431

reliably signal the cost-benefit trade-off of debate. 432

Discriminative Power and Asymmetry. We first 433

evaluate whether vote dispersion signals like en- 434

tropy H and margin m can predict revision out- 435

comes. Treating revision as a binary classification 436

task, Figure 2 demonstrates that entropy achieves 437

strong discriminative power across datasets. For 438

instance, on ANLI-R3, entropy attains an AUC of 439

79.3% for predicting worsening flips and 75.1% 440

for improvements as these values significantly ex- 441

ceed random baselines. Margin signals yield nearly 442

identical results. 443

This predictive validity stems from the stark 444

asymmetry revealed in the attribution analysis 445

shown in Table 3. In the unanimous subset U , revi- 446

sions are predominantly unnecessary because full 447

debate results in minimal bidirectional shifts, ex- 448
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Figure 3: Budget-accuracy Pareto frontiers using vote entropy (H). Vote margin-based sweeps show similar trends
(see artifact).

hibiting insignificant magnitudes of both improve-449

ment and worsening. By freezing U , ConFreeze450

eliminates this instability. Conversely, corrective451

utility is heavily concentrated in the disagreement452

subset D. For example, on TruthfulQA under Full453

Debate, the improvement rate is 22.8% in D ver-454

sus 0.5% in U (≈ 45.6×). ConFreeze then freezes455

U (0.0% by design) and focuses refinement on D,456

where improvement reaches 24.1%. This confirms457

that dispersion signals effectively isolate the high-458

yield instances that warrant collaborative refine-459

ment.460

Budget-Accuracy Frontier. To generalize be-461

yond the binary gate, we simulate a continuous462

budget allocation policy by selectively debating the463

top-q instances ranked by uncertainty. Figure 3464

plots the resulting trade-offs. We observe a clear di-465

minishing returns pattern where accuracy remains466

stable over a broad mid-saving region of 20% to467

50% token reduction before dropping sharply. This468

indicates that low-uncertainty instances contribute469

minimal marginal value to final quality. Notably,470

the ConFreeze operating points represented by di-471

amond markers consistently align with the Pareto-472

efficient frontier of these curves (Censor, 1977).473

This suggests that our training-free unanimity rule474

is not merely a heuristic but a near-optimal strategy475

that maximizes efficiency without compromising476

the reasoning gains of the eligible subset.477

4.3 Ablation studies (RQ3)478

This RQ investigates the design sensitivity of479

the framework. We systematically ablate decod-480

ing temperature and team composition as well as481

subsequent-round prompting strategies to evaluate482

their impact on task performance and stability attri-483

bution alongside computational cost.484

Temperature Sensitivity As shown in Table 4,485

we vary the temperature with the mechanism held486

constant. Across temperatures ranging from 0.3 to487

0.9 the final accuracy stays within a narrow range 488

which indicates that ConFreeze is not brittle to 489

moderate sampling changes. However the com- 490

position of revisions shifts significantly. At lower 491

temperatures the mechanism becomes more con- 492

servative which reduces both corrections and harm- 493

ful flips but also yields lower final accuracy. At 494

temperatures of 0.7 and 0.9 ConFreeze attains the 495

best trade-off by achieving higher improvement 496

rates at comparable worsening rates leading to the 497

strongest final accuracy. Token cost is relatively 498

stable across temperatures suggesting that temper- 499

ature mainly affects how revisions happen rather 500

than the overall routing coverage. 501

Team Composition Varying the team composi- 502

tion reveals a direct relationship between diversity 503

and performance. Using a Homogeneous team sub- 504

stantially reduces subsequent-round coverage and 505

tokens per item but also shrinks correction capac- 506

ity and degrades final performance. In contrast 507

a Diverse team increases coverage and yields the 508

strongest final performance driven by a larger frac- 509

tion of beneficial revisions. However this diver- 510

sity also makes revisions more aggressive as both 511

change rates and worsening rates rise while token 512

cost per item increases. Overall team diversity 513

primarily modulates the size of the disagreement 514

subset where a larger eligible set exposes more 515

instances to both revision and risk. 516

Prompting Strategy Replacing the plain prompt 517

with a richer critique-style prompt substantially de- 518

grades ANLI performance. Final accuracy drops 519

and the overall delta becomes negative, mirrored 520

in revision composition where worsening rates ex- 521

ceed improvement rates and harmful flips dominate. 522

The richer prompt is also more expensive, indicat- 523

ing that increasing deliberation complexity without 524

guardrails can be both costlier and less reliable. 525

We qualitatively attribute this failure to three 526

recurring mechanisms. First is rationale conta- 527
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Table 4: Design sensitivity ablations on ANLI under ConFreeze. Team settings: Homogeneous (gpt-3.5-turbo
×3); (ii) Moderately-Diverse (gpt-4o-mini, gpt-3.5-turbo, deepseek-chat); (iii) Highly-Diverse (gpt-3.5-turbo,
claude-3-haiku, llama-3.1-8b-instant).

Ablation Setting Cov (%) Acc (%) Macro-F1 (%) Change (%) Imp (%) Wor (%) Tok/item
Temp T=0.3 51.4 42.5 42.7 14.1 6.8 4.2 1701.7
Temp T=0.5 51.4 41.6 42.1 12.4 5.9 3.6 1707.7
Temp T=0.7 53.7 42.6 43.1 14.4 7.8 3.9 1757.6
Temp T=0.9 50.8 42.7 43.1 14.8 7.9 4.1 1692.6

Team Moderately-Diverse 53.7 42.6 43.1 14.4 7.8 3.9 1757.6
Team Highly-Diverse 60.2 46.1 45.4 23.2 12.2 6.3 1957.0
Team Homogeneous 20.5 39.3 39.7 7.6 4.3 2.3 1077.0

Prompt R2-rich 51.7 37.5 40.4 10.8 3.4 4.7 2318.5
Prompt R2-plain 53.7 42.6 43.1 14.4 7.8 3.9 1757.6

gion where models defer to confident but wrong528

rationales even if logically invalid. Second is a529

forced revision bias where instructions act as latent530

commands that pressure models to update correct531

answers to appear responsive. Third is shallow532

critique where models overfit to surface cues and533

superficial heuristics rather than core reasoning.534

These failures explain why prompting sensitivity535

matters as the prompt defines the update rule. Ac-536

cordingly our default setting uses a minimal peer-537

aware prompt that permits revision but does not538

pressure it. The full text of these prompts is avail-539

able in the accompanying artifact.540

5 Related Work541

Debate was proposed by Irving et al. (Irving et al.,542

2018) as an alignment protocol in which two543

agents argue and a judge selects the better argu-544

ment, motivated by the idea that evaluating argu-545

ments can be easier than producing them. Adapt-546

ing this paradigm to LLMs, Du et al. (Du and547

et al., 2023) reported factuality/reasoning gains548

from MAD with a mediated judge on diverse tasks,549

and Liang et al. (Liang et al., 2023) encouraged550

divergent thinking via debate to surface alternative551

solutions under controlled setups. Alongside these552

protocols, Zheng et al. (Zheng and et al., 2023)553

examined LLM-as-a-judge and documented posi-554

tion/verbosity biases, advising caution when us-555

ing automated judges to arbitrate multi-agent out-556

puts. Beyond explicitly adversarial debate, Wang557

et al. (Zheng and et al., 2023) introduced Self-558

Consistency to marginalize over multiple chains of559

thought, Yao et al. (Yao and et al., 2023) proposed560

Tree-of-Thoughts for deliberate search over inter-561

mediate states, and Shinn et al. (Shinn et al., 2023)562

presented Reflexion to add episodic self-feedback563

where each improves solution quality by aggregat-564

ing diverse reasoning traces.565

In parallel, Li et al. propose CAMEL (Li and 566

et al., 2023), a role-playing framework where LLM 567

agents hold complementary, persistent roles, sta- 568

bilizing interaction and broadening exploration. 569

Chen et al. (Chen and et al., 2023) present Agent- 570

Verse, a programmable setting that systematizes 571

role assignment, tool use, and conversation rules 572

(e.g., planner/solver/critic) with reusable back- 573

bones and evaluation hooks. Wu et al. introduce 574

AutoGen (Wu and et al., 2023), a general-purpose 575

library of programmable agents supporting multi- 576

round group chats, function calls/REPL, and or- 577

chestration utilities. While these systems primar- 578

ily target end-task accuracy or exploration, few 579

quantify the robustness costs of multi-round co- 580

ordination. Our study fills this gap by measuring 581

when collaboration helps versus harms and by intro- 582

ducing lightweight guardrails that curb instability 583

while preserving genuine debate gains. 584

6 Conclusion 585

In this work, we reframe multi-model debate not 586

merely as a technique for performance boosting, 587

but as a controllable, budget-aware decision pro- 588

cess suited for real-world deployment. Our in- 589

vestigation exposes a fundamental asymmetry in 590

the marginal utility of deliberation: improvement 591

potential is concentrated almost exclusively in in- 592

stances of initial disagreement, whereas debating 593

unanimous instances yields diminishing returns and 594

incurs risks of instability via “harmful flips.” Con- 595

Freeze leverages this insight through a training-free, 596

consensus-based gating mechanism. Across ANLI, 597

AdvGLUE, and TruthfulQA, ConFreeze reduces 598

token usage by 29.5%–43.1% while maintaining 599

statistically indistinguishable accuracy. Overall, it 600

provides a practical protocol to improve the effi- 601

ciency of multi-model collaboration without sacri- 602

ficing reliability. 603
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7 Limitations604

Stochasticity and Temporal Consistency of605

Black-box APIs. Our experimental framework606

relies on both open-weight models and proprietary607

APIs. While we enforce strict control over infer-608

ence hyperparameters (e.g., temperature, decoding609

strategy) to maximize reproducibility, the opaque610

nature of commercial APIs introduces unavoidable611

risks of model drift and temporal inconsistency.612

Updates to the backend architecture or safety align-613

ment strategies by providers may alter model be-614

havior over time, meaning our empirical findings615

represent a snapshot of model capabilities that may616

not perfectly transfer to future API versions.617

Fidelity of Efficiency Metrics. We utilize to-618

ken consumption and second-round coverage as619

vendor-agnostic proxies for computational budget.620

However, these metrics serve as abstract heuris-621

tics rather than holistic measures of deployment622

cost. They fail to account for tokenizer heterogene-623

ity across providers, hardware-specific latency, or624

the pricing dynamics of batched inference. Conse-625

quently, our cost analysis should be interpreted as626

illustrating compute-matched comparative trends627

rather than providing precise dollar-equivalent eco-628

nomic estimates.629

Generalization across Task Distributions and630

Agent Topologies. Although we validate our ap-631

proach across three diverse datasets with ablation632

studies on prompting and temperature, our scope633

remains bounded by a fixed team size and specific634

interaction protocols. Future work is required to635

verify whether the observed trade-offs hold under636

broader task distributions and more complex aggre-637

gation mechanisms.638

Data and content considerations. Our experi-639

ments use publicly available benchmark datasets,640

which may contain sensitive or offensive text. We641

do not collect new personal data, and we do642

not attempt to identify individuals. For the re-643

leased anonymized artifact, we minimize the risk644

of exposing identifying information by (i) storing645

only dataset identifiers/indices and model outputs646

when possible, (ii) removing any run-time meta-647

data that could be user-specific, and (iii) applying648

lightweight pattern-based screening (e.g., emails,649

phone numbers, and other common PII markers)650

to the logged prompts/outputs, with redaction or651

exclusion when such strings are detected. In the pa-652

per, we also avoid qualitative examples that contain653

explicit slurs or uniquely identifying details.654
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