
Dialectic Argumentations for Oversight Reasoning

Anonymous ACL submission

Abstract001

Debate has emerged as a promising Large Lan-002
guage Models (LLMs) oversight mechanism003
amid rising systematic complexity and con-004
strained scalability in evaluation, notably where005
models outperform human evaluators. Yet De-006
bate provides little verifiable evidence for its007
final judgments, and its scalability beyond En-008
glish remains largely unexplored.009

To make oversight grounded and scale as ca-010
pabilities extend, we propose a Dialectic Argu-011
mentation framework as a reasoning function012
to extend the Debate paradigm to multilingual013
and multimodal settings. We employ a weak-014
to-strong oversight approach based on two ex-015
pert models that evaluate and defend contesting016
answers, while a third blind judge determines017
the winner using Dialectic Argumentation. Ex-018
perts argue only for belief-consistent answers,019
founding the Debate on disagreements. We ex-020
perimented with six tasks on our framework021
in both multilingual and multimodal scenarios,022
and dialectic argumentation consistently outper-023
forms single-expert baselines. Moreover, we024
show that dialectic judgements from a weaker025
model deliver argument-mediated supervision026
that, via fine-tuning, instils unsupervised rea-027
soning signals in expert models. 1028

1 Introduction029

The prevailing approach to aligning Large Lan-030

guage Models (LLMs) relies heavily on human-031

annotated data (Ouyang et al., 2022; Sun et al.,032

2023). Yet as these systems extend their reach,033

getting competence across an ever-wider range of034

domains, languages, and modalities (OpenAI et al.,035

2024; DeepSeek-AI et al., 2025), the task of as-036

suring the high-quality supervision required for037

training and alignment is becoming prohibitively038

costly and operationally demanding.039

1code & data: https://anonymous.4open.science/r/
Dialectic_Debate_Code

One response to this challenge has been to look 040

beyond human oversight altogether. Irving et al. 041

(2018) proposed a Debate between expert models 042

as a way to achieve scalable oversight, allowing 043

models to be evaluated even when their abilities 044

exceed what human judges can reliably assess. 045

The concept has gained considerable ground as 046

a scalable oversight mechanism (Bowman et al., 047

2022; Kenton et al., 2024; Khan et al., 2024). In a 048

Debate, two or more expert models are presented 049

with a task, each sets out its solution, and both then 050

take turns making their supporting arguments. The 051

judge, who may be a human or weaker model, ob- 052

serves the entirety of the Debate and delivers a final 053

judgment on which position wins. Du et al. (2023); 054

Estornell and Liu (2024) investigate Debate via 055

multi-agent collaboration where instead of compet- 056

ing, models engage in multiple rounds of exchange 057

to reach a consensus answer, typically stronger than 058

that of any single model in isolation. Subrama- 059

niam et al. (2025) extend this approach by harness- 060

ing agreement across instances of the same model, 061

thereby generating diverse data that can be used 062

for further tuning. Despite these advances, the role 063

of the judge remains constrained because there is 064

no principle-based reasoning procedure that makes 065

judgments explicit, verifies them against counter- 066

claims, and grounds conclusions. Moreover, there 067

is a lack of studies which expand this approach 068

across languages and knowledge-intensive tasks. 069

To make oversight both grounded and scalable 070

as capabilities expand, we propose a Dialectic 071

Argumentation framework, i.e., a structured ana- 072

lytical procedure that makes audit trail explicit, 073

analyses evidence,and constructs a well-grounded 074

conclusion through structured argumentation. We 075

employ the mechanism of Dialectic Argumenta- 076

tion (Ranaldi et al., 2025) as an oversight rea- 077

soning function in knowledge-intensive, vision- 078

language tasks in multilingual settings, where an 079

expert model is challenged with vision-based and 080

1

https://anonymous.4open.science/r/Dialectic_Debate_Code
https://anonymous.4open.science/r/Dialectic_Debate_Code


Q: What is dish called?
Options: a. Paris.                     
b. Choux pastry                       
c. Pastafrolla                            
d. Ravioli                                  
e. Sfogliatella

Question Answers & Debate

b. Choux pastrye. Sfogliatella 
Round 1

     #Premises                                                                                                
P1: Each piece has a distinct fan shell shape with many fine, curved 
ridges from laminated layers.                                                                                          
P2: The crust looks hard-baked and flaky, strata are visibly separated.                                                                                                             
P3: Filling is visible at the open side; icing sugar is over the ridged shell.                                                                                                                       
P4: Some pieces show dark amarena in custard typical of the Sant’Agata 
variant.                                                                                                                               
#Argument The shell-shaped, ridged, laminated exterior is characteristic 
of Sfogliatella. The custard-and-cherry finish fits the Neapolitan 
Sfogliatella Santarosa style.

    #Premises                                                                                
P1: The items are individual pastries dusted with icing sugar.                                                                                           
P2: Each pastry is filled with a pale custard-like cream and dotted 
with dark cherries.                                                                                             
P3: The exterior looks airy and layered, suggesting a light dough.                    
#Argument These appear to be choux-based pastries because they 
are small, cream-filled, and finished with icing sugar features 
common to éclairs and cream puffs. The structure seems light and 
layered, which aligns with a steam-leavened dough. The cherries are 
consistent with patisserie finishes on choux items.

Round 2#Agreements. Accepts icing sugar and custard/cherries as non-diagnostic by themselves.
#Disagreements & Challenges                                                                                                                                   
C1 Surface morphology shows parallel lamination forming a fan; these are not random cracks the lines are 
evenly spaced and curve from a narrow tip to a broad mouth.                                                                                                                      
C2 The edge shows compressed, crisp layers, smooth crust of choux.                                                                                                                          
C3 Choux pastries are typically split éclairs or profiteroles;[.....] with visible stratified pastry.                                                                                                                                                  
#Counter-observations                                                                                                                                                                   
O1: The hand-fan geometry is canonical for sfogliatella.
O2: The crust appears crackly, with separable sheets a sign of laminated butter dough.                                     
O3: The presence of amarena cherries in custard is consistent with Sant’Agata, a recognised variant.

#Agreements. Both accept there is custard, cherries, icing sugar. 
#Disagreements & Challenges                                                                                                              
C1  (P1,P2): The ‘layers’ could simply be cracks from baking a light dough.                                                                                                                                      
C2 (P4): Cherries and custard are generic patisserie elements.
#Counter-observations                                                                                                        
O1: The pastries seem light and hollow near the filling, akin to choux 
cavities.                                                                                                                                 
O2: The overall size and individual portioning resemble cream puffs.

#Answers & Premises by side: A (Sfogliatella).  P1, P2, P3, P4  B (Choux). P1, P2, P3.                                                                                                                                                                

#Challenge                                                                                                                                                                                                                                
B→A C1 (“layers are cracks”): Answered by A (C3/C4) with specific morphology regular, parallel lamination and fan geometry.                                                                                                                                                                                                                              
B→A C2 (“cherries not diagnostic”): Conceded as non-diagnostic alone; B keeps cherries as supportive context (P4) while relying on morphology (P1–P2) for identification.                                                                                                                                                                                                                                                       
A→B C1,C2,C3 (surface, structure, opening): No direct, specific counter from A; A does not show choux-typical smooth puff or piercing/splitting features in these items.

#Dialectic Explanation A’s case rests on shape and lamination a shell with parallel ridges and a crisp, stratified crust features that, if present, uniquely indicate sfogliatella rather than 
choux. These points were directly challenged and defended with specific morphology; B’s alternative (“could be cracks / light dough”) remained unanswered at the same level of specificity and 
fails to account [...]. Therefore, A’s surviving premises make Sfogliatella more likely than not; B’s reliance on generic patisserie cues [...] lacks discriminative force.                                 
#Final Answer: Sfogliatella.

Round 3

Model A Model B

Judge

Figure 1: Example of debate protocol framework in a visual task from World-Cuisines. The experts debate on the
answer, defending their beliefs. The judge, by reviewing the debate transcript, provides a dialectic explanation of
the argument that supports the final answer.

knowledge-intensive questions. Hence, following081

the Debate paradigm (Irving et al., 2018), we take082

two expert models to debate, belief-consistent an-083

swers using the provided context, while a third,084

weaker judge, blind to the context, determines who085

is right as shown in Figure 1. The models that086

engage in the Debate are sighted, while the judge087

is blind, hence has no access to images or non-088

parametric knowledge, and judges based on the089

arguments.090

Complementing prior protocols (Kenton et al.,091

2024; Khan et al., 2024; Du et al., 2023; Estor-092

nell and Liu, 2024), we operate belief-consistent093

Debate and context-blind judging. In contrast to094

(Adhikari and Lapata, 2025), we propose a task-095

agnostic solution that works in language-based and096

multimodal settings. Specifically, in our protocol,097

experts defend their answers, disagreements are098

debated, and a neutral judge (blinded) reaches the099

final decision dialectically based on the arguments100

presented during the debate. Finally, the judge101

delivers a grounded argumentation-mediated super-102

vision, which we then use as a reasoning signal to103

instil capabilities into expert models, e.g., through104

fine-tuning the experts on the verdicts delivered by105

the blind judge. Our results show that the Dialectic106

Argumentation protocol consistently outperforms107

both models and the single-expert consultancy base-108

line across six multilingual and vision–based tasks. 109

Moreover, expert models tuned on Dialectic rea- 110

soning traces delivered by the judge yield robust 111

improvements without using explicit signals, indi- 112

cating transferable gains in reasoning rather than 113

mere pattern matching. 114

In summary, our contributions are threefold: 115

• We study oversight mechanisms to evaluate 116

and improve the capabilities of expert models 117

in complex tasks. We focus on Debate and 118

provide a mechanism for judging it based on 119

Dialectic Argumentation that is effective and 120

task-agnostic. 121

• We study the effect that Dialectic Argumenta- 122

tion can make in six different tasks, compris- 123

ing multilingual, multimodal and knowledge- 124

intensive, demonstrating the benefits in terms 125

of performance. 126

• Finally, we employ judgments from weaker 127

models to align the expert without explicit 128

supervision (e.g., in the form of labelled data). 129

To the best of our knowledge, we are the first to 130

propose a Dialectic reasoning mechanism for im- 131

proving Debate in scenarios involving multilingual, 132

multimodal and knowledge-intensive tasks and its 133

potential for enabling weaker models to supervise 134

stronger ones. 135
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2 Dialectic Argumentation136

Dialectic is the method to reason through criti-137

cal argument, examine competing thoughts, and138

reach the truth, or a principled synthesis, by means139

of grounded argumentations. In this setting, we140

employ debating protocols to elicit truthful an-141

swers from expert models using a non-expert142

model (judge), which utilises Debate arguments143

as a means of decision-making. The judge op-144

erationalises the dialectic arguments as the deci-145

sion procedure: it surfaces claims and support-146

ing premises, requires explicit counter-claims, and147

weighs competing lines of reasoning against crite-148

ria of grounding, relevance, and consistency. The149

judge is blind to the context and must base the ver-150

dict on the arguments of the experts who debate,151

which is precisely why dialectic reasoning can be152

a method for getting to the truth in a reasoned and153

traceable way.154

Our goal is to deliver an oversight reasoning-155

based protocol that separates perception from156

judgement, surfaces genuine disagreements, eval-157

uates argument quality, and yields portable,158

argument-mediated supervision across languages159

and modalities. To this end, we first construct160

the Argumentation Set that filters for instances on161

which two experts diverge (§2.1); then introduce162

the Oversight Protocol founded on debate in §2.2,163

and finally present the Dialectic Argumentation164

mechanism, which scores Debate arguments, ag-165

gregates objections, and delivers an auditable judg-166

ment and supervision signal (§2.3).167

2.1 Argumentation Set168

The first step is to collect all conflicting predic-169

tions, which will serve as the testing ground for170

the Debate. Hence, given a set of expert models,171

we determine the samples on which the models172

produce conflicting predictions. We operate di-173

rectly on the models’ responses as in (Adhikari and174

Lapata, 2025). In contrast to (Khan et al., 2024;175

Kenton et al., 2024), which assigns predictions to176

the model, we use this method to analyse their ac-177

tual capabilities rather than the abilities that are178

assigned to them. Formally, as Algorithm 1, for179

a given task T we select all samples x ∈ T over180

which a pair (Mi,Mj)i̸=j from our set of mod-181

els M disagree, and x is a tuple (q, C) consisting182

of a question q and context C. Unlike previous183

works, we consider different kinds of tasks; hence,184

we generalise the definition of context C to include185

Algorithm 1 Argumentation Set extraction for T
1: S← ∅ {argumentation set for T }
2: M← set of models
3: forMi ∈M do
4: forMj ∈M \ {Mi} do
5: for x ∈ T do
6: if y(Mi(x)) ̸= y(Mj(x)) then
7: conflict← {x,Mi,Mj}
8: S ← S ∪ {conflict}
9: end if

10: end for
11: end for
12: M←M \ {Mi}
13: end for
14: return S

an image, a set of documents retrieved from an 186

external retrieval system, or additional knowledge. 187

Hence, we conduct the debate on these sets, and 188

subsequent phases are restricted to S. 189

2.2 Oversight Protocols 190

We introduce an oversight protocol that elicits rea- 191

sons from expert models and subjects them to di- 192

alectic adjudication by a weaker judge. The pro- 193

tocol is task-agnostic and applies across multilin- 194

gual, multimodal settings by separating perception 195

(expert access to the context) from judgement (a 196

context-blind decision based solely on the argu- 197

ments). We instantiate two modes: Debate (two 198

experts in opposition) and Consultancy (a single 199

expert under scrutiny). 200

Debate Mode Given a question and related con-
text (q, C), where C may be an image or non-
parametric knowledge, let Mi and Mj be two
expert models that disagree, i.e., they deliver dis-
tinct answers a(0)i ̸= a

(0)
j . The models engage in a

belief-consistent Debate for n rounds under fixed
instructions (reported in Appendix B). At round
k ≤ n, each expert takes a action:

rk,i = Mi

(
q, C, tk−1

)
, rk,j = Mj

(
q, C, tk−1

)
,

and the transcript updates as tk which is a list 201

∀0≤k≤n[(rk,i, rk,j)] with t0 = [(a
(0)
i , a

(0)
j )] and rk,i 202

the responses from experts models Mi at k-th 203

round. 204

After n rounds, a judge J receives only (q, tn)
and adjudicates the answer prediction:

ψx = J (q, tn), yJ = y(ψx),

where ψx ∈ i, j indicates the selected position and 205

yJ is the judge’s answer. 206
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Algorithm 2 Oversight Protocol
Require: Debate Set S; task (q, C); experts M; judge J ;

rounds n; mode ∈ {DEBATE,CONSULTANCY};
Ensure: Judge’s answer yJ ; final transcript tn; audit trace;
1: t← [ ]
2: if mode = DEBATE then
3: (Mi,Mj)← PAIRFOR(q, C; S)
4: a

(0)
i ←Mi(q, C)

5: a
(0)
j ←Mj(q, C)

6: t← t ∪ {(a(0)i , a
(0)
j )} {round 0}

7: else
8: {CONSULTANCY}
9: a(0) ←M(q, C)

10: t← t ∪ {(a(0)} {round 0}
11: end if
12: for k ← 1 to n do
13: if mode = DEBATE then
14: rk,i ←Mi(q, C, t)
15: rk,j ←Mj(q, C, t)
16: t← t ∪ {(rk,i, rk,j)}
17: else
18: {CONSULTANCY}
19: qpk ← PROBE(J ; q, t) {judge’s probing}
20: rconsk ←M(q, C, t, qpk)
21: t← t ∪ {(qpk , r

cons
k )}

22: end if
23: end for
24: (ψx, yJ , AUDIT)← ANSWER(J ; q, t)
25: return yJ , tn.

This protocol is similar to previous work, in207

which two expert models Debate the answer to208

a question and a separate judge makes a final de-209

cision based solely on the history of their Debate.210

However, in contrast to Khan et al. (2024); Ken-211

ton et al. (2024), we do not use an explicit citation212

mechanism and, complementing Adhikari and La-213

pata (2025), we do not provide detailed informa-214

tion about the task. This configuration makes the215

protocol task-agnostic and therefore applicable in216

different scenarios without changes.217

Consultancy Mode In Consultancy, a single ex-
pert M (the consultant) engages interactively with
the non-expert judge J . Over n rounds, the con-
sultant advances and defends its belief-consistent
answer, while the judge, acting as a critic, poses
probing questions and requests clarifications. As in
Debate, J never sees C directly and decides solely
based on the dialogue transcript tn:

ψx = J (q, tn), yJ = y(ψx).

This reproduces the interactive Consultancy of218

Khan et al. (2024) but, as above, omits explicit219

citation and task-specific guidance, preserving task-220

agnostic applicability.221

2.3 Dialectic Argumentation 222

Debate protocols reward rhetorical argumentation 223

at the expense of reasoning. The Debate and the 224

judge’s decision are based on argumentation. This 225

may lead the judge to make misleading decisions. 226

To this end, we introduce Dialectic Argumenta- 227

tion: a structured decision procedure that makes 228

claims and supporting premises explicit, tests them 229

against counter-claims, and selects a minimal, ad- 230

equate support set linked to the Debate transcript. 231

The judge is context-blind (no access to C) and 232

rules on well-grounded arguments, yielding an au- 233

ditable judgment and an argument-based supervi- 234

sion signal. In the following section, we define 235

how argument quality is assessed, (ii) formalise the 236

decision routine used to adjudicate, and (iii) show 237

how the resulting rationales are used as training 238

traces for improving the expert models. 239

Dialectic Evaluation of Arguments The Debate 240

is based on a series of predefined instructions. We 241

instruct both the expert models Mi ∈ M to en- 242

gage in the Debate and the judge J to audit and de- 243

cide. The judge model must base the claims on con- 244

crete facts and respond to each round with explicit 245

premises. It evaluates the arguments and, unlike 246

previous works, employs Dialectic Argumentation– 247

an epistemic mechanism that motivates going be- 248

yond simple explanation by integrating contrasting 249

perspectives to achieve more well-grounded knowl- 250

edge. The criteria on which we instruct the judge to 251

base their choice are consistency (absence of inter- 252

nal contradiction), relevance (the premises must ef- 253

fectively influence the truth value of the thesis), and 254

logical sufficiency (the premises must jointly pro- 255

vide reasons for accepting or rejecting the thesis). 256

These criteria constitute a genuine dialectic evalua- 257

tion, in which arguments are not simply persuasive 258

but must resist critical opposition. Instructions for 259

experts and the judge are in Appendix A. 260

Dialectic Reasoning Traces from Debates The 261

judge model produces rationales ψ to ground its 262

decision yJ , which we use as Dialectic reason- 263

ing traces. In both the Consultancy and Debate 264

modes, the judge provides critical explanations of 265

the reasons behind the final decision. We use these 266

dialectic reasoning traces as implicit supervision 267

signals. Formally, let χ = E(ψ, q) denote reason- 268

ing traces extracted from judgment ψ on question q. 269

The supervision training data contains tuples (q, χ), 270

and experts are trained to generate χ directly from 271
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q ∈ S. In this way, scalable oversight shifts from272

outcome supervision to reasoning supervision, em-273

bedding dialectic rigour into the learning process.274

Reasoning Rounds In both the Consultancy and275

Debate modes, we fix the number of rounds n and276

operate on the same set S. In both scenarios, we277

do not assume the labels ŷ, accuracies or additional278

context are known to the judge before interacting279

with the experts. We evaluate each protocol based280

on the accuracy of the answer the judge selects281

after deliberating over the Debate transcript (§2.4).282

2.4 Metrics283

To evaluate the performance of the proposed frame-284

work, we use the accuracy score. Specifically, start-285

ing from the eval set Set.286

Judge accuracy: For both Debate and Consultancy,
we report the final accuracy. Specifically, at the
end of both processes, we compute the accuracy
between the judge decision yJ (i.e., ỹ(x)) and the
target score (i.e., y(x)) for each x ∈ Set:

1

|Set|
∑
x∈Set

1
(
ỹ(x) = y(x)

)
.

Win-rate: For Consultancy, we report the mean287

judge accuracy after running Consultancy, specif-288

ically, the expert model Mi wins a Debate if it289

convinces the judge that their answer is correct.290

The expert’s win rate δ is the proportion of times291

they win over a set of disagreements:292

δ(Mi,Mj ,J ) =
∑

x∈S 1
(
y(ψx) = y(Mi(x))

)
|Set| .293

3 Experiments294

We conduct a study on six different tasks (§3.1)295

using the models presented in §3.2, performing the296

experiments employing the setup proposed in §3.3.297

3.1 Tasks & Datasets298

We evaluate the protocols introduced in §2 across299

six tasks, covering different aspects. Specifically,300

we employ: MKQA (Longpre et al., 2021), World-301

Cuisines (Winata et al., 2025), MMMU (Yue et al.,302

2024) and MathVista (Lu et al., 2024). Then we in-303

troduce two additional benchmarks used for tuning304

evaluation precisely BorderLines (Li et al., 2024)305

and Real-MM-RAG (Wasserman et al., 2025).306

MKQA and BorderLines are multilingual open-307

ended question-answering systems that contain308

multilingual questions concerning disputed terri-309

tories between two or more contending countries310

and are answered by retrieving information from 311

Wikipedia. We provide supporting knowledge fol- 312

lowing the settings done in (Ranaldi et al., 2025). 313

WorldCuisines is a multilingual, closed-form, vi- 314

sual question-answering benchmark in multiple- 315

choice format. The goal is to identify the dish based 316

on the image and, in our case, some contextual in- 317

formation about its composition. Real-MM-RAG, 318

MathVista, and MMMLU are two English-centred 319

tasks, all involving reasoning based on images. In 320

the first case, understanding and extracting infor- 321

mation from images is required to solve the task, 322

while the second is based on mathematical tasks. 323

3.2 Models 324

To get a clearer picture and show that sycophancy 325

generally occurs in all models, we conduct exper- 326

iments using both open- and closed-weight mod- 327

els of different sizes. The models include GPT- 328

4.1-mini, Llama-3.2-Vision-11B (Grattafiori et al., 329

2024), and Qwen-2.5-V-7B (Yang et al., 2025), 330

and DeepSeek-V-7B (DeepSeek-AI et al., 2025) 331

(to facilitate discussion for the rest of the paper, 332

we will refer to these models as GPT-4.1, Llama- 333

3.2-V, Qwen-2.5-V and DeepSeek-V). Moreover, 334

to have a basis for comparison with previous work, 335

we additionally use Molmo-D (Deitke et al., 2024) 336

in the analyses. We chose the open-weight models 337

from a similar weight class but with complemen- 338

tary capabilities due to differences in their training 339

regimes and data. For example, Llama follows 340

the instructions robustly and achieves strong re- 341

sults in the vision QA task (Grattafiori et al., 2024), 342

whereas Qwen and DeepSeek demonstrate stronger 343

reasoning abilities. Finally, following the debate 344

paradigm, we employ a weaker model, which is 345

essentially language-based with comparable param- 346

eters, i.e., Llama-3.1-8B-Instruct. Following a pilot 347

study, we have found that this model is reliable in 348

following instructions and articulating all proce- 349

dures (Appendix P presents detailed studies). 350

3.3 Experimental Settings 351

Matches To regulate the interactions, we set the 352

number of rounds to 2, limited by the context- 353

length capacity of the models participating in a 354

match. As mentioned earlier, we instruct them to 355

deliver structured explanations in accordance with 356

detailed instructions. We elicit models to ground 357

their inferences and form logical arguments to drive 358

their points. Instructions reported in Appendix A. 359

Tuning Setting on Reasoning Traces To evaluate 360

5



the impact of the proposed protocol along with the361

generated reasoning trace from the judge’s verdict,362

we use samples in the Argumentative Sets. We use363

Llama-3.1-8B-Instruct to collect the traces from364

the transcript as detailed in the appendices. We365

tune the models for three epochs (see Appendix E).366

Evaluation Setting The evaluation is performed367

using both matching heuristics and double super-368

vision via a judge model that labels the outputs369

(details in Appendix I).370

4 Results371

Dialectic Argumentation makes scalable, grounded372

oversight feasible across languages and modalities,373

enabling weaker, context-blind judges to reliably374

supervise stronger, expert models.375

We first show that model disagreements emerge,376

particularly in complex tasks, making supervision377

challenging. Specifically, we systematically collect378

discordant predictions, analysing different mod-379

els’ outcomes (§4.1). We then demonstrate that,380

through Debate and Consultancy, it is possible to381

supervise the performance of models consistently382

and that the judge model, through dialectics, is383

able to evaluate arguments and reach an accurate384

final answer (§4.2). Furthermore, the traces that385

led the judge to the final judgement could serve386

as reasoning signals to refine expert models in an387

unsupervised way (§4.3). At a glance, our findings388

indicate that: (i) Debate differs across the tasks;389

indeed, in cultural and knowledge-intensive ones,390

the disagreement rate is higher than in math tasks.391

(ii) Debate that operates via Dialectic is an effective392

solution for oversight reasoning, enabling robust ac-393

curacy; and (iii) tuning models via signals produced394

via Dialectical Argumentation, traces and enhances395

their performance in an unsupervised way.396

4.1 Disagreements Evaluation397

Disagreements between expert models vary depend-398

ing on the task type and difficulty.399

We evaluate expert disagreement across four400

tasks and collect the proportion of questions on401

which models do not agree (Argumentation Set)2.402

Figure 2 reports disagreements for every model pair403

used. In general, differences emerge across task404

types. Knowledge-intensive and vision-based tasks405

have higher disagreement values than mathemat-406

ical and general reasoning tasks (i.e., MathVista407

and MMMU). Table 1 summarises the baseline408

2Examples in Appendices U, V

performance of our five expert models. GPT-4.1 409

consistently outperforms the other models, except 410

for MathVista, where Llama-3.2-V surpasses GPT- 411

4.1. Molmo-D performs significantly worse than 412

other models that generally have comparable per- 413

formance. 414
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36.8 40.3 39.6 42.2 56.3 46.2 53.7 63.2 60.2 59.7

31.8 36.2 35.6 33.2 49.1 36.3 55.2 57.5 51.6 58.4

18.2 26.5 30.1 29.6 32.3 30.3 34.6 49.7 52.3 56.6

GPT-4
.1

vs
Llam

a-V

GPT-4
.1

vs
Dee

pS
ee

k-V

GPT-4
.1

vs
Qwen

-V

Llam
a-V

vs
Qwen

-V

Llam
a-V

vs
Dee

pS
ee

k-V

Dee
pS

ee
k-V

vs
Qwen

-V

M
olm

o-D
vs

GPT-4
.1

M
olm

o-D
vs

Dee
pS

ee
k

M
olm

o-D
vs

Llam
a-3

.2-
V

M
olm

o-D
vs

Qwen
-2.

5-V

MKQA

World-Cuisine

MathVista

MMMU 0

20

40

60

80

Score

Figure 2: Heatmap percentage of disagreements be-
tween models on the dataset introduced in §3.

This correlates with the disagreement percent- 415

ages shown in Figure 2. Indeed, it emerges that 416

lower-accuracy models achieve higher disagree- 417

ment with others, whereas higher-accuracy mod- 418

els tend to disagree less. Specifically, Molmo-D 419

achieves the highest disagreement rate with all 420

other models, in contrast to GPT-4.1, which per- 421

forms very strongly, tends to be less at odds with 422

other models, particularly Llama-3.2-V, which per- 423

forms very well across all tasks. 424

Models MKQA World-
Cuisines

MMMU Math
Vista

GPT-4.1 55.9 90.5 74.8 76.2
Llama-3.2-V 54.2 82.3 68.4 76.9
Qwen2.5-V 44.5 67.8 70.3 66.7
DeepSeek-V 41.2 62.0 59.2 61.8
Molmo-D 38.6 55.9 56.3 57.1

Table 1: Overall accuracies on task introduced in §3.1.

4.2 Dialectic Argumentations as Oversight 425

Oversight through Dialectic Argumentation en- 426

ables the judge to make accurate judgments and 427

achieve improvements. Table 2 shows average 428

scores on the disagreement set where Debate and 429

Consultancy consistently yield higher-quality an- 430

swers than individual baselines. Moreover, judge 431

accuracy in Debate consistently exceeds Consul- 432

tancy. Figure 3 summarises the accuracies for all 433

pairings under Consultancy and Debate. In general, 434

the models show comparable mean performance 435

(blue and red bars); differences emerge for GPT-4.1 436
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Figure 3: Overall accuracies for MKQA, Word-Cuisines (W-Cuisines), MMMU, and MathVista. Model pairings are
displayed at the top of every subplot. The Consultancy for each model is hatched, and the Debate is in grey.

and for Llama-3.2-V. These differences are system-437

atically reflected after Consultancy and Debate.438

Models Baseline Consultancy Debate

GPT-4.1 72.6 78.2(+5.6) 84.4 (+11.8)
Llama-3.2-V 69.3 73.5(+4.2) 82.7 (+13.4)
Qwen2.5-V 60.5 71.0 (+10.5) 80.2 (+19.7)
DeepSeek-V 63.5 70.8(+7.3) 79.6 (+16.1)
Molmo-D 50.9 57.0(+6.1) 76.2 (+25.3)

Table 2: Average performances on Disagreement Set.

In contrast to Adhikari and Lapata (2025), which439

reports the judge’s accuracy as sensitive to the pre-440

cise model combinations, we find that Dialectic Ar-441

gumentation as a judging mechanism makes more442

conspicuous gains. Moreover, for strong expert443

pairings with close gaps (GPT-4.1 vs Llama-3.2-V),444

the judge model improves outcomes in Debate. The445

same occurs when one expert is strong while the446

other is weak (GPT-4.1 vs Molmo-D or DeepSeek).447

Specifically, in both Debate cases, the judge’s di-448

alectic argument rewards correct predictions by the449

stronger model and by the weaker model that the450

stronger model mispredicts. The Debate also ben-451

efited from weak model pairings. In Qwen2.5-V452

vs Molmo-D or vs DeepSeek, Debate gets around453

80%, except for MKQA, where average perfor-454

mance was lower. As regards the Consultancy, we455

observed improvement across all tasks; however,456

in the weaker models, the rate of improvement was457

lower for reasoning-based tasks.458

Finally, we observe a consistent increase in win459

rate with Debate (Table 4). For all models, the win460

rate is significantly higher than the baseline, with461

gains of up to +25 points, as in Molmo-D.462

Models Dialectic Argumentative
Consult. Debate Consult. Debate

GPT-4.1 77.4/106 85.2/138 74.8/158 78.3/208
Qwen2.5-V 47.3/98 52.6/137 46.3/176 49.1/205
Molmo-D 46.9/95 57.2/152 46.3/123 54.6/201

Table 3: Accuracies/average generation length on Math-
Vista using Argumentative and Dialectic.

Model Base.Consultancy ∆ Debate ∆ WinR (%)

GPT-4.1 72.6 78.2 +5.6 84.4 +11.8 84.4
Llama-3.2-V 69.3 73.5 +4.2 82.7 +13.4 82.7
Qwen-2.5-V 60.5 71.0 +10.5 80.2 +19.7 80.2
DeepSeek-V 63.5 70.8 +7.3 79.6 +16.1 79.6
Molmo-D 50.9 57.0 +6.1 76.2 +25.3 76.2

Table 4: Average win-rate and ∆ on disagreement sets.

Dialectic The Dialectic mechanism yields effec- 463

tive results for alternative argumentation proto- 464

cols. Table 3 shows the performance of Debate and 465

Consultancy using the protocol introduced in (Ad- 466

hikari and Lapata, 2025), named as ’Argumenta- 467

tive’. Dialectic performs significantly better. Table 468

18 shows that the average generations are shorter 469

with higher accuracies, while Appendix Q employs 470

special metrics to demonstrate the effectiveness 471

of Dialectic Debate. This reinforces the proposed 472

protocol’s functionality as a control that integrates 473

easily with existing models. The results suggest 474

that providing the judge with Dialectic offers a ro- 475

bust and economical approach to getting a higher- 476

quality assessment than related techniques. Finally, 477

we compared our method with self-correction and 478

CoT heuristics. Table 9 (Appendix M) shows that 479

the Dialectic protocol brings benefits in terms of 480

performance and generation length. 481
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Model BorderLines Real-MM-RAG
Llama-3.2-V (+SFT) 49.6 (+2.8) 38.2 (+2.8)

CoT(+tuning) 58.6(+4.8) 50.5 (+7.2)
Consultancy 62.8 40.7
Debate 72.6 58.4

Qwen-2.5-V (+SFT) 37.8 (+2.8) 32.8 (+2.8)
CoT(+tuning) 40.6(+4.2) 32.4 (+5.2)

Consultancy 42.5 35.0
Debate 48.2 36.7

DeepSeek-V (+SFT) 46.4 (+2.8) 40.2 (+2.8)
CoT(+tuning) 49.2 (+4.8) 43.0 (+5.0)

Consultancy 48.0 41.4
Debate 50.1 42.5

Molmo-D (+SFT) 28.2(+2.8) 14.9 (+2.8)
CoT(+tuning) 33.2 (+3.6) 20.4(+5.6)

Consultancy 32.2 21.7
Debate 36.0 33.4

Table 5: Accuracy for baseline and after tuning on rea-
soning traces from SFT, Consultancy and Debate.

4.3 Tuning with Dialectic Traces482

Following related work, we employ reasoning483

traces extracted from both Consultancy and De-484

bate, and tune expert models using both protocols.485

As described in §3.1, we evaluate the tuned models486

on two additional tasks: BorderLines and MM-487

RAG, which we selected because they are similar488

to knowledge-intensive and multimodal reasoning-489

based tasks. Table 5 (detailed in Appendices L,490

O) shows that Debate and Consultancy signals are491

functional for improving the performance of expert492

models, achieving results comparable to SFT and493

CoT, with the difference that the tuning is unsuper-494

vised (details Appendix F).495

5 Related Work496

As LLMs become increasingly powerful, verify-497

ing the correctness of their outputs becomes chal-498

lenging for both humans and models. Debate has499

been proposed as a protocol for scalable oversight,500

where weaker judges supervise stronger experts501

by evaluating their arguments (Irving et al., 2018).502

This approach has been tested in human–LLM in-503

teractions on multiple-choice question-answering504

(QA) benchmarks (Bowman et al., 2022). Expand-505

ing on these ideas, Khan et al. (2024) and Kenton506

et al. (2024) investigate debates involving more ca-507

pable models on long-form QA (Pang et al., 2022)508

and formalise the notion of a weak judge, a model509

with limited information that must base its decision510

solely on the experts’ arguments. In this setting,511

experts are assigned variants of the same model512

and required to defend them, enabling oversight513

without direct access to the ground truth. Another 514

line of work is the Multi-Agent Debate (MAD) 515

framework (Du et al., 2023), where multiple agents 516

debate to reach consensus. Following extensions 517

encourage novelty to avoid majority bias (Estor- 518

nell and Liu, 2024), collaborative problem-solving 519

(Estornell et al., 2025), and specialise models on 520

debate-generated data to advance diversity (Sub- 521

ramaniam et al., 2025). While Choi et al. (2025); 522

Smit et al. (2024); Wynn et al. (2025) highlighted 523

MAD limitations, showing that it does not always 524

guarantee truth-seeking or outperform simpler ag- 525

gregation methods, the paradigm remains valuable 526

because it offers a mechanism for externalising 527

model reasoning, providing an accessible approach 528

in single-agent settings. Even when it fails to de- 529

liver the correct outcome, the interaction exposes 530

argumentative trajectories and failure modes that 531

would otherwise remain latent, functioning as a 532

tool for hallucination, overconfidence, or reward- 533

hacking behaviours. Moreover, by framing reason- 534

ing as a contest of claims and counterclaims, De- 535

bate aligns evaluation with established practices in 536

epistemological reasoning, providing judges with a 537

basis to assess explanations. 538

Adhikari and Lapata (2025) explores the Debate 539

on multimodal English-based tasks using argument 540

theory as a criterion, and following Subramaniam 541

et al. (2025) employ the model’s judgment as a rea- 542

soning trace to enhance expert performances. To 543

extend prior work, we explore the Debate frame- 544

work in a multilingual and multimodal context. We 545

then propose a reasoning mechanism based on Di- 546

alectic Argumentation to enhance judges’ ability to 547

analyse possible scenarios during debate, reaching 548

a robust and grounded-in-principles judgment. We 549

conduct a detailed experiment comparing scenarios, 550

tasks and methods to demonstrate the functioning 551

of the proposed method and its task-agnostic na- 552

ture. 553

6 Conclusion 554

We introduce Dialectic Argumentation as a princi- 555

pled extension of Debate for multilingual and mul- 556

timodal oversight. Our protocol yields robust deci- 557

sions and achieves consistent gains, outperforming 558

previous approaches across various tasks. More- 559

over, dialectic judgments provide argumentation- 560

mediated supervision: experts’ tuning to these 561

traces transfers reasoning signals across tasks and 562

modalities, improving performance without addi- 563

tional labels. 564

8



Limitations565

Our current framework presents a grounded and566

scalable methodology for achieving robust AI over-567

sight. Crucially, however, the successful deploy-568

ment of this approach is contingent upon the mod-569

els’ inherent capability to execute intricate instruc-570

tions, such as those required for our Debate and571

Consultancy protocols. This includes the ability572

to produce veridical image descriptions and artic-573

ulate coherent, relevant, and well-substantiated ar-574

guments. It is essential to recognise that these575

prerequisites are necessary, yet not entirely suf-576

ficient: an AI may generate an articulate argu-577

ment while simultaneously exhibiting deceptive578

behaviour or presenting factually incorrect infor-579

mation (i.e., hallucinations). While we have de-580

liberately maintained a context-blind adjudication581

process to enforce premise-based rigour, future re-582

search endeavours should explore integrating con-583

trolled, auditable glimpses of the raw inputs or584

implementing stronger grounding checks to tether585

textual claims directly to the visual evidence.586
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A Judge Instructions

Judge Instructions

# Task
You are the Judge of a debate where two participants defend contrasting answers to the same question based on
source material you cannot access directly (e.g., image, document, table, scene). Decide which answer is better
justified after challenge and reply, using only what the debaters state. Your decision follows the # Dialectic
Guidelines.

# Dialectic Guidelines
Apply a single dialectic principle: a statement is valid only to the extent that its reasons hold up to targeted
challenge.

1. Grounding. Rely only on premises explicitly presented as observations from the source (e.g., position,
colour, quantity, spatial relations, textual content, measurements). Do not invent facts; treat narrative or
speculation as weak unless tied back to stated observations.

2. Issue Fixing. State, in one sentence, what each answer claims with respect to <QUESTION>, and identify
who bears the positive case (who must show their answer fits the source).

3. Reconstruction. For each side, list the premises (faithful paraphrases) and the conclusion. Mark premises
that are (i) clearly source–grounded, (ii) plausible and coherent with that side’s other premises, and (iii)
internally consistent.

4. Challenge–Reply Discipline. Identify specific challenges: note the targeted premise or inference
and whether the move is a counter–reason (supports the rival answer) or a link–attack (questions how
premises support the conclusion). Expect direct, specific replies; unanswered specific challenges reduce
the probative force of the targeted point.

5. Decisive Support Filter. Retain only premises that are (a) clearly source–grounded, (b) mutually
consistent, and (c) either unchallenged or adequately defended. Discard vague, speculative, inconsistent,
or undefended points.

6. Sufficiency Under Challenge. A side meets sufficiency if its remaining premises, taken together and
after challenges, make its answer more likely than not for <QUESTION>. If both meet sufficiency, prefer
the side whose case is more resilient (fewer unresolved specific challenges, tighter premise–conclusion
fit, no internal tension). If neither meets sufficiency, choose the side that minimises unresolved error; if
abstention is permitted, return “not proven”.

7. Closure Constraint. No new evidence may be introduced in closing.

# Input

• Question: <QUESTION>

• Answer 1: <ANSWER_1>

• Answer 2: <ANSWER_2>

• Transcript: <TRANSCRIPT>

# Expected Output

1. Premises by side: short bullet list for each participant.

2. Challenge–Reply Ledger: who challenged what; which challenges remained unanswered.

3. Verdict Rationale: 2–4 sentences explaining why the winner’s surviving premises are sufficient after
challenge.

4. Answer: <paste the winning answer text or label exactly as given>
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B Debaters Instructions

Debater (R1)

# Task
You are an expert model <NAME>. In a previous conversation, you were asked a question, which you
answered. Now, you will receive: (i) the question <QUESTION>, (ii) your answer <MODEL_ANSWER_1>.
Your goal is to explain, in simple terms, why you gave that answer, using premises, conclusions, and clari-
fications. A Judge, who can see only the question, will evaluate you solely based on your arguments. Your
arguments should be based on premises and observations based on the content that you can see, which can
allow you to explain your rationale. Follow the provided # Instructions to respond to the Judge.

# Instructions This is the start of Round 1 of the Debate. Now it’s your turn to look at the image, the question,
your answer and form logical arguments using observations (premises) from the image.

• Give a short reply (2–3 sentences) showing your reasoning.

• Mention the premises you relied on, how they connect, and if any assumptions were made that are
relevant to the question "<QUESTION>".

• Use these premises, form logical arguments to support your previous answer
(<ANSWER_DEFENDING>).

• If you realise part of your previous answer may be weak or wrong, explain this openly.

# Input

• Question: <QUESTION>

• Answer 1: <ANSWER_1>

• Transcript: <TRANSCRIPT>

# Output format

• #Premises: short list of the main points you used.

• #Explanation: answers to the guideline questions (2–3 sentences each).

• #Answer: keep or refine your original answer, with a one-sentence justification.
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C Debaters Instructions (Round 2)

Debater (R2)

# Task
You are an expert model <NAME>. You will receive: (i) the question <QUESTION>, (ii) your defended answer
<ANSWER_DEFENDING>, and (iii) the Round 1 transcript <TRANSCRIPT_R1>. Provide a Round 2 rebuttal that
addresses your opponent’s claims and strengthens your own case, grounding every point in observations you
can make from the source (e.g., image).

# Instructions

• Locate agreements and disputes. From <TRANSCRIPT_R1>, list in brief (i) points you accept and (ii)
points you dispute.

• Targeted challenges. For each disputed point by<OPPONENT_NAME>, state precisely what you contest (a
premise or the link from premise to conclusion) and give source-grounded counter-observations (position,
colour, number, spatial relations, text in image, etc.).

• Tighten your case. Restate your key premises succinctly, show how they connect to support
<ANSWER_DEFENDING>, and explain why they withstand the opponent’s specific challenges.

• Concede narrowly if needed. If an opponent’s point is partly correct, concede the valid part, limit its
scope, and show why it does not overturn your conclusion.

• No speaking for the opponent. Refer to their claims only to quote or paraphrase what you rebut; do not
invent new claims for them.

• Grounding only. Do not introduce world knowledge unless it is strictly used to interpret explicit source
observations. Avoid speculation.

# Input

• Question: <QUESTION>

• Your Answer: <ANSWER_DEFENDING>

• Opponent: <OPPONENT_NAME>

• Round 1 Transcript: <TRANSCRIPT_R1>

# Output format (concise)

• #Agreements / #Disagreements: bullet list (one line each).

• #Targeted Challenges: for each disputed point, cite the opponent’s claim and give your counter-
observation(s).

• #Premises: short list of your surviving premises and how they connect.

• #Answer: keep or refine <ANSWER_DEFENDING> with a one-sentence justification.
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D Reasoning Trace Extractor Instructions

Reasoning Trace Extractor

# Task
Write an answer to <QUESTION> as if you could see the source (e.g., image), producing a clear, observation-
grounded explanation. You cannot access the source directly; you have the judge’s decision and the debate
materials. Use them to reconstruct the necessary observations and reasoning, but do not mention the debate, the
judge, or the process in your final answer.

# Materials Provided

• Question: <QUESTION>

• Candidate Answers: <ANSWER_1>, <ANSWER_2>

• Debater Descriptions (optional): <DESCRIPTION_A>, <DESCRIPTION_B>

• Judge’s Decision and Rationale: <JUDGEMENT>

# Private Draft Steps
Enclose the following steps within <think>...< /think > and do not include them in the final output.

1. Extract the premises used by the judge to reach the decision.

2. From the debater descriptions, list observations relevant to the decided answer.

3. Merge and filter the above to obtain a minimal, consistent set of observations that alone can explain the
decided answer.

4. Plan a short explanation that cites only concrete observations (e.g., positions, colours, numbers, spatial
relations, text in image) and the logical link from these observations to the answer.

# Output format (final, public)

• #Answer: state the answer text exactly as it should appear.

• #Explanation: 3–6 sentences grounded in observations, written as if you could see the source; avoid
mentioning debaters, transcripts, or the judge; avoid speculation not tied to observations.
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E Training Setup

To evaluate the impact of reasoning trace on mod-
els (§2), we use the signals generated as described
in §2. We fine-tuned all the models for 3 epochs
with a batch size of 16. For Llama-3.2-11B, we use
a learning rate equal to 1e-5 with a 0.001 weight
decay. For Qwen2.5-VL-7B, we use the same con-
figurations, but with a learning rate of 2e-5 and
a 0.002 weight decay. Finally, for Molmo-D and
DeepSeek-V-7B, we use a learning rate equal to
1e-5 with a 0.002 weight decay. We used these pa-
rameters after conducting some probe experiments.
We choose the generation temperature for deter-
ministic outputs, with a maximum token length
fixed to 2048. The other parameters are left un-
changed as recommended by the official resources.
We use four 48GB NVIDIA RTXA600 GPUs for
all experiments.

F Data Setup

The training dataset was constructed by extracting
2, 2K balanced samples from the Argumentation
Set. The debate was then conducted, and the debate
traces were extracted as discussed in §2. To have
a balanced set, we included knowledge-intensive
multilingual questions from MKQA, vision-based
monolingual questions from MMMU and Math-
Vista, and multilingual questions from World-
Cuisines in the evaluation. To enable comparison,
we trained the models in a supervised manner using
the same number of tuning samples. In the SFT
configuration, we used the final labels, whereas in
the CoT version, we used gold reasoning traces
from models elicited via CoT.

G Models Vesions
Model Version
Llama-3.1-8B meta-llama/Llama-3.1-8B-Instruct
Llama-3.1-
11B-V

meta-llama/Llama-3.2-11B-Vision-
Instruct

DeepSeek-vl-
7b-base

deepseek-ai/deepseek-vl-7b-base

Qwen2.5-VL-
7B

Qwen/Qwen2.5-VL-7B-Instruct

Molmo-7B-D allenai/Molmo-7B-D-0924
GPT-4o OpenAI API
GPT-4.1 (vi-
sion)

OpenAI API

GPT-4o-mini OpenAI API

Table 6: Models proposed in this work, which can be
found on huggingface.co/OpenAI API. We used the con-
figurations described in Appendix H in the repositories
for each model *(access to the following models was
verified on 5.10.2025).

H Model and Hyperparameters

As introduced in §3.2, we use different LLMs.
GPT-4 is used via API, while for the others, we
used versions detailed in Table 6. Our choices are
related to reproducibility and the cost associated
with non-open-source models. Finally, the gener-
ation temperature used varies from τ = 0 of GPT
models to τ = 0.5 of Llama models. We choose
these temperatures for (mostly) deterministic out-
puts. The other parameters are left unchanged as
recommended by the official resources. Our selec-
tion of models and hyperparameters was informed
by comprehensive experimentation and by insights
from our previous work.

I Argumentation Set Construction

To build the Argumentation Set, we follow the pro-
cedure introduced in §2. We then evaluate the gen-
erations using a cross-strategy, where, in the first
step, we match two answers provided from two dif-
ferent models to see if the model explicitly produce
different outputs. We then do a further check using
GPT-4o-mini as the judge (following prompt).

#Role:
You are an experienced expert skilled in answering
complex task and evaluating models answers.
#Task:
Given the following answers and the
<MODEL1_ANSWER1> <MODEL2_ANSWER2>
and the <TARGET_ANSWER>. if the answers differ
from each other and if the final target is different,
respond with ’1’, otherwise, respond with ’0’. Please,
do not provide any other answer beyond ‘0’ or ‘1’.

J Dataset Used
Model Version
MKQA apple/mkqa
World-Cuisines worldcuisines/vqa
MMMU MMMU/MMMU
MathVista AI4Math/MathVista
BorderLines borderlines/bordirlines
REAL-MM-RAG ibm-research/REAL-MM-

RAG_FinReport
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K Proposed Task
Dataset / Paper Task Languages #Languages #Samples

MKQA M. Knowledge-
intensive QA

English, Spanish, German, Italian, Portuguese, Russian, Chinese,
Korean, Thai, Japanese, Finnish, Arabic

12 1080

MMMU Multimodal QA English 1 800
MathVista Multimodal QA English 1 800

WorldCuisines M. Multimodal QA English, Spanish, Chinese, Arabic, Hindi, French, Japanese, Korean,
Thai, Vietnamese, Portuguese, Indonesian

12 1200

BorderLines M. Knowledge-
intensive QA

English, Russian, Chinese, Arabic, Spanish, German, French, Korean,
Hindi, Turkish, Japanese, Portuguese, Italian, Thai, Vietnamese,
Indonesian, Swahili, Ukrainian, Polish, Dutch, Bengali, Urdu, Malay,
Persian, Greek, Hebrew, Czech, Hungarian, Finnish, Swedish, Danish,
Norwegian, Romanian, Bulgarian, Serbian, Croatian, Slovak, Slovenian,
Estonian, Lithuanian, Latvian, Filipino, Burmese, Tamil, Telugu,
Kannada, Gujarati, Afrikaans, Amharic, Hausa

49 100

MM-RAG Multimodal
Knowledge-
intensive

English 1 200

Table 7: Languages present in datasets and papers considered in this work. We denote question-answering tasks as
(QA) and Multilingual as (M). For the Multilingual task, we select an equal number of samples for each language.

L Tuning Samples details
Dataset Task #Languages #Samples
MKQA M. Knowledge-intensive QA 12 684
MMMU Multimodal QA 1 275

MathVista Multimodal QA 1 388
WorldCuisines M. Multimodal QA 12 692

Table 8: Samples used for tuning phase (multilingual QA, we used the same number of samples per language).

M Comparison with CoT, Argumentative Debate and Dialectic Debate

Task Method Tokens Accuracy Acc/100 Tok

MKQA

Baseline 82 54.3 66.3
Single-model CoT 175 56.7 32.4
Self-correction 196 61.0 38.5
Argumentative Debate 228 60.5 26.5
Dialectic Debate 149 70.2 47.1

WorldCuisines

Baseline 89 56.8 63.8
Single-model CoT 182 58.9 32.4
Self-correction 186 64.6 29.2
Argumentative Debate 209 63.1 30.2
Dialectic Debate 140 71.8 51.3

MMMU

Baseline 78 52.9 67.8
Single-model CoT 168 55.7 33.1
Self-correction 188 60.1 30.0
Argumentative Debate 216 61.0 28.2
Dialectic Debate 141 69.5 49.3

MathVista

Baseline 90 56.1 62.3
Single-model CoT 187 60.2 32.2
Self-correction 130 63.0 44.4
Argumentative Debate 207 62.0 29.9
Dialectic Debate 138 71.2 51.6

Table 9: Comparison of reasoning methods across tasks using Llama-3.2-V.
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N Experiment on BorderLines

We used BorderLines (Li et al., 2024) as a multilin-
gual knowledge-intensive task. This resource poses
questions concerning disputed territories, which
take the form Is Place P a territory of
Country X or Country Y?. These questions
are in English, language X and Y (are the languages
spoken in the countries) and a target or controller
value indicates the country that controls the P. To
study the disagreements in different models, we
selected a small set consisting of 100 instances (50
questions in English, 25 in language X, and 25 in
language Y). As an evaluation score, we use accu-
racy; hence, we calculate the percentage of times
the model generates matches to the target answer,
defined as the controller. In contrast to (Ranaldi
et al., 2025), which estimated percentages by count-
ing a value defined as agreement, we determined
overall accuracy by treating the task as open-ended
QA. In Table 10, we can see that there is a differ-
ence between the accuracies in non- and English.

Model English Not English
Llama-3.2-V 60% 52%
- Consultancy 78% 76%
- Debate 89% 88%
DeepSeek-V 64% 57%
- Consultancy 81% 78%
- Debate 91% 90%
Qwen2.5-V 64% 59%
- Consultancy 82% 75%
- Debate 87% 82%
Molmo-D 55% 51%
- Consultancy 75% 70%
- Debate 81% 77%

Table 10: Percentage of correct answers in English and
Other languages on BorderLines.

O Ablation Argumentative vs Dialectic

Metric Argumentative Dialectic (ours)

Average Accuracy (%) 61.7 70.7
Avg. Response Length (tok.) 215 142
Relative Gain (%) – +14.6

Table 11: Performance comparison between the Argu-
mentative and Dialectic protocols. The dialectic frame-
work yields higher accuracy with substantially shorter
responses, demonstrating more efficient and control-
lable inference.

P Judge Performances

In the experiments reported in this paper, we em-
ployed Llama-3.1-8B-Instruct as the judge model
of the framework. We present the performance of
different models on MathVista for both Debate and
Consultancy on GPT-4.1 vs Llama-3.2-V. We ob-
serve that the chosen model performs significantly
better than its rivals with the same parameter count
and underperforms larger models (Llama-70B and
Qwen-32B) by only a few percentage points.

Models Debate Consultancy

GPT-4o 63.1 72.4
Qwen3-32B 64.9 73.0
Llama-3-70B 65.3 72.8

Llama3-8B 63.7 72.5
DeepSeek-V 63.7 68.2
Qwen2.5-7B 59.8 66.9

Table 12: Judges performances on MathVista.

Q Qualitative Metrics

To investigate why the Dialectic framework yields
performance gains, we introduce three metrics to
capture dynamics beyond outcomes. Premise Sur-
vival Rate (PSR) measures the proportion of ini-
tially advanced premises that remain after the judge
applies the decisive support filter, quantifying the
degree of argumentative compression.Unanswered
Challenge Rate (UCR) captures the fraction of
targeted challenges that remain unresolved at the
end of the debate, providing a measure of robust-
ness and resistance to critical scrutiny. Finally, the
Groundedness Score (GS) estimates the extent to
which the judge’s rationale is grounded in explicit
observations (textual, spatial, quantitative, or visual
cues), as opposed to generic or speculative reason-
ing. These metrics enable attribution of perfor-
mance improvements to stricter premise filtering,
resolution of objections, and stronger grounding.
We reported scores on GPT-4.1 vs Llama-V, using
50 sample per task.

Protocol PSR ↓ UCR ↓ GS ↑

- Argumentative (MKQA) 0.72 0.41 0.58
- Dialectic (MKQA) 0.46 0.17 0.81
- Argumentative World-C 0.72 0.41 0.58
- Dialectic World-C 0.46 0.17 0.81
- Argumentative MathVista 0.72 0.41 0.58
- Dialectic MathVista 0.46 0.17 0.81
- Argumentative MMMU 0.72 0.41 0.58
- Dialectic MMMU 0.46 0.17 0.81

Table 13: Qualitative metrics for Debate.
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R Detailed Results on MKQA

Language Baseline Debate Consultancy

MKQA

English 60.9 73.8 74.4
German 54.0 71.4 72.6
Italian 52.7 68.4 71.6
Spanish 56.2 68.6 70.9
Finnish 31.3 60.4 65.3
Portuguese 53.4 69.1 69.8
Russian 43.6 64.3 65.5
Chinese 40.0 57.2 60.8
Arabic 30.0 49.4 56.0
Japanese 36.3 44.0 49.1
Korean 26.1 41.3 49.6
Thai 20.3 26.3 33.4

Table 14: Baseline, Debate and Consultancy results for
GPT-4.1 on MKQA.

Language Baseline Debate Consultancy

MKQA

English 58.0 71.0 71.6
German 51.5 68.5 70.0
Italian 50.0 66.0 69.0
Spanish 53.5 66.0 68.0
Finnish 29.0 57.5 62.5
Portuguese 51.0 66.5 67.5
Russian 41.0 61.5 63.0
Chinese 37.5 54.5 58.0
Arabic 27.5 47.0 53.0
Japanese 34.0 41.5 47.0
Korean 24.0 39.0 47.0
Thai 18.0 24.5 31.0

Table 15: Baseline, Debate and Consultancy results for
Llama-3.2-V on MKQA.

S Detailed Results (Pt. 2)

Language Baseline Debate Consultancy

MKQA

English 56.2 69.2 69.8
German 49.8 66.5 68.0
Italian 48.0 64.0 67.0
Spanish 51.5 64.0 66.0
Finnish 27.2 55.5 60.0
Portuguese 49.0 64.5 65.5
Russian 39.0 59.5 61.0
Chinese 35.5 52.5 56.0
Arabic 25.5 45.0 51.0
Japanese 32.0 39.5 45.0
Korean 22.0 37.0 45.0
Thai 16.0 22.5 29.0

Table 16: Baseline, Debate and Consultancy results for
Qwen-2.5-V on MKQA.

Language Baseline Debate Consultancy

MKQA

English 55.5 68.4 69.0
German 49.0 65.5 67.0
Italian 47.3 63.0 66.0
Spanish 50.7 63.0 65.0
Finnish 26.5 54.5 59.0
Portuguese 48.2 63.5 64.5
Russian 38.2 58.5 60.0
Chinese 34.8 51.5 55.0
Arabic 24.8 44.0 50.0
Japanese 31.2 38.5 44.0
Korean 21.3 36.0 44.0
Thai 15.3 21.5 28.0

Table 17: Baseline, Debate and Consultancy results for
DeepSeek-V on MKQA.
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T Detailed Results Tokens vs Accuracy

Model Task Protocol Avg Tokens Accuracy Acc/100 Tok

GPT-4.1

MKQA Argumentative Debate 228 60.5 26.5
Dialectic Debate 149 70.2 47.1

WorldCuisines Argumentative 212 82.3 38.8
Dialectic 140 89.5 63.9

MMMU Argumentative 217 68.4 31.5
Dialectic 143 75.8 53.0

MathVista Argumentative 208 78.3 36.9
Dialectic 138 85.2 60.2

Average Argumentative / Dialectic 217 / 143 70.5 / 78.1 32.7 / 54.8

Llama-3.2-V

MKQA Argumentative 227 44.5 19.6
Dialectic 150 55.0 36.7

WorldCuisines Argumentative 209 67.8 32.4
Dialectic 141 74.9 53.1

MMMU Argumentative 215 70.3 32.7
Dialectic 142 76.5 53.9

MathVista Argumentative 207 66.7 32.2
Dialectic 138 72.4 52.5

Average Argumentative / Dialectic 215 / 143 62.3 / 69.7 29.2 / 49.1

Qwen-2.5-V

MKQA Argumentative 225 41.2 18.3
Dialectic 149 52.0 34.9

WorldCuisines Argumentative 208 62.0 29.8
Dialectic 139 68.1 49.0

MMMU Argumentative 214 59.2 27.7
Dialectic 141 65.5 46.4

MathVista Argumentative 205 49.1 30.1
Dialectic 137 52.6 49.1

Average Argumentative / Dialectic 213 / 142 56.1 / 63.2 26.5 / 44.9

DeepSeek-V

MKQA Argumentative 233 38.6 16.6
Dialectic 153 49.9 32.6

WorldCuisines Argumentative 213 55.9 26.2
Dialectic 144 62.9 43.6

MMMU Argumentative 221 56.3 25.5
Dialectic 146 63.0 43.2

MathVista Argumentative 210 57.1 27.2
Dialectic 140 64.0 45.7

Average Argumentative / Dialectic 219 / 146 52.0 / 59.7 23.9 / 41.3

Molmo-D

MKQA Argumentative 230 54.2 23.6
Dialectic 152 64.0 42.1

WorldCuisines Argumentative Debate 209 63.1 30.2
Dialectic Debate 140 71.8 51.3

MMMU Argumentative Debate 216 61.0 28.2
Dialectic Debate 141 69.5 49.3

MathVista Argumentative Debate 201 54.6 29.9
Dialectic Debate 152 57.2 51.6

Average Argumentative / Dialectic 215 / 142 61.7 / 70.7 28.7 / 49.8

Table 18: Results accuracy vs average generated token across models, tasks and protocols (given the different
tokenizers, we consider words as the minimal units).
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U Debate (R1 → R2 → Judge) on BORDERLINES

Question (QEn). Is “Sixty-Four Villages East of the River” a territory of A) Russia or B) Republic of China?
Debaters. Debater A defends B) Republic of China (incorrect). Debater B defends A) Russia (correct).
Available sources.
[1] Left (north) bank of the Amur; Manchu/Daur/Han; Russian historiography calls the district Zazeysky.
[2] Treaty of Aigun (1858) ceded lands north of the Amur to Russia; residents could stay on Russian territory; in 1900
Russia sent troops to occupy 64 villages; today most of the territory is in Blagoveshchensky/Tambov (Amur Oblast).
[3] Treaty of Peking: Russia “not allowed to occupy” where Chinese live/fish/hunt; Chinese may continue by usage;
1900 pretext for troops.
[4] 1900 pogroms in the villages; loss of residency for Chinese; increased Russian control.
[5] Boxer Rebellion background.

Round 1 — Debater A (defends B: Republic of China).
Premises. P1: [3] bars Russian “occupation” where Chinese lived/used land; usage continues.
P2: [2] “sent troops to occupy 64 villages”⇒ suggests prior non-Russian status.
P3: [4] pogroms + loss of residency of Qing subjects⇒ originally Chinese communities.
Argument (2–3 sentences). If Russia was barred from occupying Chinese-inhabited places and only “sent troops to
occupy” in 1900, the villages were not Russian territory to begin with. The inhabitants were Qing subjects and expulsions
imply a forcible takeover rather than standing sovereignty. Hence, the territory should belong to China’s successor state.
Round 1 — Debater B (defends A: Russia)
Premises. P1: [2] Aigun (1858) ceded lands north of the Amur to Russia; Chinese/Manchu residents remained on
Russian territory.

P2: [1] Villages are on the left/north bank; district called Zazeysky.
P3: [2] Current status: within Blagoveshchensky/Tambov districts (Amur Oblast).
P4: [4] 1900 events increased Russian control inside that region.
Argument (2–3 sentences). Sovereignty over the north bank transferred to Russia in 1858, with residents allowed to
remain as residents of Russian territory. The 1900 “occupation” refers to military action during unrest, not proof of
Chinese title. Location, treaty language, and present administration jointly indicate Russia.

Round 2 — Rebuttal
A→ B (agreements/challenges). Agrees: north bank location; Manchu/Daur/Han residents.
C1: If Aigun ceded the area, why does [3] bar Russian occupation where Chinese lived?
C2: “Current status” [2] does not settle historical sovereignty; “sent troops to occupy” reads as seizure.
B→ A (concessions/replies). Concedes: Qing subjects; [3] protects usage/occupancy rights.
R1 (to C1): Aigun settles sovereignty; Peking preserves usage without reversing title—[2] says residents remained on
Russian territory.
R2 (to C2): “Sent troops to occupy” (1900) denotes pacification/expulsion amid the Boxer crisis; [4] frames the result as
increased Russian control (assumes existing Russian sphere).
R3 (to A’s P3): Atrocities/loss of residency concern treatment of residents, not transfer of title.

Judge Decision
Premises by side.

A (China): A-P1 [3] non-occupation clause; A-P2 [2] “sent troops to occupy”; A-P3 [4] pogroms/loss of residency.
B (Russia): B-P1 [2] Aigun cession + residents on Russian territory; B-P2 [1] north bank + Zazeysky; B-P3 [2] present

administration; B-P4 [4] increased control.
Challenge–Reply Ledger.

A→B C1: Answered by R1 (sovereignty vs usage). A→B C2: Answered by R2 (1900 as military action, not initial
title). B→A R3: No specific counter beyond restatement.
Verdict Rationale. B’s treaty-based sovereignty (Aigun), geographic placement (north bank), and current administrative
incorporation survive targeted challenges; A’s points concern usage and 1900 conduct, not underlying title, and are met
with precise replies. Therefore, the better-justified answer is A) Russia.
#Answer: A) Russia

Table 19: Compact debate and qualitative judging for “Sixty-Four Villages East of the River” using only retrieved
passages. Models involved in the debate are GPT-4.1 and Llama-3.2-V.
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V Debate (R1 → R2 → Judge) on Italian Dessert Identification
Question. How do people in Italy identify this dish?

Debaters. Debater A defends Zabaione (incorrect). Debater B defends Tiramisù (correct).
Available visual cues (from the image). Single-serving glass bowl set on a white plate; thick, pale cream filling reaching
the rim; a dusting of cocoa on top; a ladyfinger (savoiardo) partly embedded on the surface; two teaspoons; candle and
red placemat as background. Surface shows a soft mousse-like layer without whipped peaks.

Round 1 — Debater A (defends Zabaione).
Premises. P1: The cream is pale yellow, consistent with egg-yolk–based zabaione. P2: Served warm desserts often
come in bowls; a dusting of cocoa can be an optional garnish. P3: The presentation is simple and could be mistaken
for zabaione in a coppa.
Argument (2–3 sentences). The yellowish custard-like appearance suggests a yolk-forward dessert typical of zabaione.
Cocoa can be added as a finishing touch, and a biscuit on top is not unheard of. Therefore, this bowl likely contains
zabaione.
Round 1 — Debater B (defends Tiramisù).
Premises. P1: A savoiardo (ladyfinger) is visibly placed on top—canonical for tiramisù. P2: There is a distinct
cocoa dusting over the cream layer, a standard tiramisù finish. P3: The cream appears as mascarpone-based mousse
rather than a foamy custard; no signs of warm service or frothy whisked texture typical of zabaione. P4: Tiramisù is
commonly served in cups/bowls as individual portions in Italy.
Argument (2–3 sentences). The savoiardo and cocoa-dusted mascarpone layer are diagnostic cues of tiramisù. The
texture looks set and creamy, not airy or foamy as in whisked zabaione. Hence, Italians would identify this as tiramisù.

Round 2 — Rebuttals.
A → B (agreements/challenges). Agrees that cocoa and biscuit are present. C1: Yellow tone implies egg-based
zabaione; cocoa is not exclusive to tiramisù. C2: A single biscuit on top could be merely a garnish, not evidence of
layered tiramisù.
B→ A (concessions/replies). Concedes colour alone is non-diagnostic. R1 (to C1): The surface shows a level, set
cream with cocoa—classical tiramisù finishing; zabaione typically appears foamy with visible micro-bubbles from
whisking. R2 (to C2): The biscuit is specifically a savoiardo, the signature component of tiramisù; its inclusion
alongside cocoa aligns with standard plating of individual tiramisù portions; warm zabaione is usually served plain or
with berries/cookies on the side, not cocoa-dusted.

Judge Decision (qualitative; challenge-and-reply).
Premises by side.

A (Zabaione): colour resembles egg custard; cocoa and bowl are compatible with zabaione; biscuit could be generic
garnish.

B (Tiramisù): presence of savoiardo; cocoa-dusted top; set mascarpone-like cream; individual-cup serving typical of
tiramisù.
Challenge–Reply Ledger.

A’s colour argument is answered by B’s texture-specific point (set cream vs foamy custard). A’s “generic garnish”
claim is answered by B noting the savoiardo is the canonical biscuit of tiramisù, paired with cocoa finish.
Verdict Rationale. B’s case relies on diagnostic morphology: the savoiardo plus cocoa-dusted, set mascarpone layer
together are characteristic of tiramisù and withstand A’s generic-custard reading. A’s cues (colour, bowl) are non-specific
and do not explain the biscuit–cocoa pairing. Therefore, the better-justified identification is Tiramisù.
#Answer: Tiramisù

Table 20: Compact Debate and judging for an Italian dessert. Models involved in the Debate are GPT-4.1 and
Qwen-2.5-V.
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