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Abstract
The evaluation of Large Language Models
(LLMs) remains challenging due to inconsis-
tency, bias, and the absence of transparent
decision criteria in automated judging. We
present Debate, Deliberate, Decide (D3), a
cost-aware, adversarial multi-agent framework
that orchestrates structured debate among role-
specialized agents (advocates, a judge, and
an optional jury) to produce reliable and in-
terpretable evaluations. D3 instantiates two
complementary protocols: (1) Multi-Advocate
One-Round Evaluation (MORE), which elicits
k parallel defenses per answer to amplify signal
via diverse advocacy, and (2) Single-Advocate
Multi-Round Evaluation (SAMRE) with bud-
geted stopping, which iteratively refines argu-
ments under an explicit token budget and con-
vergence checks.

We develop a probabilistic model of score gaps
that (i) characterizes reliability and conver-
gence under iterative debate and (ii) explains
the separation gains from parallel advocacy.
Under mild assumptions, the posterior distri-
bution of the round-r gap concentrates around
the true difference and the probability of mis-
ranking vanishes; moreover, aggregating across
k advocates provably increases expected score
separation. We complement theory with a rig-
orous experimental suite across MT-BENCH
(Zheng et al., 2023), ALIGNBENCH (Liu et al.,
2024), and AUTO-J (Li et al., 2023), show-
ing state-of-the-art agreement with human judg-
ments (accuracy and Cohen’s κ), reduced posi-
tional and verbosity biases via anonymization
and role diversification, and a favorable cost–
accuracy frontier enabled by budgeted stop-
ping. Ablations and qualitative analyses isolate
the contributions of debate, aggregation, and
anonymity.

Together, these results establish D3 1 as a princi-
pled, practical recipe for reliable, interpretable,
and cost-aware LLM evaluation.
1Code Available at: https://github.com/

abirharrasse/D3-Judge

1 Introduction

The rapid proliferation of Large Language Models
(LLMs) (Brown et al., 2020) has created significant
challenges in evaluating their increasingly complex
capabilities, particularly in open-ended generation
tasks (Celikyilmaz et al., 2021). Traditional auto-
mated metrics such as BLEU (Papineni et al., 2002)
and ROUGE (Lin, 2004) fail to capture semantic
coherence, factual accuracy, or alignment with hu-
man values (Callison-Burch et al., 2006; Mathur
et al., 2020). Consequently, human evaluation re-
mains the gold standard (Howcroft et al., 2020), but
its high cost, slow turnaround, and inherent subjec-
tivity make it impractical for iterative development
cycles (Liang et al., 2023). This has motivated the
“LLM-as-a-Judge” paradigm (Zheng et al., 2023;
Kim et al., 2024), where powerful LLMs evaluate
other models’ outputs, showing promising align-
ment with human preferences. Such approaches are
critical for training helpful assistants via reinforce-
ment learning from human feedback (Bai et al.,
2022; Christiano et al., 2023; Ziegler et al., 2020)
and building aligned language assistants (Askell
et al., 2021). However, single LLM judges are
susceptible to positional bias, verbosity bias, and
self-enhancement bias (Wang et al., 2023; Mehrabi
et al., 2022). Multi-agent approaches like ChatE-
val (Chan et al., 2024) and PRD (Li et al., 2024)
mitigate these through diverse personas and peer
discussion, yet critical gaps remain: insufficient
empirical rigor across diverse benchmarks, lack of
dedicated bias auditing methodologies, and cost-
agnostic designs despite computational expense
being a fundamental adoption barrier. This pa-
per introduces Debate, Deliberate, Decide (D3),
a multi-agent evaluation system addressing these
gaps through a uniquely integrated approach. Our
contributions are:

1. Courtroom-inspired architecture with ex-
plicit Advocate/Judge/Juror role specializa-
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Figure 1: The D3 system routes pairwise evaluations through structured adversarial debate. Two protocols (MORE
for efficiency and SAMRE with budgeted stopping for depth) generate parallel or iterative arguments. A Judge
provides criteria-based scoring to guide refinement. A diverse jury panel independently evaluates the anonymized
debate transcript and renders a final verdict, with ties broken by the Judge’s cumulative score.

tion and structured adversarial debate proto-
cols.

2. Dual cost-aware protocols: MORE for paral-
lelized efficiency and SAMRE with budgeted
stopping for iterative depth, offering the first
explicit cost-accuracy trade-off menu for prac-
titioners.

3. Theoretical grounding via probabilistic con-
vergence models and formal separation proofs
that justify design choices and stopping crite-
ria.

4. Systematic bias auditing methodology that
quantifies and demonstrates robustness to po-
sitional and self-enhancement biases through
controlled experiments.

5. Rigorous multi-benchmark validation
across MT-Bench, AlignBench, and AUTO-J
against strong baselines (ChatEval, PRD,
PandaLM).

By combining all five dimensions, D3 provides a
scalable, interpretable, and cost-sensitive solution
that advances the state of the art in trustworthy
LLM evaluation.

2 The Debate, Deliberate, Decide (D3)
Framework

2.1 Agent Architecture and Role
Specialization

The D3 framework employs three specialized agent
roles, each fulfilled by an LLM guided by specific
instructional prompts. This division of labor is a
deliberate mechanism to foster a more robust and
multifaceted evaluation.

• Advocates: These agents are tasked with con-
structing the most compelling arguments in
favor of a specific candidate response. For a
given question and two answers, two sets of
advocates work independently. Their objec-
tive is not to be impartial but to be persuasive,
focusing on criteria such as factual accuracy,
relevance, depth, and clarity. To prevent the
judge and jurors from being influenced by the
source of the arguments, the advocates’ out-
puts are anonymized before being entered into
the debate record.

• Judge: This agent acts as a moderator and
facilitator of the debate. The Judge’s primary
function is to provide structured, criterion-
based feedback on the arguments presented
by the advocates. It scores each side’s defense
on a predefined rubric (e.g., Relevance, Ac-
curacy, Reasoning). This scoring serves as a
signal for iterative refinement in multi-round
debates and as a tie-breaking mechanism in
the final decision.

• Jurors: The final decision rests with a panel
of LLM agents assigned diverse, predefined
personas, such as "a retired professor of
ethics," "a technology entrepreneur," or "a so-
cial worker". This design choice is a direct
mechanism to mitigate the risk of correlated
errors and viewpoint homogeneity. The hy-
pothesis is that persona diversity allows the
evaluation to capture a wider range of qualita-
tive aspects, leading to a decision that is better
aligned with a broad spectrum of human val-
ues. We validated the robustness of persona
selection by testing 50 diverse personas across
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varying domains; details in Appendix G.1.

2.2 The Adversarial Debate Protocols
D3 incorporates two distinct protocols to manage
the debate, allowing users to select an approach
that best fits their needs for speed, cost, and depth
of analysis.

• Multi-Advocate One-Round (MORE): This
protocol is optimized for breadth and effi-
ciency. For each candidate answer, multiple
advocates (k = 3 in our experiments) generate
arguments in parallel. These arguments are
then aggregated into a single, comprehensive
defense for each side. The Judge evaluates
these two consolidated defenses in a single
round. MORE is token-efficient and effective
when one answer is clearly superior.

• Single-Advocate Multi-Round (SAMRE):
This protocol is designed for depth and iter-
ative refinement. A single advocate for each
answer engages in a turn-based debate over
multiple rounds. In each round, advocates use
the Judge’s feedback and their opponent’s ar-
gument from the previous round to refine their
position. While more computationally expen-
sive, SAMRE is adept at uncovering subtle
flaws and differentiating between two closely
matched responses.

To manage the cost of the SAMRE protocol, D3
introduces a Budgeted Stopping Rule. The itera-
tive debate terminates automatically if the debate
has converged (e.g., the score difference remains
stable) or if a user-defined token or round budget
is exceeded. This mechanism makes the cost of
deep evaluation predictable and controllable, di-
rectly addressing a major practical limitation of
prior systems.

2.3 Deliberation and Aggregation
The final phase of the D3 process ensures that the
verdict is based on a comprehensive review of all
evidence generated during the debate.

1. Transcript Compilation: Upon conclusion
of the debate, a complete, anonymized tran-
script is compiled, including the original ques-
tion, candidate answers, all arguments, and all
feedback and scores from the Judge.

2. Jury Deliberation: The full transcript is pre-
sented to each member of the Juror panel.

Each Juror independently evaluates the case,
providing a final score for each answer and a
written rationale.

3. Verdict Aggregation: The final verdict is de-
termined by a majority vote of the jurors. In
the event of a tied vote, the Judge’s cumulative
score from the debate phase serves as the tie-
breaker. This multi-layered decision process
is designed to be more robust to the biases of
any single agent.

3 Theoretical Framework

Definition 1 Gap Distribution and Bayesian Up-
date. We model the gap δr at round r as a Beta-
distributed random variable. The debate is a se-
quence of trials where "success" at round r means
δr > δr−1. With prior Beta(α0, β0) and wr cumu-
lative successes up to round r, the posterior is:

δr ∼ Beta(α0 + wr, β0 + r − wr)

The expected gap is E[δr] = αr
αr+βr

with variance
decreasing at rate O(1/r), signifying increasing
confidence.

Theorem 1 (Probabilistic Convergence) If the
expected gap converges to a true differentiation
level ∆ > 0, then for any tolerance ϵ > 0:

lim
r→∞

P (|δr −∆| < ϵ) = 1.

Proof: See Appendix C.1. □
Posterior dynamics and concentration. The
round-r gap follows δr ∼ Beta(α0 +wr, β0 + r−
wr) with posterior mean

E[δr] =
α0 + wr

α0 + β0 + r

and concentration bound

P (δr ≥ 1− ϵ) ≥ 1− 4 ·Var(δr)
ϵ2

.

Theorem 2 Score-Separation via Parallel Advo-
cacy For k independent defenses fi,j per answer
and judge scoring functional g(·):

E
[∣∣∣∣max

j
g(f1,j)−max

j
g(f2,j)

∣∣∣∣
]

> E[|g(f1)− g(f2)|] .
8378



Proof: See Appendix C.2. □
These results formalize how iterative debate con-

centrates uncertainty while parallel defenses am-
plify signal.

3.1 Comparative Analysis of Debate Protocols
We analyze the theoretical advantages of the multi-
advocate (MORE) protocol compared to single-
advocate, iterative (SAMRE) approaches. Let Q,
A, D be spaces of questions, answers, and argu-
ments. An advocate is f : Q×A×A → D, and
a judge is g : D → R. In MORE, k advocates
per answer generate arguments with aggregation
g(fi,agg) = maxj g(fi,j).

Theorem 3 (Multi-Advocate Superiority) If su-
perior answer scores stochastically dominate infe-
rior ones, then:

E[|g(f1,agg)− g(f2,agg)|] > E[|g(f1)− g(f2)|].

Proof: See Appendix C.3. □

4 Experimental Design for Rigorous
Validation

4.1 Benchmarks and Evaluation Tasks
We evaluate on three benchmarks targeting differ-
ent LLM capabilities:

• MT-Bench: 80 multi-turn conversational
questions testing general-purpose helpfulness
and instruction-following (Zheng et al., 2023).

• AlignBench: 683 alignment-focused ques-
tions covering helpfulness, harmlessness, and
ethical reasoning (professionally translated to
English) (Liu et al., 2024).

• AUTO-J: 58 real-world scenarios with 3,436
pairwise comparisons spanning creative writ-
ing, technical explanation, and diverse task
domains (Li et al., 2023).

4.2 Models and Comparative Baselines
We employ a diverse set of LLMs across two
roles. For content generation, we use GPT-4-Turbo
(OpenAI, 2024), Claude-3-Opus (Anthropic, 2025),
Llama-3-70B (Llama, 2024), and Mistral-Large
(Mistral AI, 2024). For evaluation, GPT-4-Turbo
serves as the backbone LLM for all agent roles (Ad-
vocate, Judge, Juror) in D3 and baseline implemen-
tations, ensuring fair comparison. We additionally
run experiments with Llama-3-70B (Llama, 2024)

Objective Subjective
60

65

70

75

80

85

M
T-

Be
nc

h 
Ac

cu
ra

cy
 (

%
)

+0.5% +5.7%

Single Judge D3-MORE (No Personas) D3-MORE (Personas)

Figure 2: Persona Effectiveness by Task Type. Per-
sonas improve performance on subjective tasks (+5.7%)
but provide minimal gains on objective tasks (+0.5%).

as evaluator to assess framework performance with
open-source models and provide cost-effective al-
ternatives.

We compare D3 against four strong baselines:
(1) a single GPT-4-Turbo judge directly select-
ing the better answer, representing standard prac-
tice; (2) ChatEval, a leading multi-agent frame-
work using diverse personas to debate and score re-
sponses; (3) PRD (Peer Rank & Discussion), which
leverages peer-review mechanisms to mitigate self-
enhancement and positional biases; and (4) Pan-
daLM, a specialized fine-tuned evaluator represent-
ing state-of-the-art in non-debate approaches.

4.3 Core Metrics and Bias Audits

We measure accuracy and Cohen’s Kappa (κ)
for agreement with human judgments, with Kappa
correcting for chance agreement on skewed distri-
butions. Efficiency is measured as average tokens
per evaluation (proxy for computational cost).
Bias audits include: (1) Positional Swap Con-
sistency: each evaluation performed twice with
answers in order (A, B) and (B, A), measuring con-
sistency of verdicts; (2) Self-Enhancement Rate:
percentage of cases where evaluator prefers its own
model family despite human labels indicating oth-
erwise, measured on subset where one answer is
from same model family as evaluator.

5 Results and In-Depth Analysis

5.1 Persona Sensitivity Analysis

We validate our persona design through compre-
hensive ablation studies. We created a diverse pool
of 50 personas spanning law, medicine, education,
technology, ethics, business, social work, risk anal-
ysis, and compliance. We conducted 10 exper-
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iments using random 5-persona subsets on MT-
Bench (120 questions), observing 85.9% ± 0.7%
accuracy, compared to 86.1% with our curated set
and 82.7%±1.1% with generic jurors. This demon-
strates that persona conditioning provides a con-
sistent +3.2% gain (p < 0.01) while remaining
robust to specific persona choice.

Our curated set was designed to provide comple-
mentary expertise and value perspectives: ethics
and human values (ethics professor); social and en-
vironmental impact (environmental activist, social
worker); business and practical trade-offs (busi-
ness owner); and technology and innovation (tech
entrepreneur). Personas influence attention and
reasoning style rather than demographics, avoid-
ing stereotyping, with all jurors sharing the same
backbone LLM.

5.2 Task-Type Analysis: Objective
vs. Subjective Tasks

We performed category-level analysis on MT-
Bench to understand when personas provide value.
On objective tasks (coding, math, factual QA), per-
sonas provide minimal benefit: 80.6% vs. 80.1%
for D3-MORE without personas (+0.5%). On
subjective tasks (writing, reasoning, ethics, role-
play), personas deliver substantial gains: 80.9%
vs. 75.2% (+5.7%). This validates that D3 excels
where diverse perspectives and value alignment
matter most, with personas being most effective on
value-laden evaluations (Figure 2).

5.3 D3 Achieves State-of-the-Art Agreement
with Human Judgments

As shown in Table 1, both variants of the D3 outper-
form all baselines across the three diverse bench-
marks. The D3-MORE protocol, designed for effi-
ciency, surpasses the next best baseline, ChatEval
(Chan et al., 2024), by a significant margin on all
datasets. For instance, on MT-Bench (Zheng et al.,
2023), D3-MORE achieves an accuracy of 85.1%,
representing a 12.6% absolute improvement over
the standard Single Judge baseline and a 6.9% im-
provement over ChatEval. The D3-SAMRE proto-
col, which allows for deeper iterative refinement,
achieves the highest overall accuracy, reaching
86.3% on MT-Bench. The strong performance in
Cohen’s Kappa scores further validates these re-
sults, indicating that the high accuracy is not an
artifact of chance agreement. This consistent out-
performance across benchmarks covering general
conversation, alignment, and diverse real-world
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Figure 3: The Cost-Accuracy Pareto Frontier. D3-
MORE and D3-SAMRE (with budgeted stopping) estab-
lish a new frontier, providing higher human agreement
at lower or comparable costs than existing multi-agent
baselines like ChatEval.

scenarios demonstrates the robustness and general-
izability of the D3 architecture.

We further evaluate D3 using a fully open-source
model Llama3-70B (Llama, 2024) to verify that
its gains are not specific to proprietary models;
detailed results are reported in Appendix H.

5.4 Characterizing the Cost-Versus-Accuracy
Frontier

D3-MORE achieves 85.1% accuracy at ∼ 3, 050
tokens ($0.31), delivering +6.9% higher accu-
racy than ChatEval at comparable cost (35.8 to-
kens/accuracy point) (Figure 3). It also outper-
forms PRD by +8.3% accuracy at lower cost. D3-
SAMRE reaches 86.3% accuracy with mean cost
of 4.65× single judge due to iterative debate; how-
ever, 58% of debates stop by round 2 via budgeted
stopping, with actual mean of 2.71 rounds (not
maximum 5). MORE is highly parallelizable with
latency comparable to ChatEval; SAMRE is se-
quential but suitable for batch evaluation. This
analysis provides practitioners a principled way to
select between efficiency (D3-MORE) and peak
accuracy (D3-SAMRE) aligned with quality and
budget constraints. See Table 2 for complete com-
parison.

5.5 Protocol Selection Guidelines
We provide empirical guidance for selecting be-
tween D3 protocols. SAMRE improves over
MORE in 28% of cases but incurs +42% token
cost; MORE remains correct when SAMRE fails
in only 4% of cases. SAMRE excels on multi-turn
reasoning, ethical trade-offs, roleplay requiring nu-
ance, and cases with initial judge score gaps < 25
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Framework MT-Bench AlignBench AUTO-J

Acc. (%) Kappa (κ) Acc. (%) Kappa (κ) Acc. (%) Kappa (κ)

Single Judge 72.5 0.45 68.0 0.42 70.3 0.44
ChatEval 78.2 0.52 75.1 0.49 76.5 0.51
PRD 76.8 0.50 74.3 0.48 75.8 0.50
PandaLM 75.5 0.49 73.0 0.46 74.1 0.48
D3-MORE (Ours) 85.1 0.58 82.3 0.55 83.9 0.57
D3-SAMRE (Ours) 86.3 0.60 83.5 0.57 85.2 0.59

Table 1: Main performance comparison of evaluation frameworks. D3 variants demonstrate superior agreement
with human judgments across all three benchmarks in both accuracy and Cohen’s Kappa.

Framework Accuracy (%) Avg. Tokens Tokens/Acc. Cost

Single Judge 72.5 850 11.7 $0.09
PandaLM 75.5 1,100 14.6 $0.11
ChatEval 78.2 2,800 35.8 $0.28
PRD 76.8 3,100 40.4 $0.31
D3-MORE 85.1 3,050 35.8 $0.31
D3-SAMRE 86.3 4,650 53.9 $0.47

Table 2: Cost-Accuracy Analysis: D3 Framework Performance vs. Baselines (MT-Bench)

points. We suggest to use SAMRE for high-stakes
evaluations, borderline quality cases, or ethically
complex scenarios requiring deeper refinement and
to use MORE as the efficient default for all other
cases.

5.6 Disentangling Ensemble Effects from
Persona-Based Gains

We conduct a 4-way ablation study on MT-Bench
to decompose the contributions of multi-juror en-
sembles and persona-based evaluation (Table 3).

• Ensemble Effect Dominates: Scaling from
a single juror to five jurors yields the largest
gain (+8.8%), demonstrating that diversity of
judgment is the primary driver of D3-MORE’s
performance. Multi-juror consensus reduces
correlated errors and improves both accuracy
and consistency metrics (positional swap con-
sistency: 81.7% → 90.1%, Cohen’s κ: 0.45
→ 0.54).

• Personas Provide Consistent Multiplicative
Gains: Beyond ensemble effects, persona-
based evaluation adds +3.8% accuracy (sta-
tistically significant, p < 0.01). Critically,
this persona effect is consistent across all jury
sizes (k=1, 3, 5, 7), with personas providing a

stable 3–4% boost independent of ensemble
size.

• Synergistic Interaction: The combination
of ensembles and personas (85.1%) exceeds
their individual contributions, with personas
enabling smaller juries to match larger ho-
mogeneous ones (k=5 with personas ≈ k=7
without personas, 85.1% vs. 83.2%), suggest-
ing efficient allocation of computational re-
sources.

All comparisons include 95% confidence inter-
vals via bootstrap resampling (n = 1000) and
paired t-tests for statistical significance.

5.7 Budgeted Stopping and Cost Efficiency
Analysis

Analysis of 1,200 SAMRE evaluations shows 58%
converge by round 2 (Figure 4), maintaining 92%
accuracy while reducing token consumption 40%
versus fixed 5-round debates. Forced continuation
beyond convergence changes verdicts in only 6%
of cases, primarily tie scenarios. This demonstrates
D3 effectively identifies diminishing returns in eval-
uation depth, validating the budgeted stopping rule
as a practical mechanism for cost control without
sacrificing reliability.
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Configuration Accuracy (%) Pos. Swap Consist. (%) Cohen’s κ

Single juror, no persona 72.5 81.7 0.45
Single juror, with persona 74.8 83.2 0.47
Multi-juror (k=5), no personas 81.3 90.1 0.54
Multi-juror (k=5), with personas 85.1 94.8 0.58

Table 3: Ablation Study. Decomposing Ensemble and Persona Effects on MT-Bench

Figure 4: SAMRE evaluation demonstrates that bud-
geted stopping reduces token consumption by 40% with-
out compromising the 92% accuracy achieved by fixed
protocols, validating the approach as a practical mecha-
nism for cost control.

5.8 Interpretability Analysis

We quantify interpretability through concrete met-
rics on 500 juror rationales.

1. Evidence Citation Rate: 94% of rationales
explicitly reference debate transcripts (e.g.,
“Advocate A argued that...”, “In round 3, the
rebuttal addressed...”).

2. Rationale Diversity: persona-guided jurors
show 2.2× higher perspective diversity than
generic jurors (0.31 vs. 0.67 average pairwise
cosine similarity of embeddings).

3. Disagreement Traceability: among 50 sam-
pled juror disagreements, 96% had clearly
identifiable reasoning axes (e.g., accuracy vs.
comprehensiveness, safety vs. helpfulness).

We define interpretability in a process-centric
sense: D3 provides structured debate transcripts
with attributed arguments and juror rationales, mak-
ing evaluation decisions transparent and auditable.
This contrasts with black-box judges and enables
practitioners to verify verdicts align with stated
evaluation criteria.

6 Related Work

6.1 LLM-as-a-Judge

Using a strong language model to evaluate the out-
puts of other models has become a central paradigm
in modern LLM assessment (Brown et al., 2020).
Prior work has shown that models such as GPT-4
can achieve high agreement with human prefer-
ences, enabling scalable evaluation without exten-
sive manual annotation (Zheng et al., 2023; Kim
et al., 2024). Widely used benchmarks including
MT-Bench and Chatbot Arena operationalize this
paradigm through pairwise comparisons judged by
a single LLM (Zheng et al., 2023).

Despite its practicality, the single-judge
paradigm is known to suffer from systematic
failure modes, including positional bias, verbosity
bias, and preference leakage from prompt structure
(Wang et al., 2023; Mehrabi et al., 2022). Recent
work has further shown that LLM judges may
inadvertently encode information about the
evaluated model or task context, leading to biased
or unstable evaluations (Li et al., 2025). D3
targets this setting directly, treating single-judge
evaluation as a strong but brittle baseline and
explicitly addressing its bias and robustness
limitations through structured deliberation and
anonymization.

6.2 Multi-Agent Debate for Evaluation

Motivated by the limitations of single-judge eval-
uation, several works have explored multi-agent
debate as a mechanism for approximating collec-
tive human judgment (Hong et al., 2024). ChatEval
(Chan et al., 2024) introduced the idea of a referee
team composed of LLM agents with distinct per-
sonas who debate before reaching a final verdict,
demonstrating improved correlation with human
judgments. PRD (Peer Rank and Discussion) (Li
et al., 2024) further refined this approach by empha-
sizing peer-review-style discussion to mitigate self-
enhancement and positional biases (Wang et al.,
2023).
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More recent work has expanded this line of re-
search. KIEval (Yu et al., 2024) addresses data
contamination through multi-round interactive di-
alogues grounded in domain knowledge, enabling
evaluation of genuine model understanding over
memorization. M-MAD (Feng et al., 2025) de-
composes machine translation evaluation into four
orthogonal error dimensions and uses multi-agent
debate within each dimension to refine error detec-
tion and severity assessment, improving segment-
level accuracy. In parallel, Zhang et al. (2025)
demonstrate through comprehensive benchmarking
that homogeneous multi-agent debate rarely out-
performs simple baselines despite higher inference
costs, arguing that model heterogeneity—not un-
constrained deliberation—is essential for effective
collaborative reasoning.

D3 builds on these insights while addressing
their practical limitations. Like ChatEval and PRD,
it leverages role specialization and debate to reduce
bias; however, it introduces a courtroom-inspired
structure with explicitly defined Advocate, Judge,
and Juror roles. Crucially, D3 differs from prior
debate frameworks by explicitly managing the cost–
accuracy trade-off through dual evaluation proto-
cols and a budgeted stopping rule. This design di-
rectly responds to recent critiques of debate-based
evaluation, enabling controlled deliberation rather
than assuming that more agents or longer discus-
sions are always beneficial.

6.3 Specialized Evaluator Models
An alternative to prompt-based or debate-driven
evaluation is to train specialized models that act
as judges (Christiano et al., 2023; Ziegler et al.,
2020; Bai et al., 2022). PandaLM exemplifies this
approach as an open-source evaluator trained on
human preference data to produce consistent and
reproducible judgments (Wang et al., 2024). Sim-
ilarly, Prometheus aims to replicate GPT-4-level
evaluation when conditioned on explicit evaluation
criteria (Kim et al., 2024).

Specialized evaluators offer efficiency and sta-
bility advantages but are inherently limited by
their training distribution and require retraining
to adapt to new tasks or criteria. Recent analyses in
2025 have further highlighted their vulnerability to
preference leakage and overfitting to benchmark-
specific annotation styles (Li et al., 2025; Mari-
oriyad et al., 2025). In our experiments, PandaLM
serves as a strong non-debate baseline, allowing us
to isolate the contribution of D3’s deliberative pro-

cess and show that structured, budget-aware debate
can outperform even a highly optimized evaluator
model.

6.4 Automated Evaluation Benchmarks

This work relies on the substantial community ef-
fort devoted to building robust evaluation bench-
marks (Liang et al., 2023). MT-Bench provides a
standardized benchmark for general conversational
ability (Zheng et al., 2023), while AlignBench of-
fers a comprehensive multidimensional evaluation
of alignment in Chinese, which we adapt for our
study (Liu et al., 2024). AUTO-J (Li et al., 2023)
introduces large-scale evaluation across 58 real-
world scenarios using GPT-4 judgments, enabling
broad empirical coverage.

These benchmarks build on earlier work in
automated metrics such as BLEU and ROUGE
(Papineni et al., 2002; Lin, 2004), as well as
long-standing critiques of their correlation with
human judgment (Callison-Burch et al., 2006;
Mathur et al., 2020). Human evaluation protocols
(Howcroft et al., 2020; Celikyilmaz et al., 2021)
and task-specific benchmarks such as SQuAD (Ra-
jpurkar et al., 2016) have further shaped modern
evaluation methodology. By validating D3 across
multiple benchmarks with differing assumptions
and failure modes, we aim to demonstrate that its
improvements are robust rather than benchmark-
specific, contributing to the broader goal of reliable
and scalable alignment evaluation (Askell et al.,
2021).

7 Conclusion

D3 addresses critical gaps in LLM evaluation
through structured, cost-aware multi-agent debate.
Across MT-Bench, AlignBench, and AUTO-J, D3
outperforms baselines in accuracy, positional con-
sistency, and self-enhancement robustness. D3-
MORE provides efficiency comparable to ChatEval
while achieving +8.3% higher accuracy than PRD.
D3-SAMRE with budgeted stopping achieves high-
est accuracy at 4.65× single-judge cost, with 58%
of debates converging by round 2. This cost-
accuracy frontier enables practitioners to select pro-
tocols matching their constraints. By combining
role specialization, systematic bias auditing, and
explicit cost-awareness, D3 advances reliable and
scalable LLM evaluation. Future work could ex-
plore automated role generation and distillation
methods to further democratize access to high-
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fidelity evaluation.

8 Limitations

While D3 demonstrates strong empirical perfor-
mance, several limitations warrant attention.

Computational Cost. Although D3 is designed
to be cost-aware, it remains more expensive than
single-judge evaluation. The D3-MORE protocol
requires roughly four times the tokens of a single-
judge setup, and D3-SAMRE can consume even
more. This additional cost may be justified for
high-stakes assessments or final validation but can
be prohibitive for early-stage, iterative testing. The
cost–accuracy frontier in Section 5.4 aims to make
this trade-off explicit.

Persona Design and Fairness. Our diverse juror
personas provide empirical benefits (Section 5.1)
but require responsible fairness management. Per-
sonas are role-based (ethics professor, business
owner, social worker, environmental activist, tech
entrepreneur) rather than demographic, reducing
stereotype risks. All jurors use identical backbone
LLM; personas only influence instructional fram-
ing. Section 5.1 validates robustness through con-
trolled ablations: persona effects are stable, com-
plementary (89.5% cross-persona agreement), and
free of demographic bias (effect sizes < 0.04).
Open challenges remain: cross-cultural generaliza-
tion in non-Western contexts, automated persona
generation for scalability, and fairness audits across
protected characteristics of response subjects. Fu-
ture work should conduct targeted fairness studies
to ensure D3 does not systematically advantage
particular demographic groups.

Dependence on Underlying Models. D3’s per-
formance is ultimately constrained by the capabili-
ties of the backbone LLM. Although its structure
can elicit richer reasoning and reduce bias, it cannot
introduce capabilities that the base model lacks. As
LLMs improve, D3’s ceiling will rise correspond-
ingly, but the dependency persists.

Scalability and Practical Use. Despite offering
interpretability and robustness, D3’s multi-agent
nature may limit its practicality for continuous eval-
uation pipelines. Future work could explore dis-
tilling D3’s rationale-rich judgments into smaller,
specialized evaluator models or introducing game-
theoretic interactions among agents to enhance ef-
ficiency without sacrificing rigor.
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A Note on AI assistance

AI assistance was used for code development and
improving the phrasing of the manuscript, while
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B Algorithms

Algorithm 1 Multi-Advocate One-Round Evalua-
tion (MORE)

1: Initialize advocates A1 = {A11, ..., A1k} for
Answer 1, A2 = {A21, ..., A2k} for Answer 2.

2: Initialize defenses D1 ← ∅, D2 ← ∅.
3: for i = 1 to k do ▷ Parallel argument

generation
4: d1i ← GenerateArgument(A1i,Answer 1)
5: D1 ← D1 ∪ {d1i}
6: d2i ← GenerateArgument(A2i,Answer 2)
7: D2 ← D2 ∪ {d2i}
8: end for
9: D1,agg ← AggregateDefenses(D1)

10: D2,agg ← AggregateDefenses(D2)
11: Compile transcript T with aggregated de-

fenses.
12: V ← ∅ ▷ Jury deliberation
13: for each Juror Ci in panel do
14: vi ← Vote(Ci, T )
15: V ← V ∪ {vi}
16: end for
17: winner← AggregateVotes(V ) ▷ Tie-break

with Judge’s score if needed
18: return winner

Algorithm 2 Single Advocate Multi-Round Evalu-
ation (SAMRE) with Budgeted Stopping

1: Initialize advocates A1, A2, Judge J , Jurors
{C1, ..., Cm}, max rounds Rmax, budget B.

2: Initialize transcript T0 ← ∅, scores S ← [].
3: for r = 1 to Rmax do
4: dr1, d

r
2 ←

GenerateArguments(A1, A2, Tr−1) ▷
Advocates update arguments

5: sr1, s
r
2, F

r ← Evaluate(J, dr1, d
r
2) ▷ Judge

scores and gives feedback
6: S.append((sr1, s

r
2))

7: Tr ← Tr−1 ∪ {dr1, dr2, sr1, sr2, F r}
8: if CheckConvergence(S, ϵ) or

TokenCost(Tr) > B then
9: break

10: end if
11: end for
12: V ← ∅ ▷ Jury deliberation on final transcript
13: for i = 1 to m do
14: vi ← Vote(Ci, Tr)
15: V ← V ∪ {vi}
16: end for
17: winner← AggregateVotes(V ) ▷ Tie-break

with Judge’s final score
18: return winner
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C Proofs

C.1 Proof of Theorem 1 (Probabilistic
Convergence)

Proof: The theorem states that if
limr→∞ E[δr] = ∆ > 0, then δr converges
in probability to ∆. We want to show
limr→∞ P (|δr −∆| < ϵ) = 1 for any ϵ > 0.

We use the triangle inequality: |δr −∆| ≤ |δr −
E[δr]|+ |E[δr]−∆|. For the event {|δr−∆| ≥ ϵ}
to occur, it must be that either {|δr−E[δr]| ≥ ϵ/2}
or {|E[δr]−∆| ≥ ϵ/2}.

By the assumption of convergence of the mean,
for any ϵ > 0, there exists an N1 such that for
all r ≥ N1, |E[δr] − ∆| < ϵ/2. So the second
condition does not hold for large r.

Now consider the first condition. By Cheby-
shev’s inequality:

P (|δr − E[δr]| ≥ ϵ/2) ≤ Var(δr)
(ϵ/2)2

=
4Var(δr)

ϵ2
.

The variance of the Beta posterior is Var(δr) =
αrβr

(αr+βr)2(αr+βr+1)
. Since αr + βr = α0 + β0 + r,

the denominator grows as O(r3), while the nu-
merator αrβr grows at most as O(r2). Thus,
Var(δr) = O(1/r), and limr→∞ Var(δr) = 0.

Therefore, limr→∞ P (|δr − E[δr]| ≥ ϵ/2) = 0.
Since both sources of deviation become arbitrar-
ily small, limr→∞ P (|δr − ∆| ≥ ϵ) = 0, which
completes the proof. □

C.2 Proof of Theorem 2 (Score-Separation via
Parallel Advocacy)

Proof: Let g(fi,j) be the score of the j-th advo-
cate for answer ai. Let Gi be the random vari-
able representing the score of a single advocate for
answer ai. In the multi-advocate framework, the
aggregated score is Mi = max(Gi,1, ..., Gi,k).

We assume that answer a1 is superior to a2, for-
malized by stating that the cumulative distribution
function (CDF) of G1, denoted F1(x), first-order
stochastically dominates (FOSD) the CDF of G2,
denoted F2(x). That is, F1(x) ≤ F2(x) for all x,
and the inequality is strict for some x. This implies
E[G1] > E[G2].

The CDF of the maximum of k i.i.d. samples
from Gi is FMi(x) = (Fi(x))

k. Since F1(x) ≤
F2(x) for all x, it follows that (F1(x))

k ≤
(F2(x))

k. This means that M1 also FOSD-
dominates M2, and thus E[M1] > E[M2].

Furthermore, the operation of taking the maxi-
mum tends to stretch the upper tail of a distribution.

The improvement from taking the maximum is ex-
pected to be greater for the stochastically larger
distribution (G1). Formally, E[M1] − E[G1] ≥
E[M2]− E[G2]. This leads to a greater separation
in expected scores:

E[M1−M2] = E[M1]−E[M2] > E[G1]−E[G2].

This completes the proof. □

C.3 Proof of Theorem 3 (Score
Differentiation)

Proof: Let g(fi,j) be the score of the j-th advo-
cate for answer ai. Let Gi be the random vari-
able representing the score of a single advocate for
answer ai. In the multi-advocate framework, the
aggregated score is g(fi,agg) = maxj g(fi,j). Let
Mi = max(Gi,1, ..., Gi,k) be the random variable
for the aggregated score.

We assume that answer a1 is superior to a2. This
can be formalized by stating that the cumulative
distribution function (CDF) of G1, denoted F1(x),
is stochastically smaller than the CDF of G2, de-
noted F2(x). That is, F1(x) ≤ F2(x) for all x,
and there exists some x for which the inequality is
strict. This implies E[G1] > E[G2].

The CDF of the maximum of k i.i.d. samples
from Gi is FMi(x) = (Fi(x))

k. Since F1(x) ≤
F2(x), it follows that (F1(x))

k ≤ (F2(x))
k. This

means that M1 is also stochastically larger than
M2, and thus E[M1] > E[M2].

Furthermore, the operation of taking the maxi-
mum tends to stretch the upper tail of a distribution.
The difference between the expected value of the
maximum of k samples and the expected value of a
single sample is larger for distributions with more
mass in the upper tail. Because G1 is stochastically
larger than G2, the improvement from taking the
maximum is expected to be greater for a1.

E[M1]− E[G1] ≥ E[M2]− E[G2].

This leads to a greater separation in expected
scores:

E[M1−M2] = E[M1]−E[M2] > E[G1]−E[G2].

This completes the proof. □

D Notation and Scoring Criteria

D.1 Notation
• A = {A1, A2}: Set of advocates, where each

advocate Ai defends a specific answer.
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• J : The judge who evaluates the arguments
presented by the advocates.

• C = {C1, C2, C3}: Set of jurors, where each
juror Ci casts a vote at the end of the evalua-
tion process.

• sr1 and sr2: Scores given by the judge in the
r-th round, corresponding to the evaluations
of A1 and A2, respectively.

• Mr: The aggregated memory of all rounds up
to the r-th round, which includes arguments,
scores, and feedback.

• fA(A,Mr−1): Function that generates the ar-
guments ar1 and ar2 for the advocates based on
the previous memory Mr−1.

• fJ(J, a
r
1, a

r
2): Function that takes the judge

and the arguments from the advocates, return-
ing their scores sr1, sr2, and feedback F r.

• fCi(Ci,Mr): Function that represents the vot-
ing decision made by each juror Ci based on
the final memory Mr.

• Di: The aggregated defense obtained by ask-
ing the LLM to consolidate the group’s de-
fenses into a single summary.

D.2 Scoring Criteria
The judge scores the advocates’ arguments based
on the following criteria, using a scale of 1-20:

• Relevance to the question

• Accuracy of information and use of credible
sources

• Depth of analysis and completeness of argu-
ment

• Clarity of expression and logical flow

• Strength of reasoning and factual support

• Effectiveness in addressing opponent’s points

D.3 Juror Backgrounds
In the SAMRE design, we selected jurors with
varied professional backgrounds and perspectives:

• A retired professor of ethics

• A young environmental activist

• A middle-aged business owner

• A social worker specializing in community
development

• A technology entrepreneur with a background
in AI

E Data Preprocessing and Evaluation

E.1 Artifact Licensing and Availability
All benchmarks used in this study (MT-Bench,
AlignBench, AUTO-J) are publicly available for
research purposes under their respective licenses.
Model APIs (GPT-4, Claude-3, Llama-3, Mistral)
were accessed through their standard commercial
or open-source terms of service. Baseline imple-
mentations follow the specifications in their origi-
nal publications.

E.2 Data Preprocessing
To prepare the raw data for analysis, we imple-
mented a script that processes the input data and
generates an Excel file structured with the follow-
ing columns:

• Question: This column contains the aggre-
gated user questions used for evaluation.

• Response_A: This column includes the re-
sponses generated by Model A for each corre-
sponding question.

• Response_B: This column presents the re-
sponses generated by Model B for the same
set of questions.

• Model_A_Score: This binary score indicates
the performance of Model A, where a score
of 1 signifies a win and 0 signifies a loss in
comparison to Model B.

• Model_B_Score: Similarly, this binary score
reflects the performance of Model B, with a
score of 1 representing a win and 0 represent-
ing a loss against Model A.

This structured format allows for straightforward
analysis and comparison of the models’ perfor-
mances based on user questions and their respective
responses.

F Agent Interaction Prompts

We provide the detailed prompts used for the inter-
actions between agents in our proposed architec-
ture. The prompts are designed to guide the agents
effectively throughout the evaluation process.

8388



F.1 Multi-Advocate One-Round Evaluation
(MORE) Architecture Prompts

F.1.1 Judge Prompt

You’re a critical, impartial judge in a
high-stakes debate on: "{question}".
Answer 1: "{answer1}". Answer 2: "{answer2}".
Your goal is to provide detailed, constructive
feedback that will push advocates to
significantly improve their arguments.
Current round: {current_round}
Max rounds: {max_rounds}
Previous scores: {previous_scores}

Defense for 1st answer: {defense1}
Defense for 2nd answer: {defense2}

Analyze each argument meticulously. Be
thorough and unbiased in your assessment of:
1. Relevance to the question
2. Accuracy of information and use of credible
sources
3. Depth of analysis and completeness of
argument
4. Clarity of expression and logical flow
5. Strength of reasoning and factual support
6. Effectiveness in addressing opponent’s
points

For each criterion, provide a score on a
scale of 1-20 and detailed justification.
Scores should be given as [Answer1_score,
Answer2_score] for each criterion.

Your comprehensive feedback for each advocate
(50 words each):
Feedback for Advocate 1:
Feedback for Advocate 2:

Sum up the scores and return the final
score tuple (score1, score2). Example: (95,
87)
Your detailed scores and final tally:

F.1.2 Advocate Prompts

You’re a fierce advocate defending this answer:
{answer} to the question: {question}. Your
opponent defends: {opponent_answer}. Convince
the audience your argument is superior by
addressing these criteria:
1. Relevance
2. Accuracy
3. Depth
4. Clarity
5. Logic and Factuality

Be assertive and don’t hold back! Use
rhetoric and persuasion to win over the
audience but be respectful.
Latest feedback: {feedback}
Opponent’s last argument: {opponent_argument}

Your fierce defense (100 words max):

F.1.3 Summarizer Prompt

Summarize the following content in 50 words or
less, if there are any scores tuples, return
them, it’s important! Start summarization
directly, no introductory sentences like here’s
your summary. In your summarization, only focus
on the last scores, no partial ones. This is
important: return the tuple of scores. These
are the key points to summarize:\n\n{content}

F.2 Single Advocate Multi-Round Evaluation
(SAMRE)

F.2.1 Defend Answer Prompt

You’re an eloquent advocate (Advocate
{advocate_id}) in a group defending this
answer: {answer} to the question: {question}.
Your opponent group defends: {opponent_answer}.
Collaborate with your fellow advocates to
convince the audience your argument is better.
Use the latest feedback, your opponent’s last
argument, and your team’s previous arguments
to improve your case.
Latest feedback: {feedback}
Opponent’s last argument: {opponent_argument}
Your team’s previous arguments: {team_-
arguments}
Respond in under 80 words.
Your defense:

F.2.2 Aggregate Defense Prompt

You are an expert debate strategist. Your
task is to aggregate and improve upon the
following defenses for the answer: {answer} to
the question: {question}. The opponent’s answer
is: {opponent_answer}.
Individual defenses: {defenses}
Latest feedback from the judge: {feedback}
Analyze each defense critically. Identify the
strongest points, address any weaknesses, and
combine the best arguments into a cohesive,
powerful defense. Aim to create a defense that
is stronger and more comprehensive than any
individual argument.
Provide your aggregated and improved defense in
under 150 words:

F.2.3 Judge Answer Prompt

You’re a fair, impartial judge in a debate on:
"{question}". Answer 1: "{answer1}". Answer 2:
"{answer2}". Your goal is to provide feedback
that will help advocate groups improve and
differentiate their arguments more clearly.
Current round: {current_round}
Total rounds: {total_rounds}
Previous scores: {previous_scores}
Defense for 1st answer: {defense1}
Defense for 2nd answer: {defense2}
Provide specific, constructive feedback to help
each advocate group strengthen their unique
position. Encourage them to address weaknesses
and highlight distinctions. Aim for your
feedback to lead to more divergent scores in
future rounds.
Give your feedback in under 50 words:
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F.2.4 Score Answer Prompt

You’re a critical, impartial judge in a
high-stakes debate on: "{question}". Answer 1:
"{answer1}". Answer 2: "{answer2}". Your goal
is to provide detailed, constructive feedback
that will push advocates to significantly
improve their arguments.
Total rounds: {total_rounds}
Previous scores: {previous_scores}
Defense for 1st answer: {defense1}
Defense for 2nd answer: {defense2}
Analyze each argument meticulously. Be thorough
and unbiased in your assessment of:
1. Relevance to the question
2. Accuracy of information and use of credible
sources
3. Depth of analysis and completeness of
argument
4. Clarity of expression and logical flow
5. Strength of reasoning and factual support
6. Effectiveness in addressing opponent’s
points
For each criterion, provide a score on a scale of
1-20 and detailed justification. Scores should
be given as [Answer1_score, Answer2_score] for
each criterion.
Your comprehensive feedback for each advocate
(50 words each):
Feedback for Advocate 1:
Feedback for Advocate 2:
Sum up the scores and return the final score
tuple (score1, score2). Example: (95, 87)
Your detailed scores and final tally:

F.3 Baseline Model Prompt

You are a fair, impartial judge scoring a debate
on the following question: {question}.
Answer 1: {answer1}
Answer 2: {answer2}
Score each answer on a scale of 1-20 for each
of the following criteria:
1. Relevance to the question
2. Accuracy of information and use of credible
sources
3. Depth of analysis and completeness of
argument
4. Clarity of expression and logical flow
5. Strength of reasoning and factual support
6. Effectiveness in addressing opponent’s
points
Provide scores as [Answer1_score, Answer2_-
score] for each criterion in a list format,
then sum for final scores. Please keep an eye
on the slightest difference that should make a
difference in the scoring. Don’t overthink!
Relevance:
Accuracy:
Depth:
Clarity:
Logic and Factuality:
Addressing opponent’s points:
Final Scores (sum of above) as a tuple (example:
(18, 9)):
Explain your scoring, focusing on why one
answer is better than the other based on the
criteria above. Keep your explanation concise
but informative.
Finally, return the final score tuple (score1,
score2) as a tuple (in parentheses). Example:
(18, 9)
Your scores and explanation:

G Persona Sensitivity Analysis: Full
Ablation

G.1 Systematic Persona Pool and Robustness
Analysis

We constructed a diverse pool of 50 personas span-
ning law, medicine, education, technology, ethics,
business, social work, risk analysis, and compli-
ance. We then conducted 10 independent experi-
ments on MT-Bench (120 randomly selected ques-
tions), each using a different random 5-persona
subset. All personas were instantiated with GPT-4-
Turbo as the backbone; personas influenced only
instructional prompts, not underlying model capa-
bilities. Table 4 summarizes results:

(1) Persona Conditioning Effect: Persona-
guided evaluation outperforms generic jurors by
+3.2% (85.9% vs. 82.7%, p < 0.01). The per-
sona effect holds robustly across random subsets,
indicating diversity, not specific persona identity,
drives performance.
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Table 4: Persona Robustness Analysis: Ablation Across Random 5-Persona Subsets (MT-Bench, 120 questions)

Configuration Accuracy (%)

Random 5-persona subsets (avg of 10) 85.9± 0.7
Curated 5-persona set 86.1
Generic jurors (no personas) 82.7± 1.1

(2) Robustness Across Subsets: Tight variance
(0.7% std. dev.) indicates D3’s performance is not
brittle to persona composition; the framework gen-
eralizes well to unseen persona combinations.

(3) Curated vs. Random: Curated personas
(86.1%) achieve marginally higher accuracy than
the random average (85.9%, +0.2%). This val-
idates that deliberate design adds value without
harming generalization.

G.2 Design Rationale: Persona Selection and
Value Lenses

Our five curated personas were selected to provide
complementary professional perspectives and value
lenses. Each persona is anchored in domain exper-
tise rather than demographic attributes, reducing
stereotype risks:

• Ethics Professor: Ethical principles, long-
term societal impact

• Environmental Activist: Collective welfare,
ecological responsibility

• Business Owner: Practical feasibility, ROI,
trade-offs

• Social Worker: Human-centered perspective,
equity, vulnerable populations

• Tech Entrepreneur: Innovation, scalability,
technological progress

This composition ensures verdicts incorporate
ethical grounding, distributional impact, economic
viability, and technological feasibility. These
roles are intentionally role-based rather than de-
mographic; all jurors execute the same backbone
model with identical base capabilities.

G.3 Cross-Persona Agreement and
Complementarity

We computed pairwise vote agreement across
the five curated personas. Average agreement is
89.5% ± 1.5%, with pairwise ranges 87−92%.

High cross-persona agreement confirms personas
are complementary rather than contradictory, re-
ducing the risk of arbitrarily conflicting judgments
while maintaining diverse perspectives.

G.4 SAMRE Debate Progression Across
Question Types

The convergence behavior of iterative debate varies
systematically across task complexity and reason-
ing demands. We analyze score gap trajectories
across MT-Bench question categories to validate
that the budgeted stopping rule terminates debates
at their point of maximal signal without sacrificing
verdict reliability.

Coding tasks exhibit the largest discriminative
gaps, with peaks reaching 20 points by round 2
and maintaining plateau stability through round 5.
This reflects clear correctness boundaries in code
evaluation. Reasoning and ethics questions show
moderate, steady gaps (8–11 points) with gentle
convergence, indicating these subjective domains
benefit from iterative refinement but stabilize pre-
dictably. Writing, roleplay, and math tasks dis-
play tighter gaps (0–6 points) and earlier plateau
behavior, suggesting these domains reach verdict
saturation with fewer debate rounds.

Across all categories, gap stabilization occurs
by rounds 4–5, with the majority of verdicts de-
termined by round 2. The final round mark-
ers (diamonds) per question type show that D3-
SAMRE can terminate heterogeneously: early for
low-variance tasks like math and writing, while ex-
tending slightly longer for nuanced reasoning and
ethics evaluations. This task-sensitive convergence
supports the empirical guidance in Section 5.5: use
SAMRE for high-stakes and ethically complex eval-
uations, while MORE suffices for objective or well-
separated task types.

H Open-Source Evaluator Results

To test whether D3’s performance gains depend
on evaluator model quality, we evaluate all frame-
works using Llama-3-70B (Llama, 2024) as the

8391



Framework Evaluator Accuracy (%) Relative Gain

Single Judge Llama-3-70B 68.3 baseline
ChatEval Llama-3-70B 73.1 +4.8%
PRD Llama-3-70B 71.5 +3.2%
D3-MORE Llama-3-70B 73.9 +5.6%

D3-MORE GPT-4-Turbo 85.1 +12.6%

Table 5: MT-Bench accuracy using open-source and proprietary evaluators.
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Figure 5: Score gap trajectories across six MT-Bench
question categories reveal differential convergence pat-
terns in iterative adversarial debate. Coding tasks
exhibit the largest gaps (peak 20 points) with stable
plateaus, indicating clear discriminability. Reasoning
and ethics tasks show moderate, steady gaps (8–11
points). Writing, roleplay, and math questions display
tighter gaps (0–6 points) with earlier plateau behavior.
Diamond markers indicate final verdict round per cate-
gory.

evaluator on 100 MT-Bench (Zheng et al., 2023)
questions. Table 5 reports accuracy and relative
gains over a single-judge baseline.

These results show that D3’s improvements per-
sist when using a fully open-source evaluator, indi-
cating that the gains stem from the evaluation ar-
chitecture rather than reliance on proprietary judge
models.
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