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Abstract

Generative Large Language Models (LLMs)
have demonstrated remarkable performance
across a wide range of tasks. Recent research
has introduced Multi-Agent Debate (MAD) sys-
tems, which leverage multiple LLMs to simu-
late human debate and thereby improve task
performance. However, while some LLMs may
possess superior knowledge or reasoning capa-
bilities for specific tasks, they often struggle
to clearly communicate this advantage during
debates, in part due to a lack of confidence ex-
pression. Moreover, inappropriate confidence
expression can cause agents in MAD systems to
either stubbornly maintain incorrect beliefs or
converge prematurely on suboptimal answers,
ultimately reducing debate effectiveness and
overall system performance. To address these
challenges, we propose incorporating confi-
dence expression into MAD systems to allow
LLMs to explicitly communicate their confi-
dence levels. To validate this approach, we
develop ConfMAD, a MAD framework that in-
tegrates confidence expression throughout the
debate process. Experimental results demon-
strate the effectiveness of our method, and we
further analyze how confidence influences de-
bate dynamics, offering insights into the design
of confidence-aware MAD systems.

1 Introduction

Multiple studies have demonstrated that LLMs pos-
sess emergent reasoning and reflection capabilities
(Wang et al., 2022; Wei et al., 2022; Madaan et al.,
2023). By effectively harnessing these abilities,
researchers can enhance the accuracy of LLM re-
sponses, minimize hallucinations, and strengthen
reasoning capabilities. Building upon this foun-
dation, Du et al. (2023), drawing inspiration from
The Society of Mind (Minsky, 1986) and multi-
agent frameworks, proposed utilizing multi-agent
systems composed of multiple LLMs to achieve su-
perior performance on various tasks. Specifically,
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Figure 1: Debate outcomes in the initial round when
only one LLM is initially correct. “Correct” indicates
convergence to the right answer, “Incorrect” to the
wrong one, and “Disagree” means no consensus. De-
baters are GPT-4o-mini and Phi-4.

they developed a Multi-Agent Debate (MAD) sys-
tem where, when presented with a query, multiple
instances of LLM agents first generate independent
candidate responses. Subsequently, these agents
engage in a structured debate about these responses,
iteratively refining and updating their own contri-
butions throughout the process.

However, we’ve identified a key issue with cur-
rent MAD systems. LLM agents with different
knowledge and capabilities don’t explicitly express
their confidence level regarding their arguments
and knowledge during communication, preventing
full utilization of each agent’s relative strengths.
This issue may limit the performance of current
MAD systems, potentially leading to failure to con-
verge or even convergence towards incorrect an-
swers. As shown in Figure 1, in a basic debate
setting (Du et al., 2023), when only one LLM pro-
vided the correct answer in the initial round on the
BBH and MMLU datasets, fewer than 50% of such
cases ultimately converged to the correct answer.

To address the above issue, we propose an intu-
itive solution by incorporating confidence expres-
sion for each LLM instance in MAD systems. Dur-
ing the debate process, for a given query, each
LLM agent’s debate content includes not only ar-
guments (reasons) and an answer, but also a con-
fidence score. Additionally, considering that mod-
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Figure 2: Accuracy of debates with and without confi-
dence across different benchmarks using GPT-4o-mini
and LLaMA-3.1-70B-Instruct. LN+Platt and SV+Platt
indicate different settings of debating with confidence.

ern deep neural networks often exhibit overconfi-
dence (Nguyen et al., 2015; Guo et al., 2017; Kada-
vath et al., 2022; Mielke et al., 2022; Xiong et al.,
2023b), we introduce calibration methods to further
investigate the impact of confidence on the MAD
system. Based on these considerations, we devel-
oped a MAD framework with confidence expres-
sion called ConfMAD1. We evaluated ConfMAD
on various benchmarks. As shown in Figure 2,
our results demonstrate that introducing confidence
expression can lead to notable accuracy improve-
ments across multiple benchmarks. Building on
this foundation, we provide detailed discussions
on how confidence scores influence the MAD de-
bate process and offer some insights for developing
better confidence-aware MAD systems.

In summary, the contributions of our work are
summarized as follows:

• We propose ConfMAD, a MAD system that in-
corporates different confidence scores and cali-
bration methods to enhance debate performance
by enabling LLM agents to express confidence
during interactions.

• We evaluate ConfMAD across multiple bench-
marks. Results show that the confidence expres-
sion mechanism effectively improved the perfor-
mance of MAD systems.

• We explore the contribution of confidence scores
to MAD system performance. Our findings indi-
cate that confidence scores not only improve in-
dividual LLM accuracy but also enhance the sys-
tem’s ability to reach correct consensus through
more effective agent interactions. Furthermore,
we provide an in-depth analysis of how different

1Code is at https://github.com/Enqurance/ConfMAD

confidence expression and calibration methods
influence debate dynamics, offering insights for
designing more robust confidence-aware MAD
systems.

2 Debate Framework

In this section, we are going to introduce the design
of ConfMAD. The overall design of ConfMAD is
presented in Figure 3. The core design elements
of ConfMAD encompass Confidence Expression,
Calibration Scheme, and Debate Workflow.

2.1 Confidence Expression
There are multiple ways to elicit confidence from
LLMs (Jiang et al., 2021; Si et al., 2022; Lin et al.,
2022; Mielke et al., 2022; Xiong et al., 2023b; Tian
et al., 2023; Yang et al., 2024). Referring to Xiong
et al. (2023b), we use two simple and cost-effective
methods to elicit each agent’s confidence scores.
The first method is Key Length-Normalized Se-
quence Probability Confidence (LN Confidence),
and the second method is Self-Verbalized Confi-
dence (SV Confidence):

• LN Confidence: Given a question, we compute
the LN confidence score by first extracting the
key tokens that form the final answer from the
full output generated by the LLM. For instance,
if the LLM outputs: "Reasoning: ... Answer:
14 7", we isolate "Answer: 14 7" as the answer
tokens. We then calculate the probability of this
token sequence and normalize it by its length,
using the formula seqprob1/n, where n denotes
the number of answer tokens.

• SV Confidence: Given a question, we prompt
the LLM to generate not only its reasoning and
answer but also a confidence score between 0
and 100. Specifically, the prompt encourages the
model to append a confidence statement in the
format: "Confidence: [Your confidence, 0–100]".

We also conducted a small-scale experiment to
compare coarse and fine-grained confidence scores.
Refer to Appendix B.5.

2.2 Calibration Scheme
Since overconfidence is a prevalent issue in modern
deep neural networks (Nguyen et al., 2015; Guo
et al., 2017; Kadavath et al., 2022; Mielke et al.,
2022; Xiong et al., 2023b), we introduce calibration
methods. Specifically, we adopt three commonly
used calibration schemes: Platt Scaling, Histogram
Binning, and Temperature Scaling.
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Figure 3: Overall design of ConfMAD. For a given question, debaters independently generate their Reason, Answer,
and Confidence Score in the initial round (r = 0), forming the initial debate history H0. In subsequent rounds
(r > 0), each debater reads the current history Hr, appends a new response, and updates the history. A round
concludes once all debaters have responded.

Platt Scaling A simple and effective parametric
calibration method that fits a logistic regression
on validation data to map raw scores to calibrated
probabilities using P (y = 1|s) = σ(As + B),
where s is the raw score and A, B are learned
parameters (Platt et al., 1999).

Histogram Binning A non-parametric method
that partitions prediction scores into bins and as-
signs each bin a calibrated probability based on the
empirical fraction of positive samples (Zadrozny
and Elkan, 2001).

Temperature Scaling A post-hoc calibration
method that scales the logits by a temperature pa-
rameter T > 0 before applying softmax on the
logits z = (z1, z2, ..., zn) (Guo et al., 2017). The
calibrated probabilities are computed as:

qi =
ezi/T∑n
j=1 e

zj/T
(1)

Temperature scaling is only applicable to LN confi-
dence. We train the temperature parameter using
the logits of the key tokens that make up the answer.

Calibration models are trained before debates,
so that we can load these models during debates to
calibrate confidence scores. We randomly sample
and separate an independent validation set from

the dataset to train the calibration models. When
training calibration models, we only conduct ini-
tial debate rounds, using the obtained answers and
confidence scores.

2.3 Debate Workflow

Given a question x with the correct answer y, our
debate framework is designed with reference to the
approach of Du et al. (2023), where agent commu-
nication occurs in a one-by-one format. We adopt
the one-by-one debate framework in order to enable
a more direct comparison with the debate frame-
work proposed by Du et al. (2023). For a MAD
system consisting of n LLM instances (Agents)
from M1 to Mn, when presented with question x:

• Round r = 0 (Initial round): Each agent Mi

takes the input x along with a prompt p and pro-
duces a reason R0

i , an answer A0
i , and an original

confidence score C
′0
i . We then apply a calibra-

tion model to transform C
′0
i into a calibrated

score C0
i . This process is formally expressed

as Mi(x|p) = ⟨R0
i , A

0
i , C

0
i ⟩ = D0

i . The out-
puts from all agents D0

1, . . . , D
0
n are then con-

catenated to form the initial debate history H0.

• Round r > 0: Agent M1 first receives the ques-
tion x, prompt p, and debate history Hr−1, then
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provides new reasoning Rr
1, answer Ar

1 and confi-
dence score Cr

1 , expressed as M1(x|p,Hr−1) =
⟨Rr

1, A
r
1, C

r
1⟩ = Dr

1. Subsequently, we concate-
nate Dr

1 with Hr−1 to obtain the updated debate
history Ĥr = ⟨Hr−1, D

r
1⟩. The question, prompt,

and debate history are then fed into M2 for Dr
2.

This process continues, appending new debate
content to the history and querying each sub-
sequent agent until all LLMs have participated,
resulting in the complete debate history Hr.

The debate concludes after a predetermined num-
ber of rounds T . Figure 3 illustrates this process of
ConfMAD. Refer to Appendix A for more details
on the prompt design and the workflow of Conf-
MAD. Another debate mode, different from the
one-by-one setting, is the broadcast mode, where
all debaters independently present their reasoning
and answers in each debate round. Refer to Ap-
pendix B.7 for a detailed comparison.

3 Experiments

3.1 Experiments Setup
Benchmarks We evaluated ConfMAD on four
benchmarks, including BIGGSM (Chen et al.,
2024), Big-Bench-Hard (Suzgun et al., 2022),
MMLU (Hendrycks et al., 2020), and MATH
(Hendrycks et al., 2021). BIGGSM is a collection
of challenging mathematical computation problems
that provide higher computational complexity and
longer reasoning chains. To balance experimental
reliability and overhead, we only sampled portions
of MMLU, Big-Bench-Hard (BBH), and MATH to
serve as our test and validation sets. The specific
sizes are detailed in Appendix A.3, along with a
discussion of the licensing terms for the datasets
used.

Models We conducted debates on ConfMAD us-
ing two pairs of LLMs: GPT-4o-mini (referred to
as 4o-mini) (OpenAI, 2024) with LLaMA-3.1-70B-
Instruct (LLaMA) (Meta, 2024), and GPT-4o-mini
with Phi-4 (Phi) (Microsoft, 2025).

Confidence Expression: Confidence scores are
expressed as scores ranging from 0 to 100. Con-
sistent with our previous discussion, we employed
two confidence expression methods: Key Length-
Normalized Sequence Probability Confidence (LN)
and Self-Verbalized Confidence (SV).

Calibration: We included Vanilla confidence
(i.e., without calibration) as one of our confidence

expression variants. For LN confidence, we applied
three calibration methods: Platt Scaling (Platt), His-
togram Binning (Histo), and Temperature Scaling
(Temp). For SV confidence, we used Platt Scaling
and Histogram Binning.

Debate Setting Our ConfMAD debate follows
the one-by-one format proposed by Du et al. (2023),
where agents communicate sequentially. Based on
prior work (Liang et al., 2023; Du et al., 2023; Es-
tornell and Liu, 2024) and our own experiments
(see Appendix B.2), debates typically converge
within 2-3 rounds. Longer debates may introduce
overly complex contexts, potentially harming per-
formance. To balance effectiveness and cost, we
adopt one initial round followed by two one-by-one
rounds. In each debate round, 4o-mini speaks first,
with LLaMA/Phi speaking afterwards.

Baselines We selected five baselines for compar-
ison with ConfMAD in our experiments:

• Chain-of-Thought (CoT): The method proposed
by Wei et al. (2022) encourages LLMs to output
detailed reasoning steps when answering ques-
tions, which improves the performance of LLMs.

• No Confidence Debate (No Conf): This is similar
to the MAD system proposed by Du et al. (2023).
No Conf can be obtained by simply removing the
confidence expression from ConfMAD.

• Interventions (Inter): Estornell and Liu (2024)
introduced various intervention methods to im-
prove the quality of debates in MAD systems,
including diversity pruning, text quality pruning,
and modification interventions.

• ChatEval (CE): Chan et al. (2023) investigated
the impact of different communication settings
and role assignments on MAD systems. In our
experiments, we adopt the Simultaneous-Talk-
with-Summarizer setting as a baseline method,
where 4o-mini serves as the summarizer.

• Multi-Persona (MP): Liang et al. (2023) intro-
duced a MAD framework that incorporates an
Affirmative Debater, a Negative Debater, and
a Moderator to mitigate the issue of ‘thinking
degradation.’ We assign 4o-mini as the Affir-
mative Debater, LLaMA/Phi-4 as the Negative
Debater, and 4o-mini as the moderator.

For No Conf and Inter, we use majority voting
across agents, with ties resolved uniformly at ran-
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Partner Task CoT No Conf Inter CE MP LN Confidence SV Confidence
4o-mini+ 4o-mini Partner Platt Histo Temp Platt Histo

LLaMA

BIGGSM 0.628 0.534 0.621 0.629 0.625 0.593 0.632 0.625 0.627 0.655 0.620
BBH 0.718 0.681 0.730 0.690 0.721 0.654 0.763 0.753 0.751 0.767 0.759
MMLU 0.763 0.820 0.783 0.736 0.780 0.747 0.833 0.829 0.824 0.831 0.805
MATH 0.600 0.534 0.693 0.665 0.691 0.717 0.711 0.710 0.711 0.725 0.720

Phi

BIGGSM 0.628 0.760 0.693 0.670 0.630 0.590 0.747 0.735 0.748 0.730 0.675
BBH 0.718 0.709 0.738 0.711 0.693 0.669 0.777 0.753 0.780 0.781 0.757
MMLU 0.763 0.782 0.805 0.794 0.781 0.766 0.835 0.834 0.833 0.834 0.815
MATH 0.600 0.730 0.755 0.765 0.693 0.744 0.785 0.765 0.782 0.784 0.780

Table 1: Comparative evaluation of accuracy between ConfMAD debate and baseline methods. The upper part
presents experimental results derived from debates between 4o-mini and LLaMA, whereas the lower part presents the
results obtained when 4o-mini engages with Phi. Bold and underlined values indicate the highest and second-highest
accuracies in each row.

dom. When confidence scores are available, we se-
lect the answer from the highest-confidence agent
(ties resolved uniformly at random). For CE and
MP, we take the summarizer/moderator’s decision
as the final answer.

3.2 Results and Analysis

In this section, we present our experimental results
with ConfMAD on four benchmarks and discuss
the following research questions: RQ1: How does
ConfMAD perform compared to baseline methods?
RQ2: What is the impact of debating with confi-
dence on individual LLMs’ performance within
MAD systems? RQ3: How does debate with
confidence improve MAD system performance?
RQ4: Ablation study on the impact of calibration
schemes in ConfMAD.

RQ1: How does ConfMAD perform compared
to baseline methods? This question evaluates
the overall effectiveness of our approach. Table 1
presents the results across four selected bench-
marks. In most cases, the highest and second-
highest accuracies on each dataset are achieved
under ConfMAD settings, highlighting the ben-
efits of incorporating confidence expression into
MAD systems. For the 4o-mini and LLaMA pair-
ing, SV+Platt achieved the best accuracy on BIG-
GSM (0.655), outperforming No Conf and Inter by
5.5% and 4.1%, respectively. LN+Platt achieved
the highest accuracy (0.833) on MMLU, exceeding
No Conf by 6%. For debates involving Phi, Conf-
MAD again yielded substantial gains. On BBH and
MMLU, SV+Platt and LN+Temp ranked top, and
both also led on MATH. While CoT alone produced
the best score on BIGGSM, ConfMAD settings like
LN+Platt (0.747) and LN+Temp (0.748) remained

highly competitive, with higher accuracy than No
Conf (0.693) and Inter (0.670).

Among other baselines, the Inter setting often
showed weaker performance, possibly due to its
reliance on extensive pruning, which may be less ef-
fective in settings with a limited number of agents.
CE consistently outperforms the No Conf setting
on most datasets except BBH, but only matches
the best ConfMAD variants (e.g., LN+Platt and
LN+Temp) on MMLU. In contrast, MP performs
significantly worse than all other methods, even un-
derperforming the No Conf baseline. We observe
that MP enforces the Negative side to explicitly
oppose the Affirmative side’s answer, which leads
the Negative agent to provide incorrect responses,
even for questions it could originally answer cor-
rectly. This rigid assignment of affirmative and
negative roles constrains the system’s ability to
leverage the diverse knowledge and reasoning skills
of heterogeneous agents. Furthermore, the agents’
stubbornness in defending incorrect answers harms
the overall MAD performance. These findings
further highlight the necessity of introducing cal-
ibrated confidence expression to improve coordi-
nation and decision-making in MAD systems. In
summary, ConfMAD demonstrates superior per-
formance compared to CoT in most scenarios and
consistently outperforms baseline settings.

RQ2: What is the impact of debating with confi-
dence on individual LLM’s performance within
MAD systems? This research question primarily
focuses on the impact of introducing confidence
expression on the final performance of each indi-
vidual LLM agent participating in debates. We
compared the final accuracy of each LLM with its
accuracy under the No Conf setting. The results
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Partner Task 4o-mini Partner Model
4o-mini+ No Conf LN+Platt SV+Platt No Conf LN+Platt SV+Platt

LLaMA

BIGGSM 0.619 0.628 0.644 0.625 0.633 0.635
BBH 0.740 0.763 0.768 0.693 0.751 0.750
MMLU 0.798 0.814 0.810 0.767 0.834 0.831
MATH 0.706 0.720 0.725 0.680 0.704 0.732

Phi

BIGGSM 0.655 0.733 0.718 0.690 0.755 0.738
BBH 0.757 0.777 0.778 0.719 0.762 0.755
MMLU 0.806 0.833 0.830 0.804 0.827 0.838
MATH 0.748 0.774 0.766 0.771 0.784 0.784

Table 2: Final-round accuracy comparison of debaters under different model pairings and debate settings. Only
results for Platt setting are reported in this table. The upper section presents results for debates between 4o-mini and
LLaMA, while the lower section presents results for 4o-mini and Phi.

are presented in Table 2.
We observe that after introducing confidence

scores, individual LLM performance shows signifi-
cant improvement. For instance, when 4o-mini and
LLaMA debate on BBH, applying LN+Platt and
SV+Platt enables LLaMA to achieve final-round
accuracies of 0.751 and 0.750 respectively, which
substantially exceed the 0.693 accuracy observed
under the No Conf setting. These results suggest
that ConfMAD does not simply select the answer
of the stronger LLM based on confidence scores.
Instead, it leverages these scores to guide partic-
ipating LLMs toward deeper reasoning and self-
evaluation. This facilitates collaborative interaction
in which all debaters benefit, ultimately improving
the overall performance of MAD systems.
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Figure 4: The ratio of cases reaching consensus after
three rounds of debate under different debate settings
across selected benchmarks.

RQ3: How does debate with confidence improve
MAD system performance? In this research
question, we analyze specifically how confidence

debate enhances the performance of MAD systems.
We find that introducing confidence scores signif-
icantly helps MAD systems reach consensus and
reach correct agreements. Figure 4 illustrates the
ratio of cases where consensus was reached after
debate, comparing baseline debate methods with
various ConfMAD settings. The results show that
across almost all settings, debates using ConfMAD
achieve higher consensus rates, with particularly
notable improvements on the BBH and MMLU
datasets. For instance, when 4o-mini debates with
LLaMA on the MMLU dataset, the consensus rate
increases by around 11%. Figure 5 further demon-
strates the number of cases where correct consen-
sus was achieved (where both debating agents ulti-
mately provide the correct answer) under baseline
methods versus different ConfMAD settings. In
most scenarios, ConfMAD yields more correct con-
sensus cases than the baseline methods.

We also observed a phenomenon we refer to as
Correction, where the debate process leads to a
correct final answer even though at least one agent
initially provides an incorrect response. We found
that debates with confidence substantially increase
the number of correction cases across most settings.
For example, when 4o-mini debates with Phi on the
MMLU dataset, the number of correction cases in-
creases by approximately 20%. Refer to Appendix
B.4 for more details.

We further analyzed LLMs’ confidence in the ini-
tial round for cases involving correction. Figure 6
shows the average confidence of 4o-mini and Phi
when correcting each other. On MMLU, when 4o-
mini corrected Phi, its average confidence was 72.5
compared to Phi’s 68.0. In contrast, when Phi cor-
rected 4o-mini, its confidence was 81.0 while 4o-
mini’s was only 71.6. On BBH, 4o-mini had higher
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Figure 5: The number of cases achieving correct consensus across different debate settings and datasets. Figures on
the left show debates between 4o-mini and LLaMA, while the right ones present debates between 4o-mini and Phi.
We do not report MP results here, as its side configuration yielded too few consensus cases on some tasks.

Partner Task LN SV
4o-mini+ Vanilla Platt Histo Temp Vanilla Platt Histo

LLaMA

BIGGSM 0.627 0.632 0.625 0.627 0.608 0.655 0.620
BBH 0.748 0.763 0.753 0.751 0.763 0.767 0.759
MMLU 0.804 0.833 0.829 0.824 0.829 0.831 0.805
MATH 0.719 0.711 0.710 0.711 0.730 0.725 0.720

Phi

BIGGSM 0.694 0.747 0.735 0.748 0.708 0.730 0.675
BBH 0.778 0.777 0.753 0.780 0.760 0.781 0.757
MMLU 0.801 0.835 0.834 0.833 0.829 0.834 0.815
MATH 0.784 0.785 0.765 0.782 0.784 0.784 0.780

Table 3: Comparison of accuracy between calibrated and uncalibrated (Vanilla) confidences across different debate
settings. Bold and underlined values indicate the highest and second-highest accuracies in each row.
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Figure 6: Average initial-round confidence scores when
correction occurs. Arrows indicate correction direction
(e.g., 4o-mini→Phi means 4o-mini corrected Phi).

average confidence in both directions, but the gap
narrowed when Phi corrected 4o-mini. These pat-
terns highlight the role of confidence scores in guid-
ing the MAD system toward correct consensus.

RQ4: Ablation study on the impact of calibra-
tion schemes in ConfMAD. In this section, we

conduct an ablation study to examine the effect of
calibration schemes on the performance of Conf-
MAD. We disable calibration and rerun experi-
ments on the same datasets; the results are pre-
sented in Table 3. We find that most of the high-
est and second-highest accuracies are achieved us-
ing Platt Scaling, followed by Temperature Scal-
ing. The results also indicate that disabling calibra-
tion does not consistently degrade performance; in
some cases, the accuracy remains comparable or
even slightly improves. Additionally, we observe
that Histogram Binning exhibits highly unstable
performance and frequently underperforms. These
findings suggest that Platt Scaling is a relatively
robust calibration method, while the effectiveness
of Histogram Binning remains questionable.

To further explore how confidence scores affect
MAD systems, we analyze some representative
cases and offer corresponding insights. A notable
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Setting Round 0 Round 1 Accuracy

MMLU, 4o-mini & Phi

LN+Platt 0.668 (263/394) 0.575 (100/174) 0.835
LN+Temp 0.683 (231/338) 0.585 (86/147) 0.833
LN+Vanilla 0.608 (129/212) 0.273 (27/99) 0.801

BBH, 4o-mini & Phi

LN+Platt 0.614 (316/515) 0.514 (111/216) 0.777
LN+Histo 0.552 (280/507) 0.488 (81/166) 0.753
LN+Temp 0.658 (324/500) 0.550 (120/218) 0.780

Table 4: Win Rate (WR) across debate settings on
MMLU and BBH. WR denotes the proportion of cases
where the correct LLM had a higher confidence score
than the incorrect one, in instances where both the an-
swers and confidence scores differ.

LN+Histo
4o-mini Correct

LN+Histo
Phi Correct

LN+Temp
4o-mini Correct

LN+Temp
Phi Correct

30
40
50
60
70
80
90

100
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Figure 7: Average confidence scores in the initial round
when only one LLM (4o-mini or Phi) gives the correct
answer. For example, "4o-mini correct" indicates that
4o-mini is correct while Phi is incorrect.

example is the debate between 4o-mini and Phi on
MMLU, where LN+Platt and LN+Vanilla settings
achieved final accuracies of 0.835 and 0.801, re-
spectively, despite using the same LN confidence
mode. We then analyzed the ratio of cases where
the confidence score of the correct LLM agent pre-
vailed when answers disagreed (as Win Rate, WR).
As shown in Table 4, in the LN+Vanilla setting,
raw confidence scores often failed to accurately
reflect one agent’s knowledge advantage over an-
other, affecting both the debate process and the final
confidence-based answer selection. Table 4 also
presents debate results on BBH using 4o-mini and
Phi under the LN confidence mode. While most
settings achieved final accuracies around 0.780,
LN+Histo lagged behind at 0.753 and had the low-
est first-round WR at 0.552. We find that this may
be due to Histogram Binning excessively down-
scaling the confidence scores. Figure 7 shows that
under LN+Histo, even when 4o-mini was correct,
its confidence was substantially lower than Phi’s,
indicating a misalignment between correctness and
confidence.

Based on the previous observations, we hypoth-

esize that the performance of MAD systems may
benefit when confidence scores effectively reflect
the relative capabilities of LLM agents. Specifi-
cally, we believe two factors are essential for this
to hold. First, confidence scores should accurately
capture each agent’s underlying knowledge level
with respect to a given query. Second, appropriate
calibration methods are needed to align the confi-
dence scores of different LLMs onto a comparable
scale, enabling meaningful and reliable comparison
across agents.

We present more details and discussions about
our experimental results in Appendix B.

4 Related Works

Multi-Agent Debate Systems Multi-Agent De-
bate (MAD) systems improve response quality by
simulating debates among LLMs. Du et al. (2023)
first introduced this framework and demonstrated
its effectiveness across multiple benchmarks. Sub-
sequent work expanded it in various directions:
Liang et al. (2023), Chan et al. (2023), and Li et al.
(2023) assigned diverse roles (e.g., judges, profes-
sionals) to agents; Khan et al. (2024) showed that
more persuasive debaters yield more accurate re-
sponses; Wang et al. (2023) assessed models’ abil-
ity to defend truth, while Taubenfeld et al. (2024)
identified systemic biases such as position and first-
mover effects. Estornell and Liu (2024) proposed
interventions like diversity pruning and misunder-
standing refutation, and Li et al. (2024), Liu et al.
(2024) optimized debate topologies to reduce com-
putation. Our work contributes to this line by en-
hancing MAD performance through the simple in-
corporation of confidence scores.

Confidence Expression Several studies have ex-
plored how to elicit confidence from LLMs. Jiang
et al. (2021), Si et al. (2022), and Xiong et al.
(2023b) proposed using token-normalized prob-
abilities to quantify confidence and uncertainty.
Lin et al. (2022) introduced verbalized confidence
through fine-tuning, prompting models to explic-
itly express confidence levels. This direction was
further extended by Xiong et al. (2023b), Yang
et al. (2024), and Tian et al. (2023) under various
prompting strategies. Other uncertainty estima-
tion methods have also been applied to confidence
expression, such as semantic entropy from Kuhn
et al. (2023), which uses sampling-based estima-
tion, and internal representation-based approaches
from Mielke et al. (2022) and Gao et al. (2025).
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Calibration Modern deep neural networks of-
ten suffer from poor calibration (Guo et al. (2017),
Minderer et al. (2021), Xiong et al. (2023a)). Re-
searchers have developed various post-processing
calibration techniques. These methods primarily
fall into two categories: parametric scaling meth-
ods (Platt et al. (1999), Guo et al. (2017), and Deng
et al. (2023)) and non-parametric binning methods
(Zadrozny and Elkan (2001), Zhang et al. (2020)).
In this study, we adopt three representative cali-
bration methods: Platt Scaling (Platt et al., 1999),
non-parametric Histogram Binning (Zadrozny and
Elkan, 2001), and Temperature Scaling (Guo et al.,
2017), which are tailored for deep neural networks.

Some prior work has also explored the use of
uncertainty metrics or confidence scores in MAD
systems, but without a systematic study of how ex-
plicit confidence can be expressed and calibrated.
ConfidenceCal (Bai, 2024) focuses on reweighting
tokens from different debaters using uncertainty es-
timates. RECONCILE (Chen et al., 2023) encour-
ages LLMs to output confidence via prompting and
applies a fixed post-hoc calibration, while overlook-
ing potential differences in knowledge scope and
reliability across models. In this paper, we provide
the first systematic comparison of multiple forms
of confidence expression and different calibration
methods. We analyze their influence on MAD dy-
namics in detail. By incorporating calibrated con-
fidence expressions, we improve the accuracy of
MAD systems as well as their robustness.

5 Conclusion

In this work, we propose incorporating confidence
expression into MAD systems to enhance their per-
formance. We explore two confidence expression
methods and several calibration schemes to adjust
confidence scores. To validate our approach, we de-
velop ConfMAD, a confidence-aware MAD frame-
work. Experiments across multiple benchmarks
show that confidence expression not only improves
the accuracy of individual LLM agents but also
helps the system reach correct consensus more ef-
fectively. We further analyze the impact of differ-
ent calibration methods and highlight the impor-
tance of aligning confidence scores across agents.
Our findings underscore the critical role of well-
calibrated confidence in enabling more reliable and
effective multi-agent debate and offer insights for
designing better confidence mechanisms in future
MAD systems.

Limitations

In this paper, we proposed using confidence ex-
pression in MAD systems and developed Conf-
MAD. We demonstrated the effectiveness of our
approach through evaluations across various bench-
marks. However, there are still some limitations to
consider.

First, the confidence elicitation methods we
currently adopted are relatively simple and may
suffer from issues such as instability across re-
peated queries and overly concentrated distribu-
tions. While more advanced elicitation tech-
niques exist, many rely on multiple sampling, and
MAD debates already involve repeated inference
of LLMs. This makes efficiency optimization an
important direction for future work. In addition,
more advanced applications of confidence scoring,
such as step-wise expression in multi-step reason-
ing, have not yet been explored in this work.

Second, the generalization capacity of incorpo-
rating confidence expression in MAD systems, and
more broadly in multi-agent settings, requires fur-
ther investigation. Our current calibration design
is still dataset-agnostic, which may limit general-
ization and necessitate retraining on datasets with
different distributions. Moreover, the potential gen-
eralization ability of a calibration model trained
on a specific dataset remains unexplored. We may
also consider incorporating confidence calibration
into more multi-agent systems to explore the gen-
eralization ability of the method we proposed.

Finally, certain design choices of ConfMAD
could be further extended. For example, a dynamic
stopping criterion could be employed instead of a
fixed number of debate rounds. Alternative com-
munication strategies, such as broadcasting modes
rather than sequential one-by-one debates, also rep-
resent promising avenues for future research.

Ethical Considerations

This work aims to improve the effectiveness and
reliability of multi-agent debate (MAD) systems
by incorporating confidence expression. All exper-
iments are conducted on publicly available bench-
mark datasets without involving any personally
identifiable information or human subjects. While
our system encourages more truthful consensus
through structured agent interaction, we acknowl-
edge the potential risks of reinforcing model bi-
ases or producing persuasive yet incorrect outputs.
To mitigate these concerns, we emphasize trans-
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parency in model design and calibration, and ad-
vocate for responsible deployment, particularly in
high-stakes or decision-critical contexts. We re-
serve the right to restrict the use of this technology
in applications that may lead to unethical outcomes
or misuse.
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A Design Details about ConfMAD

A.1 Prompt Design

In this section, we present the prompt design for
ConfMAD. According to the ConfMAD frame-
work, prompts are divided into two phases: the
initial round (where LLM agents independently
provide answers to queries) and the debate rounds
(where LLM agents engage in sequential deliber-
ation). When using LN confidence, confidence
scores are computed based on token log probabili-
ties. In contrast, SV confidence scores are elicited
through prompts.

A.1.1 Prompt design for LN confidence

In the initial round, we only require the LLM agent
to provide its reasoning (as arguments) and answer
based on the question. Subsequently, we calculate
the confidence score and append it to the reasoning
and answer in the format "Confidence: [0-100]". In
subsequent rounds, we concatenate the debate his-
tory to the User Prompt and instruct the LLM agent
through the System Prompt to pay attention to the
confidence scores of other debaters. If the format
of the output from the LLM is disorganized and
makes answer extraction difficult, consider slightly
adjusting the prompts based on the specific dataset.
For example, explicitly instructing the LLM agent
to answer mathematical problems in LaTeX for-
mat. It is worth noting that prompting the model
to generate reasoning first yields better results than
requesting the answer first.

Init Round r = 0

System Prompt (Init):
You are {debater}, a helpful AI assistant.
You are now required to answer a question
given by the user. Please give your reason-
ing for the question, and give your answer to
the question. Please output in the following
format strictly:
Reason: [your reason for the answer here]
Answer: [your answer here, only the an-
swer]

User Prompt (Init):
Question: {question}

Debate Round r > 0

System Prompt (Debate):
You are {debater}, a debater. You are now
required to answer a question given by the
user and debate with other debaters about
the answer. PAY SPECIAL ATTENTION
to these confidence scores as they reflect the
reliability and conviction of each debater. If
the confidence score is low, it may indicate
uncertainty in the debater’s answer. Please
evaluate it further in this case. Then, for-
mulate your debate arguments and provide
your answer to the question. Please output
in the following format strictly:
Reason: [your debate arguments here]
Answer: [your answer here, only the an-
swer]

User Prompt (Debate):
Question: {question}
Debate history: {debate_history}

A.1.2 Prompt design for SV confidence

Compared to the prompts in the LN confidence
section, the prompt for SV confidence only requires
the LLM agent to further generate a confidence
score between 0-100.

Init Round r = 0

System Prompt (Init):
You are {debater}, a helpful AI assistant.
You are now required to answer a question
given by the user. Please provide a clear rea-
soning for your answer, followed by your
answer to the question. It is crucial to also
include your confidence score, which re-
flects how strongly you believe your answer
is correct. Consider the confidence score
carefully as it represents the likelihood of
your answer being accurate. Please output
in the following format strictly:
Reason: [your reason for the answer here]
Answer: [your answer here, only the an-
swer]
Confidence score: [your confidence score
only, 0-100]

User Prompt (Init):
Question: {question}
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Debate Round r > 0

System Prompt (Debate):
You are {debater}, a debater. You are now
required to answer a question given by the
user and debate with other debaters about
the answer. PAY SPECIAL ATTENTION
to these confidence scores as they reflect the
reliability and conviction of each debater’s
argument. If the confidence score is low, it
may indicate uncertainty in the debater’s an-
swer. Please evaluate it further in this case.
Then, formulate your debate arguments and
provide your answer to the question. Fi-
nally, include your confidence score, which
is a critical measure of how strongly you be-
lieve your answer is correct. Please output
in the following format strictly:
Reason: [your debate arguments here]
Answer: [your answer here, only the an-
swer]
Confidence score: [your confidence score
only, 0-100]

User Prompt (Debate):
Question: {question}
Debate history: {debate_history}

For the No Conf prompt, we simply remove
all expressions related to confidence from the LN
prompt.

A.2 Pseudo Code

Algorithm 1 presents the pseudocode design of
the ConfMAD system. For the No Conf setting,
simply remove all content related to confidence
expressions in Algorithm 1.

A.3 Datasets

The sizes of the training and validation sets for each
dataset are shown in Table 5. The BIGGSM dataset
is publicly accessible on GitHub, serving to fur-
ther evaluate LLMs’ reasoning capabilities on com-
plex mathematical problems. The usage of BBH,
MMLU, and MATH datasets all complies with the
MIT License. BBH is designed to test general
reasoning across diverse tasks, MMLU evaluates
knowledge across multiple academic subjects, and
MATH focuses on high-school competition-level
math problems. Our use of these datasets aligns
with their original intended purposes for bench-
marking LLMs.

Algorithm 1: ConfMAD
Input: Models M1, . . . ,Mn, Question x, Prompt p,

Max Debate Round T
Output: Final answer Af
for i← 1 to n do

R0
i , A

0
i , C

′0
i ←Mi(x | p)

C0
i ← Calibration(C′0

i )
D0

i ← ⟨R0
i , A

0
i , C

0
i ⟩

end
H0 ← Concat(D0

1, . . . , D
0
n)

for r ← 1 to T do
Ĥr ← Hr−1

for i← 1 to n do
Rr

i , A
r
i , C

′r
i ←Mi(x | p, Ĥr)

Cr
i ← Calibration(C′r

i )
Dr

i ← ⟨Rr
i , A

r
i , C

r
i ⟩

Ĥr ← Concat(Ĥr, D
r
i )

end
Hr ← Ĥr

end
return Af ← AT

i∗ , where i∗ = argmaxi C
T
i

Dataset BIGGSM BBH MMLU MATH

Test 400 2,000 2,000 1,000
Valid. 200 1,000 1,000 1,000

Table 5: The sizes of the test and validation sets(Valid.)
from different benchmarks. Validation sets are used to
train calibration models.

B Extended Results

B.1 Calibration Metric of ConfMAD
Expected Calibration Error (ECE) is a commonly
used metric for evaluating the quality of confidence
calibration. It quantifies the gap between predicted
confidence and empirical accuracy across different
confidence intervals and is defined as:

ECE =
M∑

m=1

|Bm|
n

|acc(Bm)− conf(Bm)| (2)

In Equation 2, M denotes the number of confi-
dence bins, and Bm represents the set of samples
whose confidence scores fall into the m-th bin. The
total number of samples is denoted by n. The term
acc(Bm) refers to the empirical accuracy within
bin Bm, while conf(Bm) denotes the average pre-
dicted confidence in the same bin. A lower ECE
indicates a better-calibrated result. In our exper-
iments, we set M = 10 when computing ECE
scores.

We first present the ECE scores of different cal-
ibration methods on the validation set. Table 6
presents the ECE scores obtained with LN and SV

6465



1 2 3 4
Debate Rounds

0.70

0.75

0.80

4o-mini and LLaMA - BBH

1 2 3 4
Debate Rounds

0.75

0.80

0.85

4o-mini and LLaMA - MMLU

1 2 3 4
Debate Rounds

0.70

0.75

0.80

4o-mini and Phi - BBH

1 2 3 4
Debate Rounds

0.82

0.84

0.86

4o-mini and Phi - MMLU

LN+Platt SV+Platt No Conf

Figure 8: Final accuracy over debate rounds (1 ≤ r ≤ 4) for 500 randomly sampled questions from MMLU and
BBH datasets, comparing 4o-mini debating with LLaMA and Phi.

Model Dataset LN Confidence SV Confidence
Platt Temp Vanilla Platt Vanilla

4o-mini

MMLU 0.2 2.6 19.4 8.0 13.8
BBH 1.7 4.2 22.4 1.8 19.3
BIGGSM 3.2 5.1 53.0 2.1 57.4
MATH 2.9 7.2 24.8 8.8 28.8

LLaMA

MMLU 4.7 17.9 8.8 1.8 15.2
BBH 4.8 26.6 24.7 3.3 25.3
BIGGSM 8.7 15.2 50.4 4.0 68.9
MATH 4.2 12.0 30.9 0.5 25.2

Phi

MMLU 1.4 2.2 15.3 5.0 15.4
BBH 6.0 8.5 25.2 4.0 26.3
BIGGSM 0.7 5.0 23.0 3.0 26.6
MATH 0.3 4.4 22.7 8.8 28.8

Table 6: Comparison of ECE ⇓ between original and calibrated confidence scores on validation sets. Validation sets
are used to train calibration models. Results are given ×100.

when applying Platt Scaling, Temperature Scaling,
and when no calibration is applied. The training
process of Histogram Binning is highly consistent
with the way ECE is computed; its ECE scores on
the training set are always close to zero. Therefore,
we do not present them in the table.

Table 7 compares the calibration metrics of the
final debate round with and without applying cali-
bration methods. It can be observed that Platt Scal-
ing is generally a more stable calibration method
under both LN and SV confidence settings, and it
consistently leads to improvements in ECE. In con-
trast, Histogram Binning and Temperature Scaling
show less stability and, in some cases, may even
result in increased ECE.

However, it is important to note that the perfor-
mance of a calibration method depends not only on
its design, but also on the quality and size of the val-
idation set, as well as the quality of the confidence
elicited from LLMs on that set. Therefore, improv-

ing the calibration of ConfMAD results requires
consideration from multiple perspectives, includ-
ing ensuring that the validation set is sufficiently
large and diverse in confidence scores.

B.2 Rounds of Debate

Figure 8 shows the relationship between debate
rounds and the accuracy of MAD systems, based on
subsets of 500 randomly sampled questions from
MMLU and BBH. Accuracy generally peaks within
the first 2–3 debate rounds and remains relatively
stable across most settings. In some cases, increas-
ing debate rounds beyond this point can even de-
grade the system’s performance. These observa-
tions are consistent with findings from prior related
work (Du et al., 2023; Estornell and Liu, 2024; Liu
et al., 2024). It is important to note that, given
the multiple inferences and longer context in MAD
systems, choosing an appropriate number of debate
rounds helps reduce computational overhead.
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Partner Task LN Confidence SV Confidence
Platt Histo Temp Vanilla Platt Histo Vanilla

LLaMA

BIGGSM 7.1 12.3 30.6 37.2 22.6 36.0 37.0
BBH 0.6 2.8 14.5 24.7 11.7 26.6 21.7
MMLU 0.5 5.3 5.1 19.4 4.8 2.2 13.6
MATH 4.5 23.1 4.2 39.1 10.7 27.2 26.0

Phi

BIGGSM 6.8 9.1 8.2 31.5 0.8 31.4 30.4
BBH 1.2 2.9 10.9 21.9 9.2 26.4 21.8
MMLU 1.0 1.8 6.5 18.2 10.2 11.8 14.3
MATH 2.5 9.6 6.2 21.7 6.2 24.1 21.0

Table 7: Comparison of ECE ⇓ with and without calibration across different datasets using ConfMAD debates of
the final results. Results are given ×100.
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Figure 9: Comparison of debate accuracy with and with-
out confidence scores across four datasets. The selected
LLMs are 4o-mini, LLaMA, and Phi, with three debate
rounds (one initial round followed by two one-by-one
rounds).

B.3 Number of Agents

We conducted debates involving three LLM agents:
4o-mini, LLaMA, and Phi. These debates were per-
formed under three settings: No Conf, LN+Platt,
and SV+Platt. There are four datasets, each com-
prising 400 samples: BIGGSM, and randomly se-
lected subsets from MMLU, BBH, and MATH.
Each debate spanned three rounds. The outcomes
of this experiment are presented in Figure 9. In
this three-agent setting, we observed that debating
with confidence continued to enhance final accu-
racy compared with the No Conf setting. How-
ever, the magnitude of improvement was less pro-
nounced compared to previous two-agent settings.

B.4 Correction Cases

Table 8 presents the number of correction cases
under different debate settings.

B.5 Categorical Confidence

Considering that LLMs are essentially generative
models, using a fine-grained confidence scale from
0 to 100 may be overly precise, and LLMs may
struggle to accurately express their confidence lev-
els. We conducted experiments comparing coarse-
grained confidence (Categorical Confidence) with
fine-grained confidence (Raw Confidence). In the
debate setting, we scaled the confidence expres-
sion by dividing it by 10 and then rounding the
result, and compared it against the original range.
We evaluated two debaters, 4o-mini and Phi, using
Platt Scaling for calibration. As shown in Table 9,
the performance difference between LN and SV
is negligible on MMLU and MATH. However, on
BBH and BIGGSM, Categorical Confidence ex-
hibits noticeable fluctuations. We hypothesize that
this is because overly coarse confidence expres-
sions undermine the effectiveness of the calibration
method.

In addition to expressing confidence levels in nu-
merical form, it is also possible to represent them
using textual categories, such as high, medium, and
low. Future work could explore how to integrate
such textual confidence expressions with calibra-
tion methods.

B.6 Win Rate Analysis

Table 11 presents the Win Rates (WR) across all
debate settings. We observe that, under the same
confidence expression method, lower WR values
are usually associated with poorer performance.
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Debaters Setting BIGGSM BBH MMLU MATH

4o-mini
LLaMA

No Conf 129 293 131 182
LN+Platt 132 337 167 181
LN+Histo 133 271 203 205
LN+Temp 120 343 219 212
SV+Platt 116 289 164 215
SV+Histo 106 295 131 235

4o-mini
Phi

No Conf 35 244 165 136
LN+Platt 72 298 223 160
LN+Histo 61 296 190 158
LN+Temp 82 293 186 164
SV+Platt 56 299 196 173
SV+Histo 36 263 193 183

Table 8: Number of correction cases under different de-
bate settings. Each value indicates how often an initially
incorrect answer was corrected during the debate.

Granularity Conf. BIGGSM BBH MMLU MATH

Categorical
LN 0.713 0.774 0.831 0.789
SV 0.740 0.756 0.824 0.777

Raw Conf.
LN 0.747 0.777 0.835 0.785
SV 0.730 0.781 0.834 0.784

Table 9: Performance comparison between coarse-
grained (Categorical, 0–10) and fine-grained (Raw
Conf.) confidence expression. Debaters are 4o-mini
and Phi with Platt scaling calibration.

This suggests that, when LLMs disagree, the rela-
tive ordering of confidence scores plays a crucial
role in influencing the final outcome. However,
in some cases, a lower WR does not necessar-
ily lead to a drop in performance. For example,
on the MATH dataset, even though uncalibrated
settings tend to have lower WRs, the overall ac-
curacy does not degrade. We attribute this to a
higher frequency of tie confidence scores, where
neither LLM agent clearly dominates. In addi-
tion, we notice an interesting phenomenon when
using 4o-mini and LLaMA as debating agents. On
the MATH dataset, although LLaMA initially has
lower accuracy, it achieves stronger performance
after the debate. This may suggest that confidence
debate could have encouraged more reflection and
adjustment during the debate process. These find-
ings further highlight that the role of confidence
expression in MAD systems is nuanced and com-
plex.

B.7 One-by-One Debate Mode v.s. Broadcast
Debate Mode

Table 10 details the performance comparison be-
tween the one-by-one and broadcast debate modes
under Platt Scaling across various datasets. In the

majority of cases, no significant performance dis-
parity is observed between the two modes. A key
feature of the broadcast mode is that it allows de-
baters to present arguments in parallel within each
debate round, obviating the need to await the out-
puts of others and thereby accelerating the whole
debate process. We adopted the one-by-one mode
in this study primarily to maintain alignment with
the MAD framework of Du et al. (2023), which
facilitates a more direct performance comparison.

B.8 Case Study
In this section, we present several cases where de-
bates conducted using the ConfMAD framework
successfully converged to correct outcomes. Figure
10 and Figure 11 illustrate debate examples involv-
ing the 4o-mini and LLaMA models, as well as the
Phi model, respectively.
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Debaters Calibration Mode BIGGSM BBH MMLU MATH

4o-mini
LLaMA

Platt+LN
One-by-One 0.632 0.763 0.833 0.711
Broadcast 0.632 0.755 0.825 0.723

Platt+SV
One-by-One 0.655 0.767 0.831 0.725
Broadcast 0.642 0.753 0.824 0.711

4o-mini
Phi

Platt+LN
One-by-One 0.747 0.777 0.835 0.785
Broadcast 0.735 0.768 0.834 0.792

Platt+SV
One-by-One 0.730 0.781 0.834 0.784
Broadcast 0.733 0.775 0.843 0.784

Table 10: Performance comparison between One-by-One and Broadcast debate modes under Platt Scaling. Confi-
dence elicition methods are LN and SV.

Dataset Setting 4o-mini + LLaMA 4o-mini + Phi
WR of Round 0 WR of Round 1 Acc. WR of Round 0 WR of Round 1 Acc.

BIGGSM

LN+Platt 0.796 (129/162) 0.435 (10/23) 0.632 0.816 (84/103) 0.880 (22/25) 0.747
LN+Histo 0.865 (134/155) 0.583 (7/12) 0.627 0.848 (78/92) 0.842 (16/19) 0.735
LN+Temp 0.895 (136/152) 0.773 (17/22) 0.625 0.875 (91/104) 0.938 (15/16) 0.748
LN+Vanilla 0.887 (125/141) 0.500 (7/14) 0.627 0.224 (22/98) 0.167 (4/24) 0.694
SV+Platt 0.852 (127/149) 0.481 (13/27) 0.655 0.831 (69/83) 0.806 (25/31) 0.730
SV+Histo 0.763 (106/139) 0.533 (8/15) 0.620 0.268 (22/82) 0.000 (0/26) 0.675
SV+Vanilla 0.577 (41/71) 0.667 (12/18) 0.608 0.506 (42/83) 0.542 (13/24) 0.708

BBH

LN+Platt 0.645 (335/519) 0.534 (124/232) 0.763 0.614 (316/515) 0.514 (111/216) 0.777
LN+Histo 0.534 (268/502) 0.565 (105/186) 0.753 0.552 (280/507) 0.488 (81/166) 0.753
LN+Temp 0.632 (350/554) 0.509 (115/226) 0.751 0.668 (334/500) 0.550 (120/218) 0.780
LN+Vanilla 0.664 (334/503) 0.354 (80/226) 0.748 0.551 (297/539) 0.464 (96/207) 0.778
SV+Platt 0.648 (309/477) 0.530 (149/281) 0.767 0.576 (297/516) 0.489 (116/237) 0.778
SV+Histo 0.534 (275/515) 0.524 (86/164) 0.757 0.526 (253/481) 0.533 (88/165) 0.757
SV+Vanilla 0.625 (223/357) 0.682 (122/179) 0.763 0.408 (194/476) 0.452 (94/208) 0.760

MMLU

LN+Platt 0.623 (230/369) 0.566 (142/251) 0.833 0.668 (263/394) 0.575 (100/174) 0.835
LN+Histo 0.674 (256/380) 0.592 (161/272) 0.819 0.676 (244/361) 0.644 (112/174) 0.832
LN+Temp 0.697 (274/393) 0.554 (107/193) 0.829 0.683 (231/338) 0.585 (86/147) 0.833
LN+Vanilla 0.441 (154/349) 0.376 (77/205) 0.804 0.608 (129/212) 0.273 (27/99) 0.801
SV+Platt 0.694 (249/359) 0.594 (148/249) 0.829 0.663 (216/326) 0.557 (83/149) 0.834
SV+Histo 0.499 (178/357) 0.529 (118/223) 0.805 0.529 (189/357) 0.548 (91/166) 0.815
SV+Vanilla 0.475 (172/362) 0.660 (192/291) 0.824 0.669 (206/308) 0.624 (93/149) 0.829

MATH

LN+Platt 0.815 (190/233) 0.681 (32/47) 0.719 0.608 (119/194) 0.766 (36/47) 0.788
LN+Histo 0.772 (190/246) 0.641 (25/39) 0.711 0.576 (121/210) 0.370 (17/46) 0.788
LN+Temp 0.782 (190/243) 0.676 (23/34) 0.711 0.631 (128/203) 0.556 (25/45) 0.765
LN+Vanilla 0.815 (203/249) 0.627 (32/51) 0.719 0.562 (109/194) 0.311 (14/45) 0.781
SV+Platt 0.716 (174/243) 0.460 (57/124) 0.715 0.774 (154/199) 0.733 (44/60) 0.784
SV+Histo 0.696 (176/253) 0.504 (57/113) 0.720 0.721 (158/219) 0.322 (19/59) 0.784
SV+Vanilla 0.421 (61/145) 0.519 (27/52) 0.730 0.424 (92/217) 0.507 (34/67) 0.784

Table 11: Win Rate (WR) and accuracy under different confidence settings across datasets. Metrics are reported for
two model pairs: 4o-mini + LLaMA and 4o-mini + Phi. Gray cells indicate the worst-performing setting for each
dataset and model pair.
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Bob’s debate arguments:
Reason: The Yang-shao culture, which flourished in prehistorical 
China, is known for its agricultural practices, particularly the 
cultivation of early domesticated crops. Excavations at Yang-shao 
sites have revealed evidence indicating that millet was a staple 
crop, along with other domesticated plants. Wheat and rice are 
associated more closely with later agricultural developments in 
other areas. The appropriate crops from Yang-shao sites align most 
closely with millet, which was significant during that period. 
Answer: (0) beans, millet, and maize
Confidence score: 71

Question: Excavation of Yang-shao sites in China indicates which domesticated
crops: (0) beans, millet, and maize. (1) wheat, rice, and peas. (2) sorghum, emmer,
and legumes. (3) millet, cabbage, and rice.

James’ debate arguments:
Reason: The Yang-shao culture, also known as the Yangshao
culture, was a Neolithic culture that existed in the central plains of 
ancient China from around 5000 to 3000 BC. Archaeological 
evidence from Yangshao sites has revealed that the people of this 
culture were skilled farmers who domesticated and cultivated several 
crops. Among the domesticated crops, millet and rice were 
prominent, and there is also evidence of the cultivation of vegetables, 
including cabbage. However, maize was not commonly cultivated in 
China during this period. Maize originated in the Americas and was 
not introduced to Asia until much later. Therefore, I can eliminate 
option (0) that includes maize. Options (1) and (2) are also incorrect 
because they include crops such as wheat, peas, and emmer that were 
either not prominent or were introduced later in the Neolithic period 
in China.
Answer: (3) millet, cabbage, and rice
Confidence score: 85

Round 0

Round 1

Bob’s debate arguments:
Reason: Examining the confidence scores and reasoning from 
both James and myself, it is clear that James provided a more 
accurate representation of the crops associated with the Yang-shao 
culture. His assertion that maize was not cultivated during that 
time due to its origins in the Americas is critical. The mention of 
millet and cabbage aligns closely with archaeological findings as 
well, presenting a more legitimate option. Therefore, the evidence 
points heavily toward the inclusion of millet and cabbage 
alongside rice, all of which were cultivated during that prehistoric 
era. This makes option (3) a stronger candidate than my initial 
selection.
Answer: (3) millet, cabbage, and rice
Confidence score: 73

James’ debate arguments:
Reason: After carefully evaluating the debate history, I agree with 
James' argument that millet, cabbage, and rice were the most 
prominent domesticated crops in Yang-shao sites. His reasoning 
about the origin of maize and its unlikely cultivation in ancient China 
during that period is convincing. Additionally, Bob's concession and 
acknowledgment of James' more accurate representation of the 
Yang-shao culture's crops further solidifies option (3) as the most 
plausible answer. Bob's initial answer, while mentioning millet, 
includes maize, which has been effectively ruled out by James. 
Options (1) and (2) are also less convincing due to the inclusion of 
crops that were either not prominent or introduced later in the 
Neolithic period in China.
Answer: (3) millet, cabbage, and rice
Confidence score: 84

Round 2

Bob’s debate arguments:
Reason: After analyzing the debate history and the confidence 
scores of the other debaters, it is evident that James provided the 
strongest argument regarding the domesticated crops associated 
with the Yang-shao culture. He correctly pointed out that maize 
was not present in ancient China during that time, as it originated 
in the Americas, and therefore, excluding it from the discussion 
reinforces the integrity of the crops relevant to the Yang-shao 
culture. James also highlighted the importance of millet and 
cabbage, along with rice, which aligns well with archeological 
evidence from the period. Given James' high confidence score of 
92, his argument is robust, and I must align with his conclusion.
Answer: (3) millet, cabbage, and rice
Confidence score: 73

James’ debate arguments:
Reason: After thoroughly reviewing the debate history and 
confidence scores of the other debaters, it is clear that James
provided the most compelling argument regarding the domesticated 
crops of the Yang-shao culture. His assertion about maize not being 
present in ancient China during that time is a critical piece of 
evidence that eliminates option (0). Additionally, James' emphasis on 
millet, cabbage, and rice aligns closely with archaeological findings, 
as acknowledged by both James and Bob. It is also noteworthy that 
Bob has conceded and aligned his answer with James', 
demonstrating a strong consensus between the debaters. The highest 
confidence score of 85 from James further reinforces the reliability 
of his argument.
Answer: (3) millet, cabbage, and rice
Confidence score: 85

GPT-4o-mini LLaMA-3.1-
70B-Instrct

Figure 10: In a ConfMAD debate involving 4o-mini and LLaMA on a MMLU question under the LN+Platt setting,
4o-mini referenced LLaMA’s confidence scores and answers, leading the debate to converge on the correct result.
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Bob’s debate arguments:
Reason: The initial movement is 13 kilometers south, 
then the ship moves 92 kilometers north. This results 
in a net distance of 92 - 13 = 79 kilometers north. After 
that, the ship continues traveling north for an 
additional distance that is 138 times greater than the 
previous day's journey south, which was 13 kilometers. 
Therefore, the additional distance is 138 * 13 = 1794 
kilometers north. So the total distance from the starting 
point is 79 kilometers + 1794 kilometers, which equals 
1873 kilometers north.
Answer: 1837
Confidence score: 59

Question: A ship traverses the ocean waves. Below are entries from the ship's logbook:\n- The ship sailed 13
kilometers south.\n- The ship traveled 92 kilometers towards the north.\n- The ship traveled north, covering a
distance 138 times greater than the previous day's journey.What is the extent of its travel from the starting location?

James’ debate arguments:
Reason: To find the extent of the ship's travel from its starting location, we need to calculate 
its net displacement after all the movements are accounted for. 1. Starting point: Assume the 
ship starts at the origin, position \\(0\\).2. Travel south: The ship sailed 13 kilometers south. 
This can be considered as \\(-13\\) kilometers.3. Travel north: The ship then traveled 92 
kilometers north. This can be viewed as \\(+92\\) kilometers. - Net displacement after these 
two movements = \\(-13 + 92 = 79\\) kilometers north.4. Further travel north: The ship then 
traveled north, covering a distance 138 times greater than the previous day's journey, which 
was 92 kilometers. - Distance traveled on this day = \\(138 \\times 92 = 12,696\\) kilometers 
north. 5. Total displacement from the starting point: - Net displacement = \\(79 + 12,696 = 
12,775\\) kilometers north. Thus, the extent of its travel from the starting location is 12,775 
kilometers north. Reason: The calculations involve simple arithmetic operations with integer 
values, where the direction of travel (north/south) determines the sign (positive/negative) of 
each displacement. The final net displacement sums up all individual movements accounting 
for directions.
Answer: 12775
Confidence score: 73

Round 0

Round 1

Bob’s debate arguments:
Reason: Analyzing the ship's journey involves 
carefully accounting for the direction and magnitude 
of each movement. Starting from the ship's voyages, it 
first moves 13 kilometers south, resulting in a position 
of -13 kilometers. Then, it travels 92 kilometers north, 
leading to a net displacement of 79 kilometers north 
(which is +79 kilometers). The subsequent journey is 
stated to be 138 times greater than its initial southward 
travel, which is incorrectly interpreted by James. The 
initial distance down was 13 kilometers, thus the 
additional northward travel should instead be 
calculated as 138 times that distance (13 kilometers), 
giving us an additional distance of 1794 kilometers 
north. Therefore, the correct total displacement is 
computed as 79 kilometers plus 1794 kilometers, 
yielding a final displacement of 1873 kilometers north. 
I believe my calculations reflect the correct 
interpretation of the problem.
Answer: 1837
Confidence score: 49

James’ debate arguments:
Reason: To resolve the debate about the ship's total displacement from its starting point, we 
need to carefully analyze each segment of the journey:1. Travel South: The ship initially 
moves 13 kilometers south. This can be represented as \\(-13\\) kilometers.2. Travel North 
(First Segment): Then, the ship travels 92 kilometers north, which is a positive movement. 
The displacement after this segment is \\(-13 + 92 = 79\\) kilometers north.3. Further Travel 
North (Second Segment): The ship then travels north a distance that is 138 times greater than 
the previous day's journey, which is the 92 kilometers north, not the initial 13 kilometers 
south movement. Therefore, the additional northward travel is \\(138 \\times 92 = 12,696\\) 
kilometers north.4. Total Displacement: Summing up the displacements, we have \\(79 + 
12,696 = 12,775\\) kilometers north from the starting point.Bob's interpretation incorrectly 
uses the 13 kilometers southward journey as the basis for the second calculation, leading to an 
incorrect result of 1873 kilometers. However, the problem specifies the additional travel is 
138 times the previous day's northward journey (92 kilometers), not the southward journey 
(13 kilometers).Therefore, my assessment aligns with the steps outlined above, confirming 
the extent of the ship's travel from its starting location as 12,775 kilometers north.Reason: 
The problem specifies that the subsequent travel north is based on 138 times the previous 
day's travel, which is the 92-kilometer northward journey. Correct calculations using these 
values yield a total displacement of 12,775 kilometers north.
Answer: 12775
Confidence score: 73

Round 2

Bob’s debate arguments:
Reason: To determine the extent of the ship's travel 
from the starting location, it's crucial to track each 
segment of its journey correctly. The ship first sails 13 
kilometers south, resulting in a position of -13 
kilometers. Next, the ship travels 92 kilometers north, 
netting a displacement of \\(79\\) kilometers north. The 
significant part of the debate arises from interpreting 
the subsequent journey; the phrase \"covering a 
distance 138 times greater than the previous day's 
journey\" is clarifying. The previous day's journey 
towards the north was \\(92\\) kilometers, thus the 
additional distance amounts to \\(138 \\times 92 = 
12,696\\) kilometers. Therefore, adding these 
displacements yields a total of \\(79 + 12,696 = 
12,775\\) kilometers north from the starting point. This 
correct assessment aligns with the specifics of the 
problem.
Answer: 12775
Confidence score: 73

James’ debate arguments:
Reason: After reviewing the debate history and analyzing the arguments presented, it's clear 
that the correct interpretation of the ship's logbook entries involves calculating the net 
displacement accurately, considering the respective distances traveled in each direction. \n\n1. 
Travel South: The ship first moves 13 kilometers south, represented as \\(-13\\) 
kilometers.\n\n2. Travel North (First Segment): Next, the ship travels 92 kilometers north, a 
positive movement. After this segment, the net displacement is \\( -13 + 92 = 79\\) kilometers 
north.\n\n3. Further Travel North (Second Segment): The ship travels north a distance 138 
times the previous day's northward journey. The key point is recognizing that \"the previous 
day's journey\" refers to the 92 kilometers of northward travel, not the initial southward 
journey of 13 kilometers. Therefore, the additional northward travel is \\(138 \\times 92 = 
12,696\\) kilometers north.\n\n4. Total Displacement: Summing all displacements gives a total 
of \\(79 + 12,696 = 12,775\\) kilometers north from the starting point.\n\nBob's initial 
misunderstanding stemmed from misinterpreting the reference point for the \"previous day's 
journey.\" Upon clarification, the argument converges to the same value I defend: 12,775 
kilometers north as the correct extent of travel from the starting location.\n\nReason: The 
disagreement was resolved by consistently interpreting \"previous day's journey\" as the last 
completed northward travel when the 138-times factor is applied, leading to the correct 
computation.
Answer: 12775
Confidence score: 73

GPT-4o-mini Phi-4

Figure 11: In a ConfMAD debate involving 4o-mini and Phi on a MATH question under the SV+Platt setting,
4o-mini referenced Phi’s confidence scores and answers, leading the debate to converge on the correct result.
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