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In a multi-agent debate, language-model agents discuss their responses before the system chooses a final answer. Each additional
round requires more inference-time computation. We examined whether setting a confidence threshold would reduce unneeded
debate rounds while maintaining answer accuracy. We tested fixed-round and adaptive schedules in the publicly available Du
and Liang frameworks. Each condition used gpt-4o-mini and the same 100 questions sampled from QuALITY. We recorded
accuracy, completed rounds, model calls, judge or moderator confidence, and paired question-level changes. The single-agent
baseline answered 77 of the 100 questions correctly. Varying the Du thresholds affected computation more consistently than
accuracy. None of the Du adaptive conditions clearly improved on the fixed-one independent ensemble. For Liang, we examined
fixed schedules of one, two, and three rounds, together with a prompt-matched fixed-two control. This control helped separate
stopping behavior from changes to the scored-output prompt. Its performance was similar to strict adaptive stopping, indicating
that stopping alone could not explain the original accuracy difference. Later rounds sometimes corrected earlier errors but also
introduced regressions. In these experiments, confidence-threshold stopping offered no consistent improvement in accuracy or
measured computational efficiency over simpler fixed schedules. Adaptive controllers therefore need comparisons with matched
fixed baselines across multiple thresholds, with prompt changes assessed separately from the stopping rule.
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Introduction

Debate systems that involve multiple agents are being devel-
oped to help Large Language Models (LLMs) reason better
through interactive dialogue. This is done by providing the
LLMs with the opportunity to create responses based upon
a prompt, then have them collaborate on reviewing the re-
sponses that they created, explain the reasons behind the re-
sponses that they gave, and engage in discussions and debates
as to why they believed that their responses were correct or in-
correct. A final answer is then selected according to the frame-
work’s scoring procedure.

Research in this area has shown that interactions among
agents can improve reasoning or factuality in some scenar-
ios. However, the degree to which these improvements oc-
cur depends heavily upon the methods employed. Du et al.
employed a method in which agents provided independent re-
sponses to a question and exchanged information related to
why each agent responded to the question in a certain man-
ner.1 Liang et al. developed a system that employed adver-
sarial roles and a moderator to promote divergent opinions.2

Other studies have examined specialized agents for software
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development and cross-model communication.3,4 Research on
debate has investigated the relationship between persuasive-
ness and truthful answers,5 consistency among collaborating
models,6 confidence-weighted consensus,7 and sparse com-
munication between agents.8 Other work has examined ad-
versarial attacks on collaborating agents,9 debate for event
extraction,10 and multi-agent debate for evaluating gener-
ated text.11 AutoGen, MetaGPT, and AgentVerse provide
additional frameworks for organizing multi-agent collabora-
tion.12,13,14 Smit et al. discovered that multi-agent debate did
not consistently outperform simple self-consistency or ensem-
bling methods across their entire benchmark suite.15 Because
of the varying degrees of success experienced in past research
studies, it is important to evaluate competing debate protocols
against simple baselines rather than assuming that additional
interaction will always result in superior performance.

While prior research has improved reasoning through
chain-of-thought prompting,16 and through STaR (which fine-
tuned on generated rationales leading to correct answers),17

Huang et al. evaluated intrinsic self-correction without exter-
nal feedback and found that it can fail or decrease accuracy on
reasoning tasks.18 Although prior research has studied both
multi-agent debate and inference-time reasoning, this paper
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evaluates one adaptive stopping rule based on confidence lev-
els vs. fixed-round limits on the exact same QuALITY subset,
utilizing the same model ID and temperature in two existing
debate architectures. The contribution is this controlled com-
parison of stopping schedules.

Two different types of methods were employed to schedule
debates. One type is referred to as “fixed-round stopping,”
wherein the same number of rounds are used per question.
The other type is referred to as an “adaptive condition.” This
adaptive condition uses the model’s degree of confidence as a
factor when deciding whether to stop debating after a round
has been completed. The primary adaptive conditions utilized
a confidence threshold of 90 on a 0–100 scale. Additionally,
there were four different Du thresholds (70, 80, 90 and 95)
utilized during a sensitivity sweep. In the Du framework, a
separate judge provides the confidence values. In Liang, the
moderator supplied confidence as part of its output. A round
represents an iteration of the debate process. The round limit
concerns these iterations, rather than the length of an individ-
ual response.

There is a trade-off between answer quality and inference-
time computation. Longer dialogues may revise or correct an-
swers, but they require additional model calls and may also
introduce new errors. An effective stopping rule should there-
fore identify whether further discussion is likely to improve
the answer, rather than relying only on whether the current
answer appears confident.

Were the adaptive stopping rules based upon confidence
thresholds different in terms of answer accuracy and round
completion relative to their respective fixed-round baselines?

The purpose of this research study was to compare whether
the tested adaptive stopping rule resulted in changes either in
answer accuracy or completed-round counts relative to fixed-
schedule counterparts in controlled experiments. Answer ac-
curacy and completed-round comparisons were made primar-
ily within each individual framework. A single-agent baseline
was used to assess whether incorporating debate produced a
detectable improvement in accuracy.

In addition, adaptive control mechanisms impose their own
overheads; therefore, we assessed the adaptive conditions
against simple fixed schedules. Furthermore, we separated the
effects of the modified Liang moderator prompt and scored-
output pathway from stopping behavior and analyzed whether
the Du results varied by the selected confidence threshold.

Both publicly available debate frameworks were tested uti-
lizing a 100-question subset of the QuALITY v1.0.1 train split
using the gpt-4o-mini model identifier at temperature = 0.0.
Each experimental condition contained 100 total questions
across 64 articles. Each condition included identical questions
presented in identical orders, and no training or fine-tuning oc-
curred.

Methods

Research Design

This study utilized an inference-only experimental design. No
models were trained or fine-tuned nor were any model weights
altered. The focal point of interest for this study was the de-
bate process itself including: (i) the structure of the debate
agents, (ii) termination criteria, (iii) how responses generated
by the agents are aggregated to produce a final answer, and (iv)
how that final answer is evaluated. Each experimental condi-
tion received identical sets of evaluation problems presented
in identical orders. The final answer provided by each condi-
tion was then translated into one of four possible labels (A, B,
C or D), and then compared against the gold-labeled correct
answer. Additionally, the total number of completed rounds
was tallied for each debate condition.

Dataset and Evaluation Sample

QuALITY is a long-context multiple-choice reading-
comprehension dataset in which each question is associated
with a source passage, four alternative answers, and a gold
label indicating which answer is correct.19 Therefore, it pro-
vides an objective target that can be represented as A/B/C/D
for evaluating each system’s final answer.

In total, 100 questions were selected from the QuALITY
v1.0.1 train split. The original sample preparation used selec-
tion seed 42. In addition, all experimental conditions utilized
the identical 100 rows of the data in exactly the same order.
Each question came from one of 64 unique source documents,
and no more than six questions were taken from any single
source document. Errors were dispersed across source arti-
cles; none of the primary conditions had more than three er-
rors from a single source article. The reproducibility package
lists question IDs, source indices, answer choices, gold labels,
checksums and sample-selection details.

For added background information, Pang et al. stated that
they achieved a test-set accuracy rate of 55.4% on their best
published baseline, 43.3% on a question-only baseline, and
93.5% for human annotators.19 Since this study used a differ-
ent model, a 100 item sub-sample of the training split, and
fully contextualized source passages to evaluate QuALITY,
these results cannot be accurately compared to those previ-
ously obtained by Pang et al.

GSM8K was initially examined during pilot work; how-
ever, GSM8K was eventually excluded from further analysis
because the selected model performed near ceiling level on
the pilot questions.20 Consequently, there was little room to
examine accuracy differences among stopping conditions.

The 100 selected questions comprised a single evaluation
sample. The gold labels associated with the questions were
never seen by the agents prior to answering them. After each
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system provided its final A/B/C/D answer for each question,
that answer was then compared to the corresponding gold-
labeled answer and classified as either “correct” or “incor-
rect”.

Framework Architectures and Stopping Point

Figure 1 depicts both architectures of debate (the Du frame-
work and the Liang framework), as well as what information
was present in each round and where each adaptive termina-
tion check occurred.

Debate Frameworks

To compare the effects of different stop-schedules on each of
the two architectures, the researchers used the composable-
models llmmultiagentdebate implementation associated with
Du and colleagues,1,21 as well as the Multi-Agents-Debate
repository associated with Liang and colleagues.2,22 Because
the two architectures have differences in terms of the roles of
the agents, the flow of information during debating, and the
way that the final answer is chosen, cross-framework compar-
isons are descriptive rather than causal.

The Du framework has three agents that provide answers
to questions. In Round 1 all of the three agents respond sep-
arately. However, starting in Round 2, the agents are given
the other agents’ prior responses and may alter their reasoning
process. Therefore, in each complete Du round, there will be
one response from each of the three answer generating agents
or three model calls. The final answer is decided based on a
majority vote among the three A/B/C/D labels that were ex-
tracted from the last completed round. In the adaptive condi-
tion, after the three agent calls in each round, there is a sep-
arate judge call used to evaluate the stopping criterion. That
judge call adds extra overhead and does not replace the agents’
majority vote answer.

The Liang framework has an affirmative debater, a negative
debater, and a moderator. If a run reaches its fixed limit before
an acceptable moderator answer is found, it uses a separate fi-
nal judge. Each completed round consists of an affirmative re-
sponse, a negative response, and a moderator evaluation. The
full QuALITY prompt is embedded in each debater’s persis-
tent meta-prompt at initialization, so that each debater retains
the passage in their conversation context throughout the rest of
the rounds. The moderator’s candidate answer is taken from
debateanswer; when the repository invokes its separate final
judge at the limit, the scored output follows that final-judge
pathway.

Therefore, these frameworks do not utilize computationally
equivalent rounds. Counts of completed rounds are thus only
relevant within each framework. Round 1 includes three in-
dependent agent calls in Du; however, all rounds after Round

1 provide each agent with the other agents’ answers from the
previous round and include a repetition of the full question
block. Every normal round in Liang includes calls to both de-
baters (affirmative and negative), as well as to the moderator.
The primary Du comparison is adaptive stopping versus fixed
one round, because 95 of 100 adaptive questions concluded
after Round 1.

Repository Updates

Both repositories were updated to support the common
QuALITY-task format. Common updates involved format-
ting passages, questions and four possible answers; extract-
ing final A/B/C/D labels; providing options for fixed-round
and confidence-threshold adaptive stopping; requesting and
parsing numeric-confidence values in adaptive conditions; en-
abling batch processing; and writing logs at question level.
The adaptive enhancements differed between frameworks.
Most notably, Liang’s strict adaptive condition added an ex-
tension to the prompt that generates debateanswer in the mod-
erator prompt. As such, the original fixed versus adaptive
comparison altered stopping behavior, the moderator prompt,
and the scored-output path.

The initial role assignments and overall flow of argumenta-
tion (debate) were kept. The implementation of Du was done
using commit 9846749350eb917ae5bfaaff4c645fc705b8d3af
of composable-models/llmmultiagentdebate. The
implementation of Liang was done using commit
e58d146033568ccf737d8031a93748597907d7d3 of Multi-
Agents-Debate. Documentation of source code has the
prompt templates, the logic to extract information, tempera-
ture settings and the maximum token behaviors used in this
research.

Model and Generation Parameters

All reported runs employed the OpenAI API model identi-
fier gpt-4o-mini and temperature 0.0.23 Python’s local ran-
dom seed was set to 0 by the orchestration scripts. No model-
generation seed parameters were provided in the API calls. In
the Du implementation, topp and maxtokens were not explic-
itly set. In Liang, topp was also unspecified, but maxtokens
was capped at the minimum of 2,048 tokens and the amount
of context available, with a floor of 256.

Conditions Tested

Seven total conditions existed in the main matrix: Single-
Agent Baseline; Du Fixed One Round; Du Fixed Two Rounds;
Du Stopping Criteria (Adaptive), Confidence Threshold = 90,
Six-Round Cap; Liang Fixed Two Rounds; Liang Strict Stop-
ping Criteria (Adaptive), Confidence Threshold = 90, Six-
Round Cap; Liang Prompt-Matched Fixed-Two Control. Ad-
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Figure. 1 Operational structures of (A) the Du framework and (B) the Liang framework. The diamonds mark the adaptive stopping checks;
fixed schedules bypass the checks and stop at preset rounds.

ditionally, several sensitivity studies examined the following
four Du thresholds (i.e., 70, 80, 90, and 95) as well as original-
prompt Liang fixed-one and fixed-three schedules.

For all fixed-condition runs, the required number of rounds
were completed. For adaptive runs, after each completed
round, if their stopping criterion was met, the runs terminated.
Otherwise, they ran until either their stopping criterion was
met or the six-round cap was reached. The Liang prompt-
matched fixed-two control enforced completion of exactly two
rounds via use of the strict adaptive moderator prompt.

Sensitivity and Fixed-Round Bracketing

To assess how the stopping threshold influenced results, four
Du adaptive runs were executed using the same 100 questions
and three agents. Each of the four runs used the same model
identifier, temperature, and six-round cap. Only the stopping
threshold was varied across the four runs: 70, 80, 90, or 95.
To provide a full range of sensitivity test data, the threshold-90
run was repeated in this batch.

Additionally, two other Liang fixed-schedule runs were ex-
ecuted to bracket the fixed-two schedule. Both fixed-one
and fixed-three schedules used the original moderator prompt,
disabled early-stopping, and retained the repository’s typical
final-judge processing. In addition to employing the same
model identifier, temperature, and extraction process, these
runs employed the same order of dataset presentation.

Single-Agent Baseline Condition

Each passage, question, and answer choice was presented to
a single gpt-4o-mini model instance. Without any agent inter-
action or a stopping controller, this single-instance model was
requested to select its best A/B/C/D answer choice. Based
upon a uniform random distribution over the four possible
choices, the expected accuracy is 0.25. A second simpler base-
line exists within the Du conditions. Since the three Du agents
never interact with one another during round one and since the
final answer is selected based upon the majority vote of their
responses in round one, Du fixed one round provides a three-
sample ensemble of answers instead of providing interactive
debate. This difference is important when evaluating whether
debate provides added benefit over simply aggregating indi-
vidual answers.15,24

Stopping Criterion Used by the Judge in the Du Adaptive
Condition

After each completed round in the Du adaptive condition, a
separate language-model judge evaluated the three agent an-
swers. The judge sent back two pieces of information: An-
swer and Confidence. Confidence was reported on a scale
of 0 through 100. If the parsed confidence level met or ex-
ceeded 90, the process terminated. Below 90, the next round
took place unless six rounds had already been completed. The
judge’s Answer did not become the system’s final answer.
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That answer was still decided by a majority vote among the
three agents’ answers from the last completed round.

Confidence parsing was successful for all 109 judge evalu-
ations in the archived Du adaptive run. Those 109 evaluations
equate to the 109 rounds that were finished. Therefore, the to-
tal amount of model calls in that run was the 109 judge calls
added to the 327 agent calls (answer generating agents) which
amounts to 436 total calls. That is compared to 300 agent calls
in Du fixed one round and 600 in Du fixed two rounds.

Liang Strict Adaptive Stopping Criterion and Prompt-
Matched Fixed-Two Control

Stopping early in the Liang strict adaptive condition was based
upon three variables: there was a preferred option given by the
moderator, debateanswer was non-empty, and the moderator’s
confidence was at least 90 on the 0–100 scale. Based upon
pilot tests, the rule was tightened so that the debate would not
finish prior to completing at least one full round.

The Liang strict adaptive moderator prompt was changed so
that it asked for numerical confidence and left debateanswer
empty if the moderator thought additional rounds may help
improve the answer. Because debateanswer is evaluated for
accuracy, this prompt change affects both the generation of
the scored answer and how long a debate continues.

To separate the prompt change from stopping behavior, we
created a Liang prompt matched fixed two control. In this
control, we used the same modified moderator prompts as the
strict adaptive condition but forced exactly two rounds to oc-
cur. Additionally, we directly scored the moderator’s round-2
debateanswer. We were able to complete all 100 questions in
this control with two rounds completed. There was one final
debateanswer that was blank and therefore scored as incorrect.

There were 100 Liang adaptive questions answered.
Eighty-one of them stopped prior to reaching the six-round
cap. Nineteen of them reached the cap. Confidence parsing
successfully parsed all 270 moderator evaluations.

Answer Extraction and Scoring

Answer extraction and scoring were done through scripted
methods. The Du framework utilized a regular-expression-
based technique to extract a single answer label from each of
the agent responses. The predicted answer was the most fre-
quently occurring label extracted from the agents’ responses
at the conclusion of the final round. The code additionally
contained a deterministic fallback method. If all three labels
were different then it selected the first answer in agent order.
No such cases occurred in the Du adaptive evaluation.

Within the Liang framework, the scored output was reduced
to a single A/B/C/D label; for moderator-scored paths, this
was provided from debateanswer. For each condition, an ex-

act match between the extracted label and the QuALITY gold
label was needed. Accuracy was defined as the number of cor-
rect answers divided by 100 questions.

Procedural Debate Length and Computational Usage

We calculated the mean and total number of completed rounds
for each debate condition. Completed rounds are a procedural
measure of debate length, not a direct measure of computa-
tional cost. Prompt tokens, completion tokens, and approx-
imate API costs were reported in both Du and single-agent
logs. Tokens consumed by Liang calls were not logged; how-
ever, we can reconstruct model call counts from the supplied
code.

The single-agent baseline called for 100 model calls. Du
fixed one used 300 calls, Du fixed two used 600 calls, and
the original Du adaptive run used 327 calls to the agent plus
109 calls to the judge for a total of 436 calls. The original
Liang fixed-two condition used 800 calls, Liang strict adap-
tive used 848, and prompt-matched fixed-two control used
600. Logged estimated costs were approximately $0.106 for
the single-agent baseline, $0.317 for Du fixed one, $0.945 for
Du fixed two, and $0.529 for Du adaptive.

Completed rounds are considered only in relation to their
respective framework. Since Liang token totals were not
logged, direct comparisons of token cost between the two
frameworks were not possible.

Statistical Methods

Exact two-sided McNemar tests were applied to paired accu-
racy comparisons because the same 100 questions were eval-
uated in each condition.25 In addition to comparing the main
framework accuracies, the Liang prompt-matched control ac-
curacies, the single agent baseline accuracies, and the original-
prompt Liang fixed-round bracket accuracies, we also esti-
mated 95 percent Wilson confidence intervals for each accu-
racy measure. Some of the McNemar comparisons are pro-
vided along with their respective discordant counts (questions
answered correctly on only one of the paired comparisons),
and matched pair odds ratios. Additionally, exact 95 percent
confidence intervals for the odds ratios were estimated based
on the binomial distribution of discordant pairs. Furthermore,
as a means to avoid conducting multiple-comparison searches
when testing different thresholds at varying levels, our pri-
mary focus was on presenting the descriptive findings from
the four Du threshold sensitivity runs versus performing all
six pair-wise threshold comparisons.

Exact two-sided paired sign tests were performed to deter-
mine whether or not the completed-round count differences
for each individual question exhibited a consistent direction,
while excluding tied round-count differences.26 Mean and
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median round difference values from the paired comparisons
have been documented, as well as a bootstrap-based 95 per-
cent confidence interval for the mean round difference. Given
that a number of additional related paired comparisons were
conducted subsequent to the initial analysis, it is important to
recognize that the associated p-values should be treated as ex-
ploratory evidence only. As a result, even small one- to three-
point differences in terms of accuracy should be approached
with caution particularly given that no model-generation seed
was passed into the API calls.

Reproducibility Materials

In order to support replication efforts, a comprehensive re-
producibility package has been developed which includes the
exact same 100-question CSV file, a question ID manifest,
question level output values, a prompt-matched Liang control,
all Du threshold-sensitivity and Liang fixed-round bracketing
runs, orchestration and framework modification scripts, vali-
dation reports, checksums, prompt templates, extraction logic,
and derived analysis table values. The package also docu-
ments the procedure used to select the 100-question sample
from the QuALITY train split, as well as the repository com-
mit IDs used for both frameworks.

Ethical Considerations

As this research utilizes publicly available datasets and source
code repositories, no human participants were engaged in this
study. No personal identifying information was used. Simi-
larly, there was no intervention involving human subjects. Ac-
cordingly, institutional review board approval and/or informed
consent were not applicable.

Results

Overall Performance

In the primary matrix, Du’s fixed one round had the greatest
observed accuracy, 0.80, whereas both the single-agent base-
line and the original Du adaptive condition had 0.77. The orig-
inal Liang fixed two had 0.73, and the prompt-matched fixed
two and strict adaptive conditions had 0.52 and 0.53, respec-
tively. Figure 2 shows the respective Wilson 95% confidence
intervals.

Fixed-Round Versus Adaptive Stopping

Because 95 of the 100 questions in Du adaptive also ended af-
ter one round, Du fixed one is the most relevant Du baseline.
Du fixed one had 0.80 accuracy with 100 completed rounds in
total; Du adaptive had 0.77 with 109 completed rounds plus

109 additional judge calls. There was no statistically signifi-
cant difference (p = 0.508) when comparing the pair-wise ac-
curacy of these two conditions. Although adaptive stopping
resulted in fewer rounds than fixed two, fixed two was not the
best of the other simple baselines.

The original Liang fixed-two condition had 0.73 accu-
racy, and Liang’s strict adaptive stopping condition had 0.53.
However, the above comparison also changed the moder-
ator prompt and the scored-output path. Liang’s prompt-
matched fixed-two control, which retained the modified mod-
erator prompt and scored-output path, had 0.52 accuracy. Al-
though there was a large statistically significant difference
(p < .001) between Liang’s original fixed-two condition and
Liang’s fixed two condition that matched prompts, there was
not a statistically significant difference (p = 1.00) when com-
paring Liang’s strict adaptive stopping condition to Liang’s
fixed two condition that matched prompts. Therefore, the orig-
inal Liang gap cannot be due solely to the stopping behavior.

Paired Accuracy Tests

For example, in the comparison of Du fixed one and Du adap-
tive, there were only nine discordant question pairs, leaving
little ability to distinguish small accuracy differences. For the
comparison of Du fixed two and Du adaptive stopping, there
were fourteen discordant questions. If we use an exact two-
sided McNemar test to compare these two conditions at alpha
= .05, then if we have at least a 12 to 2 split among the four-
teen discordant pairs, then we will be able to find a statistically
significant difference (i.e., at least a ten point net difference in
pair-wise accuracy in our hundred question sample).

When compared to the primary Du conditions, as well as
to Liang’s original fixed-two condition, there were no statisti-
cally significant differences found when comparing the single-
agent baseline. When compared to Liang’s prompt-matched
fixed-two control and Liang’s strict adaptive condition, how-
ever, the single agent baseline did have statistically signifi-
cantly greater accuracy.

Stopping Distribution Analysis

Du’s adaptive stopping distribution was highly skewed toward
early stopping: ninety-five questions stopped after one round,
four stopped after two rounds, and only one question reached
six rounds. On the other hand, Liang’s adaptive stopping dis-
tribution was less skewed: twenty-one stopped after round
one, fifty-two after round two, four after round three, one after
round four, three after five rounds, and nineteen reached round
six. One bar for each stopping round is shown in Figure 3 for
each framework.

Accuracy also varied with stopping round. Questions in
Du’s adaptive stopping that stopped after round one were cor-
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Table 1 Performance Across Experimental Conditions
Condition Accuracy 95% Wilson CI Avg. rounds Total rounds
Single-agent baseline 0.77 [0.678, 0.842] n/a n/a
Du fixed 1 ensemble 0.80 [0.711, 0.867] 1.00 100
Du fixed 2 0.79 [0.700, 0.858] 2.00 200
Du adaptive (T90) 0.77 [0.678, 0.842] 1.09 109
Liang fixed 2 0.73 [0.636, 0.807] 2.00 200
Liang fixed 2 prompt-matched 0.52 [0.423, 0.615] 2.00 200
Liang strict adaptive (T90) 0.53 [0.433, 0.625] 2.70 270

Note. Debate-round measures are not applicable to the single-agent baseline; it still required one model response per question. Du fixed 1 is labeled an
independent ensemble because its three round-1 agents do not see one another before majority-vote aggregation.

Figure. 2 Accuracy and 95% Wilson confidence intervals for the seven primary conditions. The vertical dashed line marks the single-agent
baseline accuracy of 0.77.

Table 2 Accuracy Comparisons Between Conditions
Comparison (A vs. B) A only B only McNemar p Matched OR (95% CI)
Du fixed 1 vs. Du adaptive 6 3 0.508 2.00 [0.43, 12.36]
Du fixed 1 vs. Du fixed 2 6 5 1.000 1.20 [0.31, 4.97]
Du fixed 2 vs. Du adaptive 8 6 0.791 1.33 [0.41, 4.66]
Liang fixed 2 vs. Liang adaptive 30 10 0.002 3.00 [1.43, 6.88]
Single agent vs. Du fixed 1 2 5 0.453 0.40 [0.04, 2.44]
Single agent vs. Du fixed 2 5 7 0.774 0.71 [0.18, 2.61]
Single agent vs. Du adaptive 4 4 1.000 1.00 [0.19, 5.37]
Single agent vs. Liang fixed 2 11 7 0.481 1.57 [0.56, 4.78]
Single agent vs. Liang adaptive 35 11 <0.001 3.18 [1.58, 6.95]
Liang fixed 2 vs. prompt-matched fixed 2 29 8 <0.001 3.63 [1.62, 9.18]
Liang prompt-matched fixed 2 vs. adaptive 10 11 1.000 0.91 [0.35, 2.36]
Single agent vs. Liang prompt-matched fixed 2 36 11 <0.001 3.27 [1.63, 7.13]
Liang fixed 1 vs. fixed 2 (original prompt) 8 20 0.036 0.40 [0.15, 0.95]
Liang fixed 2 vs. fixed 3 (original prompt) 13 8 0.383 1.63 [0.62, 4.52]

Note. A only and B only are discordant question counts. The matched odds ratio is A-only/B-only. The prompt-matched Liang comparison isolates stopping
while retaining the modified moderator prompt and scored-output path.

rect on seventy-five of ninety-five questions (0.789). Since
only four questions stopped after two rounds in Du’s adaptive
stopping condition, only one of those four questions was an-
swered correctly. The single question that stopped after six

rounds was also correct. In Liang’s adaptive stopping condi-
tion, however, accuracy was: 0.619 for questions that stopped
after round one; 0.481 for questions that stopped after round
two; zero for both of the very small groups of questions that
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Table 3 Debate Round Comparisons
Comparison Adaptive

fewer
Tied Adaptive

more
Mean diff. (95% CI) Median Sign-test p

Du fixed 1 vs. adaptive 0 95 5 +0.09 [0.01, 0.21] 0 0.063
Du fixed 2 vs. adaptive 95 4 1 -0.91 [-0.99, -0.79] -1 <0.001
Liang fixed 2 vs. adaptive 21 52 27 +0.70 [0.37, 1.05] 0 0.471

Note. Sign tests exclude ties. Confidence intervals for paired mean differences are percentile bootstrap intervals with a fixed resampling seed.

Figure. 3 Stopping-round distributions for (A) Du adaptive and (B) Liang strict adaptive. Each bar is the number of questions terminating at
that round (n = 100 per condition).

stopped at rounds three and four; 0.333 for questions that
stopped at round five; and 0.737 for the nineteen questions that
made it to round six. These are simply descriptive results and
not evidence that a specific stopping round caused either in-
creased or decreased accuracy because question difficulty was
not randomized across stopping rounds.

Threshold Sensitivity and Fixed-Round Bracketing

Additional studies were conducted to determine whether the
Du results depended upon the confidence level, and/or whether
the Liang results differed based upon the results of an adaptive
stopping strategy versus a single fixed stopping schedule.

As well, the Du sweep showed an increase in the average
number of completed rounds from 1.00 to 1.10 when the con-
fidence limit rose from 70 to 95 on the 0–100 scale. There
was no identifiable pattern of improvement in the accuracy
measure of .77 to .80. Therefore, the sweep identified no con-
fidence cutoff with a clear advantage over the simpler fixed
schedules in both accuracy and computation.

Furthermore, a re-run of the threshold-90 condition yielded
an accuracy of .78 and 104 completed rounds. These were
very similar to the previous values (.77 and 109) obtained ini-
tially. Although the paired difference in accuracy between the
two conditions was statistically insignificant (p = 1.000), the
results indicate the need for caution when assessing small dif-

ferences in accuracy between experimental conditions.
As with the Du sweeps, the original-prompt Liang fixed-

round bracket did not display a monotonically increasing trend
in accuracy as the number of rounds increased. For example,
for fixed rounds one through three the accuracy levels were
.61, .73, and .68 respectively. Therefore, simply having more
rounds does not guarantee better accuracy.

Error Analysis

This stopping decision analysis evaluates whether a better an-
swer appeared in a later observed output or in a matched
separate-run outcome for the same question. Each analysis
uses paired question identification numbers. For Du, the fixed-
one and fixed-two runs provide a cross-run two-round compar-
ison. For Liang, the prompt-matched fixed-two control pro-
duced moderator outputs at rounds one and two. Cross-run
comparisons are treated as empirical opportunities rather than
deterministic alternative histories.

Of the ninety-five Du adaptive questions that stopped af-
ter round one, only five cases had an incorrect adaptive result
and a correct result when examined separately in the fixed-two
run. Conversely four of the ninety-five cases went in the oppo-
site direction. Across all one hundred Du question IDs, com-
paring the separate fixed-one and fixed-two runs showed five
corrections and six regressions. Thus, although the second-
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Table 4 Sensitivity and Fixed-Round Results
Condition Accuracy (95% Wilson CI) Avg. rounds Model calls Stopping distribution / schedule
Du adaptive T70 0.79 [0.700, 0.858] 1.00 400 R1: 100
Du adaptive T80 0.77 [0.678, 0.842] 1.02 408 R1: 98; R2: 2
Du adaptive T90 (revision rerun) 0.78 [0.689, 0.850] 1.04 416 R1: 97; R2: 2; R3: 1
Du adaptive T95 0.80 [0.711, 0.867] 1.10 440 R1: 94; R2: 5; R6: 1
Liang fixed 1, original prompt 0.61 [0.512, 0.700] 1.00 500 Fixed 1
Liang fixed 2, original prompt (primary
reference)

0.73 [0.636, 0.807] 2.00 800 Fixed 2

Liang fixed 3, original prompt 0.68 [0.583, 0.763] 3.00 1,100 Fixed 3

Note. Du model calls equal three answer-generating calls plus one judge call per completed round. Liang fixed-run model calls equal three calls per debate round
plus the repository’s two-call final judge. The Liang fixed-two row is the archived primary run and is included as the middle reference for the one/two/three-round
bracket.

Table 5 Question-Level Error Analysis
Analysis Observed transitions Best-available/oracle result
Du: 95 adaptive questions stopping at
round 1

71 correct in both; 15 wrong in both; 5 adaptive
wrong / fixed-2 correct; 4 adaptive correct /
fixed-2 wrong

80/95 (0.842) if an oracle could choose between the
observed adaptive round-1 and fixed-2 outcomes;
adaptive was 75/95 (0.789)

Du: fixed 1 to fixed 2, all 100
questions

5 wrong-to-correct; 6 correct-to-wrong; 89
unchanged in correctness

85/100 (0.85) if an oracle could choose the correct
fixed-1 or fixed-2 outcome; best single fixed schedule
was 80/100

Liang prompt-matched control:
moderator round 1 to round 2

3 wrong-to-correct; 2 correct-to-wrong; 95
unchanged in correctness; only 5 answers
changed

54/100 (0.54) if an oracle could choose the better
moderator round; forced round 2 was 52/100

Liang adaptive: moderator round 1 to
final scored output

10 wrong-to-correct; 5 correct-to-wrong; 85
unchanged in correctness

59/100 (0.59) if an oracle could choose among all
observed moderator answers plus the final judge
output; actual final was 53/100

round outcomes contained some possible correction opportu-
nities, the fixed-two schedule did not improve accuracy over-
all. The two-round oracle accuracy of .85 represents the high-
est achievable accuracy by perfectly selecting between the ob-
served fixed-one and fixed-two results.

Similarly, Liang’s prompt matched controls demonstrated
similar trends when analyzing moderator answers between
rounds one and two. Of the 100 question-level comparisons
performed from moderator round one to round two, only five
answers changed: three from wrong-to-correct and two from
correct-to-wrong. Additionally, there were twenty-one ques-
tion IDs for which the original Liang adaptive run ended oper-
ation after completing round one. Only one answer in the cor-
responding prompt-matched forced-two control changed be-
tween its first and second rounds; however, that change was
incorrect-to-correct. Because this control represented a dis-
tinct API run, it provided secondary evidence rather than being
a direct counterfactual. In the original Liang adaptive trajecto-
ries an oracle selecting among all observed moderator answers
and the final judge output would achieve an accuracy of 0.59,
whereas the actual final accuracy achieved was 0.53. Thus, a
six point recovery gap existed.

Most answer changes occurred among the 19 questions that
reached the six-round cap. For nine of the 19 questions that
reached the cap, there was a change from an incorrect mod-

Table 6 Liang Answer Transitions by Round
Rounds
used

n C→C W→C C→W W→W Answer
changed

1 21 13 0 0 8 0
2 52 24 1 0 27 1
3 4 0 0 0 4 0
4 1 0 0 1 0 1
5 3 1 0 1 1 1
6 19 5 9 3 2 14
Total 100 43 10 5 42 17

erator’s first round answer to a correct final answer. In con-
trast, three questions experienced a reversal of this type; they
received a correct moderator answer in the first round, but
an incorrect final answer. In addition, six adaptive questions
ended with an incorrect final answer, although a correct mod-
erator debateanswer had appeared at an earlier round for each
of those questions. Conversely, eight of the 19 questions that
reached the cap were corrected by the separate final judge after
none of the previous moderator rounds had provided a correct
answer. The additional computation allowed for multiple op-
portunities to correct answers; however, it also reversed some
previously correct answers. Thus, whether continuation added
value depended heavily on the question.

Table 7 lists confidence distributions and answer accuracy
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in three confidence bins. There were 99 of 109 judge evalu-
ations reported to be at or above 90 on the 0–100 confidence
scale during the Du adaptive run. Yet, despite such high con-
fidence ratings, incorrect judge answers were still present at
these high-confidence evaluation levels. For the Liang moder-
ator, accuracy increased from the lowest confidence bin to the
middle confidence bin. Accuracy changed very little between
the 80–89 and 90–100 bins.

In addition to reporting on accuracy rates for each of the
three confidence bins, Table 7 reports on confidence distri-
butions. The Liang Moderator produced a total of 270 con-
fidence measures during its use in the Liang Strict Adaptive
run. The median confidence measure was 85, and the in-
terquartile range was 75-90. Across the 100 adaptive ques-
tions submitted during the Liang Strict Adaptive run, accu-
racy for the moderator’s first round of answers was .48. Ac-
curacy for all of the adaptive questions’ final answers was .53.
Eight of the twenty-one questions that stopped after Round
1 had incorrect answers. Five of nineteen questions reaching
Round 6 were given an incorrect final answer. Results from
a prompt-matched fixed two-control run indicated that having
high confidence does not necessarily mean that the moderator
will give a correct answer. Forty-four (or approximately 59%)
of seventy-four final answers with confidence levels of at least
90 were accurate.

The error taxonomy helps to clarify the observed failures.
The original primary conditions had no blank final A/B/C/D
answers, while the prompt-matched Liang control had one
blank final debateanswer, which was scored as incorrect. Con-
fidence parsing succeeded in both archived adaptive runs.
High reported confidence remained compatible with substan-
tial error. Moreover, the prompt-matched Liang control re-
produced almost exactly the same accuracy as strict adaptive
stopping. Taken together, these results point to the modi-
fied Liang moderator/scored-output configuration, rather than
adaptive termination alone, as the main explanation for the
original Liang accuracy gap.

Discussion

In the Du framework, the most basic ensemble of three agents
was difficult to improve upon. As agents do not communi-
cate with each other in Round One, Du fixed one separates the
contribution of ensembling from the effects of later debate.
Neither adding rounds of debate nor using a confidence-based
stopping judge provided a clear benefit over the less complex
baseline. The threshold sweep also indicated there was no
monotonic increase in accuracy based on how restrictive the
stopping criteria were. These findings are consistent with ear-
lier research showing that multi-agent debate does not reli-
ably outperform ensembling or self-consistency across proto-
cols and baselines.15

Accuracy from the single-agent baseline did not differ sig-
nificantly from the primary conditions of Du and the original
Liang fixed-two condition. The lower accuracy results from
the Liang prompt-matched and strict adaptive conditions re-
flect the moderator/output configuration used in testing rather
than a general effect of multi-agent interaction.

Diagnostics related to the stopping decision illustrated why
adaptation had few opportunities to assist. Although subse-
quent rounds occasionally corrected inaccuracies, they also
introduced new errors and only a minority of questions con-
tained recoverable improvements. Thus, a controller must as-
sess not only whether an existing answer appears confident,
but also whether there is a good chance that another round
would enhance that particular answer.

A similar conclusion can be drawn from examining the
threshold sweep. More strictly defined confidence levels re-
sulted in continued debating more consistently than improv-
ing the accuracy. Therefore, confidence served as an imper-
fect control signal within these experiments and could not be
treated as a reliable indicator in these runs of whether another
debate round would result in an enhanced answer.

Relation to Prior Work

These results need to be viewed alongside prior research in-
stead of being seen as a contradiction of Liang et al. Du et al.
demonstrated that multi-agent debate was beneficial on multi-
ple tasks whereas Smit et al. showed that these same benefits
are not always consistent across protocols and baselines.1,15

The previously published adaptive-break mechanism by Liang
et al. was not reproduced unmodified here.2 However, as
shown in this study’s new control, the modified moderator-
prompt and moderator-scored output-path can produce simi-
larly low accuracy even when debate is constrained to exactly
two rounds. Adaptive-Consistency provides a useful contrast
since its stopping-signal is inter-sample agreement and not
verbalized confidence.27

Additionally, inference-time control mechanisms need to be
evaluated as systems consisting of the control signal, thresh-
old, prompt, aggregation rule and overhead. Prior work has
examined confidence-weighted consensus and sparse com-
munication between debating agents.7,8 Other approaches
aggregate sampled reasoning paths through self-consistency
or explore alternative reasoning paths through Tree of
Thoughts.24,28 Self-Refine uses iterative feedback to revise
outputs,29 while Reflexion uses linguistic feedback to inform
subsequent attempts.30 Language Agent Tree Search com-
bines search with model-generated evaluations and reflec-
tions.31 The current results demonstrate why measuring the
value of the guidance supplied by the control mechanism is
necessary and not simply assumed.
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Table 7 Confidence and Accuracy
Framework Confidence distribution Accuracy, 50–79 Accuracy, 80–89 Accuracy, 90–100
Du adaptive median 95; IQR 95–95; range

70–100
2/3 = 0.667 1/7 = 0.143 79/99 = 0.798

Liang strict adaptive median 85; IQR 75–90; range
50–90

22/78 = 0.282 52/110 = 0.473 39/82 = 0.476

Practical Implications

For system designers, the most significant implication is
methodological: Compare adaptive controllers with robust
simple baselines; Separate ensembling from actual debate;
Count overhead incurred by controller; Sweep or calibrate
stopping thresholds; Use prompt-matched controls when the
stopping intervention also modifies the prompt used in scor-
ing output. Conducting a recoverability assessment before
optimizing a controller is useful, as adaptation provides lit-
tle upside when subsequent rounds rarely produce recoverable
corrections.

Limitations

A primary limitation of this study’s results is that they may
not generalize to the entire dataset or to other types of tasks,
since only one 100-question QuALITY sample (spanning 64
articles) was used. Also, questions drawn from the same ar-
ticle are certainly not entirely independent. Most conditions
were run only once, and some run-to-run variability is possi-
ble even at temperature 0.0. The threshold-90 rerun therefore
provides only a very limited check on stability.

While the prompt-matched Liang control and the Liang
fixed-one/fixed-three bracket were run independently of the
archived primary conditions, they do serve to provide addi-
tional information regarding how to interpret the results; how-
ever, they must be viewed as sensitivity analyses rather than
repeated replications. Similarly, the Du threshold sweep ex-
amined only four different cutoffs and did not calibrate those
cutoffs on an independent development set.

Also, completed rounds cannot be considered as if each
represents equal units of cost in terms of architecture across
frameworks due to differing numbers and types of model calls
made per round. Token and monetary-cost fields were retained
for the Du and single-agent runs, but not for the Liang runs.
Furthermore, this study utilized only one model family and
one task, thereby limiting the ability to generalize to other
models, datasets, and debate protocols.

Conclusion and Future Work

This study sought to determine whether confidence-threshold
adaptive stopping could either improve the accuracy of an-
swers provided by a debate protocol or simply decrease un-

necessary rounds of debate compared with fixed-schedule ap-
proaches. The adaptive settings within the Du framework
did not demonstrate a clear advantage in accuracy or com-
putational effort relative to the simpler fixed-one independent
ensemble. Similarly, the threshold sweep had a greater ef-
fect upon computation than upon accuracy. Within the Liang
framework, the prompt-matched fixed-two control demon-
strated similar performance characteristics to strict adaptive
stopping. Therefore, the original differences in accuracy be-
tween the fixed and adaptive conditions cannot be attributed
to the stopping policy alone. Additionally, in Liang, the
original-prompt fixed-one, fixed-two, and fixed-three sched-
ules demonstrated non-monotonic behavior: the number of
rounds increased, but did not increase answer quality con-
sistently. Therefore, the study met its research objective
through comparison of the confidence-threshold rules be-
ing tested against strong fixed baselines. These confidence-
threshold rules did not consistently outperform their corre-
sponding baselines in terms of accuracy or computation in
these two testbeds. The most important lesson learned here is
that a stopping policy must be evaluated as part of the overall
debate system, which includes the signal, threshold, prompt,
aggregation rule, and controller overhead.

Future studies should evaluate these stopping policies
against fixed-schedules under several different sets of exper-
imental conditions including multiple runs, models, and tasks.
Future studies should also develop ways to use separate devel-
opment data to calibrate stopping thresholds. Additionally,
future studies should investigate alternative signals such as
agent agreement, answer stability, and inter-sample consen-
sus. More complete token and latency logging would enable
direct efficiency comparisons.
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