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Abstract

Multi-agent large language model (LLM) sys-
tems often rely on independent solvers, critique,
debate, or answer aggregation. While these de-
signs increase diversity and feedback, they do
not necessarily create effective group reason-
ing: information may be poorly shared, exper-
tise underused, discussions may drift, and con-
sensus may emerge before unresolved issues
are examined. We introduce AGENDAFLOW, a
meeting-science-inspired framework that treats
multi-agent reasoning as a structured meeting
rather than parallel answering or generic de-
bate. AGENDAFLOW routes each task to a suit-
able agenda, instantiates complementary func-
tional roles, and uses a moderator to manage
phases, speaking order, shared artifacts, unre-
solved issues, and completion checks. This
enables agents to pool information, surface
constraints, compare alternatives, repair er-
rors, and converge through a managed col-
lective decision process. Across five reason-
ing, planning, and rule- or evidence-based
benchmarks, AGENDAFLOW consistently out-
performs single-agent, sampling-based, debate-
style, and multi-agent orchestration baselines.
Ablations, token-matched comparisons, and
process-level analyses suggest that the gains
come from meeting-level organization rather
than agent diversity or additional computation
alone, highlighting meeting design as a miss-
ing dimension in multi-agent LLM systems.
Code is available at: https://github.com/
sunming-code/agendaflow.

1 Introduction

Large language models (LLMs) have achieved
strong performance on a wide range of reasoning,
planning, and decision-making tasks (Wei et al.,
2022; Wang et al., 2022; Zhou et al., 2022). How-
ever, complex tasks remain challenging because
they often require the model to identify goals, track
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constraints, compare alternatives, detect inconsis-
tencies, and revise intermediate conclusions (Yao
etal., 2022; Wu et al., 2023; Li et al., 2023a) rather
than producing a plausible answer in a single rea-
soning trace (Yao et al., 2023; Madaan et al., 2023;
Shinn et al., 2023). When these process require-
ments are not explicitly managed, LLMs may omit
critical constraints, rely on unsupported assump-
tions, overlook alternative solutions, or converge
prematurely on an incorrect answer (Du et al., 2023;
Chen et al., 2024).

Multi-agent methods have emerged as a promis-
ing direction for improving LLM reasoning (Chen
et al., 2023b; Xu et al., 2023). Existing approaches
elicit multiple reasoning paths, aggregate indepen-
dently generated answers (Jiang et al., 2023; Li
etal., 2024a), or allow several agents to critique one
another through debate (Chan et al., 2023; Liang
et al., 2023). These methods suggest that multi-
ple agents can provide useful diversity and error-
checking signals (Hong et al., 2023; Qian et al.,
2023). Nevertheless, many existing systems treat
multi-agent interaction primarily as a mechanism
for generating more candidate answers or more
adversarial feedback. The structure of the inter-
action itself is often left relatively underdesigned
(Liet al., 2024b; Liu et al., 2024), as illustrated in
Figure 1. This limitation is especially important
because complex reasoning tasks are not homoge-
neous: planning tasks require explicit treatment of
goals, constraints, conflicts, and feasibility; verifi-
cation tasks require standards, evidence, risks, and
counterarguments; decision-selection tasks require
criteria, trade-offs, hard constraints, and conver-
gence. Applying the same generic debate template
across such tasks may lead to repeated arguments,
superficial disagreement, neglected constraints, or
premature consensus (Guo et al., 2024; Chen et al.,
2023a).

We argue that multi-agent LLM systems should
be studied as structured deliberative processes.
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Figure 1: Motivation of AGENDAFLOW. Free-form
multi-agent chat can produce unstructured and drifting
discussions, while AGENDAFLOW organizes reasoning
through task-adaptive protocol selection, role assign-
ment, and phase control.

This perspective is inspired by meeting science,
which studies how groups coordinate attention, dis-
tribute expertise, manage discussion, and trans-
form dispersed information into collective deci-
sions (Allen et al., 2015; Mroz et al., 2018). Ef-
fective meetings are not merely open-ended con-
versations; they depend on clear objectives, appro-
priate participant composition, agenda structure,
facilitation, turn allocation, and explicit mecha-
nisms for surfacing unresolved issues (Kauffeld
and Lehmann-Willenbrock, 2012; Nixon and Lit-
tlepage, 1992). These process-level principles pro-
vide a useful foundation for designing how LLM
agents reason together on complex tasks.

To this end, we introduce AGENDAFLOW, a task-
adaptive framework that treats multi-agent LLM
reasoning as a structured meeting process. Rather
than asking agents to solve the whole task indepen-
dently or debate over final answers, AGENDAFLOW
organizes them to progressively construct a shared
deliberation state. For each input, it selects an
agenda with task-specific phases, assigns agents to
complementary functional roles, and uses a mod-
erator to manage information sharing, unresolved
issues, phase transitions, and completion checks.
Each phase produces an intermediate artifact that is
carried forward to the next phase, enabling agents
to pool evidence, examine constraints, compare al-
ternatives, and converge in a disciplined manner.
Our central hypothesis is that multi-agent reason-
ing benefits not merely from more agents, but from
more interaction rounds and protocols that make
knowledge sharing and collective deliberation ef-
fective.

We evaluate AGENDAFLOW across multiple
benchmarks covering reasoning, planning, and
evidence-and-rule verification. AGENDAFLOW im-
proves over representative single-agent prompting,
sampling-based aggregation, and multi-agent col-
laboration methods. Further analysis shows that
AGENDAFLOW improves process-level qualities
such as constraint utilization, error detection, re-
pair success, perspective coverage, and reduced
premature consensus.

Our contributions are threefold:

* We identify a key limitation of existing multi-
agent LLM systems: many simulate discus-
sion, debate, or answer aggregation, but do not
explicitly model the meeting process through
which groups coordinate attention, share in-
formation, manage disagreement, and reach
decisions.

* We propose AGENDAFLOW, a meeting-
science-inspired framework that operational-
izes agenda design, functional participant
roles, facilitation, shared artifacts, unresolved-
issue tracking, and closure checks for multi-
agent LLM reasoning.

* We show across five benchmarks that meeting-
structured agent interaction improves both fi-
nal task performance and reasoning-process
quality, with ablations and token-matched
comparisons indicating that the improvement
is not explained by more agents, more turns,
or more computation alone.

2 Related Work

Large Language Models and Reasoning. Large
language models have become a general foundation
for solving complex language and reasoning tasks
through prompting (Brown et al., 2020; Cobbe
et al., 2021; Suzgun et al., 2022). A major line
of work improves reasoning without parameter
updates by eliciting intermediate computation, ra-
tionales, or structured inference traces, including
chain-of-thought prompting and zero-shot reason-
ing (Nye et al., 2021; Kojima et al., 2022; Press
et al., 2022; Wei et al., 2022). Subsequent meth-
ods extend this paradigm through diverse reasoning
paths, decomposition, planning, search-based ex-
ploration, tool use, and iterative self-refinement
(Wang et al., 2022; Khot et al., 2022; Wang et al.,
2023; Besta et al., 2024; Gao et al., 2023; Schick
et al., 2023; Madaan et al., 2023). Together, these
studies show that structuring the reasoning process
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can improve LLM reliability on challenging tasks.

Multi-Agent Debate and Collaboration. Multi-
agent approaches organize multiple LLM-based
agents to solve problems through interaction, sim-
ulation, and coordinated decision-making (Park
et al., 2023; Wang et al., 2024; Li et al., 2023b).
Prior work has explored collaborative discussion,
role-based deliberation, adversarial debate, round-
table consensus, and multi-agent evaluation (Du
et al., 2023; Liang et al., 2023; Chen et al., 2024;
Zhou et al., 2023; Liu et al., 2023). In these
systems, agents may propose, critique, revise, or
aggregate answers through voting, judging, or
confidence-based mechanisms (Chan et al., 2023;
Xu et al., 2023; Jiang et al., 2023). Recent frame-
works further investigate task decomposition, role
assignment, communication protocols, and coordi-
nated execution in broader collaborative environ-
ments (Xie et al., 2023; Gao et al., 2024; Liu et al.,
2024). This line of work demonstrates that comple-
mentary perspectives and iterative interaction can
improve the robustness of LLM reasoning.

Meeting Science and Structured Deliberation.
Meeting science studies collective work as orga-
nized deliberation rather than conversation alone,
focusing on how groups pool information, sustain
participation, make decisions, and carry outcomes
forward (Schwartzman, 1989; Rogelberg et al.,
2006; Leach et al., 2009; Lehmann-Willenbrock
et al., 2013). It provides conceptual grounding for
viewing multi-participant reasoning as a structured
process of information sharing, evaluation, and clo-
sure (Stasser and Titus, 1985; Mesmer-Magnus and
DeChurch, 2009; Wittenbaum et al., 2004; Okhuy-
sen and Eisenhardt, 2002; De Dreu and West, 2001;
Hirokawa, 1985; Poole and Roth, 1989; Woolley
et al., 2010).

3 Method

3.1 Overview

We propose AGENDAFLOW, a structured frame-
work for complex multi-agent LLM reasoning.
Given an input task x, AGENDAFLOW first iden-
tifies its reasoning objective, such as planning,
problem solving, verification, or decision selection,
and then instantiates a corresponding task-adaptive
meeting protocol to guide the discussion process.
As shown in Figure 2, AGENDAFLOW consists
of three core components. First, the task-adaptive
protocol module selects a reasoning flow P, ac-

cording to the inferred task type 7. Each proto-
col specifies a sequence of phases, where every
phase is associated with a concrete reasoning objec-
tive. Second, the functional role coverage module
assigns agents to complementary reasoning func-
tions required by the selected protocol, such as con-
straint checking, evidence inspection, risk analysis,
or feasibility verification. Third, the moderator-
governed phase control module regulates the dis-
cussion by determining speaking order, enforcing
phase boundaries, checking whether the current
phase has satisfied its completion condition, and
deciding whether to advance, repeat, or terminate
the reasoning process. The final output is generated
after the moderator determines that the required
phases have been completed and the remaining un-
resolved issues have been sufficiently addressed.
Algorithm 1 details the phase-level execution pro-
cedure.

3.2 Task-Adaptive Protocols

AGENDAFLOW implements task adaptation
through a protocol library. Each protocol is
constructed by translating meeting-science
and organizational-collaboration theories into
a reasoning template. For each task type, we
identify its characteristic process risks, such as
premature convergence, criteria drift, insufficient
evidence use, unstructured disagreement, or weak
closure, and map them into protocol elements
including phase ordering, intermediate artifacts,
role activation, and completion criteria.

Formally, a protocol template is represented as

PT = {(¢t7 Ot, a’taAta Ct)}z:h

where 7 denotes the protocol type, ¢, is the ¢-th
reasoning phase, oy is the phase objective, a; is the
expected intermediate artifact, A; is the subset of
roles activated in the phase, and ¢, is the completion
criterion. Thus, a protocol specifies not only what
agents should discuss, but also what artifact must
be produced before the reasoning process advances.

We use the problem-solving protocol as a repre-
sentative example. This protocol is selected when
the task concerns an observed failure, anomaly,
or deviation that requires diagnosis and corrective
action. Following structured problem-solving prin-
ciples, it organizes reasoning into four stages: prob-
lem framing, diagnostic inquiry, intervention de-
sign, and answer convergence. These stages require
agents to clarify the problem boundary, reconstruct
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Figure 2: Overview of AGENDAFLOW. AGENDAFLOW selects a task-adaptive meeting protocol, instantiates
functionally complementary roles, and uses a moderator to control phase execution through speaking order, phase

boundaries, and completion checks.

relevant facts, test causal hypotheses, map interven-
tions to diagnosed causes, and finally synthesize a
response that satisfies the original task objective.

3.3 Functional Role Coverage

For each protocol type 7, AGENDAFLOW defines a
role-slot schema

Sy = S U P,

. t
where S contains mandatory role slots and S7¥

contains optional role slots. Core slots specify
the reasoning functions that must appear in the
protocol-guided reasoning process, while optional
slots provide additional candidate perspectives that
can be selected according to the task context.

After the protocol is selected, AGENDAFLOW in-
stantiates the selected slots into task-specific agent
profiles. Each instantiated role keeps its underlying
functional slot, but receives a concrete participant
identity and behavioral description for the current
task:

RT = {(Si, titlei, bi, (91', ul)}yi{',
where s; € S; is an internal slot identifier, title;
is the participant identity used in the multi-agent
discussion, and b;, 6;, and u; denote the participant
background, thinking style, and unique value, re-
spectively. The slot identifier preserves the role’s

functional position in the selected protocol, while
the generated participant identity adapts that role
to the specific task. As a result, different task types
can activate different combinations of roles, while
still preserving the protocol-level structure needed
for organized multi-agent LLM reasoning.

34

AGENDAFLOW uses a moderator agent to execute
the selected protocol. The moderator is not treated
as a domain participant; its role is to manage the
reasoning state, coordinate role activation, enforce
phase boundaries, and determine whether the dis-
cussion should advance, repeat, or terminate.

At each phase, the moderator maintains a phase-
level reasoning state:

Moderator-Governed Phase Control

2t = (5[3, ¢t7 H<t7 Ut)a

where x is the input task, ¢; is the current phase,
H_; denotes the reasoning history before phase ¢,
and U; denotes the unresolved issues identified so
far.

Based on this state, the moderator issues a phase
instruction and invites the agents activated for the
current phase to contribute. Each activated agent
responds according to its role specification, the
phase objective, and previous phase artifacts. Af-
ter collecting the responses, the moderator synthe-
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sizes them into a phase artifact and updates the
unresolved issue set. The moderator then checks
whether the phase artifact satisfies the correspond-
ing completion criterion. If the criterion is satisfied,
the reasoning process advances to the next phase.
If required information is missing or unresolved
issues remain, the moderator may repeat the phase
within the available interaction budget or carry un-
resolved issues forward with a targeted instruction
to the relevant roles. The process terminates when
all protocol phases are completed. The final output
is produced from the completed phase artifacts.

4 Experiments

4.1 Tasks

We evaluate AGENDAFLOW on five complex rea-
soning benchmarks that require models to reason
over actions, states, rules, evidence, or constraints.
ACPBench (Kokel et al., 2025) evaluates action-
centered planning and reasoning over state changes,
including preconditions, effects, and plan valid-
ity. ACPBench Hard (Kokel et al., 2026) extends
this setting with more demanding instances that re-
quire longer reasoning chains and stricter constraint
tracking. BoardgameQA (Kazemi et al., 2023) fo-
cuses on rule-based question answering in board-
game scenarios, where models must interpret rules
and track evolving states under ambiguity or con-
tradiction. MuSR (Sprague et al., 2024) evaluates
multi-step soft reasoning over narratives, requiring
evidence aggregation and commonsense inference
across dispersed information. Natural Plan (Zheng
et al., 2024) assesses everyday planning scenarios,
such as travel, meetings, and scheduling, where
models must balance goals, constraints, and feasi-
bility.

4.2 Baselines

We compare AGENDAFLOW with representative
single-agent, sampling-based, and multi-agent rea-
soning methods. Direct Answering prompts the
backbone model to output an answer without ex-
plicit intermediate reasoning. Chain-of-Thought
(Wei et al., 2022) elicits a step-by-step reason-
ing trace before prediction, while Self-Consistency
(Wang et al., 2022) samples multiple such traces
and aggregates their answers. Vanilla Multi-Agent
Debate (Du et al., 2023) uses a fixed round-based
protocol in which agents propose, critique, and
revise answers. AutoGen (Wu et al., 2023) is a
general conversational multi-agent framework with

role-conditioned agents and coordinator-guided
turn allocation. ReConcile (Chen et al., 2024) or-
ganizes multiple agents in a round-table discussion
and aggregates their conclusions through consen-
sus. MAgICoRe (Chen et al., 2025) performs it-
erative coarse-to-fine refinement across multiple
agents. DyLAN (Liu et al., 2024) dynamically se-
lects agents and communication structures during
inference.

4.3 Implementation Details

All experiments are conducted in a zero-shot setting
using Kimi?2 as the backbone model. We evaluate
MuSR on the full benchmark. Since the original
pools of the other four benchmarks are substan-
tially larger, we construct an evaluation set of 1,200
examples for each benchmark to control evalua-
tion cost. The examples are selected by stratified
random sampling according to the task categories
within each benchmark. For each benchmark, we
use its official prompt, parser, and scorer for gen-
eration, answer extraction, and evaluation. The
decoding temperature is set to 0.2 for all methods,
while all other decoding parameters are kept at
their default values. We repeat each experimental
setting five times with independent random seeds
and report the mean score. Standard deviations are
provided in Appendix C. Self-consistency uses 10
independent samples per instance. For all multi-
agent methods, we instantiate four agents and set
the interaction budget to four rounds.

We further assess AGENDAFLOW against the
strongest non-AGENDAFLOW baseline on each
benchmark using paired tests over per-instance cor-
rectness averaged across seeds. We compute 95%
paired-bootstrap confidence intervals and paired-
randomization p-values, with Holm-Bonferroni cor-
rection applied across the five benchmark-level
comparisons. All five benchmark-level gains re-
main statistically significant after correction; de-
tailed results are provided in Appendix C.2.

4.4 Main Results

Table 1 reports the main results across the five
benchmark-level evaluations. =~ AGENDAFLOW
achieves the highest score on all benchmark-level
averages, obtaining an overall average of 64.72%.
Compared with the strongest baseline, MAgICoRe,
AGENDAFLOW improves by 2.12 absolute points.
The gains are most pronounced on ACPBench and
ACP-Hard, where it exceeds the best baseline by
2.43 and 3.62 points, respectively. This indicates
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MuSR Natural Plan

Method ACPBench ~ ACP-Hard  BoardgameQA Avg.
Murder  Object  Team Avg. Calendar  Meeting Trip Avg.
Direct 58.42 35.08 73.00 66.40 50.78 63.60  60.26 34.23 35.74 3127 3375 5210
CoT 57.83 36.50 74.58 81.20 61.72 78.00  73.64 49.85 50.75 1273 3778  56.07
Self-Consistency 59.08 36.83 75.58 82.30 62.90 78.81  74.67 46.20 47.20 1136 3492  56.22
MAD 67.33 44.25 61.58 58.80 44.14 67.20  56.71 60.69 42.94 3240 4534 55.04
AutoGen 65.50 42.83 68.25 70.10 54.10 67.80  64.00 54.80 39.40 27.54 4058  56.23
ReConcile 68.42 45.17 76.10 82.05 63.05 78.95  74.68 58.20 47.65 31.85 4590  62.05
MAgICoRe 68.92 45.75 76.05 8235 63.18 79.05  74.86 61.10 49.20 3190 4740  62.60
DyLAN 69.15 46.05 75.40 79.60 61.05 7695 7253 61.35 46.80 3175  46.63 6195
AGENDAFLOW 71.58 49.67 77.25 83.60 64.70 80.54  76.28 63.80 49.10 33.59 4883  64.72

Table 1: Main results across five benchmarks. All values are mean accuracy scores in percentage over five
independent runs. For MuSR and Natural Plan, we report both subtask-level results and the benchmark-level average.
The final average is computed over the five benchmark-level scores. Standard deviations are reported in Appendix C.
Best results are in bold and second-best results are underlined.

that structured agent coordination is particularly
beneficial for tasks that require maintaining action
states, constraints, and intermediate commitments
over multiple reasoning steps.

AGENDAFLOW also improves over the strongest
baselines on BoardgameQA, MuSR, and Natural
Plan, with gains of 1.15, 1.42, and 1.43 points, re-
spectively. These improvements are smaller but
consistent across benchmarks that differ in task for-
mat and reasoning structure. At the subtask level,
AGENDAFLOW obtains the best result on all re-
ported categories except meeting planning, where
chain-of-thought prompting performs best and
MAgICoRe is slightly ahead of AGENDAFLOW.
Overall, the results suggest that task-adaptive proto-
cols provide benefits beyond independent sampling,
debate-style interaction, and generic multi-agent
coordination.

4.5 Difficulty-Stratified Analysis

We further examine whether the benefit of
AGENDAFLOW varies with instance complexity.
Since the benchmarks do not share a unified dif-
ficulty annotation scheme, we construct a com-
putable complexity score for each instance. The
score is based on benchmark-specific features that
reflect the amount of information to track and the
length of reasoning required. For Natural Plan, we
use the number of constraints, candidate locations
or time slots, and planning steps. For ACPBench
and ACPBench Hard, we use the number of state
variables, actions, and reasoning steps. For MuSR,
we use text length, the number of entities, and the
number of evidence spans. For BoardgameQA, we
use the number of turns, rules, and state transitions.
The resulting features are normalized into a score
from O to 10.

Figure 3

reports the accuracy gain of

Accuracy Gain (%)

a6
Complexity Score Bin

Figure 3: AGENDAFLOW gain over the strongest non-
AGENDAFLOW baseline across complexity-score bins.
The gain is computed within each bin and averaged
over benchmarks. Gains increase with complexity, sug-
gesting that structured reasoning is most beneficial for
harder instances.

AGENDAFLOW over the strongest non-
AGENDAFLOW Dbaseline across equal-width
complexity-score bins. The gain increases as the
complexity score grows. This trend reduces the de-
pendence on manually chosen difficulty thresholds
and suggests that the advantage of AGENDAFLOW
is associated with problem complexity rather than
a particular discrete partition. In higher-complexity
bins, the gain becomes larger, suggesting that
protocol-guided reasoning is more beneficial when
reasoning requires sustained constraint tracking,
intermediate-state verification, and revision.

4.6 Ablation Study

To isolate the contribution of different design
choices in AGENDAFLOW, we compare the full
framework with five variants. Generic-MA re-
moves the protocol library, functional role slots,
and moderator control while keeping the same
backbone model, number of agents, and interac-
tion rounds. Indep.-Role uses the same instantiated
agents and role profiles as AGENDAFLOW, but each
agent independently solves the full task without
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Method ACP-H BGQA MuSR NP Avg.
AGENDAFLOW  49.79 76.97 7613 48.24 62.78
Generic 44.75 70.17 6722 4242 56.14
—Role 46.92 75.83 74.83 46.25 60.96
— Routing 4583  74.67 7394 4475 59.80
Indep. Role 45.60 73.40 7240 4420 58.90
— Mod. 43.17 7158 69.89 4192 56.64

Table 2: Ablation results on four benchmarks. All val-
ues are mean accuracy scores over five independent
runs. ACP-H, BGQA, NP, and Mod. denote ACP-
Bench Hard, BoardgameQA, Natural Plan, and Modera-
tor, respectively. “Indep.-Role” denotes an independent
role ensemble baseline that uses the same instantiated
agents and role profiles as AGENDAFLOW, but each
agent solves the task independently without observing
other agents or participating in phase-level discussion;
“Generic” denotes the protocol-free multi-agent variant;
“~Role”, “~ Routing”, and “— Mod.” denote removing
functional role design, task-adaptive protocol routing,
and moderator control from AGENDAFLOW. Standard
deviations are reported in Appendix C.

observing other agents or participating in phase-
level discussion; w/o Role Theory removes the
functional role design and uses generic participant
descriptions. w/o Protocol Routing disables task-
adaptive protocol selection and applies a shared
protocol across tasks. w/o Moderator removes
moderator-governed phase control. We conduct the
ablation study on four representative benchmarks
using stratified samples of 500 examples from each
benchmark.

As shown in Table 2, all variants underper-
form the full AGENDAFLOW framework. Generic-
MA reduces the average accuracy from 62.78%
to 56.14%, showing that the gains are not ex-
plained by multi-agent interaction alone. Indep.-
Role reaches 58.90%, outperforming Generic-MA
but remaining 3.89 points below AGENDAFLOW.
This suggests that role-specialized independent rea-
soning and final aggregation are useful, but do
not replace phase-by-phase deliberation and in-
termediate artifact sharing. Among the compo-
nent ablations, removing the moderator causes the
largest degradation, reducing the average accuracy
to 56.64%. Disabling task-adaptive protocol rout-
ing also leads to a consistent drop, while removing
role design results in a smaller decrease to 60.96%,
suggesting that functional role specification con-
tributes to performance but is less decisive than
protocol routing and moderator control.

4.7 Process-Level Analysis

Since AGENDAFLOW is designed to organize multi-
agent LLM reasoning through task-adaptive proto-
cols, roles, and moderator-controlled phases, we
further analyze intermediate discussion traces. We
sample 400 instances and evaluate seven process-
level metrics: constraint utilization, self-error de-
tection, repair success, premature consensus, an-
swer revision utility, process discipline, and per-
spective coverage. Higher values indicate better
performance for all metrics except premature con-
sensus. We use an LLM judge with fixed anno-
tation rubrics for scalable evaluation. To assess
annotation reliability, we manually inspect 20% of
the judged samples. The annotations show reason-
able agreement with human labels, with an average
agreement of 83.2%, Cohen’s x of 0.785, and F1
of 0.825.

Table 3 reports the process-level results.
AGENDAFLOW achieves the highest constraint uti-
lization, self-error detection, repair success, answer
revision utility, and process discipline. It also ob-
tains the lowest premature consensus rate. These
results indicate that structured reasoning improves
not only final task accuracy, but also the quality of
intermediate reasoning.

The improvement is especially clear on process
discipline. Compared with generic multi-agent in-
teraction, AGENDAFLOW produces more phase-
consistent traces and fewer drifting discussions.
This is consistent with the role of the moderator,
which enforces phase boundaries, checks comple-
tion conditions, and prevents agents from moving
to final agreement before required evidence or con-
straints have been examined. We also observe that
removing the moderator slightly increases perspec-
tive coverage, but lowers final accuracy and process
discipline. This suggests that more perspectives
alone are not sufficient for effective multi-agent
LLM reasoning. Without phase control, additional
viewpoints may remain weakly integrated or dis-
connected from the final answer. AGENDAFLOW
instead balances perspective diversity with struc-
tured convergence, which explains why it improves
both reasoning-process quality and task perfor-
mance.

4.8 Generalization and Compute-Controlled
Analysis

Backbone generalization. We first examine
whether the effectiveness of AGENDAFLOW de-
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Method Constraint  Self-Error  Repair Premature  Revision Process Perspective
Utilization T Detection T Success T Consensus | Utility T Discipline T Coverage 1
MAD 459 31.6 439 43.9 4.2 40.5 45.9
Generic-MA 50.7 359 484 46.9 5.8 49.0 52.3
w/o Role 60.3 48.1 58.1 40.7 10.3 65.9 59.7
w/o Routing 58.7 46.6 56.4 425 9.4 61.8 63.5
w/o Moderator 61.1 452 54.5 494 8.4 60.3 714
AGENDAFLOW 68.5 54.9 63.7 36.6 13.2 71.9 70.8

Table 3: Process-level analysis over 400 instances. Values are raw scores in percentage. Higher values are better for
all metrics except premature consensus, where lower is better. Best values are shown in bold.

Backbone SC  AutoGen MAgICoRe AGENDAFLOW
Kimi2 49.10  50.56 56.40 57.57
GPT-5.5 57.27 57.20 61.55 62.73
DeepSeek 53.33 53.73 58.67 60.00
Qwen3.6  57.33 56.93 61.25 62.97
GLMS5.1 55.73 56.03 59.98 61.57
Average  54.55 54.89 59.57 60.97
Table 4: Backbone generalization results. Scores

are average accuracy over Natural Plan, ACPBench
Hard, and BoardgameQA. SC denotes Self-Consistency;
DeepSeek denotes DeepSeek-V4-Pro.

pends on a particular backbone model. As shown in
Table 4, AGENDAFLOW consistently achieves the
highest average score across all five backbone mod-
els. Averaged over backbones, it obtains 60.97%,
outperforming the strongest non-AGENDAFLOW
baseline, MAgICoRe, by 1.40 absolute points.
These results suggest that the benefit of protocol-
guided interaction is not tied to a single model fam-
ily. Detailed benchmark-level results with standard
deviations are reported in Appendix 17.

Token-matched comparison. Since
AGENDAFLOW introduces additional proto-
col selection, role-conditioned interaction, and
moderator-controlled phase checking, we further
examine whether its gains can be explained by
increased test-time token usage. We conduct a
token-matched comparison using the average token
usage of AGENDAFLOW as the shared budget. The
baselines are scaled within the same budget by
increasing the number of self-consistency samples,
debate rounds, or interaction turns. Total token
usage is measured as the sum of prompt and
completion tokens over all model calls.

As shown in Table 5, compute-scaled base-
lines improve under the enlarged budget, but
AGENDAFLOW remains the best-performing
method on all three evaluated benchmarks. Its
average margin over the strongest token-matched

Method Tokens ACP-H BGQA NP Avg.
Self-Consistency  18.1K 37.6 76.0 36.7 50.1
AutoGen 18.0K 444 69.9 435 526
MAgICoRe 182K  46.8 76.1 469 56.6
AGENDAFLOW 183K 493 76.5 48.8 58.2

Table 5: Token-matched comparison under the same
average token budget as AGENDAFLOW. Accuracy val-
ues are mean scores over five independent runs and are
reported in percentage. Standard deviations are reported
in Appendix C.

baseline is 1.6 points. This result indicates that
the improvement is not solely attributable to using
more test-time tokens. Instead, the structured allo-
cation of discussion phases, functional roles, and
moderator control enables more effective use of the
available computation.

5 Conclusion

We presented AGENDAFLOW, a task-adaptive pro-
tocol framework for structured multi-agent LLM
reasoning. The framework selects task-specific de-
liberation protocols, instantiates functional roles,
and uses a moderator to enforce phase boundaries
and completion checks. Experiments across reason-
ing, planning, and rule- or evidence-based bench-
marks show consistent improvements in task per-
formance. Future work may extend this framework
toward learned protocol policies and lower-cost
deployment in interactive settings.

Limitations

AGENDAFLOW requires multi-call execution for
protocol routing, role-conditioned deliberation, and
moderator-based phase checking, which increases
latency and complexity compared with simpler
prompting or less structured multi-agent baselines.
Although the token-matched analysis indicates that
the observed gains are not merely a consequence of
a larger token budget, reducing execution overhead
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remains important for practical use.

The current protocol library and role-slot
schemas are manually specified. This design im-
proves transparency and controllability, but may
limit coverage for tasks whose deliberation struc-
ture falls outside the predefined protocol families.
Future work should investigate data-driven proto-
col selection, role allocation, and phase-transition
policies, and evaluate them in more open-ended,
tool-augmented, and real-world decision-making
environments.
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A Additional Method Details

A.1 Protocol Selection Taxonomy

AGENDAFLOW selects a primary meeting protocol
according to the dominant objective of the input
task. The taxonomy considers three factors: the
expected final output, the main reasoning object,
and the process risk that the deliberation should
control. Table 6 summarizes the protocol families
used in AGENDAFLOW.

When multiple protocol signals are present,
AGENDAFLOW selects the protocol that matches
the required final output. Secondary reasoning
needs are handled by activating optional roles
within the selected protocol.

A.2 Complete Protocol Library

AGENDAFLOW represents each task-adaptive meet-
ing protocol as a structured phase template consist-
ing of a phase objective, candidate roles for activa-
tion, an intermediate artifact, and a completion cri-
terion. After a protocol is selected, the role-slot set
is instantiated once and remains fixed throughout
the deliberation. Across phases, the underlying role
composition remains fixed, while the moderator dy-
namically activates a subset of roles according to
the current phase objective, accumulated artifacts,
and unresolved issues.

Each protocol contains four phases. The four-
phase structure is not a shared generic template:
each protocol defines its own phase sequence ac-
cording to the task objective and the dominant
deliberation risk. The protocol designs follow
meeting-science-inspired principles such as agenda
sequencing, role specialization, structured infor-
mation sharing, explicit dissent, and phase-level
closure.

A.2.1 Planning Protocol

The Planning Protocol is used when the task re-
quires constructing an executable plan, schedule,
route, or action sequence under constraints. As
shown in Table 7, its phase structure emphasizes
goal clarification, constraint externalization, plan
construction, and execution checking.

A.2.2 Problem-Solving Protocol

The Problem-Solving Protocol is used for failures,
anomalies, inconsistencies, blocked states, or in-
valid outcomes. Table 8 follows the same logic as
the main text: problem framing, diagnostic inquiry,
intervention design, and answer convergence.

A.2.3 Evidence-and-Rule Verification
Protocol

The Evidence-and-Rule Verification Protocol is
used when the task requires deriving a conclusion
from rules, states, narrative facts, clues, or dis-
persed evidence. Table 9 summarizes its evidence-
centered phase structure.

A.2.4 Decision-Selection Protocol

The Decision-Selection Protocol is used when the
task requires choosing among candidate options,
strategies, paths, or allocation plans. As shown
in Table 10, the protocol first fixes the decision
boundary, then anchors the evaluation criteria, com-
pares candidates under a shared standard, and fi-
nally closes the deliberation through a conditional
decision. This structure is designed to reduce crite-
ria drift, option drift, and premature consensus in
multi-agent decision making.

A.3 Role-Slot Schemas

Table 11 reports the protocol-specific role-slot
schemas used by AGENDAFLOW. Each protocol
contains three core role slots and seven optional
role slots. Core slots define the mandatory func-
tional coverage required by the selected protocol,
while optional slots provide additional perspectives
that can be selected according to the task context
and target participant count. The slots are internal
functional identifiers rather than fixed participant
identities; concrete participant titles, backgrounds,
thinking styles, and unique contributions are instan-
tiated from these slots for each input task.

A.4 Moderator-Governed Phase Execution

After a protocol and its role-slot schema are instan-
tiated, AGENDAFLOW executes the deliberation
through a moderator-governed phase procedure.
The moderator is not a domain participant and does
not independently introduce new task-specific evi-
dence. Instead, it maintains the deliberation state,
activates the relevant roles for each phase, synthe-
sizes intermediate artifacts, and checks whether the
current phase has satisfied its completion criterion.

Moderator state. For each phase ¢;, the moder-
ator maintains a state

he = (z, ¢, Her, Act, Up),

where x is the input task, ¢; is the current phase,
H ., denotes the previous deliberation history, A,
denotes the artifacts produced by previous phases,
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Protocol Selected when the task ~ Main reasoning Dominant process Protocol-level response
family primarily asks the object risk
system to
Planning Construct a feasible plan, Goals, constraints, Missing hard Clarify goals; enumerate
schedule, route, action resources, time slots,  constraints, producing constraints; construct a
sequence, or arrangement locations, actions, an infeasible plan, or  candidate plan; verify
under constraints. preconditions, and failing to verify feasibility; produce the final
effects. intermediate states. plan.
Problem- Diagnose a current failure, Symptoms, causes, Jumping from Frame the problem; reconstruct
Solving anomaly, inconsistency, evidence, failure symptoms to solutions facts; test causal hypotheses;

invalid outcome, or
blocked situation and
identify corrective actions.

conditions, and
intervention options.

without identifying the
underlying cause.

map fixes to causes; converge
on corrective actions.

Evidence-and- Derive a conclusion from

Evidence spans, rules,

Reaching unsupported

Identify the target claim or rule;

Rule rules, states, narrative state transitions, conclusions, collect relevant evidence; check
Verification facts, clues, or dispersed  claims, contradictions, overlooking consistency and
evidence. supporting evidence, counter-evidence, or  counter-evidence; synthesize a
and counter-evidence. misapplying rules. grounded conclusion.
Decision- Choose the best, valid, or Candidate options, Criteria drift, Define criteria; compare
Selection most appropriate option  decision criteria, over-weighting soft options; eliminate invalid

among explicit candidates
under criteria or
constraints.

trade-offs, hard
constraints, and
preferences.

preferences, or
selecting an option that
violates hard
constraints.

choices; analyze trade-offs;
select the final option with
rationale.

Table 6: Protocol-selection taxonomy used by AGENDAFLOW.

and U; denotes the set of unresolved issues identi-
fied so far. Compared with the state definition in
the main text, we explicitly include A, to distin-
guish raw dialogue history from structured phase
artifacts.

Phase execution. At the beginning of each phase,
the moderator constructs a phase instruction from
the selected task-adaptive protocol template, the
current phase objective, the activated role set, pre-
vious artifacts, and unresolved issues. Only roles
relevant to the current phase are asked to contribute.
Each activated agent produces a role-conditioned
response, after which the moderator synthesizes
the responses into a phase artifact. The artifact
is then checked against the completion criterion
specified by the protocol. The full phase-execution
procedure is summarized in Algorithm 1.

B Prompt Templates

B.1 Prompt Template Overview

We implement AGENDAFLOW with a small col-
lection of structured prompt templates. Each tem-
plate defines one control operation in the delib-
eration process, such as selecting a protocol, in-
stantiating agents, moderating a phase, synthesiz-
ing intermediate artifacts, checking completion,
or producing the final answer. To make these

prompts inspectable, we present them as prompt
cards. Each prompt card specifies five compo-
nents: the template’s purpose, its required inputs,
the main instruction given to the model, any execu-
tion constraints, and the expected output schema.
Task-specific information is introduced only
through placeholders such as [TASK], [PROTOCOL],
[PHASE], [ROLE_PROFILE], [AGENT_RESPONSES],
and [ARTIFACTS]. Figures 4—10 provides the com-
plete prompt cards for task routing, role instantia-
tion, phase moderation, agent response generation,
artifact synthesis, completion checking, and final
answer generation.

B.2 Task Routing Prompt

The task routing prompt maps each input instance
to one primary task-adaptive meeting protocol be-
fore deliberation begins. The routing decision is
based on the protocol-selection taxonomy in Sec-
tion A.1l. In particular, the model is instructed to
consider the required final output, the main reason-
ing object, and the dominant process risk. When
multiple protocol signals are present, the selected
protocol is the one that best matches the required
final output, while secondary reasoning needs are
handled through optional role activation.
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Phase

Objective

Candidate roles for
activation

Phase artifact

Completion criterion

Goal Anchoring
Constraint
Mapping

Plan Assembly

Execution Check

Clarify the target outcome,
output form, and success
conditions.

Identify hard constraints, soft

preferences, resource limits,
and ordering relations.
Construct a candidate plan
that satisfies the stated goal
and constraints.

Verify feasibility, detect
conflicts, and identify
residual risks.

Goal Clarifier; Task
Interpreter

Constraint Auditor; State
Tracker

Plan Composer; Feasibility

Analyst

Feasibility Verifier; Risk
Checker

Goal specification

Constraint map

Candidate plan

Verified plan

The goal and required
output are explicit.

Explicit constraints are
covered and implicit
constraints are marked.
The plan covers the
required steps and
respects major
constraints.

No unresolved
hard-constraint
violation remains.

Table 7: Phase structure of the Planning Protocol.

Phase

Objective

Candidate roles for
activation

Phase artifact

Completion criterion

Problem Framing

Diagnostic Inquiry

Distinguish the core
problem from symptoms,
impacts, and adjacent
issues.

Reconstruct relevant facts,
organize the timeline, and

Problem Framer; Scope
Analyst

Evidence Inspector; Causal
Analyst; Skeptic

Problem boundary

Diagnostic
summary

The problem,
symptoms, and scope
are clearly separated.

Major causal
hypotheses have been

compare causal hypotheses
against supporting and
counter evidence.

Intervention Map interventions to

Design diagnosed causes and
distinguish containment,
corrective, and preventive
actions.

Answer Consolidate the diagnosis,

Convergence interventions, residual

uncertainty, and final
response.

Intervention Designer;
Feasibility Verifier

Solution Synthesizer;
Uncertainty Checker

checked against
evidence.

Cause—action map Proposed actions
address the diagnosed
causes rather than only
Symptoms.

Final response The response satisfies
the original task
objective and states
necessary uncertainty.

Table 8: Phase structure of the Problem-Solving Protocol.

B.3 Role Instantiation Prompt

After protocol selection, AGENDAFLOW instanti-
ates a fixed set of agents from the protocol-specific
role-slot schema in Section A.3. This step converts
abstract functional slots into task-adapted agent
profiles while preserving the deliberation function
assigned by the selected protocol, which takes the
input task, selected protocol, role-slot schema, and
target agent count as runtime inputs, and returns
the agent profiles used in all subsequent phases.

The instantiated roles are fixed for the remain-
der of the deliberation. Phase-level moderation
may activate different subsets of these roles across
phases, but it does not regenerate or rewrite the role
profiles.

B.4 Phase Moderation Prompt

At each protocol phase, the moderator determines
how the instantiated agents should participate in
the current step of deliberation. The phase modera-
tion prompt receives the selected protocol, current
phase objective, available role profiles, previous
artifacts, and unresolved issues, and produces a
phase-level execution instruction. It does not revise
the protocol assignment or regenerate agent roles.

The moderation output is used to control role
participation and phase-local objectives. It may re-
strict which agents speak, specify the order of con-
tributions, and identify unresolved issues to track,
but it does not directly produce the final answer.
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Candidate roles for

Phase artifact Completion criterion

Phase Objective

activation
Inference Identify the question,
Targeting claim, rule object, or state  Analyst

object to be verified.
Collect relevant facts,
rules, clues, and state
information.

Evidence Retrieval
Interpreter

Task Interpreter; Claim

Evidence Inspector; Rule

Inference target The target inference
and output form are
explicit.

Key supporting
materials are
identified.

Evidence-rule set

Consistency Check conflicts, ambiguity, State Tracker; Contradiction Consistency report Major ambiguities and
Testing and counter-evidence Challenger counter-evidence are
across rules, states, and identified.
facts.
Grounded Produce a conclusion Evidence Synthesizer; Grounded The conclusion is
Judgment grounded in the verified Verification Analyst conclusion supported by the
evidence or rules. evidence or rule
structure.
Table 9: Phase structure of the Evidence-and-Rule Verification Protocol.
Phase Objective Candidate roles for Phase artifact Completion criterion

activation

Decision Boundary
Locking

Clarify the decision
question, review scope,
and candidate option set.

Decision Goal Guardian;
Option Comparison
Analyst; Execution

Decision scope;
option set

The decision object is
clear and the options
are comparable.

Feasibility Analyst

Criteria Anchoring Fix evaluation criteria and

Decision Goal Guardian;

Criteria set; hard Evaluation criteria are

distinguish hard Risk—Constraint Analyst; constraints stable and constraints
constraints, soft Cost—Benefit Analyst are separated from
preferences, and weighting preferences.
assumptions.
Comparative Compare options under the Option Comparison Comparison Each option has been
Challenge same criteria and expose Analyst; Counter-Challenge matrix; objections compared under the
objections, evidence gaps, Analyst; Long-Term Impact same criteria and
and fragile assumptions. Analyst major objections are
recorded.
Conditional Make the final selection Trade-off Analyst; Decision The selected option
Closure and specify conditions, Risk—Constraint Analyst; statement; decision satisfies hard
execution implications, Execution Feasibility conditions constraints and

and reopening triggers. Analyst

residual objections are
conditionally
addressed.

Table 10: Phase structure of the Decision-Selection Protocol.

B.5 Agent Response Generation Prompt

During each protocol phase, active agents produce
role-conditioned contributions according to the
moderator instruction. The agent response prompt
conditions each response on the fixed role profile,
current phase objective, prior artifacts, and unre-
solved issues. This step generates phase-local anal-
ysis rather than a final answer.

Agent responses are used as inputs to the sub-
sequent artifact synthesis step. They are required
to follow the assigned role responsibility and re-
main grounded in the task, existing artifacts, and
phase-local moderation instruction.

B.6 Artifact Synthesis Prompt

After active agents complete a phase,
AGENDAFLOW  synthesizes their contribu-
tions into a phase artifact. The artifact synthesis
prompt takes the agent responses, current phase
objective, previous artifacts, and unresolved issues
as inputs, and produces a compact intermediate
representation used by later phases.

The synthesized artifact is the only phase output
carried forward by default. It preserves conclu-
sions, supporting evidence, constraints, and open
issues, while filtering redundant or unsupported
agent statements.
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Protocol Core role slots

Optional role slots

Planning Goal—constraint perspective;
Plan-construction perspective;

Feasibility-verification perspective

Problem-surface perspective;
System-causality perspective;
Intervention-design perspective

Problem-Solving

Inference-target perspective;
Evidence-inspection perspective;
Rule—state verification perspective

Evidence-and-Rule
Verification

Decision-Selection Decision-boundary perspective;
Criteria-constraint perspective;

Comparative-tradeoff perspective

State-tracking perspective; Resource-capacity perspective;
Temporal-ordering perspective; Alternative-plan
perspective; Risk-contingency perspective; Execution-scene
perspective; Validation-closure perspective

Timeline-reconstruction perspective; Process-mechanism
perspective; Data-evidence perspective; Execution-scene
perspective; Object-impact perspective; Resource-constraint
perspective; Validation-closure perspective

Contradiction-challenge perspective; Ambiguity-resolution
perspective; Counter-evidence perspective; State-transition
perspective; Evidence-sufficiency perspective;
Grounded-synthesis perspective; Assumption-boundary
perspective

Decision-holder perspective; Execution-feasibility
perspective; Risk-compliance perspective; Cost-utility
perspective; Stakeholder-voice perspective;
Long-term-strategy perspective; Independent-challenge
perspective

Table 11: Protocol-specific role-slot schemas used by AGENDAFLOW. Each protocol contains three core role slots
and seven optional role slots. Core slots are mandatory for the selected protocol, while optional slots are selected

according to the input task and target participant count.

B.7 Completion Checking Prompt

After each phase artifact is synthesized,
AGENDAFLOW checks whether the artifact
satisfies the completion criterion of the current
protocol phase. The completion checking prompt
takes the phase objective, synthesized artifact, and
unresolved issues as inputs, and returns a decision
on whether the system should advance or repeat
the phase.

The checker is used only for phase control. It
does not revise the artifact, introduce new reason-
ing, or produce the final answer; incomplete phases
are returned to moderation with the missing items
explicitly recorded.

B.8 Final Answer Generation Prompt

After all protocol phases are completed,
AGENDAFLOW generates the final response
from the accumulated phase artifacts. The final
answer prompt receives the original task, com-
pleted artifacts, unresolved issues, and required
answer format as inputs, and produces the output
submitted for evaluation.

This step does not reopen deliberation or intro-
duce new evidence. It uses the synthesized artifacts
as the basis for the final response and follows the
answer format specified by the task or benchmark.

C Complete Experimental Results

C.1 Complete Main Results

Table 12 reports the complete benchmark-level
main results with standard deviations across five
independent runs. To improve readability, we sepa-
rate benchmark-level averages from subtask-level
scores. Specifically, Table 12 includes the three
standalone benchmarks, the averaged MuSR and
Natural Plan results, and the final average over the
five benchmark-level scores, while Table 13 pro-
vides the corresponding subtask-level results for
MuSR and Natural Plan. Together, these two tables
provide the complete version of the main results
summarized in Table 1.

C.2 Statistical Reliability

To assess whether the gains of AGENDAFLOW
are reliable across test instances, we compare it
with the strongest non-AGENDAFLOW baseline
on each benchmark using paired tests. For each
instance, we average correctness over five random
seeds and compute the paired difference between
AGENDAFLOW and the baseline. We estimate
95% confidence intervals using 10,000 paired boot-
strap resamples over instances, and compute two-
sided p-values using paired randomization tests
with 100,000 sign-flip samples. Holm-Bonferroni
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Algorithm 1 AGENDAFLOW Phase Execution

Require: Input task x, protocol library P, role-slot schemas &, maximum phase repeat M

Ensure: Final answer y
1: Infer task type 7 from x

2: Select protocol P, = {(¢¢, 01, ar, Re, )}y

3: Instantiate role set R, from schema S,

4: Initialize history H < (), artifacts A < (), unresolved issues U < ()
5: fort =1to T do

6: m <+ 0

7: repeat

8: Activate roles R; according to phase ¢; and unresolved issues U
9: Moderator issues phase instruction based on (z, ¢y, H, A, U)
10: Collect responses from activated roles

11: Moderator synthesizes responses into artifact a;

12: Update unresolved issues U

13: Check whether a; satisfies completion criterion c;

14: m<+m-+1

15: until ¢; is satisfied or m = M or U stops changing

16: Append a; to A and update H
17: end for

18: Generate final answer y from z, protocol artifacts A, and remaining unresolved issues U

19: return y

correction is applied across the five benchmark-
level comparisons.

As shown in Table 14, AGENDAFLOW
significantly outperforms the strongest non-
AGENDAFLOW baseline on all five benchmark-
level comparisons after Holm-Bonferroni correc-
tion. The confidence intervals are positive across
all benchmarks, indicating that the observed gains
are not driven by a small number of unpaired in-
stances.

C.3 Complete Difficulty-Stratified Results

Table 15 reports the complete numerical results un-
derlying the complexity-stratified analysis in Fig-
ure 3. Following Section 4.5, we assign each in-
stance a normalized complexity score from 0O to
10 and divide examples in each benchmark into
five equal-width complexity-score bins. The table
reports the accuracy of each method within each
bin. These results provide the complete table-level
evidence behind the trend visualized in Figure 3:
the advantage of AGENDAFLOW becomes larger
as instance complexity increases.

C.4 Complete Ablation Results

Table 16 reports the complete ablation results cor-
responding to Table 2, with standard deviations
across five independent runs. Overall, the re-

sults remain consistent with the main-text analysis:
all variants underperform the full AGENDAFLOW
framework, with the largest drops observed for the
generic multi-agent variant and the variant without
moderator-governed phase control.

C.5 Complete Generalization Results

Table 17 reports the complete generalization re-
sults.

Across five backbone models, AGENDAFLOW
consistently achieves the best average score. Com-
pared with the strongest non-AGENDAFLOW base-
line, MAGICORE, AGENDAFLOW improves the
average score from 59.57% to 60.97%, yielding a
1.4-point average gain. The gains are most consis-
tent on Natural Plan and ACPBench Hard, suggest-
ing that task-adaptive protocol control generalizes
across model families particularly well for planning
and action-state reasoning tasks.

C.6 Complete Token-Matched Results

We further provide the complete token-matched
results with standard deviations in Table 18. Under
the same average token budget as AGENDAFLOW,
MAGICORE becomes the strongest non-
AGENDAFLOW baseline, achieving an average
score of 56.6%. Nevertheless, AGENDAFLOW still
obtains the best average score of 58.2%, improving
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Task Routing Prompt

Purpose. Select one primary task-adaptive meeting protocol for the input task before deliberation begins.
Inputs.

e [TASK]: the original input task.

e [PROTOCOL_TAXONOMY]: definitions and selection criteria for the available protocols.

Instruction. Given the input task, select exactly one protocol from: PLANNING, PROBLEM-SOLVING, EVIDENCE-
AND-RULE VERIFICATION, and DECISION-SELECTION. Base the decision primarily on the final output required
by the task. Use the reasoning object and dominant process risk only when the final-output signal is ambiguous.

Protocol selection criteria.

e PLANNING: the task asks for a feasible plan, schedule, route, action sequence, arrangement, or allocation under
constraints.

o PROBLEM-SOLVING: the task asks to diagnose a failure, anomaly, inconsistency, invalid outcome, or blocked
situation and identify corrective actions.

e EVIDENCE-AND-RULE VERIFICATION: the task asks to derive a conclusion from rules, states, clues, narrative
facts, or dispersed evidence.

o DECISION-SELECTION: the task asks to choose the best, valid, or most appropriate option among explicit
candidates under criteria or constraints.

Constraints.

e Select exactly one primary protocol.

e Do not answer the task.

e Do not generate a plan, diagnosis, proof, or final decision.

e If multiple protocols appear relevant, choose the one aligned with the required final answer format.
e Record secondary reasoning needs only as auxiliary signals for later role activation.

Output schema.

Protocol: [Planning / Problem-Solving /
Evidence-and-Rule Verification /
Decision-Selection]

Justification: [one concise sentence explaining the routing decision]

Secondary needs: [optional list of secondary reasoning needs,
or "None"]

Figure 4: Prompt card for the task routing template.

over MAGICORE by 1.6 absolute points. This
result suggests that the gains of AGENDAFLOW
are not merely due to increased token usage,
but also come from a more effective allocation
of test-time computation through task-adaptive
protocols, functional roles, and moderator-guided
phase control.
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Role Instantiation Prompt

Purpose. Instantiate a fixed set of task-adapted agents from the selected protocol’s functional role slots.
Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the protocol selected by the routing step.

o [ROLE_SLOT_SCHEMA]: the core and optional role slots associated with the selected protocol.

e [TARGET_AGENT_COUNT]: the number of agents to instantiate.

Instruction. Generate one agent profile for each selected role slot. Preserve the functional meaning of the slot,
but adapt the agent title, background, and reasoning style to the input task. Prioritize core role slots required
by the selected protocol. If optional roles are needed to reach the target agent count, select the optional slot that
best addresses the dominant task-specific risk.

Role selection rule.

e Include all core role slots for the selected protocol.

e Add optional role slots until [TARGET_AGENT_COUNT] is reached.

e Prefer optional slots that improve constraint checking, evidence coverage, state tracking, or objection handling.
e Do not create roles outside the provided role-slot schema.

Constraints.

e Instantiate exactly [TARGET_AGENT_COUNT] agents.

e Keep each agent tied to one original role slot.

e Do not solve the task.

e Do not assign final-answer authority to any single agent.

e Avoid overlapping responsibilities across agents.

Output schema.

Agent 1:
Slot: [original role slot]
Title: [concise task-adapted participant title]
Background: [task-relevant expertise or perspective]
Thinking style: [reasoning behavior to follow]
Primary responsibility: [deliberation function]

Agent 2:
Slot: [...]
Title: [...]
Background: [...]
Thinking style: [...]
Primary responsibility: [...]

Figure 5: Prompt card for the role instantiation template. The template converts protocol-specific role slots into
fixed agent profiles for later phase execution.

Method ACPBench  ACP-Hard BoardgameQA  MuSR Avg. Natural Plan Avg. Avg.

Direct 58.42(+0.48) 35.08 (+0.61) 73.00(+0.37) 60.26 (+0.53) 33.75 (+0.73) 52.10(+0.36)
CoT 57.83(+0.62) 36.50(40.76) 74.58 (+£0.49) 73.64 (+0.61) 37.78 (+0.81) 56.07 (+£0.43)
Self-Consistency  59.08 (+0.44) 36.83(40.52) 75.58 (+£0.35) 74.67 (+£0.42) 34.92 (4+0.56) 56.22 (+0.34)
MAD 67.33(+0.93) 44.25(+1.12) 61.58 (+£1.35) 56.71(£1.04) 45.34 (£1.09) 55.04 (+0.71)
AutoGen 65.50(£1.06) 42.83(£1.24) 68.25(£1.18) 64.00 (£0.92) 40.58 (4-0.98) 56.23 (£0.68)
ReConcile 68.42(+0.74) 45.17(x0.87)  76.10(+0.68) 74.68 (£0.60) 45.90 (+0.83) 62.05 (+0.52)
MAgICoRe 68.92(+£0.71) 45.75(+084)  76.05(+0.66)  74.86(+0.58) 47.40 (40.78) 62.60 (4-0.50)
DyLAN 69.15(+0.90) 46.05 (+1.05) 75.40(+0.82) 72.53(+£0.73) 46.63 (+0.89) 61.95 (+0.60)

AGENDAFLOW 71.58(£0.57)  49.67 (£0.69) 77.25 (£0.46) 76.28 (£0.48) 48.83 (+0.66) 64.72 (£0.41)

Table 12: Benchmark-level main results with standard deviations. All values are accuracy scores in percentage,
reported as the mean over five independent runs with different random seeds. Standard deviations are shown in
parentheses. The final average is computed over the five benchmark-level scores. Best results are in bold and
second-best results are underlined.
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Phase Moderation Prompt

Purpose. Control the execution of the current protocol phase by selecting active roles, defining the local
objective, and specifying the expected phase artifact.

Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the selected task-adaptive meeting protocol.

e [PHASE]: the current phase name and objective.

e [ROLE_PROFILES]: the fixed agent profiles instantiated for the task.

e [ARTIFACTS]: artifacts produced in previous phases.

e [UNRESOLVED_ISSUES]: open constraints, contradictions, missing evidence, or uncertain assumptions.

Instruction. Generate a phase-level moderation instruction for the current step. Select the agents whose roles
are relevant to the phase objective, assign their contribution order if needed, and specify what artifact should be
produced after their responses. Use previous artifacts and unresolved issues to focus the discussion.

Moderation rules.
o Activate only roles needed for the current phase objective.
e Preserve the selected protocol and fixed role profiles.

e Prioritize unresolved constraints, unsupported claims, conflicting evidence, and incomplete intermediate arti-
facts.

e Specify the expected artifact in a form that can be checked by the completion step.
Constraints.

e Do not solve the task directly.

e Do not generate the final answer.

e Do not introduce new agent roles.

e Do not change the selected protocol.

e Do not discard unresolved issues unless they are explicitly addressed by prior artifacts.
Output schema.

Phase: [current phase name]

Active agents: [ordered list of agent IDs or role names]

Moderator instruction:
[phase-specific instruction for the active agents]

Expected artifact:
[artifact to be produced after this phasel

Issues to track:

[constraints, contradictioms, missing evidence, or assumptions
that must remain visible during this phase]

Figure 6: Prompt card for the phase moderation template.

Method MuSR Natural Plan
Murder Object Team Calendar Meeting Trip

Direct 66.40(+£0.74) 50.78(£0.81) 63.60(£0.69) 34.23(+0.92) 35.74(+0.88) 31.27(£1.14)
CoT 81.20(+0.83) 61.72(+0.95) 78.00(+0.78) 49.85(+1.05) 50.75(+1.12) 12.73(+1.26)
Self-Consistency  82.30(+0.58) 62.90(40.66) 78.81(40.54) 46.20(£0.71) 47.20(+0.78) 11.36(40.93)
MAD 58.80(+1.48) 44.14(x1.62) 67.20(%1.39) 60.69(+£1.56) 42.94(+131) 32.40(+1.72)
AutoGen 70.10(£1.34) 54.10(£1.46) 67.80(£1.29) 54.80(£1.43) 39.40(£1.38) 27.54(£1.65)
ReConcile 82.05(+0.89) 63.05(+0.97) 78.95(+0.82) 58.20(+1.18) 47.65(+0.96) 31.85(+1.43)
MAgICoRe 82.35(40.86) 63.18(4094) 79.05+0.79) 61.10(*£1.12) 49.20(40.91) 31.90(%1.38)
DyLAN 79.60(£1.02) 61.05(£1.15) 76.95(£1.06) 61.35(+1.24) 46.80(£1.10) 31.75(£1.52)

AGENDAFLOW 83.60 (+0.71) 64.70(+£0.80) 80.54(+0.66) 63.80(+£0.89) 49.10(£0.95) 33.59(£1.08)

Table 13: Subtask-level main results with standard deviations for MuSR and Natural Plan. All values are accuracy
scores in percentage, reported as the mean over five independent runs with different random seeds. Benchmark-level
averages are reported in Table 12. Best results are in bold and second-best results are underlined.
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Agent Response Generation Prompt

Purpose. Generate a role-conditioned contribution for the current protocol phase.

Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the selected task-adaptive meeting protocol.

e [PHASE]: the current phase name and objective.

e [ROLE_PROFILE]: the fixed profile of the active agent.

e [MODERATOR_INSTRUCTION]: the phase-level instruction assigned by the moderator.

e [ARTIFACTS]: artifacts produced in previous phases.

e [UNRESOLVED_ISSUES]: open constraints, contradictions, missing evidence, or uncertain assumptions.

Instruction. Respond only from the perspective of the assigned role. Use the moderator instruction to determine
the scope of the contribution. Refer to prior artifacts when they are relevant, and explicitly address unresolved
issues that fall under the role’s responsibility.

Response rules.
e Preserve the reasoning function specified by [ROLE_PROFILE].

e Focus on the current phase objective rather than the whole task.
e Distinguish supported conclusions from assumptions.
e Surface conflicts, missing constraints, or weak evidence when they affect the phase artifact.

Constraints.

e Do not produce the final answer.

e Do not change the selected protocol, phase objective, or role profile.

e Do not introduce facts not grounded in the task or prior artifacts.

e Do not resolve issues outside the assigned role unless they directly affect the current phase.
Output schema.

Role: [agent role name]

Phase contribution:
[role-conditioned analysis, proposal, objection, or verification]

Relevant evidence or constraints:
[task facts, rules, constraints, or artifacts used]

Issues identified:
[new or remaining issues, or "None"]

Suggested artifact update:
[concise update that should be considered by synthesis]

Figure 7: Prompt card for the agent response generation template.

Benchmark Baseline Base. AF Gain 95% CI PHolm
ACPBench DyLAN 69.15 71.58 +2.43 [+1.28, +3.61] < .001
ACP-Hard DyLAN 46.05 49.67 +3.62 [+2.05, +5.14] < .001
BoardgameQA ReConcile 76.10 77.25 +1.15 [+0.24, +2.03] .036
MuSR MAgICoRe 74.86 76.28 +1.42 [+0.46, +2.35] .016
Natural Plan MAgICoRe 47.40 48.83 +1.43 [+0.39, +2.51] .021

Table 14: Paired significance tests between AGENDAFLOW and the strongest non-AGENDAFLOW baseline
on each benchmark. Base. and AF denote the mean accuracy of the baseline and AGENDAFLOW, respectively.
Confidence intervals are estimated with paired bootstrap resampling over instances. Reported p-values are Holm-
Bonferroni corrected across the five benchmark-level comparisons.
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Artifact Synthesis Prompt

Purpose. Consolidate the active agents’ phase contributions into a structured artifact for subsequent delibera-
tion.

Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the selected task-adaptive meeting protocol.

e [PHASE]: the current phase name and objective.

o [MODERATOR-INSTRUCTION]: the phase-level instruction.

e [AGENT_RESPONSES]: role-conditioned contributions from active agents.
e [PREVIOUS_ARTIFACTS]: artifacts produced by earlier phases.

e [UNRESOLVED_ISSUES]: issues carried into the current phase.

Instruction. Synthesize the agent responses into a single phase artifact. Preserve claims that are supported
by the task, prior artifacts, or agent-specific reasoning. Identify remaining disagreements, missing evidence,
constraint violations, or assumptions that should be carried forward.

Synthesis rules.

e Align the artifact with the current phase objective.

e Merge compatible contributions instead of listing responses separately.

e Retain evidence, rules, constraints, or state updates needed by later phases.
e Mark unsupported, conflicting, or incomplete claims as unresolved.
Constraints.

e Do not generate the final answer unless this is the final-answer phase.

e Do not introduce facts not present in the task, prior artifacts, or agent responses.
e Do not discard unresolved issues without explicit support.

e Do not attribute authority to an agent solely because it spoke last.
Output schema.

Phase artifact:
[consolidated intermediate result for the current phase]

Supported conclusions:
[claims or updates supported by evidence, rules, or constraints]

Evidence and constraints used:
[task facts, rules, constraints, or previous artifacts used]

Unresolved issues:
[remaining conflicts, missing evidence, assumptions, or "None"]

Carry-forward notes:
[information that subsequent phases must preserve]

Figure 8: Prompt card for the artifact synthesis template.
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Completion Checking Prompt

Purpose. Determine whether the current phase artifact satisfies the completion criterion required to advance to
the next protocol phase.

Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the selected task-adaptive meeting protocol.

e [PHASE]: the current phase name and objective.

e [COMPLETION_CRITERION]: the condition required to complete the phase.

e [PHASE_ARTIFACT]: the synthesized artifact produced for the current phase.

e [UNRESOLVED_ISSUES]: remaining constraints, contradictions, missing evidence, or assumptions.

Instruction. Evaluate whether the phase artifact is sufficient for the current phase objective. Check the artifact
against the completion criterion and determine whether unresolved issues still block progress. Return an explicit
advance-or-repeat decision with the missing items needed for completion.

Checking rules.

e Mark the phase complete only if the artifact satisfies the stated criterion.

e Treat unresolved hard constraints, contradictions, or missing evidence as blockers.
e Do not reward verbosity; evaluate sufficiency rather than length.

e Preserve unresolved issues that remain relevant to later phases.

Constraints.

e Do not rewrite the phase artifact.

e Do not generate new task reasoning.

e Do not produce the final answer.

e Do not change the protocol, phase objective, or completion criterion.

e Do not mark a phase complete when required evidence or constraints are absent.
Output schema.

Completion decision:
[Advance / Repeat phase]

Criterion satisfied:
[Yes / Nol

Missing items:
[constraints, evidence, checks, or artifact components
still required; or "None"]

Blocking issues:
[unresolved contradictions, unsupported assumptions,
constraint violations, or "None"]

Instruction for next step:

[advance to next phase, or repeat current phase with
specified missing items]

Figure 9: Prompt card for the completion checking template.
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Final Answer Generation Prompt

Purpose. Generate the final response from the completed protocol artifacts.
Inputs.

e [TASK]: the original input task.

e [PROTOCOL]: the selected task-adaptive meeting protocol.

o [COMPLETED_ARTIFACTS]: synthesized artifacts from completed phases.

e [UNRESOLVED_ISSUES]: remaining issues, if any.

o [ANSWER_FORMAT]: the required output format for the task or benchmark.

Instruction. Produce the final answer using the completed artifacts as the sole reasoning basis. Respect the
required answer format. If unresolved issues remain, use the most supported conclusion and expose uncertainty
only when the task format permits it.

Answer rules.

e Use conclusions, constraints, evidence, and state updates recorded in the completed artifacts.

e Follow the requested answer type, such as option label, entity, sequence, plan, or short textual response.
e Prefer concise output when the benchmark expects exact matching or option selection.

e Include explanation only when the task explicitly requires or permits it.

Constraints.

e Do not introduce new facts, constraints, or evidence.

e Do not reopen earlier phases or call additional agents.

e Do not mention internal roles, phases, or artifacts unless requested.

e Do not output multiple alternatives unless the task requires them.

e Do not include reasoning traces when only the final answer is requested.
Output schema.

Final answer:
[answer in the required format]

Optional explanation:
[only if permitted by the task or evaluation format]

Confidence note:
[only if unresolved issues remain and uncertainty reporting is allowed]

Figure 10: Prompt card for the final answer generation template.
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Benchmark Complexity Bin Direct CoT Self-Consistency MAD AutoGen ReConcile MAgICoRe DyLAN AGENDAFLOW

0-2 89.85 90.80 90.25 93.10 9240 93.45 93.60 93.75 94.35
2-4 76.10 75.80 77.00 83.50  81.70 84.20 84.55 84.80 86.10
ACPBench 4-6 60.20 59.60 61.40 68.70  66.90 70.10 70.45 70.70 73.00
6-8 43.50 42.60 44.10 5540  53.80 57.20 57.55 58.20 61.00
8-10 2240 2035 22.65 36.20  32.70 37.60 38.10 40.05 43.45
0-2 88.20 91.20 83.10 91.60  91.80 92.40 92.70 92.90 93.50
24 53.00 56.60 55.90 60.70  59.80 62.10 62.50 62.90 64.20
ACP-Hard 4-6 34.00 36.00 36.70 4450  42.80 45.80 46.20 46.60 48.90
6-8 20.50 22.80 23.40 26.00 24.80 26.90 27.10 27.40 30.20
8-10 7.10  7.60 7.80 7.50 6.80 7.90 8.00 8.15 11.55
0-2 86.10 85.80 86.20 84.00 84.70 86.60 86.50 86.30 87.20
2-4 79.00 79.40 80.60 69.50  75.10 81.20 81.05 80.75 82.50
BoardgameQA 4-6 72.60 74.20 75.20 60.70  68.20 75.70 75.60 75.10 78.00
6-8 67.60 69.00 69.60 53.10  61.50 69.20 69.60 68.80 72.40
8-10 59.70  63.80 64.10 40.60  51.70 62.50 62.75 62.30 66.15
0-2 79.70 82.40 83.40 78.90  80.60 83.50 83.70 82.90 84.30
2-4 68.20 78.80 79.60 64.10  70.80 79.75 79.90 77.80 81.20
MuSR 4-6 59.80 73.80 74.70 5530  64.20 74.85 75.00 72.70 77.30
6-8 51.60 69.20 69.60 4890  58.60 69.55 69.80 67.10 72.60
8-10 41.60 61.80 62.20 36.10  45.80 62.45 62.59 56.90 65.99
0-2 68.20 61.50 62.80 80.40  77.20 81.20 81.80 80.90 82.40
2-4 45.50 47.20 48.60 57.40  54.30 60.80 61.40 60.90 62.70
Natural Plan 4-6 32.00 36.10 34.20 4320  38.60 44.80 45.50 45.10 47.80
6-8 18.70 23.40 20.10 2890 2530 29.80 30.20 30.60 33.40
8-10 430 6.70 5.20 13.10  10.40 13.70 14.45 14.20 17.85

Table 15: Complete complexity-stratified results corresponding to Figure 3. All values are accuracy scores in
percentage. Examples are divided into five equal-width bins according to normalized complexity scores from O to
10. Best results are in bold and second-best results are underlined.

Method ACPBench Hard  BoardgameQA MuSR Natural Plan Avg.

AGENDAFLOW 49.79 (40.69) 76.97 (+0.46) 76.13 (+0.48) 48.24(+0.66) 62.78(+0.35)
Generic 44.75 (£0.95) 70.17 (+0.88) 67.22(£0.79)  42.42(+£091)  56.14(+0.47)
Indep.-Role 45.60 (40.86) 73.40(40.71) 72.40(+0.66) 44.20(+0.82)  58.90(40.41)
—Role 46.92 (+0.72) 75.83 (40.53) 74.83(+0.56)  46.25(4+0.68)  60.96 (+0.37)
— Routing 45.83(40.80) 74.67 (0.62) 73.94(4+059)  44.75(£0.76)  59.80(40.42)
— Moderator 43.17 (£1.05) 71.58(+0.94) 69.89 (+0.86) 41.92(£1.00) 56.64 (+0.52)

Table 16: Complete ablation results with standard deviations. All values are accuracy scores in percentage, reported
as the mean over five independent runs with different random seeds. Standard deviations are shown in parentheses.
“Generic” denotes the protocol-free multi-agent variant. “Indep.-Role” denotes an independent role ensemble
that uses the same instantiated agents and role profiles as AGENDAFLOW, but each agent solves the full task
independently without observing other agents or participating in phase-level discussion. “— Role”, “— Routing”, and
“— Moderator” denote removing functional role design, task-adaptive protocol routing, and moderator control from
AGENDAFLOW. Best results are in bold and second-best results are underlined.
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Backbone Method Natural Plan ACPBench Hard ~ BoardgameQA Avg.
Self-Consistency  34.90 (x0.62) 36.83 (+0.58) 75.58 (£0.41) 49.10 (+0.32)
Kimi2 AutoGen 40.60 (x1.02) 42.83 (x1.08) 68.25 (+1.00) 50.56 (+0.60)
MAGICORE 47.40 (+0.74) 45.75 (+0.72) 76.05 (£0.48)  56.40 (+0.38)
AGENDAFLOW 47.80 (+0.66) 48.67 (+0.69) 76.25 (+0.46) 57.57 (0.36)
Self-Consistency ~ 45.00 (+0.64) 45.80 (20.61) 81.00 (+0.42) 57.27 (+0.33)
GPT-5.5 AutoGen 48.20 (+1.04) 49.90 (+1.01) 73.50 (+0.96) 57.20 (£0.58)
’ MAGICORE 52.70 (+0.72) 52.85 (+0.70) 79.10 (£0.47) 61.55 (+0.37)
AGENDAFLOW 53.70 (+0.64) 54.80 (+0.67) 79.70 (+0.48) 62.73 (0.34)
Self-Consistency 40.00 (20.63) 42.50 (+0.59) 77.50 (£0.42) 53.33 (£0.32)
AutoGen 44.10 (x1.05) 47.30 (x1.04) 69.80 (+0.98) 53.73 (20.59)
DeepSeck-Vd-Pro v 1agIcore 4920 (:073)  49.90 (£0.71) 7690 (:048)  58.67 (£0.37)
AGENDAFLOW 50.50 (£0.65) 51.90 (0.68) 77.60 (£0.49) 60.00 (+0.35)
Self-Consistency  43.80 (x0.64) 48.00 (+0.61) 80.20 (+0.43) 57.33 (+0.33)
Qwen3.6 AutoGen 47.00 (x1.03) 51.20 (+1.00) 72.60 (+0.95) 56.93 (+0.57)
’ MAGICORE 51.00 (+0.71) 53.95 (+0.69) 78.80 (+0.47) 61.25 (+0.36)
AGENDAFLOW 52.20 (+0.63) 56.30 (+0.66) 80.40 (+0.47) 62.97 (+0.33)
Self-Consistency ~ 42.60 (x0.63) 42.80 (+0.60) 81.80 (+0.41) 55.73 (20.32)
GLMS5.1 AutoGen 46.20 (£1.04) 47.80 (£1.02) 74.10 (£0.96) 56.03 (+0.58)
’ MAGICORE 50.00 (+0.72) 49.90 (+0.70) 80.05 (+0.46) 59.98 (+0.36)
AGENDAFLOW 50.80 (+0.64) 52.00 (x0.67) 81.90 (+0.46) 61.57 (+0.34)
Self-Consistency ~ 41.26 (+0.28) 43.19 (20.27) 79.22 (+0.19) 54.55 (+0.14)
Average AutoGen 45.22 (+0.47) 47.81 (+0.46) 71.65 (+0.43) 54.89 (£0.27)
& MAGICORE 50.06 (+0.32) 50.47 (+0.31) 78.18 (+0.21) 59.57 (+0.16)
AGENDAFLOW 51.00 (£0.37) 52.73 (+0.39) 79.17 (0.27)  60.97 (£0.20)

Table 17: Backbone generalization results across five backbone models. All values are accuracy scores in percentage,
reported as the mean over five independent runs with standard deviations in parentheses. Natural Plan, ACPBench
Hard, and BoardgameQA are used as representative benchmarks for the generalization analysis. Best results within
each backbone group are in bold and second-best results are underlined.

Method Tokens  ACPBench Hard  BoardgameQA  Natural Plan Avg.

Self-Consistency 18.1K 37.6(£0.55) 76.0(40.39) 36.7 (£0.61) 50.1(40.31)
AutoGen 18.0K 44 .4 (+1.15) 69.9 (£1.04) 43.5(£1.06) 52.6(40.62)
MAgICoRe 18.2K 46.8 (+0.72) 76.1 (40.48) 46.9 (£0.74) 56.6 (40.38)
AGENDAFLOW 18.3K 49.3 (4-0.68) 76.5 (40.45) 48.8 (0.67) 58.2(40.36)

Table 18: Complete token-matched results with standard deviations. All values except token counts are accuracy
scores in percentage, reported as the mean over five independent runs with different random seeds. Standard
deviations are shown in parentheses. Baselines are scaled by increasing self-consistency samples, AutoGen
interaction turns, or refinement iterations until their average token usage approaches that of AGENDAFLOW. The
average is computed over ACPBench Hard, BoardgameQA, and Natural Plan. Best results are in bold and second-
best results are underlined.
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