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Abstract Event prediction (EP), the accurate forecasting
of future events, is vital for strategic planning and risk man-
agement in both governmental and business contexts. The
rapid advancement of large language models (LLMs) has
positioned AI-based automated prediction methods at the
forefront of academic and industrial research. However, cur-
rent LLM prediction systems exhibit several shortcomings.
Firstly, their information retrieval mostly searches based on
the question itself, failing to gather relevant data from multi-
ple perspectives as human expert teams do. Secondly, their
temporal analysis is inadequate, as the collected informa-
tion often includes subjective opinions or speculations and
lacks the ability to reconcile contradictory information across
different time points during real-time prediction. To address
these issues this paper introduces MAEPS (Multi-Agent Event
Prediction System), which emulates the collaborative efforts
of human expert teams through 12 specialized agents. Each
agent collects data from a specific professional dimension.
The system automatically identifies and resolves conflict-
ing information, ensuring that predictions prioritize recent
and consistent facts. Experiments on EP datasets from real
prediction platforms demonstrate that MAEPS significantly
outperforms existing LLM prediction systems by 7% in ac-
curacy, thereby validating the efficacy of simulating expert
team collaboration for prediction purposes.

Keywords Event Prediction, Multi-Agent Systems, Infor-
mation Retrieval, Large Language Models

1 Introduction
Event prediction (EP) refers to the systematic and methodical
forecasting of future events based on comprehensive analysis
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of available information, historical patterns, and sophisti-
cated analytical methods. EP plays a crucial role in numerous
critical fields, including social policy formulation [1] and
financial market analysis [2], where stakeholders require reli-
able insights to navigate complex decision-making processes.
Accurate forecasts provide a robust scientific foundation for
strategic decision-making, significantly enhancing both the
rationality and effectiveness of policy implementations and
business strategies. However, achieving consistently high
accuracy in complex, dynamic, and rapidly evolving envi-
ronments remains a formidable challenge due to the inherent
complexity of information sources, intricate temporal depen-
dencies between events, and the pervasive uncertainty that
characterizes real-world scenarios. Consequently, improving
prediction accuracy while maintaining practical applicability
has emerged as a pivotal research focus that continues to at-
tract substantial attention from both academic researchers and
industry practitioners. Prediction methodologies are broadly
categorized into two fundamental approaches: statistical meth-
ods and judgmental approaches, each with distinct strengths
and limitations. While statistical methods, which are primarily
based on sophisticated time series modeling techniques [3],
tend to falter when confronted with sparse data availability
or rapid environmental changes that disrupt established pat-
terns, judgmental prediction—which represents our primary
focus in this research—emphasizes the strategic integration
of human expertise, accumulated historical experience, and
intuitive reasoning capabilities. This judgmental approach
demonstrates particular value in its ability to compensate
for the inherent deficiencies of purely statistical methods,
especially in challenging scenarios characterized by limited
data availability or exceptionally high levels of uncertainty.

The remarkable rise of artificial intelligence technologies
has transformed LLM-based automated prediction into a
particularly prominent and rapidly evolving research area [4–
8], attracting significant attention from researchers worldwide.
These methods typically follow a two-stage ”retrieval-then-
reason” paradigm, aligned with Large Knowledge Models [?
]. In the first stage, an LLM issues targeted queries to retrieve
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Question

Conventional Search vs Multi-Dimensional Search: The prediction towards two extremes

Will the United States continue its tariff war with China in May 2025?

News1：Apr 2: The US imposed a 34% "reciprocal tariff" on    

Chinese imports.

Search around China-US Tariff War Search from Economics, Public, Legal,

Traditional shallow Search Multi-Dimensional Search

News2：Apr 8: US raises tariffs on China to 125%.

News3： April 9, China raises tariffs of the same magnitude. Legal ：Apr 23: 12 US states sue, challenging the  tariffs’                     

legal basis.

Economic: Apr 4: Ford's report reveals huge cost pressure, 

raising recession fears.

Public： April 17 :A U.S. poll showed that more than  half of 

the people opposed raising tariffs

Prediction: Yes

Analysis:  All news points to the escalation of 

the conflict, seemingly indicating that the tariff war 

will continue indefinitely.

The United States and China issue joint statement to lower tariffs to 10% and 30%

2025-05-12
Result verification

Fig. 1 Comparison of information retrieval approaches: traditional unidimensional vs. multi-agent multi-dimensional approach

external sources; in the second, it integrates the evidence for
analysis and prediction.

However, despite their promising potential, current high-
quality prediction methods continue to exhibit three funda-
mental and interconnected issues that significantly limit their
effectiveness:

Unidimensional Information Retrieval: Existing method-
ologies predominantly focus on searching for information that
is directly and explicitly related to the prediction question
itself, systematically failing to gather comprehensive infor-
mation from multiple professional perspectives and diverse
analytical dimensions. As clearly illustrated in Figure 1, this
narrow approach inevitably leads to incomplete information
coverage that undermines prediction quality. For instance,
accurately predicting the complex dynamics of the US-China
tariff war requires sophisticated insights from multiple inter-
connected dimensions, including economic indicators, public
sentiment analysis, and legal regulatory frameworks, rather
than relying solely on direct tariff-related news coverage.

Insufficient Temporal Conflict Processing: Current pre-
diction systems systematically neglect the critical temporal
attributes of information sources, leading to problematic
conflicts where newer reports directly contradict older ones
regarding the same event or phenomenon. This oversight
creates two significant problems: first, excessive reliance on
outdated information substantially reduces prediction timeli-
ness, as critical decisions become based on stale facts that no
longer accurately reflect current reality; second, unresolved
contradictions fundamentally undermine prediction accuracy
because the underlying model cannot effectively determine

which information sources should be trusted and prioritized
in the decision-making process.

Lack of Factual Screening: Existing prediction systems
demonstrate a concerning absence of robust mechanisms for
systematic factual screening and information quality assess-
ment. While advanced LLMs possess demonstrated capa-
bilities to extract factual information [9], which has proven
particularly valuable in specialized domains such as financial
analysis [10], these systems are frequently fed an indiscrim-
inate mixture of factual content and non-factual material,
including subjective opinions, unverified speculation, and
potentially misleading commentary. Effective and reliable
prediction must be fundamentally grounded in objective,
independently verifiable data [11]. The existing method de-
scribed in [12], which attempts to filter articles by content type
(distinguishing events from commentary), relies heavily on
manually crafted rules and consequently lacks the scalability
necessary for practical implementation in diverse real-world
scenarios.

Human experts consistently demonstrate their ability to
improve complex task processing capabilities through sys-
tematic and strategic collaboration [13], leveraging the com-
plementary strengths of diverse professional backgrounds
and specialized knowledge domains. Different categories of
experts, such as experienced policy analysts and seasoned
economists, systematically gather and analyze information
from their respective specialized domains, bringing unique
perspectives and analytical frameworks to the prediction pro-
cess. For example, when tasked with predicting significant
trade policy changes, policy analysts typically focus their
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attention on legislative processes, regulatory frameworks,
and political dynamics, while economists simultaneously
analyze market indicators, economic impacts, and broader
macroeconomic trends. Their collaborative efforts effectively
integrate regulatory feasibility assessments with comprehen-
sive economic consequence analysis, ultimately producing
more accurate, nuanced, and actionable predictions. This
sophisticated multi-dimensional approach provides a compre-
hensive factual foundation for prediction activities and serves
as a highly successful model that demonstrates the power of
coordinated expertise.

Inspired by this proven collaborative model, we propose
MAEPS (Multi-Agent Event Prediction System), an innova-
tive framework where multiple specialized agents work in
coordinated collaboration to effectively simulate the complex
dynamics of human expert teams. By maintaining a strategic
focus on high-quality information collection and sophisticated
processing methodologies, MAEPS systematically addresses
each of the three previously identified critical issues, thereby
enhancing prediction comprehensiveness, improving tempo-
ral accuracy, and increasing overall prediction reliability.

This paper’s main contributions are:
• We propose MAEPS, a novel and comprehensive multi-

agent framework that effectively simulates human ex-
pert team collaboration for event prediction, directly
addressing the significant limitations of existing single-
dimensional information retrieval approaches.

• We design and implement 12 specialized agents that
systematically collect information from different profes-
sional dimensions and analytical perspectives, ensuring
comprehensive coverage of all relevant factors necessary
for accurate prediction.

• We introduce sophisticated temporal conflict resolution
and fact extraction mechanisms that automatically fil-
ter high-quality information and systematically resolve
contradictory data across different time points.

• Extensive experiments conducted on real prediction
datasets demonstrate that MAEPS significantly out-
performs existing LLM prediction systems by 7% in
accuracy, providing strong empirical validation of the
effectiveness of our proposed approach.

2 Related Work
With the remarkable advances in large language models
(LLMs) and their increasingly sophisticated reasoning capa-
bilities, LLM-based forecasting systems have emerged as a
particularly vibrant and rapidly evolving research hotspot, at-
tracting significant attention from both academic researchers

and industry practitioners. Halawi et al. [4] develop a com-
prehensive retrieval-augmented language model system that
systematically and automatically searches for relevant infor-
mation across multiple data sources, generates well-informed
forecasts through sophisticated reasoning processes, and in-
telligently aggregates predictions from multiple perspectives,
ultimately achieving performance levels remarkably close to
those of experienced human forecasters on highly competitive
prediction platforms. RTF [5] leverages a sophisticated archi-
tecture of hierarchical ReAct agents that work collaboratively
to retrieve and process information from diverse sources,
while simultaneously employing specialized computational
tools for numerical simulation and quantitative analysis to
realize comprehensive forecasting capability across various
domains. OpenEP [6] proposes an innovative open-ended
future event prediction task that addresses the limitations of
closed-domain forecasting and constructs a corresponding
comprehensive dataset; in its sophisticated retrieval pipeline,
key stakeholders and relevant historical events are system-
atically identified and analyzed, while advanced clustering
techniques applied to news text snippets are strategically used
to clarify complex inter-event dependencies and significantly
reduce information redundancy.

Time series analysis and temporal modeling play an in-
creasingly crucial and foundational role in modern prediction
systems, providing essential mathematical frameworks for
understanding temporal patterns and dependencies. Chen
and Cheng [14] propose CLSTM-BPR, an innovative fu-
sion method that effectively combines the temporal modeling
capabilities of Long Short-Term Memory networks with
the ranking optimization strengths of Bayesian Personal-
ized Ranking, demonstrating significant improvements in
prediction accuracy. Early forecasting benchmarks include
MCNC [15], SCT [16], and CoScript [17], which primar-
ily focus on script learning and common-sense reasoning
in carefully controlled synthetic scenarios but unfortunately
lack comprehensive tracking and analysis of real-world events
with their inherent complexity and unpredictability. Forecast-
Bench [18] introduces a dynamic and continuously evolving
benchmark that systematically evaluates machine learning
systems on automatically generated and regularly updated
forecasting questions, providing a more realistic assessment
of prediction capabilities in rapidly changing environments.
The PROPHET benchmark [7] further advances the field by
categorizing forecasting problems according to the likeli-
hood and potential impact of causal intervention, offering a
novel and theoretically grounded evaluation perspective; its
sophisticated temporal assumptions provide robust theoreti-
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Table 1 Specialized Agent Configuration
Agent Name Functional Introduction
Key People Search dynamics, positions, and influence of key figures
Key Organizations Search official positions and plans of key organizations
Concepts Entities Explain professional concepts and entity definitions
Historical Precedents Search similar historical events as references
Related News Collect latest related news, construct factual background
Policy Regulation Interpret policies, regulations, and industry standards
Economic Indicators Collect quantified economic data and market indicators
Expert Opinions Integrate expert, analyst, and institutional viewpoints
Social Sentiment Analyze public emotions, attitudes, and public opinion
External Related Events Search external shocks or black swan events
Technology Innovation related technological progress and supply chain dynamics
Competitive Landscape Analyze competitors’ strategies and market reactions

cal grounding for handling complex causal relations among
interconnected news events and their temporal dependencies.
Document-level financial event datasets complement multi-
agent retrieval [? ]. Inspired by these theoretical foundations
and practical insights, our MAEPS system strategically ap-
plies comprehensive temporal analysis to practical forecasting
scenarios to systematically detect, analyze, and resolve infor-
mation conflicts that arise from temporal inconsistencies.

Other lines of research enhance LLM forecasting. Hu-
man–AI teaming improves performance [19], and LLMs work
well as expert tools [? ]. Prompt robustness matters for do-
main NER [? ]. DPO-based fine-tuning aligns outputs [8] but
is resource-intensive. Consistency/arbitrage scoring enables
instant evaluation [12]. Active semi-supervised debiasing
supports low-budget labeling [? ].

Knowledge graph embedding techniques and their sophisti-
cated mathematical foundations have demonstrated significant
and growing potential in complex prediction tasks, offering
powerful approaches for representing and reasoning about
structured knowledge. Han et al. [20] developed an inno-
vative temporal knowledge graph embedding model based
on variable translation mechanisms for link prediction and
triplet classification tasks, which offers valuable insights
and methodological foundations for multi-agent information
integration approaches that require sophisticated handling
of temporal relationships and entity interactions. Similarly,
Duan et al. [21] proposed a novel approach for inductive
relation prediction using carefully designed disentangled
subgraph structures, providing robust methodological foun-
dations and theoretical frameworks for handling complex
entity relationships and their intricate dependencies within
the comprehensive MAEPS framework.

Multi-agent systems and collaborative computational ap-
proaches are becoming increasingly important and strategi-
cally valuable in complex prediction scenarios that require

coordination of diverse information sources and analytical
perspectives. Du et al. [22] presented a sophisticated deep
reinforcement learning approach for scheduling low-latency
medical services in distributed healthcare cloud environments,
demonstrating the remarkable effectiveness of intelligent re-
source allocation strategies and coordinated decision-making
processes. This research aligns closely with the fundamental
design principles of the MAEPS framework, where special-
ized agents collaborate systematically and coordinate their
information-gathering efforts to achieve superior collective
performance. Furthermore, Shang et al. [23] explored innova-
tive ensemble knowledge distillation techniques in federated
semi-supervised learning environments, providing valuable
theoretical support and practical methodologies for multi-
model aggregation strategies in prediction generation, which
directly informs our approach to combining insights from
multiple specialized agents.

Nevertheless, existing empirical findings and theoreti-
cal analyses suggest that when LLMs adopt traditional and
conventional forecasting strategies—such as systematically
decomposing complex events into simpler components or
methodically analyzing pros and cons through structured
reasoning—their overall performance may surprisingly un-
derperform simple baseline prompting approaches that rely
on more direct and intuitive reasoning processes [24]. No-
tably, that comprehensive study focuses primarily on closed
datasets containing independent events with limited temporal
dependencies and does not integrate real-time information ag-
gregation capabilities or dynamic knowledge updating mech-
anisms. Thus, a central and persistent challenge remains: how
to design and implement LLM-based forecasting systems
that can effectively leverage real-time information streams
while simultaneously maintaining high predictive accuracy
and reliability across diverse domains and time horizons.
Recent advances in future prediction benchmarks, such as the
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MAEPS: Multi-Agent Event Prediction System Based on Human Expert Team Collaboration Simulation 5

comprehensive FutureX framework [25], provide systematic
and rigorous evaluation frameworks for LLM agents in predic-
tion tasks, highlighting the critical importance of systematic
assessment and standardized evaluation methodologies in this
rapidly evolving and increasingly complex field.

3 Preliminary
3.1 Core Notation and Definitions

For binary event prediction tasks where the target event
occurrence is denoted as Y ∈ {0, 1}, we define the following
core concepts:

Effective Information Set I: The collection of information
atoms v such that Y and v are not independent, i.e., P (Y |
v) ̸= P (Y ) (equivalently, the mutual information I(Y ; v) >

0). This set consists of verifiable objective facts, excluding
subjective opinions and speculative content.

Accessible Information Subset V : We define a universe of
accessible information U , and let V ⊆ U denote the actually
obtainable set by the model. Write V = Vrel ∪ Virr with
Vrel = V ∩ I and Virr = V \ I. In MAEPS, V can be
decomposed as V =

⋃12
k=1 Vk, where Vk denotes the retrieval

results of the k-th specialized agent.
Loss Function L: We adopt the Brier loss, defined as

L(f(V), Y ) = (f(V) − Y )2, where f(V) ∈ [0, 1] is the
model’s predicted probability of Y = 1.

Theoretical Risk R(V): The minimum expected loss of
the optimal predictor given V , defined as:

R(V) = inf
f∈F(V)

E[(f(V)− Y )2]. (1)

By the L2 projection property, the Bayes optimal predictor
is f∗(V) = E[Y | V], and the minimum Brier risk equals
R(V) = E[Var(Y | V)]. Here F(V) denotes the class of all
square-integrable measurable functions with respect to σ(V).

3.2 Theoretical Foundation of Multi-Agent Collabo-
ration

Principle 1: Monotonic Information Sufficiency
Theorem: If Va ⊆ Vb, then R(Vb) ⩽ R(Va).
Proof : Since Va ⊆ Vb, we have F(Va) ⊆ F(Vb) (predic-

tors based on Va are contained in the predictor set for Vb).
Taking the infimum over expected loss:

R(Vb) = inf
f∈F(Vb)

E[L(f, Y )] ⩽ inf
f∈F(Va)

E[L(f, Y )] = R(Va).

(2)
Equality Condition: R(Vb) = R(Va) if and only if Vb \ Va is
conditionally independent of Y given Va, i.e., P (Y | Va,Vb \
Va) = P (Y | Va). Equivalently, E[Y | Vb] = E[Y | Va]

almost surely (a.s.).

Principle 2: Finite Sample Degradation from Irrelevant
Information

Theorem: While theoretically introducing v /∈ I (condi-
tionally independent of Y ) does not change R(V), in finite
samples, v increases parameter estimation variance, leading
to degraded prediction performance.

Proof : Consider the true model logit(P (Y = 1 | Xrel)) =

XT
relβ, where Xrel corresponds to relevant features from V .

Introducing irrelevant features Xirr (corresponding to v /∈ I),
the augmented feature matrix becomes X = [Xrel, Xirr].
The asymptotic covariance of the parameter estimate β̂ is
J (X)−1, whereJ (X) denotes the Fisher information matrix.
We have, in the Loewner (positive semidefinite) order for the
subvector corresponding to the relevant coefficients,

Var(β̂) ⪰ Var(β̂rel). (3)

Equality holds only when XT
relWXirr = 0 and Xirr carries no

information about Y (where W is the GLM weight matrix,
e.g., diag(pi(1− pi)) in logistic regression), which is practi-
cally unattainable. Despite the difference in loss functions, this
conclusion is consistent with the general bias–variance trade-
off underlying the Brier risk analysis above. Note that this
degradation concerns implementable finite-sample estimators
rather than the Bayes risk limit.

This theoretical foundation motivates our multi-agent ap-
proach: each specialized agent focuses on collecting infor-
mation from I within their domain expertise, maximizing
information relevance while minimizing noise introduction.

Principle 3: Existence of a Global Optimum for Coor-
dinated Retrieval

Theorem: Define the coordination objective over a finite
ground set of candidate facts Ω as

max
S⊆Ω

F (S) := −R(S)− λC(S), λ ⩾ 0, (4)

whereR(S) is the minimum Brier risk given factsS andC(S)

is a nonnegative, monotone cost (e.g., total LLM token cost
or number of API calls). Then a global maximizer S⋆ exists.
Moreover, if Ω is finite (as in any practical run), existence
is trivial; if Ω is infinite but compact under an appropriate
topology and F is upper semicontinuous, a maximizer also
exists by Weierstrass’ theorem.

Proof (sketch): For finite Ω, F attains its maximum as it is
evaluated over a finite set. In the infinite but compact case,
F being upper semicontinuous ensures the existence of a
maximizer. In practice, MAEPS works with a finite candidate
pool per round, so an optimum exists at each iteration and for
the union across iterations under a fixed budget.

Principle 4: Convergence and Approximation of Greedy
Coordination
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Facts

12 US states sue, challenging the  
tariffs’ legal basis.

Ford's report reveals huge cost 
pressure, raising recession fears.

A U.S. poll showed that more than  
half of the people opposed raising 
tariffs

Queries

US corporate earnings 
tariff impact

US tariff legal challenge

tariffs cost of 

living increase 

News

Economic Indicators

Social Sentiment

Policy Regulation

Agents

Selected Agents History

Used Queries History

Iteration 1
Iteration 2

Iteration …

Generate Retrieve ExtractSelect

decision 
component

Question: Will the United States continue to engage in trade war with China in May 2025?
Background: Set against a multi-year economic rivalry defined by …

Facts + Used Queries History + Selected Agents History

Facts + Used Queries History

Knowledge 
Base

Fig. 2 The retrieval phase of a multi-agent event forecasting framework, where each round involves the decision component selecting
dimensions for search, and the extracted facts and intermediate processes are saved to a knowledge base to guide subsequent iterations.

Let G(S) := R(∅)−R(S) denote the risk reduction when
conditioning on S. Assume G is monotone and submodular
with respect to the set of unique facts extracted into the
knowledge base and that C is modular. Consider a greedy
policy that, in each iteration, selects the next agent/query
bundle maximizing the marginal gain-per-cost ratio ∆F/∆C

until budget exhaustion or no positive gain.
Theorem: The greedy policy terminates in finitely many

steps and achieves a (1− 1/e)-approximation to the optimal
value under a cardinality or knapsack budget. With a di-
minishing improvement threshold (or damping), the iterative
MAEPS loop converges to a fixed point where no further
positive-gain additions exist.

Proof (sketch): Finite termination follows from a finite
candidate pool per iteration and strictly nonnegative costs.
The (1 − 1/e) guarantee follows from classical results for
maximizing monotone submodular functions under budget
constraints. Convergence of the outer loop follows from the
monotonicity of G and bounded budget—after finitely many
insertions, no action yields positive marginal gain, and the
process stops.

4 Method
MAEPS (Multi-Agent Event Prediction System) is an itera-
tive framework that simulates expert team collaboration for
complex prediction. It comprises three core components:
Coordination and Decision for process control, Informa-
tion Collection with 12 specialized agents, and Knowledge
Processing for analysis and prediction generation. Through
iterative cycles of information gathering, integration, and
evaluation, MAEPS produces a comprehensive and reliable
final prediction.

4.1 Multi-Agent Information Retrieval

Prediction research and practice show that effective predic-
tion requires multi-angle analysis. For instance, the PES-
TEL model emphasizes examining the environment from six
macro-dimensions. Similarly, ”Superforecasting” [26] notes
that top forecasters have a ”dragonfly-eye” view, integrating
information from many domains. Based on this, we design 12
specialized agents, each responsible for collecting information
in a specific dimension. These agents can execute search tasks
autonomously and collaborate through a shared knowledge
base. The knowledge base is the system’s core, storing and
managing all information to support unified retrieval, up-
dates, and conflict detection. Figure 2 illustrates the retrieval
phase of this multi-agent framework, showing how each round
involves the decision component selecting dimensions for
search, with extracted facts and intermediate processes saved
to guide subsequent iterations. Table 1 introduces each agent’s
function.

Each agent can perform comprehensive autonomous anal-
ysis and sophisticated reasoning processes, generating highly
targeted and contextually relevant search queries based on
the specific nuances and complexities of the problem’s con-
text. For example, regarding a complex US-China trade war
question, the Key People Agent would strategically query
”Donald Trump” to gather information about key decision-
makers and their policy positions, while the Competitive
Landscape Agent would systematically query ”US tech com-
pany supply chain transfer progress” to understand the broader
economic implications and strategic shifts. This intelligent
and adaptive search strategy ensures both the depth and rele-
vance of information collection, maximizing the quality and
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comprehensiveness of the gathered data.
The system utilizes two primary and complementary in-

formation sources: News API for accessing real-time news
updates and current events, and Wikipedia for retrieving
structured encyclopedic knowledge and historical context.
To ensure complete fairness and prevent any potential infor-
mation leakage that could compromise the integrity of the
prediction process, all search operations are strictly restricted
to the time period before the prediction question’s resolution
date. News API returns only news articles published within
the specified date range, and Wikipedia returns carefully cu-
rated historical versions from a specific time point, ensuring
temporal consistency. This rigorous temporal constraint en-
sures the authenticity and reliability of the prediction process
while maintaining the integrity of the experimental setup.

Fact Extraction: To systematically address the critical
lack of factual screening and information quality control,
the system integrates a sophisticated fact extraction feature
that serves as a crucial filtering mechanism. This component
is particularly important because non-factual opinions (e.g.,
author’s subjective judgments, speculative comments, and
unverified claims) often conflict with each other and can
significantly impair model judgment and decision-making
capabilities. After obtaining a document through the retrieval
process, the system calls an LLM, following the optimal
settings and configurations from [4], to provide the document
title and the first 250 words for analysis. The model then
systematically extracts key facts while carefully filtering out
subjective opinions and speculative content, with citation-
aware generation for traceability [? ]. This comprehensive
filtering process ensures that the information stored in the
knowledge base is objective, verifiable, and factually accurate,
providing a reliable and trustworthy foundation for prediction
generation.
Fact Extraction Prompt: The system employs the following
prompt for extracting verifiable facts from documents:

“Given the document title and first 250 words below,
extract 3-5 key facts that are most relevant to the predic-
tion task. Focus on verifiable, objective information and
clearly distinguish facts from opinions or predictions.
For each fact, provide: (1) the factual statement, (2)
source attribution, and (3) timestamp if available. Ex-
clude subjective judgments, speculative comments, and
unverified claims. Format: [Fact 1: statement — Source:
attribution — Time: timestamp].”

4.2 Temporal Conflict Processing

Real-world events are inherently dynamic and constantly
evolving, and information about these events continuously

changes and develops over time. Old reports and initial assess-
ments can be systematically superseded by new developments
and updated information, leading to potentially outdated or
contradictory information in the collected dataset. To com-
prehensively address this critical challenge, the framework
includes a sophisticated temporal consistency guarantee
module with two essential and interconnected functions: sys-
tematically assessing information timeliness and quality, and
effectively resolving factual conflicts by constructing detailed
and chronologically accurate event timelines.

Information Quality Assessment and Timeliness: The
system first conducts a comprehensive and multi-dimensional
assessment of the content quality of new information based on
rigorous criteria including accuracy, credibility, objectivity,
and source reliability [27, 28]. More importantly and criti-
cally, it systematically evaluates the information’s timeliness
and temporal relevance. In prediction tasks, information value
naturally decays over time due to changing circumstances
and evolving contexts; newer and more recent information
is inherently more valuable and relevant for accurate predic-
tions. We quantify this temporal decay phenomenon with a
sophisticated ”timeliness score” calculation:

Timeliness Score = 5.0× e−λ×∆t (5)

where ∆t represents the number of days between the informa-
tion’s publication date and the prediction deadline, and λ is
the carefully calibrated decay constant (0.01). This timeliness
score is then systematically combined with the comprehensive
content quality score to calculate a final weighted score, effec-
tively prioritizing newer facts while maintaining consideration
for information quality and reliability.

Temporal Conflict Resolution and Timeline Genera-
tion: The key and most critical aspect of handling information
from different time points is systematically resolving factual
conflicts and inconsistencies. For example, an early report
might state that a policy is ”under review,” while a later and
more recent report confirms that it is ”rejected.” Without care-
fully considering temporal relationships and chronological
context, these facts appear contradictory and conflicting. The
system resolves this complex challenge through the following
systematic and comprehensive approach:
(1) Conflict Identification: The system systematically iden-

tifies and analyzes facts describing the same event or
entity with conflicting or contradictory content, using
sophisticated natural language processing techniques to
detect semantic inconsistencies and temporal discrepan-
cies.

(2) Conflict Marking: The system effectively resolves con-
flicts based on comprehensive analysis of publication
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8 C. Jin, T. Zhou, Y. Chen, K. Liu, J. Zhao

timestamps and source credibility. The latest and most
recent fact is marked as the current valid state, while
older and potentially outdated information is systemati-
cally marked as ”outdated,” forming a comprehensive
event evolution record that preserves historical context.

(3) Dynamic Timeline Generation: The system organizes
all verified and marked facts chronologically to construct
a complete and detailed event development timeline.
This timeline serves as a dynamic narrative showing
how events evolve and develop over time. Presenting this
complete story with evolution and contradictions to
the LLM helps it make more reliable and well-informed
predictions by understanding the full context and tem-
poral progression of events.

Conflict Detection Prompt: We also employ an LLM to
explicitly detect contradictions and recency overrides:

“Given a list of timestamped facts about the same entity
or event, identify any contradictions or inconsistencies.
Apply the following resolution rules: (1) Prefer newer
facts over older ones when timestamps differ, (2) If
timestamps are identical, prioritize higher-credibility
sources (official statements > major news outlets >
blogs > social media), (3) Mark contradicted older
facts as ’outdated’ while preserving them for timeline
context, (4) Merge consistent facts that complement each
other. Return your analysis in the format: (kept facts,
outdated facts, resolution rationale).”

4.3 Prediction Generation

The system systematically terminates and generates a com-
prehensive final prediction when it reaches the predetermined
maximum number of iterations or when it determines that
no new information gaps or knowledge deficiencies can be
identified and addressed. The prediction generation process
follows the established methodology of [4] but incorporates
significantly different and enhanced input content. It utilizes
the quality-assessed and temporally processed knowledge
base content, combined with the detailed event development
timeline and comprehensive temporal context, along with a
sophisticated aggregation model for generating accurate and
reliable predictions.

To ensure maximum robustness and reliability while main-
taining computational efficiency, we employ a sophisticated
multi-model aggregation strategy that avoids the complex-
ity and high computational cost of fine-tuning specialized
models. Referencing and building upon the proven approach
in [4], the system strategically uses five identical base LLMs
to generate diverse candidate predictions, each leveraging the
same high-quality knowledge base but with slightly different
reasoning approaches. Each model uses the best-verified and

optimized reasoning prompt, with slight optimizations and
variations for different instances, which introduces beneficial
diversity in the reasoning processes and prompt formulations.
Finally, the system integrates and synthesizes the five indi-
vidual predictions using a robust trimmed mean aggregation
algorithm to output the final probability estimate and con-
fidence interval, ensuring that the final prediction is both
accurate and well-calibrated.

5 Experiment
We conduct comprehensive experimental evaluation of
MAEPS by systematically comparing it against strong base-
line methods and conducting detailed analysis of its core
components and individual contributions.

5.1 Experimental Setup

We conduct thorough evaluation on two distinct and com-
plementary datasets: (1) our carefully curated dataset of 306
binary prediction questions, constructed by rigorously follow-
ing the established protocol in [4]. We systematically collect
candidate questions from the well-established forecasting plat-
forms Polymarket and Metaculus, and then carefully screen
out ambiguous or niche topics that might introduce bias; all
questions have resolution deadlines between January and May
2025, and were proposed after the models’ knowledge cutoff
to prevent any potential data leakage. The final comprehen-
sive set spans diverse domains including politics, economics,
technology, and sports. (2) the publicly available dataset from
Halawi et al. [4], which we use as an external benchmark to
rigorously test generalization capabilities and cross-dataset
performance. Unless otherwise explicitly stated, the exper-
imental settings and evaluation procedure are identical and
consistent across the two datasets.

We systematically evaluate model performance using two
core and complementary metrics: Accuracy, which mea-
sures the proportion of correct predictions and reflects the
model’s ability to make accurate binary decisions, and Brier
Score [29], which comprehensively assesses the accuracy
of probabilistic forecasts and measures both calibration and
resolution. Lower Brier scores indicate better accuracy and
calibration performance. A random guess baseline yields a
0.25 Brier score.
5.1.1 Data Leakage Prevention
To rigorously prevent ex-post leakage of outcomes into the
inputs and ensure experimental integrity, we enforce strict
and comprehensive constraints: (1) all retrieved news articles
and information sources must have publication dates strictly
before each question’s resolution date; (2) for encyclopedic
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Table 2 Main Performance Comparison

Base Model Method Accuracy Brier Score (↓)
Ours Halawi[4] Ours Halawi[4]

- Human Crowd 0.790 0.780 0.141 0.152

GPT-4o
MAEPS (ours) 0.740 0.733 0.165 0.169
StkFEP-Re 0.720 0.736 0.176 0.178
Halawi et al. 0.672 0.670 0.182 0.186

GPT-4
MAEPS (ours) 0.710 0.705 0.171 0.174
StkFEP-Re 0.680 0.676 0.174 0.178
Halawi et al. 0.703 0.700 0.191 0.195

GPT-3.5-
Turbo

MAEPS (ours) 0.670 0.665 0.192 0.196
StkFEP-Re 0.660 0.679 0.202 0.205
Halawi et al. 0.610 0.606 0.219 0.222

sources (e.g., Wikipedia), we use carefully selected historical
snapshots prior to the resolution date; (3) every question is
chosen such that its resolution date is after the base models’
knowledge cutoff, ensuring the models had no prior knowledge
of outcomes; (4) we simulate realistic prediction days and
only allow information available up to that specific day. These
rigorous constraints guarantee that the model never sees the
true outcome during the forecasting process.
5.1.2 Reproducibility and External API Dependence
Since the original prediction datasets do not contain associated
news articles, external APIs (e.g., news search services) are
necessary for information retrieval. To significantly enhance
reproducibility despite this API dependence, we implement
comprehensive measures: logging and releasing exact queries,
time windows, and sources used; caching all retrieved URLs
and storing complete article snapshots with timestamps and
checksums for verification; fixing API parameters and rate
limits to ensure consistency. This comprehensive protocol
allows independent re-execution and verification even if API
indices evolve over time. We systematically compare MAEPS
against four carefully selected and representative baselines to
comprehensively evaluate its performance:

• Human Crowd: Aggregated predictions from experi-
enced human forecasters on established real-world fore-
casting platforms, serving as our gold standard bench-
mark.

• Halawi et al. [4]: A sophisticated retrieval-augmented
LLM system that generates a predetermined fixed num-
ber of search queries for information gathering.

• StkFEP-Re: A comprehensive hybrid retrieval method
that systematically follows the OpenEP framework [6]
by collecting detailed information on stakeholders,
relevant events, and similar events. For ensuring fair
and unbiased comparison, its subsequent processing
pipeline is carefully matched to MAEPS.

Table 3 MAEPS Ablation Experiment Results
Method Brier Score

(↓)
MAEPS (Full) 0.165
w/o Multi-Agent 0.190
w/o Timeline 0.173
w/o Fact Extract 0.187
w/o Search 0.224

5.1.3 Models

To rigorously test for general applicability and robustness
across different model architectures, we comprehensively
evaluate all methods on three distinct base models with
varying capabilities: GPT-4o, GPT-4, and GPT-3.5-Turbo.

5.1.4 Evaluation Process and Parameter Settings

Our comprehensive experimental process is carefully de-
signed and unified across all evaluations to ensure method-
ological rigor and complete reproducibility. We systemati-
cally compare model performance against the Human Crowd,
which serves as our authoritative gold standard benchmark for
validation. We meticulously simulate real-world prediction
scenarios by strictly following [4]’s well-established method-
ology of using ”simulated prediction days” to rigorously limit
information retrieval and comprehensively prevent any poten-
tial data leakage. The final performance score is calculated
through a carefully structured two-step averaging process:
first averaging across all simulated days for each individual
question, then averaging across all questions in the dataset.
MAEPS is configured with 3 iterations for optimal perfor-
mance, with 3-4 agents strategically selected per round, each
retrieving exactly 10 articles to maintain consistency. For
ensuring fairness and eliminating bias, all retrieved articles
undergo comprehensive quality-filtering by an LLM before
being used for prediction.
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Fig. 3 This heatmap illustrates the usage rates of 12 objective agents across 10 different question categories, with color intensity representing
the percentage of usage for each agent - category combination.

5.2 Experimental Results and Analysis

5.2.1 Main Performance Comparison

To comprehensively verify generalizability and robustness
across different model architectures and datasets, we sys-
tematically evaluate all methods on three distinct base mod-
els (GPT-4o, GPT-4, GPT-3.5-Turbo) across two carefully
curated datasets (our comprehensive dataset and the estab-
lished benchmark from [4]). Table 2 (two-column format)
provides a detailed summary of the results with strategi-
cally split columns under Accuracy and Brier for the two
datasets, enabling clear cross-dataset comparison. Over-
all performance trends demonstrate remarkable consistency
across datasets; MAEPS exhibits highly competitive perfor-
mance—achieving results remarkably close to Human Crowd
on our datasets—while showing dataset-specific variance on
[4]’s benchmark that reflects inherent dataset characteristics
rather than systematic limitations, thereby maintaining and
validating the framework’s fundamental advantages.

In terms of retrieval strategy effectiveness, StkFEP-Re
consistently and significantly outperforms [4]’s baseline
method, providing compelling evidence that a structured,
multi-dimensional approach systematically and reliably im-
proves prediction performance. MAEPS, leveraging its more
sophisticated, flexible, and adaptive multi-agent search ar-
chitecture, achieves even more impressive results, thereby
providing strong empirical validation of our system’s core
philosophical approach and technical design principles. More
powerful and advanced LLMs demonstrate superior capabil-
ity in unlocking the framework’s full potential; progressing

from GPT-3.5-Turbo to GPT-4o, MAEPS’s Brier score shows
substantial improvement of 0.027, indicating significant per-
formance gains. Notably, GPT-4 occasionally underperforms
relative to GPT-4o due to its earlier knowledge cutoff date, a
phenomenon that has been consistently observed and docu-
mented in [30].

5.2.2 Ablation Studies

Table 3 comprehensively shows the detailed ablation results,
which systematically reveal each component’s individual
contribution to overall system performance. We use GPT-4o
as the base model for consistency and optimal performance
evaluation.

• Search: Removing external search capabilities causes the
most substantial and significant performance drop (from
0.165 to 0.224), primarily because the model’s internal
knowledge becomes outdated and fundamentally lacks
access to real-time, current information that is crucial
for accurate predictions.

• Multi-Agent: Replacing our sophisticated multi-agent
coordination mechanism with a single, broad search
strategy following [4] significantly and substantially
degrades performance (from 0.165 to 0.190), even when
maintaining the same total number of retrieved articles,
demonstrating the critical importance of specialized
agent coordination.

• Fact Extraction: Removing the comprehensive fact ex-
traction step and directly using the raw text extracted by
the method from [4] for analysis causes a notable and
concerning performance decline. The system completely
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Table 4 Agent Comprehensive Assessment Ranking
Agent Comprehensive Score Unique Contribution Novelty Contribution Ablation Criticality
Related News 6.42 0.925 1.85% 8.29
External Related Events 5.91 0.820 1.45% 6.33
Key People 5.25 0.720 0.82% 7.95
Economic Indicators 5.08 0.695 0.55% 7.21
Social Sentiment 5.15 0.715 0.85% 6.79
Competitive Landscape 5.02 0.665 0.62% 6.29
Historical Precedents 4.83 0.655 0.22% 5.17
Policy Regulation 4.89 0.645 0.58% 7.08
Technology Innovation 4.85 0.635 0.72% 7.04
Key Organizations 4.72 0.610 0.28% 6.29
Expert Opinions 4.78 0.605 0.52% 5.33
Concepts Entities 4.18 0.495 0.25% 5.04

loses its crucial ability to filter for high-quality, relevant
information and systematically remove irrelevant opin-
ions and subjective content. Large amounts of subjective
views and informational noise directly interfere with the
model’s judgment capabilities, which proves to be highly
detrimental for a sophisticated multi-agent system.

• Timeline: Disabling the sophisticated temporal con-
sistency guarantee module, where the system does not
process temporal conflicts and the model is not provided
with the crucial publication times of facts, also leads to
a measurable performance decline (from 0.165 to 0.173)
as predictions cannot effectively prioritize new, objective
information over outdated or potentially contradictory
data.

5.2.3 Agents and System Parameter Analysis

To comprehensively validate the theoretical rationale and
practical complementarity of the 12 specialized agents in
their sophisticated division of labor and to systematically find
the optimal system configuration parameters, we conducted a
series of detailed and rigorous analyses.

Agent Specialization Analysis To thoroughly assess each
agent’s individual value and contribution to the overall system
performance, we carefully define four key metrics that capture
different aspects of agent effectiveness:

• Comprehensive Score: Calculated via a sophisticated
weighted model based on multi-criteria decision anal-
ysis methodology, incorporating various performance
dimensions.

• Unique Contribution Rate: Precisely measures the
proportion of information an agent retrieved that no other
agent successfully discovered, quantified by advanced
Jaccard similarity coefficients or semantic vector overlap
analysis.

• Novelty Contribution Rate: Systematically measures an
agent’s specialized ability to find entirely new, previously
unseen information that was not discovered in previous
search rounds.

• Ablation Criticality Score: Quantitatively measures
the substantial negative impact on overall system perfor-
mance when a single agent is completely removed from
the multi-agent ensemble.

The comprehensive analysis results (see Figure 3 and
Table 4) clearly demonstrate that the agents have successfully
formed a clear, well-defined specialized division of labor,
and each individual agent possesses indispensable unique
value, consistently providing novel, high-quality information
to systematically enhance overall system performance.

System Parameter Sensitivity Analysis To systematically
find the optimal configuration parameters that maximize
performance while maintaining computational efficiency, we
conduct a comprehensive sensitivity analysis on the number
of agents selected per round and the total number of iterations.
The detailed results (see Figure 4) clearly show that selecting
3-4 agents and iterating 3 times achieve the best balance
between prediction performance and computational cost.
Too few agents leads to insufficient information dimensions
and coverage; too many agents introduces redundancy and
noise that actually degrades performance. Therefore, we
strategically chose this configuration as the system’s default
operational parameters.

6 Conclusion
This paper comprehensively introduces the innovative
MAEPS framework to systematically address the critical
issues of unidimensional information retrieval and inade-
quate temporal processing that significantly limit existing
LLM-based prediction systems. By intelligently simulating
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Fig. 4 These two graphs depict the impact of the number of agents per round (a) and iteration rounds (b) on predictive performance, with
the optimal experimental outcome (0.165) indicated by a red dashed line.

human expert teams and their collaborative decision-making
processes, the framework strategically employs 12 specialized
agents for multi-dimensional, adaptive information gathering
that covers diverse aspects of prediction scenarios. The sophis-
ticated system seamlessly integrates advanced fact extraction
and temporal consistency mechanisms to automatically filter
high-quality facts and systematically resolve temporal con-
flicts, thereby ensuring that predictions are consistently based
on reliable, up-to-date, and comprehensive information. Ex-
tensive experiments conducted across multiple datasets clearly
demonstrate that the framework effectively and substantially
improves prediction accuracy and reliability compared to
existing baseline methods.

Future work will focus on exploring enhanced search strate-
gies, integrating more diverse data sources, and extending the
framework to additional prediction domains.
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