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Abstract
The proliferation of online news poses a challenge to extracting

structured timelines from unstructured content. While recent stud-

ies have shown that Large Language Models (LLMs) can assist

Timeline Summarization (TLS), these approaches primarily treat

models as passive generators. The emergence of Large Reason-

ing Models (LRMs) presents an opportunity to reason over events

actively, enabling iterative evidence acquisition, the detection of

missing events, and the validation of temporal consistency. To lever-

age the reasoning capabilities of LRMs, we propose TimelineRea-
soner, a novel framework that shifts TLS from static generation

to an active, reasoning-driven process. TimelineReasoner adopts a

two-stage framework: Global Cognition, which tracks events at a

macroscopic level and continuously updates a global event memory,

and Detail Exploration, which identifies informational gaps and

refines the timeline via targeted document retrieval. To support this,

TimelineReasoner incorporates several specialized mechanisms, in-

cluding an Event Scraper for retrieving temporal event descriptions,

a Timeline Updater for refining the timeline, and a Supervisor for

detecting gaps in the timeline and guiding retrieval. Experimental

results on open-domain TLS datasets demonstrate that TimelineRea-

soner significantly outperforms existing LLM-based TLS methods

in terms of timeline accuracy, coverage, and coherence. On closed-

domain TLS datasets, our method performs on par with or exceeds

state-of-the-art approaches. This work not only pushes the bound-

aries of TLS but also highlights the broader potential of LRM-based

reasoning frameworks for timeline summarization.
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1 Introduction
In today’s digital era, the rapid proliferation of news information

presents a significant challenge: extracting coherent event nar-

ratives from an overwhelming volume of textual sources. Every

minute, countless news articles are published, making it difficult

for readers to track the evolution of complex events. Timeline Sum-
marization (TLS) [1, 4, 11, 39] addresses this problem by distilling

chronological event descriptions from large corpora, producing

structured summaries that capture key developments over time.

Recent advances in Large Language Models (LLMs) [2, 17, 30]

have introduced new opportunities for TLS, leveraging their supe-

rior comprehension and generation capabilities to produce high-

quality summaries. However, existing LLM-based approaches [15,

35] primarily treat these models as passive generators, which means

feeding them raw articles and directly generating timeline outputs.

As illustrated in Figure 1 (a), such methods typically construct an

event graph and then generate the final timeline from it. While

effective at extracting local details, these methods lack a global

mechanism for dynamically acquiring and integrating event in-

formation across the entire timeline, making it difficult to ensure

coherent coverage and temporal consistency. Retrieval and summa-

rization are performed in isolation, without validating the logical

continuity of events. As a result, timelines often suffer from frag-

mentation, redundancy, and temporal inconsistency.

Meanwhile, Large Reasoning Models (LRMs) [8, 16, 33] have

demonstrated remarkable problem-solving abilities in domains like

mathematics, coding, and scientific research. Their capability for

structured reasoning, and tool-augmented workflows makes them

well-suited for tasks requiring multi-step analysis, which are pre-

cisely the demands of TLS. In particular, applying LRMs to TLS is

promising, as their deep, multi-step reasoning capabilities can sup-

port dynamic evidence acquisition, missing-event discovery, and

temporal consistency verification across long timelines. However,

the field still lacks a principled framework that models timeline

construction as a hierarchical cognitive process. Such a framework

should move beyond passively generating timelines, and instead dy-

namically construct comprehensive and temporally accurate time-

lines through iterative reasoning and targeted information retrieval.

To address this, we propose TimelineReasoner, a reasoning-
driven framework that actively acquires, integrates, and refines

event information for TLS. TimelineReasoner leverages the capa-

bilities of LRMs to dynamically construct timelines through itera-

tive reasoning and targeted information retrieval. Our framework

adopts a two-stage design—Global Cognition and Detail Explo-
ration—supported by specialized mechanisms.

In the Global Cognition stage, TimelineReasoner aims to estab-

lish an initial, coarse-grained understanding of the overall event
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Figure 1: Comparison of methods using LLMs for TLS. (a) A method that uses LLMs to generate event nodes and constructs an
event graph for timeline derivation via cluster ranking. (b) A framework that employs iterative self-questioning to link events,
merging generated sub-timelines into a final output. (c) TimelineReasoner (Ours): An active, reasoning-driven framework
using LRMs. It maintains a dynamic global event memory during Global Cognition and employs an agentic loop for Detail
Exploration to iteratively refine the timeline.

landscape, identifying the major events and their approximate tem-

poral structure to form a global view of the evolving news narrative.

This stage is initialized through a broad, one-pass retrieval process

that gathers representative news articles, from which high-level

event information is extracted by the Event Scraper. The resulting
global understanding serves as a foundation for subsequent fine-

grained refinement, and is later updated using newly discovered

evidence from the Detail Exploration stage.

In the Detail Exploration stage, TimelineReasoner focuses on

identifying missing or incomplete events and acquiring additional

relevant information to fill these gaps, ensuring both detail com-

pleteness and temporal consistency. It performs a search-interleaved

reasoning process, analyzing the global event memory and the

evolving timeline memory to identify informational gaps and gen-

erate targeted sub-queries to the Event Scraper for fine-grained

event retrieval, and produce sub-timelines that are integrated into

the timeline memory via the Timeline Updater. A Supervisor
module further monitors coverage gaps, temporal inconsistencies,

and informational deficiencies, guiding the LRM with structured

search plans to iteratively refine the timeline until it achieves high

completeness, coherence, and factual accuracy.

This reasoning-centric architecture enables TimelineReasoner to

go beyond static summarization, actively bridging missing temporal

links, resolving inconsistencies, and delivering structured, high-

fidelity timelines from unstructured multi-document news corpora.

In summary, our main contributions are as follows:

(1) We introduce a coarse-to-fine reasoning paradigm for time-

line construction that decouples global event comprehension from

local detail verification. This paradigm formulates timeline summa-

rization as an iterative reasoning process that progressively refines

the timeline through targeted evidence acquisition, addressing the

fundamental challenges of temporal inconsistency, incomplete cov-

erage, and fragmented narratives in existing TLS methods.

(2) Building on this paradigm, we propose TimelineReasoner,
a reasoning-driven framework that instantiates the coarse-to-fine

process via modular components for event acquisition, timeline

refinement, and consistency maintenance. The framework enables

active interaction between reasoning and retrieval, allowing the

timeline to be incrementally improved rather than passively gener-

ated in a single step.

(3) We design a dynamic timeline memory updating mechanism
that continuously integrates newly retrieved evidence into an evolv-

ing timelinewhile preserving temporal and factual consistency. This

mechanism allows TimelineReasoner to revise and enrich previous

timeline memory as new information becomes available.

(4) We introduce an agentic supervision mechanism for TLS,

which performs meta-level analysis over the evolving timeline

to identify coverage gaps, temporal inconsistencies, and informa-

tional deficiencies. This supervision mechanism generates struc-

tured search plans to guide TimelineReasoner toward more targeted

retrieval and reasoning, thereby improving the completeness and

coherence of the resulting timelines.

2 Related Work
2.1 Timeline Summarization
Timeline Summarization (TLS) aims to construct a coherent, chrono-

logically ordered account of event evolution from a collection of

documents [1, 4, 11, 39]. The task requires modeling temporal de-

pendencies, identifying salient events, and reducing redundancy

across heterogeneous sources. Depending on whether the docu-

ment collection is fixed or dynamically retrieved, TLS is commonly

categorized into closed-domain and open-domain settings [35].

Closed-domain TLS is often framed as a specialized form of multi-

document summarization, where timelines are generated from a

static document set [7, 20, 29, 41]. Prior work has mainly focused

on detecting salient dates via temporal features and graphical mod-

els [5, 11, 31], or identifying major events through graph-based
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Figure 2: Framework of TimelineReasoner. It contains two stages: Global Cognition searches for the news query, uses an
LRM to generate global event memory, and dynamically updates it in the later process. Detailed Exploration takes a main
reasoning model as the core agent, which is equipped with several specialized mechanisms, Event Scraper, Timeline Updater,
and Supervisor, to dynamically refine the timeline memory to obtain the final timeline.

and clustering techniques [9, 11, 21, 38, 39]. While effective in con-

strained scenarios, these approaches typically rely on heuristic

temporal signals and struggle to capture long-range event depen-

dencies and global narrative coherence.

More recently, LLMs have influenced TLS research, particularly

in open-domain settings where document collections are dynam-

ically retrieved. Hu et al. [15] leveraged LLMs to generate event-

centric summaries and cluster them into timelines, while Wu et

al. [35] proposed an iterative self-questioning framework to guide

retrieval and refinement. Although these methods improve flex-

ibility, they largely treat LLMs as generative or prompt-driven

components, without explicitly modeling timeline construction as

a structured reasoning process. In contrast, our work explores how

LRMs can support TLS through hierarchical reasoning and search,

enabling dynamic evidence acquisition, iterative refinement, and

principled temporal consistency verification.

2.2 Large Reasoning Model (LRM)
LRMs are distinguished from conventional LLMs by their emphasis

on improving test-time performance through extended reasoning

processes, rather than solely scaling parameters or data [3, 13, 36,

40]. Unlike traditional LLMs that operate primarily as direct text

generators, LRMs incorporate structured reasoning workflows that

iteratively refine intermediate representations. Representative mod-

els such as OpenAI-o1 [16], Qwen-QwQ [33], and DeepSeek-R1 [8]

employ explicit Chain-of-Thought (CoT) reasoning [34], achiev-

ing strong performance in complex tasks including mathematical

reasoning and programming [40].

Existing studies identify three main directions for developing

o1-level reasoning capabilities [6, 8, 10, 14, 32]: exposure to flawed

reasoning patterns during training [37]; curriculum-based enhance-

ment using distilled reasoning data [27]; and reinforcement learn-

ing for extended CoT capabilities [6, 8, 14]. Despite these advances,

LRMs remain constrained by fixed parametric knowledge, limiting

their ability to incorporate time-sensitive external information.

From a task perspective, the structured reasoning capabilities of

LRMs align naturally with the requirements of TLS, which demands

multi-step temporal inference, cross-document abstraction, and the

ability to revise intermediate representations. Unlike prior agent-

based or prompt-driven LLM approaches, which typically rely on

fixed retrieval patterns or single-pass reasoning, LRMs maintain

persistent reasoning states that can be incrementally updated with

newly retrieved evidence. This capability is crucial for constructing

timelines that are both temporally consistent and complete, as it

allows the model to iteratively detect missing events, revise ear-

lier conclusions, and integrate evidence across documents. In this

way, LRMs provide a principled foundation for TimelineReasoner’s

reasoning-driven approach to open-domain TLS.

2.3 Deep Research
Deep Research refers to reasoning-centric frameworks that enable

LLMs to autonomously conduct multi-step information acquisi-

tion and evidence-based synthesis over open and evolving knowl-

edge sources. Unlike conventional retrieval-augmented generation,

which mainly focuses on augmenting generation with external

documents, Deep Research frameworks emphasize iterative rea-

soning loops that tightly interleave planning, targeted retrieval,

verification, and memory updates [18, 22, 28].

Early examples such as WebGPT [28] decompose complex ques-

tions into search queries and synthesize answers from retrieved

evidence. Recent agent-based frameworks likeWebThinker [23] and
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WebWeaver [24], integrate reasoning with structured retrieval, com-

bining planning, evidence acquisition, and synthesis. Tongyi Deep-

Research [19] further introduces an agentic LLM trained end-to-end

with synthetic interaction data and reinforcement learning to sup-

port deep, multi-step information-seeking tasks.

Despite these advances, existing Deep Research systems focus on

open-domain question-answering or report generation, and rarely

target timeline-centric reasoning. Temporal dependencies are typi-

cally implicit, lacking mechanisms for detecting missing events or

ensuring chronological consistency. In contrast, TimelineReasoner

frames TLS as a Deep Research problem. This enables dynamic

evidence acquisition, iterative refinement, and principled tempo-

ral reasoning, systematically addressing missing information and

maintaining coherent event evolution in evolving news corpora.

3 Methodology
3.1 Overview
TimelineReasoner is a reasoning-driven framework for timeline

summarization that treats timeline construction as an iterative rea-

soning and revision process rather than single-pass generation.

It adopts a coarse-to-fine design that separates global event com-
prehension from gap-driven detail refinement, enabling the model

to explicitly detect missing events and temporal inconsistencies.

As illustrated in Figure 2, TimelineReasoner consists of two main

stages—Global Cognition and Detailed Exploration—supported
by specialized mechanisms for structured event acquisition, incre-

mental timeline updating, and meta-level supervision, with the

LRM serving as the central controller for reasoning and retrieval.

3.2 Global Cognition
When constructing a timeline, human analysts often first form a

coarse-grained but comprehensive understanding of how events

unfold over time before diving into the details. Inspired by this

process, TimelineReasoner incorporates a Global Cognition stage,

in which the LRM synthesizes a temporally organized summary of

the evolving event landscape. This high-level overview serves as a

scaffold for subsequent, more fine-grained reasoning, allowing the

system to anticipate gaps, track major developments, and maintain

temporal coherence from the outset.

The main output of the Global Cognition stage is the global
event memory 𝜉 , a structured set of temporally anchored events.

Each event consists of a timestamp, a concise description, and

associated entities. Importantly, 𝜉 is not intended to be the final

timeline; rather, it provides a stable, high-level representation that

guides downstream reasoning in the Detailed Exploration stage. By

explicitly separating global structure from local detail, this design

ensures that TimelineReasoner can reason about coverage, event

ordering, and missing information in a principled manner.

3.2.1 Initializing and Updating Global Memory. To construct this

global event memory, TimelineReasoner combines structured evi-

dence acquisition with reasoning in a coherent loop. Given an input

query 𝑞, the Event Scraper retrieves relevant news documents and

extracts lightweight event metadata 𝑚, which includes tempo-

ral markers and short descriptions. To manage large collections

efficiently, articles are divided into semantically coherent chunks,

Table 1: Illustrative example of event metadata and global
event memory.

News Query: “Apple’s pivotal product announcements”

Extracted Event Metadata (Excerpt):
January 24, 1984: Unveiling of the Macintosh computer.

November 10, 2001: Introduction of the iPod.

Global Event Memory 𝜉 (Abbreviated):
January 24, 1984: Unveiling of the Macintosh Computer. This event

introduced the first mass-market personal computer...November 10,

2001: Introduction of the iPod. This announcement marked Apple’s

successful entry into the consumer electronics market....

each processed independently. The resulting metadata fragments

are then synthesized by the LRM to produce an initial global event

memory:

𝜉 (0) = 𝐿𝑅𝑀 (𝐼 ,𝑚) ,𝑚 = EventScraper(𝑞),

where 𝐼 is the instruction prompt guiding structured reasoning.

Crucially, the global event memory is designed to be dynamic

rather than static. As new evidence is discovered during subsequent

iterations, the memory is incrementally updated:

𝜉 (𝑡 ) = 𝐿𝑅𝑀

(
𝜉 (𝑡−1) ,𝑚 (𝑡 )

)
,

where 𝑚 (𝑡 )
represents newly retrieved event metadata. This it-

erative update mechanism allows the global memory to remain

temporally consistent, reflect newly acquired information, and pro-

vide a continuously reliable scaffold for the reasoning process. By

explicitly modeling a dynamic, high-level event representation,

TimelineReasoner mirrors human analysts’ strategy of maintaining

a constantly updated mental model of the evolving situation, en-

suring that subsequent detailed exploration is guided by a coherent

global perspective throughout the entire reasoning process.

3.3 Detailed Exploration
3.3.1 Gap-Driven Refinement. While Global Cognition provides

a coarse-grained overview of the event landscape, it inevitably

abstracts away fine-grained details and may miss less salient but

temporally important events. To progressively refine the timeline,

TimelineReasoner enters the Detailed Exploration stage, where

the focus shifts from global structure to resolving specific informa-

tional deficiencies in a targeted way.

In this stage, TimelineReasoner main agent jointly reasons over

the global event memory 𝜉 and the current timeline memoryMT
to identify explicit gaps, including missing events, ambiguous or

coarse timestamps, and under-specified event descriptions. Rather

than exhaustively retrieving additional documents—which would

introduce redundancy and noise—the framework adopts a gap-
driven strategy, where each iteration concentrates on a small

number of well-defined deficiencies. This design keeps the reason-

ing process targeted and allows retrieval to be directly guided by

the evolving timeline state.

Based on the identified gaps, the agent formulates targeted search

queries 𝑠𝑞 (𝑘 )
, which are executed by the Event Scraper to retrieve

refined and temporally relevant evidence. In this way, retrieval is
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tightly coupled with reasoning needs, ensuring that newly acquired

information directly contributes to improving timeline complete-

ness and temporal precision.

3.3.2 Iterative Timeline Refinement. Once sufficient evidence is

obtained for the identified gaps, the agent synthesizes the retrieved

information into a localized sub-timeline T (𝑘 )
, capturing newly

clarified or previously missing events within a limited temporal

scope. Constructing sub-timelines, rather than immediately revising

the entire timeline, allows TimelineReasoner to isolate local updates

and reduce the risk of propagating errors across the timeline.

The generated sub-timeline is then incrementally integrated into

the existing timeline memory via the Timeline Updater, which
reconciles new evidence with previously established events and

enforces consistency with the global event memory:

M (𝑘 )
T = TimelineUpdater

(
M (𝑘−1)

T ,T (𝑘 ) , 𝜉
)
.

This integrationmechanism enables the timeline to evolve gradually

through revision and refinement, rather than committing to a fixed

structure in a single pass.

After each update, the Supervisor performs a meta-level eval-

uation of the current timeline memory, assessing semantic com-

pleteness, event coverage, and temporal density. This step is nec-

essary because long reasoning chains and accumulated updates

may obscure unresolved gaps or introduce subtle inconsistencies.

If deficiencies remain, the Supervisor proposes a structured search

plan to guide the next iteration of gap-driven reasoning and re-

trieval; otherwise, the process terminates. Through this iterative

reasoning–retrieval–integration loop, TimelineReasoner converges

to a timeline that is both comprehensive and temporally coherent.

3.4 Specialized Mechanisms
TimelineReasoner relies on several specialized mechanisms that

are integral to its reasoning-driven framework. These mechanisms,

including Event Scraper, Timeline Updater, and Supervisor,
enable the LRM to iteratively acquire evidence, refine timeline mem-

ory, and enforce temporal consistency. These modules implement

the core operational capabilities required for coherent and complete

timeline construction, including retrieval, integration, and quality

control tasks in a unified and coordinated manner.

3.4.1 Event Scraper. The Event Scraper is responsible for struc-
tured evidence acquisition from unstructured documents. News

articles 𝐴 = [𝑎1, 𝑎2, . . . , 𝑎𝑛] are divided into manageable chunks 𝑐𝑖
of size𝑚 to balance efficiency and information coverage. For each

chunk, the model extracts event metadata including timestamps

and concise descriptions:

𝑒𝑣𝑒𝑛𝑡_𝑚𝑒𝑡𝑎𝑑𝑎𝑡𝑎𝑖 = 𝐿𝐿𝑀{𝐼 , 𝑐𝑖 },

where 𝐿𝐿𝑀 denotes language model inference and 𝐼 is the instruc-

tion prompt. Aggregating all chunks produces a comprehensive

event metadata set that forms the basis for global event reasoning.

This mechanism ensures that important events are not overlooked

and provides the LRM with structured input for downstream rea-

soning, addressing the common TLS challenge of incomplete or

fragmented event coverage.

3.4.2 Timeline Updater. The Timeline Updater implements incre-

mental memory integration, allowing the evolving timeline to incor-

porate newly retrieved events while maintaining consistency with

the global event memory 𝜉 . Given the current timeline memory

MT and a newly generated sub-timeline T , the LRM produces:

MT = 𝐿𝑅𝑀 (𝐼 ,MT , 𝜉,T) .

This update process ensures that previously established events are

preserved or refined as new evidence becomes available. By contin-

uously revising timeline memory, the system can correct temporal

inconsistencies and gradually build a coherent global timeline, ad-

dressing the TLS problem of static, single-pass generation.

3.4.3 Supervisor. The Supervisor performs meta-level reasoning

over the evolving timeline memory, identifying gaps or inconsisten-

cies that the main reasoning model may miss due to long reasoning

chains or complex dependencies. It evaluatesMT along three di-

mensions:

• Semantic Completeness: Ensures that events are described
in sufficient detail; if not, generates a search plan to retrieve

additional information.

• CoverageConsistency: Compares the global eventmemory

and current timeline to detect missing events, triggering

targeted retrieval when necessary.

• Temporal Density: Detects sparsity or event clustering in

the timeline, guiding retrieval to fill temporal gaps.

Formally, the Supervisor generates a search plan as:

𝑝𝑙𝑎𝑛 = 𝐿𝑅𝑀 (𝐼 ,MT ) .

This plan guides the reasoning model in subsequent iterations,

allowing TimelineReasoner to actively detect missing events, refine

existing entries, and enforce chronological consistency.

4 Experiment
4.1 Implementation Details
To ensure reproducibility, all reported results are averaged over 3

independent runs with different random seeds. Experiments are

designed to maintain stable outputs, and key hyperparameters are

explicitly specified below.

4.1.1 Model Usage. For our method, we adopt the open-source

LLMQwQ-32B as the main reasoning model due to its strong multi-

step reasoning capabilities. The Event Scraper uses Qwen2.5-32B
to ensure architectural consistency. Key hyperparameters for QwQ-

32B are: maximum sequence length 32,768 tokens, temperature 0.7,

top-𝑝 0.9, and repetition penalty 1.05. For Qwen2.5-Instruct, the

maximum sequence length is 8,192 tokens, while all other hyperpa-

rameters remain identical.

4.1.2 Search Engine. For open-domain TLS datasets, relevant doc-

uments are retrieved via Google Serper API
1
. Retrieved web pages

are processed using JINA Reader
2
and converted into Markdown

format for structured parsing. For closed-domain datasets such as

crisis and t17, we construct an indexed news article collection using

Elasticsearch [12]. Retrieval mimics realistic search behavior within

1
https://serper.dev/

2
https://jina.ai/reader/
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Table 2: Experimental results on Open-TLS. The boldfaced score in each column denotes the best result. And the underlined
score marks the second-highest result among the compared methods. Relative improvements (%) of TimelineReasoner over the
best baseline are reported in parentheses.

Method Model Concat F1 Agree F1 Align F1 Date F1

ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2

DIRECT
Qwen2.5-32B 0.2611 0.0587 0.0382 0.0131 0.0408 0.0138 0.1473

QwQ-32B 0.2682 0.0554 0.0457 0.0142 0.0487 0.0152 0.1824

Qwen2.5-72B 0.2908 0.0673 0.0559 0.0188 0.0613 0.0210 0.2102

REWRITE
Qwen2.5-32B 0.2779 0.0620 0.0413 0.0122 0.0447 0.0142 0.1631

QwQ-32B 0.2862 0.0609 0.0527 0.0170 0.0580 0.0179 0.1892

Qwen2.5-72B 0.2894 0.0740 0.0608 0.0302 0.0649 0.0308 0.1993

ITER_RAG
Qwen2.5-32B 0.3040 0.0702 0.0499 0.0180 0.0568 0.0188 0.1901

QwQ-32B 0.2919 0.0639 0.0522 0.0183 0.0570 0.0184 0.1893

Qwen2.5-72B 0.3292 0.0762 0.0579 0.0201 0.0633 0.0211 0.1902

CHRONOS
Qwen2.5-32B 0.3121 0.0760 0.0893 0.0311 0.0909 0.0301 0.3119

QwQ-32B 0.3219 0.0752 0.0901 0.0292 0.0931 0.0292 0.3030

Qwen2.5-72B 0.3380 0.0801 0.0962 0.0302 0.0991 0.0332 0.3320

TimelineReasoner QwQ-32B 0.3631 (+7.4%) 0.0894 (+11.6%) 0.1130 (+17.5%) 0.0400 (+28.6%) 0.1233 (+24.4%) 0.0411 (+23.8%) 0.3765 (+13.4%)

Table 3: Closed-domain TLS performance comparison. The boldfaced score indicates the highest result, while the underlined
score marks the second-highest result among the compared methods. Relative improvements (%) of TimelineReasoner over the
best baseline are reported in parentheses.

Method Model Crisis T17

Align R-1 Align R-2 Date F1 Align R-1 Align R-2 Date F1

CLUST 0.0610 0.0131 0.2260 0.0822 0.0201 0.4070

EGC 0.0791 0.0149 0.2911 0.1031 0.0239 0.5501

LLM-TLS Qwen2.5-32B 0.0701 0.0199 0.2732 0.0878 0.0204 0.5157

QwQ-32B 0.0678 0.0189 0.2700 0.0852 0.0178 0.5133

DIRECT Qwen2.5-32B 0.0162 0.0040 0.0639 0.0537 0.0132 0.3408

QwQ-32B 0.0184 0.0020 0.0678 0.0510 0.0140 0.3064

REWRITE Qwen2.5-32B 0.0342 0.0190 0.0927 0.0568 0.0160 0.3619

QwQ-32B 0.0441 0.0243 0.1030 0.0552 0.0139 0.3492

ITER_RAG Qwen2.5-32B 0.0552 0.0130 0.1279 0.0682 0.0201 0.3810

QwQ-32B 0.0579 0.0173 0.2201 0.0848 0.0282 0.4008

CHRONOS Qwen2.5-32B 0.0861 0.0295 0.2583 0.0811 0.0220 0.3822

QwQ-32B 0.0828 0.0256 0.2907 0.0901 0.0234 0.4730

TimelineReasoner QwQ-32B 0.1080 (+25.4%) 0.0331 (+12.2%) 0.3509 (+20.5%) 0.1012 (-1.8%) 0.0322 (+14.2%) 0.5453 (-0.9%)

the closed corpus. In both types of datasets, we retrieve the top_𝑘

(𝑘=20) documents for each query.

4.2 Evaluation Metrics
We evaluate generated timelines against reference timelines using

the Tilse framework [25, 26], which is specifically designed for TLS.

4.2.1 ROUGE-N. We report ROUGE-1 and ROUGE-2 F1 scores

to measure lexical overlap between generated and reference time-

lines. Following Tilse, we consider three variants: (1) Concat F1
computes ROUGE by concatenating all date summaries to assess

overall content overlap; (2) Agree F1 calculates ROUGE only for

summaries of matching dates, focusing on precision; and (3) Align
F1 aligns predicted and reference summaries based on temporal

and semantic distance, then computes ROUGE with penalties for

distant alignments.

4.2.2 Date F1-score (Date-F1). Date-F1 measures the accuracy of

date prediction by computing the F1 score between generated and

reference event dates, evaluating temporal coverage and alignment.

4.3 Open-domain TLS
4.3.1 Baseline. We compare TimelineReasoner with four repre-

sentative baselines for open-domain TLS. All methods retrieve the
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Table 4: Impact of retrieval scale (𝑁 ) on Open-TLS performance. We evaluate the impact of the number of documents in the
Initialization of Global Event Memory (𝑁𝑖𝑛𝑖𝑡 ) and the Detailed Exploration (𝑁𝑒𝑥𝑝 ). Bold indicates the best, underlined indicates
the second best.

Parameter 𝑁
Concat F1 Agree F1 Align F1 Date F1

ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2

𝑁𝑖𝑛𝑖𝑡

10 0.3333 0.0739 0.0811 0.0260 0.0926 0.0331 0.3336

20 0.3631 0.0884 0.1130 0.0400 0.1233 0.0411 0.3764

30 0.3357 0.0768 0.0966 0.0322 0.1035 0.0358 0.3777
40 0.3434 0.0821 0.0992 0.0346 0.1068 0.0362 0.3535

𝑁𝑒𝑥𝑝

10 0.3361 0.0759 0.0933 0.0277 0.1050 0.0298 0.3352

20 0.3631 0.0884 0.1130 0.0400 0.1233 0.0411 0.3764
30 0.3357 0.0792 0.0949 0.0309 0.1058 0.0328 0.3534

40 0.3134 0.0699 0.0859 0.0264 0.0969 0.0285 0.3513

same number of documents to ensure fair comparison. (1) DIRECT:

retrieves documents using the original query and generates the time-

line in a single pass. (2) REWRITE: expands the original query into 2-

3 rewritten variants, aggregates retrieved documents, and generates

the timeline. (3) ITER_RAG: performs iterative retrieval over five

rounds, where each round refines the query based on the current

timeline and incrementally updates the output. (4) CHRONOS [35]:

an open-domain TLS framework based on iterative self-questioning

to collect multi-perspective event information. For CHRONOS, we

replace the original search module with Google Serper to unify

the retrieval interface across methods, while keeping other set-

tings unchanged. All baselines are evaluated using Qwen2.5-72B,

Qwen2.5-32B, and QwQ-32B to control for backbone effects.

4.3.2 Result Analysis. As shown in Table 2, TimelineReasoner con-

sistently outperforms all baselines across all evaluation metrics.

Methods incorporating query rewriting or iterative retrieval sub-

stantially outperform direct generation, confirming the importance

of multi-step retrieval in open-domain TLS. Among non-proposed

baselines, Qwen2.5-72B generally achieves the strongest perfor-

mance, reflecting the benefits of larger model capacity. Notably,

QwQ-32B performs on par with or better than Qwen2.5-32B de-

spite similar parameter scales, indicating the advantage of enhanced

reasoning capability for timeline construction. TimelineReasoner

achieves statistically significant gains in both ROUGE-N and Date-

F1, demonstrating improved content coverage and more accurate

temporal alignment. These results highlight the effectiveness of

reasoning-driven, gap-aware refinement for open-domain timeline

summarization. Overall, TimelineReasoner demonstrates strong

robustness and effectiveness in open-domain TLS by producing

timelines that are both information-rich and temporally accurate.

4.4 Closed-domain TLS
4.4.1 Baseline. We compare ourmethodwith representative closed-

domain TLS approaches, including traditional and LLM-based meth-

ods. Specifically, we include: (1) CLUST [11], a clustering-based

approach using temporal frequency-weighted event aggregation; (2)

EGC [21], a graph-based method that selects salient events via time-

aware optimal transport; (3) LLM-TLS [15], a LLM-driven frame-

work that employs LLMs as pseudo-oracles for incremental event

Table 5: Comparison of token consumption and performance
(Align ROUGE-2) across TLS methods

Method CHRONOS TimelineReasoner LLM-TLS

Token ~0.7M ~0.9M ~47M

Performance 0.0295 0.0331 0.0199

clustering in streaming data. In addition, we evaluate several strong

LLM-based baselines originally designed for open-domain TLS, in-

cluding DIRECT, REWRITE, ITER_RAG, and CHRONOS, to assess

their generalization to closed-domain settings. For fair comparison,

all model-based baselines are implemented using Qwen2.5-32B and

QwQ-32B, consistent with our framework.

4.4.2 Result Analysis. We evaluate our method on two widely used

benchmarks, Crisis and T17, using Aligned F1 (short for AR-1/AR-

2) and Date F1 as evaluation metrics. Baseline configurations are

aligned with prior work, and minor variations may arise from dif-

ferences in document segmentation. The experimental results are

reported in Table 3. Overall, the results demonstrate strong cross-

domain generalization from open-domain to closed-domain TLS.

On the Crisis dataset, our method outperforms all competing ap-

proaches, including CHRONOS, traditional methods, as well as the

LLM-based LLM-TLS. On T17, our approach achieves the best per-

formance on AR-2, while ranking second on other metrics. These

results indicate that our framework maintains robust performance

across datasets with varying topical scopes and temporal distribu-

tions. Furthermore, the consistent improvements observed in both

content-oriented metrics and temporal accuracy suggest that our

method can effectively capture salient event information while pre-

serving chronological structure. Overall, these findings confirm that

our reasoning-driven framework remains effective when applied

to closed-domain settings with fixed document collections.

4.4.3 Limitations. While TimelineReasoner achieves strong perfor-

mance in closed-domain TLS, its advantages are most pronounced

in settings that require iterative evidence acquisition and time-

line revision. In closed-domain benchmarks with high document

redundancy and clearly defined event structures, the benefits of
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Table 6: Ablation study conducted on Open-TLS. The boldfaced score indicates the highest result.

Method Concat F1 Agree F1 Align F1 Date F1

ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2 ROUGE-1 ROUGE-2

Ours 0.363 0.089 0.113 0.040 0.123 0.041 0.376

w/o Update Global Event Memory 0.330 0.073 0.088 0.027 0.095 0.032 0.338

w/o Global Event Memory 0.298 0.055 0.038 0.011 0.045 0.012 0.154

w/o Timeline Updater 0.318 0.075 0.088 0.028 0.094 0.030 0.339

w/o Supervisor 0.338 0.082 0.102 0.036 0.111 0.037 0.360

reasoning-driven refinement may be less prominent compared to

open-domain scenarios. Addressing retrieval and reasoning strate-

gies that are better tailored to highly redundant corpora remains

an interesting direction for future work.

4.5 Cost Analysis
Cost and Token Efficiency. To assess the cost-efficiency of Time-

lineReasoner, we compare the total token consumption of different

TLS approaches under a closed-domain setting, where the docu-

ment collection is fixed and shared across methods. This controlled

setup enables a fair and reproducible comparison by eliminating

variability introduced by open-domain retrieval, such as fluctuating

document availability and query-dependent retrieval depth.

As shown in Table 5, TimelineReasoner incurs a modest increase

in token usage compared to CHRONOS, reflecting the additional

reasoning steps involved in global event abstraction and coherence

planning. However, it is substantially more token-efficient than

LLM-TLS, which relies on long-context processing over large doc-

ument collections and consequently exhibits significantly higher

token consumption. These results suggest that, despite multiple

LRM invocations, TimelineReasoner achieves a favorable balance

between reasoning capability and computational cost by leveraging

structured reasoning and selective memory construction rather

than brute-force long-context generation.

4.6 Ablation Study
4.6.1 Impact of Retrieval Scale. We evaluate the sensitivity of the

retrieval scale by varying the documents retrieved for Global Cog-

nition (𝑁𝑖𝑛𝑖𝑡 ) and Detail Exploration (𝑁𝑒𝑥𝑝 ) within {10, 20, 30, 40}.
As shown in Table 4, 𝑁 = 20 for both stages provides the opti-

mal balance between performance and efficiency. While 𝑁𝑖𝑛𝑖𝑡 = 10

establishes a basic event skeleton, increasing it to 20 enhances ev-

idence diversity and ROUGE scores. However, 𝑁𝑖𝑛𝑖𝑡 = 40 leads

to a performance plateau, suggesting that excessive initial data

introduces redundancy that complicates the LRM’s construction

of global event memory. Notably, performance is more sensitive

to 𝑁𝑒𝑥𝑝 . Insufficient retrieval (𝑁𝑒𝑥𝑝 = 10) hinders the Supervi-

sor from identifying information gaps, while excessive documents

(𝑁𝑒𝑥𝑝 > 20) introduce noise and conflicting reports, distracting the

LRM during iterative reasoning. Consequently, 𝑁 = 20 serves as a

robust threshold, ensuring both a coherent global perspective and

high-fidelity detail refinement.

4.6.2 Role of Global Event Memory. Global event memory main-

tains a unified representation of event information and provides

Table 7: Performance comparison under different backbone
models on Open-TLS. The best and second-best results are in
bold and underlined. DS-V3.2 is short for DeepSeek-V3.2.

LLM Concat F1 Agree F1 Align F1 Date F1

R-1 R-2 R-1 R-2 R-1 R-2

CHRONOS
QwQ-32B 0.322 0.075 0.090 0.029 0.093 0.029 0.303

Qwen2.5-72B 0.338 0.080 0.096 0.030 0.099 0.033 0.332

DS-V3.2 0.359 0.089 0.097 0.036 0.104 0.038 0.351

Ours
QwQ-32B 0.363 0.089 0.113 0.040 0.123 0.041 0.376

Qwen2.5-72B 0.326 0.031 0.077 0.030 0.083 0.032 0.240

DS-V3.2 0.378 0.106 0.141 0.054 0.149 0.055 0.410

persistent guidance for both the main reasoning process and the su-

pervisor. As shown in Table 6, removing global event memory leads

to substantial performance degradation across all metrics, with

notable drops in both Date F1 and ROUGE scores. These results

indicate that global event memory is indispensable for preserving

temporal accuracy and modeling inter-event relationships, serv-

ing simultaneously as a knowledge repository and a coordination

mechanism for reasoning.

We further examine the impact of memory maintenance by dis-

abling updates with event metadata after each Event Scraper call.

This ablation leads to consistent but smaller performance decreases,

suggesting that continuous memory refinement helps maintain an

up-to-date and comprehensive event representation, which in turn

supports more stable reasoning and timeline generation.

4.6.3 Impact of Timeline Memory. Timeline Updater serves a crit-

ical function in refining the timeline memory within our frame-

work. When this component is removed, the system falls back to

naive concatenation of subtimelines. As reported in Table 6, this

modification leads to consistent performance degradation across

all evaluation metrics, indicating reduced quality in both event

description granularity and temporal coverage precision. These re-

sults confirm the updater’s essential role in memory optimization,

where it actively synthesizes and reorganizes temporal informa-

tion rather than merely aggregating raw outputs. The observed

performance drop, while moderate in scale, systematically demon-

strates how Timeline Updater’s hierarchical processing of temporal

relationships contributes to final timeline coherence.

4.6.4 Importance of Supervisor. The Supervisor monitors the evolv-

ing timeline memory and identifies potential deficiencies after the
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Table 8: Case study of the process of TimelineReasoner gen-
erating a timeline.

Reasoning chain of TimelineReasoner

You are a reasoning assistant with the ability to perform web

searches to help create an accurate chronological timeline.

...

The event development process:

...

Now, proceed to make the necessary search queries to confirm

these points and ensure accuracy.

First, verifying the Mac Studio M2 Ultra’s announcement date:

<|begin_search_query|>Apple Mac Studio M2 Ultra release

date<|end_search_query|> (Here call Event Scraper)

...

Let me structure each part clearly and ensure the descriptions

are detailed as per the search results.

<|begin_update_timeline|> ... <|end_update_timeline|> (Here

call Timeline Updater)

...

Wait, I think the current timeline is not comprehensive enough.

I need to search for more information. Here is my future search

plan: ... (Here Supervisor returns a search plan)

...

main reasoning model updates the timeline memory. It then gener-

ates targeted search plans to guide subsequent retrieval, helping

focus the reasoning process and avoid unnecessary computation.

As shown in Table 6, removing the Supervisor leads to consistent

performance drops across all metrics, with particularly noticeable

decreases in temporal coherence and event coverage. These results

suggest that the Supervisor contributes to more accurate and com-

plete timeline construction by coordinating iterative reasoning and

targeted retrieval, without which the system’s ability to detect and

fill gaps is diminished.

4.7 Backbone Robustness Analysis
To verify the capability of our framework to effectively exploit the

reasoning capacity of large reasoning models, we evaluate multiple

backbone models beyond the default QwQ-32B used in our method.

Specifically, we replace the backbone with an instruction model,

Qwen2.5-72B, as well as a recently released model with strong rea-

soning and agent capabilities, DeepSeek-V3.2. All experiments are

conducted on the Open-TLS benchmark, and the results are reported

in Table 7. The results show that, within our framework, the two

reasoningmodels consistently outperformQwen2.5-72B across mul-

tiple evaluation metrics, indicating that our method can effectively

leverage enhanced reasoning abilities. Moreover, when comparing

reasoning backbones, DeepSeek-V3.2 achieves clear performance

gains over QwQ-32B, suggesting that stronger reasoning backbones

further amplify the effectiveness of our approach. In contrast, when

applied to the baseline, DeepSeek-V3.2 does not demonstrate a com-

parable advantage: its performance is substantially lower than that

achieved by DeepSeek-V3.2 within our framework, and is roughly

on par with QwQ-32B when used as the backbone of our method.

These findings demonstrate that our method not only benefits from

stronger reasoning backbones, but also more effectively translates

the reasoning capacity of large models into improved performance

for complex timeline summarization tasks.

4.8 Case Study
To illustrate how TimelineReasoner performs reasoning-driven

timeline construction, we present a case study on the news query

Apple’s pivotal product announcements, as shown in Table 8. Starting
from the global event memory, the reasoning model identifies a

missing temporal detail for a salient event (the announcement date

of the Mac Studio M2 Ultra). To resolve this gap, it formulates a

targeted query, which is executed by the Event Scraper to retrieve

temporally relevant evidence. The retrieved information is synthe-

sized into a localized sub-timeline and incrementally integrated into

the existing timeline via the Timeline Updater, refining the timeline

without altering previously confirmed events. After the update, the

Supervisor evaluates the timeline and detects remaining coverage

deficiencies, generating a structured search plan to guide further

reasoning and retrieval. This iterative process continues until the

timeline satisfies completeness and temporal consistency criteria.

This case study highlights how TimelineReasoner explicitly detects

missing information, performs gap-driven retrieval, and revises the

timeline through iterative reasoning.

5 Conclusion and Future Work
In this work, we propose TimelineReasoner, an active, reasoning-

driven framework for TLS. By leveraging the structured reasoning

capabilities of LRMs, our framework decouples macroscopic event

tracking from fine-grained detail refinement through a two-stage

paradigm: Global Cognition and Detail Exploration. Supported by

specialized mechanisms, TimelineReasoner maintains a dynamic

timeline memory that is iteratively refined with targeted evidence.

Extensive evaluations demonstrate that TimelineReasoner signifi-

cantly outperforms LLM-based baselines in open-domain TLS tasks

and remains highly competitive in closed-domain settings. Our

analysis further reveals that the framework is uniquely capable

of translating the latent reasoning power of LRMs into tangible

performance gains while maintaining a favorable balance between

output fidelity and token efficiency.

In the future, we plan to explore other ways to enhance the

performance of our method. First, we plan to apply reinforcement

learning to develop specialized reward functions, optimizing the

specificity of generated queries and the strategic quality of search

plans. Second, we will investigate adaptive reasoning strategies

tailored for redundant information environments. Finally, we aim

to extend the framework’s memory scaling capabilities to support

the construction of comprehensive timelines for event sequences

spanning multiple years.
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