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Abstract

Many real-world applications require gener-
ating a chronological report from an evolv-
ing document stream; Timeline Summarization
(TLS) provides a standard testbed for this set-
ting. While large language models (LLMs) im-
prove event synthesis, most LLM-based TLS
systems remain monolithic: they repeatedly
process overlapping evidence and often mirror
the corpus’ bursty reporting patterns, producing
redundant timelines with temporal/topical im-
balance and high cost. We propose MAS-TLS,
a multi-agent framework that casts TLS as a
newsroom-like collaboration. A master editor
steers balanced coverage by allocating system-
visible evidence with a coverage—diversity ob-
jective; specialist reporter agents independently
draft time-anchored, evidence-grounded events
while cross-reviewing to limit redundancy; an
adjudication round reconciles competing drafts
and consolidates duplicates into a global time-
line; and a non-stationary Bayesian controller
adaptively staffs agents under token/time bud-
gets. Experiments on three benchmarks show
that MAS-TLS improves semantic coverage
and temporal grounding while substantially re-
ducing token usage and latency.

1 Introduction

Understanding complex knowledge domains re-
quires unraveling the chronological evolution of
events. Timeline Summarization (TLS) (Yan et al.,
2011b; Chen et al., 2019; Gholipour Ghalandari
and Ifrim, 2020) addresses this by identifying and
chronologically organizing significant events from
massive corpora. Such chronological summary re-
ports provide compact situational awareness and
support downstream decision-making. Recently,
Large Language Models (LLMs) have delivered
impressive performance on TLS benchmarks (Soji-
tra et al., 2024; Song et al., 2025), demonstrating
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Figure 1: Conceptual illustration of MAS-TLS.
Left: The Master Agent dynamically schedules role-
specialized sub-agents over massive corpora. Right:
The final output of TLS—the global timeline.

that their semantic reasoning capabilities can sub-
stantially push the field forward.

Despite these advances, most LLM-based TLS
systems are still designed as single-model, non-
interactive pipelines over the full corpus or long
retrieved contexts. This design yields two recur-
ring limitations in practice: First, they incur high
token and time costs. Recent frameworks ei-
ther insert multiple LLLM calls across the pipeline
or repeatedly prompt a single model with long,
overlapping contexts, amplifying redundant pro-
cessing and increasing wall-clock latency (Sojitra
et al., 2024; Hu et al., 2024; Bao et al., 2025; Wu
et al., 2025). Moreover, a single global reason-
ing scope offers no reliable way to separate sub-
stories or deduplicate overlapping candidates, caus-
ing the same evidence to be re-processed with low
marginal gain. Second, they do not reliably main-
tain temporal and topical balance. In real-world
text collections, evidence is unevenly distributed
over time and across themes (Yu et al., 2021).

25063

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 25063-25084

July 2-7, 2026 ©2026 Association for Computational Linguistics



While prior work attempts to mitigate such im-
balance by adjusting temporal granularity (Zhang
etal., 2025a) or imposing topical constraints (Qorib
et al., 2025), most systems still lack explicit mech-
anisms for sub-story disentanglement and cross-
candidate arbitration, making it difficult to balance
competing narratives and maintain stable event pac-
ing.

We argue that these limitations stem from a struc-
tural mismatch: TLS requires multiple complemen-
tary decisions (coverage, time anchoring, dedu-
plication, and pacing), yet it is often realized as
a single-model pipeline with limited explicit de-
composition and coordination. A promising solu-
tion lies in Multi-Agent Systems (MAS). While
MAS has shown strong effectiveness in other do-
mains (Hong et al., 2023; Zhang et al., 2024; Qian
et al., 2024; Zhang et al., 2025b), its potential for
summarization remains underexplored. Existing
works (Wang et al., 2025; Kim and Kim, 2025) take
early steps toward agentic summarization, but they
typically rely on manually designed prompts and
fixed interaction patterns, rather than coordinated,
budget-aware agent behaviors. To the best of our
knowledge, TLS has not yet been explicitly for-
mulated as a coordinated and dynamic multi-agent
problem.

To bridge this gap, we propose MAS-TLS, a
hierarchical multi-agent framework inspired by a
modern newsroom: a chief editor allocates cover-
age across reporters, reporters investigate in par-
allel and cross-check each other, and the news-
room iteratively curates a coherent timeline un-
der a shared budget. Rather than a fixed pipeline,
MAS-TLS runs an iterative editorial cycle: a Mas-
ter Agent assigns system-visible evidence to role-
specialized sub-agents (reporters) using a submod-
ular coverage—diversity objective to promote bal-
anced perspectives; sub-agents independently in-
vestigate their assigned evidence and draft time-
anchored, evidence-grounded event candidates
while maintaining cross-agent distinctiveness; the
Master performs collaborative scrutiny by adjudi-
cating competing proposals with cross-review, con-
solidating duplicates and retaining the most sup-
ported events to form the global timeline; finally,
a non-stationary Bayesian bandit controller adap-
tively staffs the next-round agent committee under
a token/time budget.

We conduct extensive experiments on three main-
stream TLS benchmarks. Empirical results demon-
strate that MAS-TLS is: (1) Effective: it achieves

competitive-to-superior performance on challeng-
ing datasets with consistent gains in semantic cover-
age (AR) and temporal precision (Date-F1); (2) Ef-
ficient: it reduces token consumption by 31%-86%
and inference time by 5%—-52% compared to mono-
lithic baselines; (3) Balanced: it mitigates corpus-
induced bias, producing timelines with more bal-
anced temporal pacing and topical coverage closer
to professional summaries; (4) Transferable: it
remains robust across different LLM backbones
and generalizes across languages.

In short, the main contributions of our work can
be outlined as follows:

1. Framework Innovation: To our knowledge,
we are among the first to formulate TLS as a
coordinated, dynamic multi-agent collabora-
tion problem, moving beyond static summa-
rization pipelines.

2. Algorithmic Mechanism: We propose MAS-
TLS, a hierarchical newsroom-style multi-
agent framework that (i) partitions evidence
for balanced coverage, (ii) promotes cross-
agent distinctiveness to reduce redundancy,
(iii) adjudicates competing candidates to form
a consistent timeline, and (iv) dynamically
schedules agents under a token/time budget.

3. Empirical Validation: Extensive evalua-
tions demonstrate that MAS-TLS achieves
competitive-to-superior performance and re-
duces token usage by 31%—86%, delivering
temporally balanced narratives with robust
transferability.

2 Related Works

2.1 Timeline Summarization Task

Timeline Summarization (TLS) organizes evolv-
ing events into chronological narratives (Allan
et al., 2001; Wang et al., 2014; Chen et al., 2019;
Gholipour Ghalandari and Ifrim, 2020), typically
formulated as a specialized multi-document sum-
marization task (Martschat and Markert, 2018).
Standard approaches prioritize extracting pivotal
dates (Tran et al., 2015b; Steen and Markert, 2019)
or pinpointing milestone events (Li et al., 2021;
Chen et al., 2023). Recently, the field has been dom-
inated by LLM-driven frameworks, which leverage
semantic reasoning (Hu et al., 2024) and retrieval
augmentation to scale across open domains (Wu

25064



Agents Initialization Autonomous Investigation

Deduplication
(semantic / temporal)

o=o=,

Master Agent

2 o IO (s

Input Data Thematic documents Key Time Points Sentences LLM Summarization

Fap(Ci) = M feov (") + Ao faiw(*)
(%] ]
- e e
2 A ,
&

o

<
S .0 © 0 ©
e M~

Collaborative Scrutiny

Adaptive Orchestration

— e -
=
LLM-based Cross-Agent Ranking EL\/—J_\;:"_ ﬂ{

\ ) - |
£ Accepted @\,%\/ ‘ 1

O(28)| || 3 refeces \ 0~ Beta@f). Noney §5) St | |
5% B | Fairness © » |
NS row |

| B3 Rejected

& ] ] [ ] L]
y 4 [l

° ° o L]
Global Timeline

Qe
Q0

Summarized Events

Argument
&3 Argument

Figure 2: MAS-TLS overview. The figure is organized horizontally by an iterative workflow and vertically by roles:
a master agent (top) coordinates multiple sub-agents (bottom) via a data layer of system-visible intermediate
artifacts (middle). Sub-agents mine evidence-grounded candidates in parallel, and the master adjudicates cross-agent
proposals to build the global timeline and schedule the next-round committee.

et al., 2025; Bao et al., 2025). Subsequent investi-
gations adjusting granularity (Zhang et al., 2025a)
or introducing constraints (Qorib et al., 2025) have
provided further fresh insights. However, cur-
rent high-performing methods remain confined to
single-model optimization, whereas our MAS-TLS
framework decomposes timeline generation into
specialized, interacting agents under unified coor-
dination.

2.2 Multi-Agent LLMs for Summarization

Multi-agent systems (MAS) have shown promise in
handling long-context summarization by distribut-
ing reasoning loads across specialized roles (Hong
et al., 2023). Hierarchical frameworks like Chain-
of-Agents (Zhang et al.,, 2024) and NEXUS-
SUM (Kim and Kim, 2025) employ sequential
collaboration to extend context windows for book-
length narratives. To improve evidence faithful-
ness and coverage, recent approaches introduce
adversarial quizzing (Wang et al., 2025), multi-
perspective personas (Luo et al., 2025), and agentic
evaluation loops (Jeong et al., 2025; Chang et al.,
2024; Fang et al., 2024, 2025). While pioneer-
ing, many prior multi-agent summarization systems
primarily rely on prompt-engineered role special-
ization and pre-defined interaction patterns, with
limited adaptive scheduling or explicit coordina-

tion mechanisms tailored to TLS. In this work, we
study a coordinated, dynamic multi-agent formula-
tion of timeline summarization and instantiate it as
a newsroom-inspired framework.

3 Methodology

Task Setup. Given a query ) and a times-
tamped corpus C {di,...,dn}, Timeline
Summarization (TLS) generates a timeline ) =
{(t1,%1),-..,(tr,sr)}, where each event contains
a date ¢; and a summary sentence s;. Our goal is to
produce a timeline that aligns with the reference )*
in both semantic content and temporal grounding.
System Setup. MAS-TLS consists of a Mas-
ter Agent Ajps and specialized Sub-Agents A =
{a1,...,an}. The interaction protocol ® follows
a star topology: sub-agents operate on assigned sub-
corpora C; to propose time-anchored candidates,
while the master performs centralized adjudication
and maintains per-agent utility estimates @) to
gate and schedule agents across rounds.

Guided by ®, MAS-TLS constructs ) through a
collaborative editorial cycle. As illustrated in Fig-
ure 2, the system proceeds in four steps: Editorial
Assignment (Sec. 3.1), Autonomous Investigation
(Sec. 3.2), Collaborative Scrutiny (Sec. 3.3), and
Adaptive Orchestration (Sec. 3.4).
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3.1 Master—-Sub Agents Initialization

The initialization stage constructs the subtopic—
subcorpus local state SZ-(O) = (7, C;) for each sub-
agent a;. Unlike prior approaches that perform
static retrieval stage (Wang et al., 2023; Sojitra
et al., 2024)—often missing global coordination
for temporal spread—our Master Agent A;; per-
forms a retrieval-augmented, global allocation to
promote semantic coverage and temporal balance.

Specifically, we first expand an over-complete
set of auxiliary sub-queries {7;} with an LLM to
drive retrieval, and use them to retrieve a shared
candidate pool Ceang € C for subsequent global
allocation. To make the decomposition MAS-
compatible, the Master Agent jointly initializes
(74, C;) via a budgeted soft partition that approxi-
mately maximizes a submodular objective (Lin and
Bilmes, 2011):

Fan(Ci) = Mfeov(Ci) + Xafaiv(Ci). (1)

We jointly allocate documents from Ceung to
all sub-agents by approximately maximizing
Zf\i 1 Fan(Ci) under a per-agent budget, allow-
ing each document to be assigned to multiple sub-
agents.

The coverage term f.oy ensures broad relevance
via a saturated facility-location form:

feor(Ci) = >~ min(g(dy, Ci),n), )

dq eCcand

3 sim(dy, dg) - el -],
dpEci

g(dq’ci) =

Here, e—®/At acts as a soft temporal consistency
term, down-weighting semantically similar but
chronologically distant evidence.

To encourage temporal spread and stabilize event
pacing, fqiv applies a group-wise concave aggrega-
tion over temporal bins {G}}2_:

faiv(C Z Z Z sim(dp, dg)

dp eGpNC; dq E€Ceand

3)
The resulting allocation determines (7;, C;), defin-
ing the initial evidence scope for each sub-agent a;
in subsequent coordination.

3.2 Autonomous Temporal Reasoning within
Sub-Agents

Armed with the sub-corpus C;, sub-agent a;
enters the proposal phase. Unlike standard

frequency-based heuristics inherit corpus bursti-
ness (Gholipour Ghalandari and Ifrim, 2020), a;
selects complementary time anchors by balancing
local salience with cross-agent distinctiveness, re-
ducing redundant candidates and stabilizing event
pacing.

First, a; defines a local probability distribution
P;(t) based on normalized sentence frequencies
within C;:

Freq,(t) + ¢
Do (Freql-(t’) + 6) '

To reduce redundancy, a; also takes into account
the temporal distributions {P;};-; of other sub-
agents (updated each round), discouraging mul-
tiple agents from converging on the same bursty
periods. Adopting a mutual-information—inspired
formulation (Konan et al., 2022), the agent com-
putes a divergence score D;(t) that quantifies how
strongly its focus departs from the distributions of
its peers:

Pt) =

“

_ 1 Bi(t)
D;(t) M_lglognm@w. 5)

A high D;(t) indicates a locally salient timestamp
that is under-covered by other agents, encourag-
ing complementary temporal coverage instead of
duplicated peaks.

These signals are combined into a final temporal

score:
Score;(t) = Pi(t) *Pi®), (6)

where 8 > 0 controls the influence of cross-agent
distinctiveness.

Finally, sub-agent a; selects the peak times-
tamp tgr) = arg max; Score;(t) and prompts its
underlying LLM to generate a candidate event

( ) = (t(T) (T)) submitting this proposal to the
master agent for multi-agent adjudication.

3.3 Collaborative Cross-Review and Master
Adjudication
(r)

With candidate events o; * prepared, we perform
a lightweight cross-candidate arbitration to (i) re-
move redundant/overlapping proposals and (ii) en-
able efficient scrutiny without quadratic, multi-
round interactions. Instead of pairwise multi-round
discussions (Koupaee et al., 2025), we adopt a
single-pass cross-review protocol: each sub-agent
submits its proposal and then, after observing all
peer proposals, produces two concise signals— a
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supportive argument S : “P (salience & time consis-

tency) and a critical argument Sfri (overlap/redun-

dancy or weaknesses of competing candidates).
The master agent aggregates Z(") =

{(ogr),SfuP,S-“i)}ie 4 and ranks candidates

(2

with an LLM-based judge:
7T(T) = LLMrank(I(T))y (N

It then selects top-ranked events that are non-
redundant with the current timeline (r=1) (e.g., fil-
tering near-duplicates or overlapping time anchors)
to update ). Selected agents are marked Accepted
and others Rejected; this binary outcome is used
as the reward signal for budget-aware Bayesian
scheduling in the next phase.

3.4 Adaptive Sub-Agent Orchestration

Since agent utility can vary across rounds, we cast
sub-agent scheduling as a non-stationary selection
problem. Inspired by dynamic expert selection
frameworks (Zhang et al., 2025c), we model this
process as a Non-Stationary Bayesian Multi-Armed
Bandit (MAB) task (Besbes et al., 2014). In each
round, Ay, dynamically gates the committee A(")
to control token/time overhead by balancing ex-
ploitation (activating proven agents) with fairness-
driven exploration. To track evolving utility, A s
maintains a Beta belief distribution Beta(m;, f;)
for each agent. Upon receiving the binary re-
ward (Accepted/Rejected) from Sec. 3.3, A up-
dates the effective counts with a forgetting factor
v € (0, 1] to decay historical evidence:

7

7Y 4 1[a; € Rejected]. (8)

(2

M= 'ym(r_l) + 1[a; € Accepted],
Y

Ajps then samples a base score égr) via Thomp-

son Sampling. Simultaneously, to avoid repeat-
edly selecting the same agents and improve topical
balance, Aj; manages a fairness credit qir) that
accumulates during inactivity (a; ¢ A=y and
depletes upon selection:

¢\ = l(r_l) t
" |max(0,¢ " — (1 - )

7

inactive
active

©))
The final activation probability is derived from a
composite score

st =0 + Mirg)” (10)
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Figure 3: Efficiency Analysis (Entities). Top: AR-
1 versus wall-clock time and token usage. Bottom:
algorithmic ROI measured as AR-1 per 10 tokens.
MAS-TLS achieves a favorable quality—efficiency trade-
off among compared methods.

via Softmax: pl(r) x exp(sgr) /). To allow flexible
committee sizing, Aj; employs a Bernoulli gating
mechanism zl.(r) ~ Bern(min(1, K, Z(T))), thereby
instantiating AT+ = {q; | zi(T) = 1} for the next
round.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate MAS-TLS on three widely
used datasets: T17 (Tran et al., 2013) for general
news, Crisis (Tran et al., 2015a) for dense conflict
narratives and Entities (Gholipour Ghalandari and
Ifrim, 2020) for long-span biographical timelines.
Detailed statistics are provided in App. C.1.

Baselines. We compare MAS-TLS against two
categories of baselines (details in APP. A): (1) Tra-
ditional: Graph/clustering-based models includ-
ing TRAN (Tran et al., 2013) MAR (Martschat
and Markert, 2018), DATE (Gholipour Ghalandari
and Ifrim, 2020), SDF (La Quatra et al., 2021),
CLUST (Gholipour Ghalandari and Ifrim, 2020),
EGC (Li et al., 2021), (2) LLM-based: frame-
works including TimeChunk (Sojitra et al., 2024)
HM (Zhang et al., 2025a), LLM-TLS (Hu et al.,
2024), and CHRONOS (Wu et al., 2025). A direct
prompting baseline (BASE) is included to bench-
mark the backbone’s raw capability.

Metrics. We adopt a multi-dimensional evalua-
tion protocol: (1) Quality: Following the standard
Tilse framework (Martschat and Markert, 2017), we
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Table 1: Main Results. Performance comparison across three benchmarks. We report AR-1/AR-2 for semantic
coverage and Date-F1 for temporal precision. MAS-TLS achieves competitive performance across both semantic

and temporal metrics. Best results are bolded.

Crisis Entities T17

Model

AR-1 AR-2 Date-F1 AR-1 AR-2 Date-F1 AR-1 AR-2 Date-F1
BASE 0.016 0.005 0.192 0.011 0.003 0.045 0.047 0.011 0.163
TRAN (Tran et al., 2013) 0.052 0.012 0289 0.036 0.011 0.185 0.094 0.022 0.517
MAR (Martschat and Markert, 2018) 0.075 0.016 0.281 0.042 0.009 0.167 0.105 0.030 0.544
DATE (Gholipour Ghalandari and Ifrim, 2020)  0.089  0.026  0.295 0.057 0.017 0.205 0.120 0.035 0.544
SDF (La Quatra et al., 2021) 0.086 0.018 0.302 0.051 0.014 0.197 0.120 0.035 0.553
CLUST (Gholipour Ghalandari and Ifrim, 20200  0.061 0.013  0.226  0.051 0.015 0.174 0.082 0.020 0.407
EGC (wietal, 2021) 0.079 0.015 0.291 - - - 0.103 0.024 0.550
TimeChunk (Sojitra et al., 2024) 0.025 0.008 0.258 0.019 0.005 0.050 0.051 0.014 0.176
HM (Zhang et al., 20252) 0.096 0.025 0.313 0.058 0.022 0.209 0.108 0.028 0.541
LLM-TLS (Hu et al., 2024) 0.111 0.030 0.330 0.092 0.040 0.240 0.119 0.035 0.547
CHRONOS (wu et al., 2025) 0.108 0.031 0.323 0.094 0.036 0.241 0.116 0.036 0.549
MAS-TLS (Ours) 0.113 0.033 0.337 0.099 0.041 0.251 0.123 0.035 0.556
A vs. Best Baseline +1.8% +6.5% +2.1% +53% +2.5% +4.1% +2.5% -2.8% +0.5%

Table 2: Efficiency and ROI analysis (Entities). We report token usage and wall-clock time over the Entities
dataset, AR-1, and efficiency metrics including AR-1 per 10'° tokens and AR-1 per hour.

Method Resource Consumption Metric Efficiency ROI (Higher is Better)
Tokens (M) ]  Time(s)]  AR-11T  AR/10'° Tokst  AR/Hour 1
LLM-TLS 103.9 77,204 0.092 8.8 0.0043
BASE 65.5 45,908 0.011 1.7 0.0009
HM 68.6 61,432 0.057 8.3 0.0033
TimeChunk 67.4 51,267 0.019 2.8 0.0013
CHRONOS 20.2 39,009 0.094 46.5 0.0087
MAS-TLS (Ours) 13.8 37,078 0.099 71.7 0.0096
A vs. Best Baseline 31.7% | 5.0% | 53% 1 54.2% 1 10.3% 1

report AR-1/2 for semantic coverage and Date-F1
for temporal precision (detailed in APP. C.2) (2) Ef-
ficiency: We track total token usage and inference
time to quantify computational costs. (3) Balance:
We introduce CV and JS Divergence (Yan et al.,
2011a) to quantify both temporal burstiness inher-
itance and topical skew, comparing system distri-
butions against the corpus and gold references; we
also report Gini as a topical skewness diagnostic
(detailed in APP. C.3).

Implementation Details. We employ Qwen-3-
32b as the default backbone. We set sub-agents
M = 5, coordination 8 = 0.1, forgetting factor
v = 0.95, and fairness Ay = 0.05. All experi-
ments are conducted on dual NVIDIA A800 GPUs.

4.2 Results: Effectiveness

Table 1 compares MAS-TLS with 11 baselines
across three TLS benchmarks. Overall, MAS-TLS

achieves strong semantic coverage while improving
temporal precision, showing consistent advantages
across datasets with different timeline characteris-
tics.

Finding ®: MAS-TLS improves both semantic
coverage (AR) and temporal accuracy (Date-F1)
across benchmarks. As shown in Table 1, MAS-
TLS obtains the best AR-1 on Crisis, Entities, and
T17, and achieves the highest Date-F1 on all three
datasets. This pattern suggests that the gains are
not confined to a single benchmark, but remain
stable across both dense crisis narratives and long-
span biographical timelines. On the most challeng-
ing Entities benchmark, MAS-TLS improves AR-1
by 5.3% over the strongest baseline and increases
Date-F1 by 4.1%. Compared with the single-pass
BASE model, the consistent gains across AR and
Date-F1 support the effectiveness of the proposed
collaborative multi-agent workflow with explicit
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topical JS to gold. MAS-TLS is closest to gold overall.

time-aware coordination, rather than attributing the
improvements solely to a different backbone.

4.3 Results: Efficiency

We evaluate computational efficiency on the Enti-
ties benchmark for LLM-based methods, reporting
(1) token usage, (2) wall-clock inference time, and
(3) return on investment (ROI).

Finding @: MAS-TLS is resource-friendly,
achieving favorable ROI with substantially
fewer tokens and lower latency. As shown in
Table 2 and Figure 3, MAS-TLS achieves the best
AR-1 (0.099) with the fewest tokens (13.8M), yield-
ing the highest ROI (71.7). In contrast, LLM-TLS
reaches a comparable AR-1 (0.092) but requires
103.9M tokens (7.5x more), resulting in a much
lower ROI (8.8). Moreover, MAS-TLS reduces
wall-clock time to 37,078s, which is 52% faster
than LLM-TLS (77,204s), while remaining com-
petitive with the efficiency-oriented CHRONOS
(39,009s). Overall, these results are consistent with
our design that combines early evidence filtering
with budget-aware scheduling to reduce redundant
context and generation during inference.

Table 3: Entities ablation with quality, balance and cost
Variant AR-11 Temp.CV ]| Tokens (M) |
Single Agent 0.084 2410 9.0
w/o Fyp 0.093 1.868 15.8
wlo D;(t) 0.088 1.862 14.1
w/0 LLMank 0.086 1.714 9.4
w/o Scheduling  0.091 1.902 18.5
MAS-TLS 0.099 1.671 13.8
A:Gold \ B:MAS-TLS N

(: £ ¥ .
(~ o .A '
¥ ¥%
SR, xR
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Figure 5: Semantic-space reweighting. Gray: corpus;
color: generated timeline (or gold). MAS-TLS shows a
redistribution pattern closer to gold than other methods.

4.4 Results: Temporal and Topical Balance

To diagnose whether a system inherits skew from
the input stream, we analyze temporal and topical
balance. In Figure 4 we measure temporal pacing
stability with CV and corpus coupling with the
corpus—timeline JS distance. For topics, we re-
port the topical JS distance to gold and Gini in a
corpus-built topic space (details in App. C.3). We
further include a lightweight semantic-space visual-
ization to qualitatively illustrate how each method
reweights probability mass relative to the corpus in
Figure 5 (details in App. C.4).

Finding ®: MAS-TLS produces a more bal-
anced narrative in both time and topics. As
shown in Figure 4 (A,B), MAS-TLS achieves the
lowest inter-event CV and remains closest to the
gold reference, while exhibiting weaker coupling
to corpus reporting peaks (larger corpus—timeline
JS distance), suggesting a more stable and gold-
consistent temporal allocation. In Figure 4 (C,D),
it attains the smallest topical JS distance to gold
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and reduces topical concentration relative to the
corpus (lower Gini). The semantic-space reweight-
ing maps in Figure 5 provide qualitative evidence
in the same direction, showing a redistribution
trend closer to the gold reference than other base-
lines. The observed improvements align with the in-
tended roles of our modules: allocation and distinc-
tiveness promote balanced evidence, adjudication
reconciles competing candidates, and scheduling
controls budget while sustaining coverage.

5 Analysis

5.1 Ablation Study

We ablate MAS-TLS on ENTITIES (Table 3), re-
porting quality (AR), temporal balance (Temp.
CV), and cost (Tokens).

Architecture Analysis (Single vs. Multi-Agent).
We compare MAS-TLS with a Single Agent base-
line (App. B.1) that runs a monolithic, non-
interactive pipeline over the full corpus without
role specialization. MAS-TLS achieves higher
quality and substantially better temporal balance
(CV: 1.671 vs. 2.410), with higher token cost due
to multi-agent interactions. This pattern is also
reflected in the semantic-space reweighting visual-
ization (Figure 5), where the Single Agent variant
shows a larger deviation from the gold redistribu-
tion pattern than MAS-TLS.

Component Ablations. We perform an ablation
study on four key mechanisms by replacing each
with a simpler ablated variant: (1) w/o Fgyp, sub-
stituting the submodular allocation in Eq. 1 with
random partitioning; (2) w/o D;(t), setting the MI-
inspired distinctiveness term in Eq. 5 to zero so that
timestamp selection relies only on local frequency;
(3) w/o LLM,k in Eq. 7, bypassing the LLM-
based adjudication step; and (4) w/o Scheduling,
freezing the Bayesian update in Eq. 8 to enforce a
static full committee.

As shown in Table 3, removing D;(t) or
LLM;,k leads to the largest AR-1 drops, indi-
cating that cross-agent distinctiveness and adju-
dication are important for selecting complemen-
tary, non-redundant events. Removing Scheduling
primarily affects efficiency: disabling the Bandit
scheduler increases token consumption by 34 %,
suggesting that dynamic gating is important for
resource-aware scaling. Finally, w/o Fg,, reduces
semantic coverage and worsens temporal balance
while increasing token usage, supporting the role of

structured evidence allocation in organizing useful
evidence for downstream agents.

5.2 Case Study

In this section, we qualitatively analyze the co-
ordination mechanisms of the agentic newsroom
using the 2011 Yemen crisis as a testbed. Figure 6
visualizes the scheduling dynamics alongside the
generated timeline.

As shown by the activation matrix and reliability
trajectories (Right), MAS-TLS counteracts topic
inertia across scheduling rounds and adjusts its
focus as the crisis evolves. In the early rounds,
protest-related agents dominate, reflecting the ini-
tial concentration of evidence around demonstra-
tions and violent repression. In Round 4, how-
ever, as the narrative shifts from street protests to-
ward political transition, the system down-weights
Agent 1 (Protest) while boosting Agent 3 (Politi-
cal). This transition suggests that the scheduler
is able to move beyond high-frequency early sig-
nals and reallocate attention to newly emerging but
consequential developments.

Later, in Rounds 7-8, the fairness mechanism
triggers concurrent activation of Agent 4 (Tribal)
and Agent 5 (Mediation), so multiple specialized
agents propose complementary evidence in the
same round for master adjudication. This helps
the system capture intertwined sub-stories in the
late-stage crisis and avoid collapsing the timeline
into a single dominant thread, resulting in a more
balanced and coherent chronological narrative.

5.3 Transferability

We evaluate transferability along three dimensions:
(1) backbone generality, (2) cross-lingual trans-
fer, and (3) hyperparameter sensitivity. Detailed
results are reported in Tables 5 and 6, and Figure 7.

Finding @: MAS-TLS transfers reliably across
backbones and languages, with interpretable hy-
perparameter trade-offs. Across the evaluated
backbones, MAS-TLS maintains consistent per-
formance trends relative to LLM-based baselines,
with less than 8% relative variation in AR-1 across
backbones. Notably, the framework remains com-
petitive on both closed-source and open-weight
models, suggesting that its gains are not tied to a
particular model family. We observe similar trends
in a cross-lingual setting, where semantic cover-
age improves by about 9% relative to the strongest
baseline while remaining competitive on temporal
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2011-01-27: Mass protests erupted across four parts of Sanaa, with tens of
thousands blocking roads and chanting for President Saleh to step down.

2011-02-13:Anti-government protests erupt in Sanaa, Yemen, inspired by
Egypt, with clashes breaking out as pro-government supporters intervene.

2011-03-01:In Sanaa, massive rival marches filled the streets as tens of
t ded Saleh’s resignation. Armed tribesmen gathered amid rising
civil war fears, while security forces and militias watched over tense standoffs.

2011-03-18:Massive anti-Saleh protests swept Sanaa and other cities during the
“Friday of Dignity,” defying weeks of unrest. Security forces and loyalist snipers
fired from rooftops, trapped marchers with burning barricades, and killed roughly
45-52 protesters while wounding hundreds.

2011-03-21:Defections grew, tanks clashed in key cities and Saleh warned of civil
war. Amid elite desertions, Saleh dismissed his cabinet and hinted at stepping
down, as opposition pushed for immediate change.

2011-03-22:After the March 18 killings, armed units and tanks confronted each
other in Sanaa, with Saleh warning of civil war. As elites joined the uprising,
Saleh promised to step down after elections, rejecting immediate transfer.

2011-05-22: Loyalist militias flooded Sanaa, besieging the UAE embassy and
blocking streets to intimidate dissent. Saleh again stalled on the GCC deal,
refusing to sign despite its 30-day exit clause. U.S., EU, and Gulf ambassadors
gathered to finalize the GCC exit plan but were trapped for by pro-Saleh mobs.

2011-06-03:Tribal alliance culminated the crisis as Hashid fighters clashed
with Saleh’s forces in Sanaa, resulting in a rebel rocket strike on the
presidential compound that wounded Saleh.

2011-06-04:Saudi Arabia brokered a ceasefire between Saleh’s forces and
Hashid fighters. Riyadh flew Saleh out for treatment and backed a GCC-led
transition with Hadi as successor. A Saudi-brokered ceasefire halted tribal—
regime clashes after the palace strike.

Agent Reliability Score (5;)

2011-06-05:Yemeni President Ali Abdullah Saleh has consented to
relinquish power within 30 days as part of an agreement with opposition
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Figure 6: Visualizing the scheduling dynamics on the Yemen 2011 timeline. Left: The generated timeline, where
the colored bars represent the specific topic distribution at each timestamp, visually confirming the topical balance.
Right: The agent activation matrix (top) and reliability scores (bottom) organized by scheduling rounds, illustrating
how MAS-TLS rebalances narrative focus via adaptive handoffs and fairness-driven collaboration.

precision. In addition, the sensitivity analysis in-
dicates interpretable trade-offs with respect to key
hyperparameters: agent number affects decomposi-
tion granularity, the temporal coefficient controls
complementary time coverage, and the scheduler
parameters balance responsiveness with fair explo-
ration. Overall, these results support the transfer-
ability of our workflow across model and language
choices, with predictable quality—cost trade-offs.

5.4 Evidence Support

We audit evidence support and date consistency
using a system-visible evidence protocol. Each
sampled event is assessed in terms of both con-
tent support and time support, producing the four-
way breakdown in Figure 8. The results show that
MAS-TLS yields a low unsupported rate (about
5.3-7.9% across benchmarks), and that most gen-
erated events are fully supported by the available
evidence.

Removing LLM,,k leads to similar distribu-
tions, with unsupported rates changing by less than
3% overall, suggesting that adjudication does not
trade off grounding for AR gains. It improves selec-
tion without increasing unsupported events. Details
are in APP. D.5.

6 Conclusion

In this paper, we formulate TLS as a dynamic, col-
laborative multi-agent process, shifting the model-
ing focus from monolithic sequence generation to
coordinated decision making. We propose MAS-
TLS, a hierarchical master—sub agent framework
inspired by a newsroom workflow, where a master
agent coordinates specialized sub-agents to reduce
redundancy and rectify narrative imbalance via sub-
modular allocation, cross-agent adjudication, and
Bayesian scheduling. Empirical results confirm
that MAS-TLS achieves a competitive trade-off,
delivering strong performance with significantly
reduced costs, while also improving temporal and
topical balance. We believe that MAS-TLS con-
tributes to the development of transparent, adaptive,
and resource-efficient collective intelligence for
complex information streams, and may inspire fu-
ture research on structured multi-agent systems for
timeline summarization and broader information-
stream processing tasks.
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Limitations

Our study focuses on retrospective, news-style
timeline summarization benchmarks, and we have
not evaluated settings such as real-time streams,
substantially different domains (e.g., scientific or
social media corpora), or broader multilingual cov-
erage. While the proposed framework is modular,
deploying it in new settings may require revisiting
upstream retrieval choices and budget configura-
tions.

In the current implementation, coordination is
instantiated through fixed agent roles/prompts, a
predetermined interaction protocol, and explicit
objectives for evidence allocation, redundancy con-
trol, and scheduling. These design choices im-
prove interpretability and controllability, but we
leave learning adaptive coordination policies and
automatically selecting interaction depth as future
work.

Finally, MAS-TLS inherits dependence on the
quality of retrieved evidence and temporal cues.
We mitigate this by evidence-grounded generation
and an adjudication step, but we do not claim to
eliminate all unsupported inferences. More com-
prehensive human-centered evaluation of faithful-
ness and usability would further strengthen conclu-
sions.
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A Baselines Details

We compare the performance of MAS-TLS with
several prior works. For non-LLM traditional base-
lines, we report the numbers as published in the
original papers on the same benchmarks and evalua-
tion protocol. For LLM-based baselines and MAS-
TLS, we use the same backbone LLM (Qwen3-
32b) for all methods and repeat each experiment
three times with different random seeds, reporting
the average performance.

* TRAN (Tran et al., 2013): applies submodular
optimisation over a headline graph to select
informative, non-redundant daily events us-
ing influence, temporal cues and duplication-
aware diversity.

* MAR (Martschat and Markert, 2018): applies
sub-modular optimisation for sentence selec-
tion, balancing content coverage with both
temporal and textual diversity.

* DATE (Gholipour Ghalandari and Ifrim,
2020): uses supervised learning with date-
specific features to summarise by day, fol-
lowed by an unsupervised summary for each
date.

* SDF (La Quatra et al., 2021): adopts a “date-
first” strategy that summarises dates and then
performs summary-driven graph ranking to
choose the most important days.

* CLUST (Gholipour Ghalandari and Ifrim,
2020): employs Markov-based event cluster-
ing and ranks clusters by how often their dates
occur across the entire input set.

* EGC (Li et al., 2021): models an event graph
and compresses it into salient sub-graphs via
time-aware optimal transport to select key
events.

TimeChunk (Sojitra et al., 2024): Adopts a hi-
erarchical map-reduce strategy to handle long
context. It sorts documents chronologically
and segments them into chunks, employing
an LLM to generate intermediate summaries
which are recursively summarized to form the
final timeline.

* HM (Zhang et al., 2025a):generates date-
level summaries with LLMs and hierarchi-
cally merges them to match the required time-
line granularity.
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e LLM-TLS (Hu et al.,, 2024): summarize
the events of an article using a large model
and treats large language models as pseudo-
oracles for event clustering in streaming con-
texts. By turning off the incremental mode,
the method in the article reduces to a standard
TLS setting and can be directly compared with
other methods.

¢ CHRONOS (Wu et al., 2025): lets an LLM
iteratively self-question and rewrite queries to
retrieve news, then generates timelines round
by round. The output rounds and other hyper-
parameters can be adjusted according to the
complexity of the dataset.

B Framework Comparison Details

B.1 Single Agent Implementation

To isolate the effect of the multi-agent architecture,
we construct a single-controller agent baseline in
which a single agent performs timeline construc-
tion over the entire corpus without any subtopic de-
composition, multi-agent interaction, or scheduling.
This baseline retains only the local reasoning capa-
bilities that each MAS-TLS sub-agent possesses,
while removing all forms of inter-agent coordina-
tion.

Initialization. The agent receives the full corpus C
and initializes its working document pool C(©) =
C and an empty timeline T’ () = &. The timeline
is generated iteratively for L rounds.

Local Temporal Analysis. At round r, the
agent normalizes all timestamp expressions within
C=1) (using a standard preprocessing tool such
as HeidelTime). Let ¢(s) denote the normalized
date assigned to sentence s. It then computes a
frequency-based temporal salience distribution:

Freq™) (t) = #{s € C0V | 1(s) = t},

, Freq(") (¢
oy - P
>y Freq\™ (¢)

The next timeline time point is selected greedily:
) = arg max PO (@),
Event Extraction and Summarization. Given

the selected time point (), the agent gathers all
sentences in the pool associated with this time:

EW ={se =V |ts)=1t" 1.

A single LLM call produces a short event descrip-
tion:
y(T) = LLMsumm(E(T))a

and the timeline is updated as

T = 7D g {("), yM)1.

Pool Update and Iteration. To avoid redundant
events, the agent removes used sentences:

) ==\ g,

The process repeats until L timeline entries are
generated.

This single-agent baseline conducts timeline con-
struction in a purely local and single-perspective
manner. It uses the same LLM backbone as MAS-
TLS but lacks sub-corpus specialization, cross-
agent interaction, and Bayesian scheduling. Thus
it serves as a strong single-agent control for evalu-
ating the architectural benefits of MAS-TLS.

C Supplementary Notes on the
Experimental Setup

C.1 Supplementary Notes on Datasets

Table 4 summarizes the statistics of the three bench-
marks used in our experiments. We use only pub-
licly available news benchmarks, do not collect
new personal data, and do not redistribute raw arti-
cles—only derived timeline outputs and aggregated
statistics. Below we provide detailed descriptions
of their characteristics and the specific challenges
they pose.

Table 4: Statistics of the evaluation datasets used in this
work.

Metric T17  Crisis  Entities
# of Topics 9 4 47

# of Timelines 19 22 47
Avg. # Articles 508 2,310 959
Avg. # Pub. Dates 124 307 600
Avg. Duration (days) 212 343 4,437
Avg. Timeline Length (L) 36 29 23

T17 (Timeline 17) (Tran et al., 2013). This is
a standard multi-document summarization corpus
constructed from major news outlets (e.g., CNN,
BBC). It covers general-interest topics ranging
from technology (e.g., "Apple iPad") to public
health (e.g., "HIN1"). We use T17 to evaluate
the baseline capability of MAS-TLS in handling
standard journalistic reporting with moderate time
spans.
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Crisis (Tran et al., 2015a). This dataset consists
of articles covering four protracted armed conflicts:
Syria, Yemen, Libya, and Egypt. Unlike general
news, Crisis timelines are characterized by:

e High Ambiguity: The narratives are often
chaotic, with overlapping reports of violence,
diplomacy, and humanitarian issues.

* Topic Shifts: The focus frequently shifts be-
tween different warring factions and interna-
tional interventions.

These properties make Crisis an ideal testbed for
our Non-Stationary Bayesian Scheduling, as the
system must dynamically adapt to evolving sub-
narratives (e.g., from protests to civil war).

Entities (Gholipour Ghalandari and Ifrim,
2020). This dataset focuses on the biographies
of public figures (e.g., "Arnold Schwarzenegger",
"Morgan Tsvangirai") spanning extremely long pe-
riods. It exhibits specific challenges:

¢ Extreme Duration: The timeline spans are
significantly longer than T17 or Crisis. Some
of the topics have a time span of several
decades.

* Distributional Skew: Reporting is highly
bursty, concentrated around specific controver-
sies or achievements, leaving long "dormant"
periods.

We utilize Entities to rigorously test the Efficiency
and Topical Balance of MAS-TLS. The high skew-
ness challenges the system to avoid overfitting to
high-frequency peaks while maintaining coverage
of long-tail life events.

C.2 Computation of AR and Date-F1

Following Martschat and Markert (Martschat and
Markert, 2017), we evaluate timeline quality with
alignment-based ROUGE (AR-1/AR-2) and Date-
Fl1.

Preliminaries. Let Y = {(t,,s/)}}, be the
system-generated timeline and R = {V; }X | the
set of reference timelines for the same query @),
where )V} = {(t;f(k), sz(k)

YV, we denote by
DY) = {te: (te.se) € V}

the set of distinct dates. Fora date ¢t € D()), sy(t)
is the (possibly concatenated) daily summary at ¢.

) EL **,- For any timeline

Let

K
Dref = U D(y]:),

k=1

For each reference date d* € D, and system date
d € Dygys, we define a temporal weight

1

_ 11
& —d+1 b

War d =
where dates are measured on the normalized day
index used in our main formulation.

Alignment. AR first aligns reference dates to sys-
tem dates using both temporal proximity and con-
tent similarity. Following the align+ m:1 variant
of Martschat and Markert (Martschat and Markert,
2017), each reference date d* € D, is assigned
an aligned system date

f(d*) € Dsys,

and multiple d* are allowed to align to the same
system date (many-to-one alignment). The align-
ment is chosen by minimizing a cost that penalizes
temporal distance and low ROUGE-1 similarity;
we use the authors’ official implementation.

Per-date ROUGE. For a reference date d*, let
sref(d*) denote the concatenated reference daily
summary at d*, obtained by concatenating all refer-
ence sentences with date d* across {V; }H< . With
the aligned system date f(d*), we define per-date
ROUGE-n recall and precision as

Ri(d*) = ROUGE-nyec (Sret(d%), sy (f(d*))),

Rgrec (d*) — ROUGE-nprec (Sref(d*)> Sy(f(d*))) )

where ROUGE-nec and ROUGE-nc are the
standard sequence-level ROUGE-n recall and pre-
cision.

Alignment-based ROUGE (AR-1/AR-2). AR-
n aggregates per-date ROUGE-n scores via tempo-
ral weights from Eq. (11). We define

Z Wae f(ar) R (d")

d*eD,

AR-nNyec = < )
Y Wa g
d*eDrcf

TeC [ ¥
Z wd*’f(d*) R% (d)
d*EDref

AR‘nprec:

D Wi s
d*eDref
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The final AR-n score (we report AR-1 and AR-2)
is the harmonic mean of AR-nec and AR-nprec:

2 AR-Nrec AR-Nprec

AR-n = )
" AR-npec + AR-nprec

Date-F1. While AR-1/AR-2 focus on content
quality under soft temporal alignment, Date-F1 di-
rectly measures the quality of date selection. We
treat a date as “predicted” if it appears at least once
in the system timeline, and as “gold” if it appears
in any reference timeline:

K
Dyt = | D))

k=1
Date-level precision and recall are

Pd . ’Dsys N Dref’ Rd . ‘Dsys N Dref‘
t - 77 t - 77
e ‘Dsys| e ’Dref’

and Date-F1 is their harmonic mean:

2P, date Rdate

Date-F1 = .
P, date Rdate

Intuitively, Date-F1 is high when the system fires
on the same set of dates as human-written time-
lines, regardless of the exact wording of the daily
summaries.

C.3 Computation of JS Divergence, CV and
Gini

This appendix provides the detailed definitions of
the Jensen—Shannon (JS) divergence and the Coef-
ficient of Variation (CV) used in our temporal and
topical balance analysis. All methods use the same
target timeline length L for each topic (dataset de-
fault).

C.3.1 Temporal Jensen—Shannon (JS)
Divergence

Let the corpus be

C=A{d,....dc}, td) €L,

where t(d) denotes the normalized publication day
of document d. The model-generated timeline is

T={(t1,s1),---,(tL,s0)},

Step 1: Corpus and timeline histograms. We
convert both sets of timestamps into daily probabil-
ity distributions. The corpus histogram is

 deC|id) =t}
Pel) =& Tae oo =31

t; € 7.

and the timeline histogram is

[{ilti=t}|
Pr(t) = - .
Sl ti=1"}|
Both Pc and Pr satisty ) , Pc(t) = 1 and
Zt Pr(t) =1.
Step 2: Jensen—Shannon divergence. Define

the mixture distribution
1
M(t) = 5 (Pet) + Pr(t)).

The JS divergence between the corpus and timeline
distributions is

JS(Pc, Pr) = 3KL(Pc | M) + gxu(Pr || M),

P(t)

KL(P || M) Z:P@)bgwﬂﬂ.
A larger corpus—timeline JS suggests that the gen-
erated timeline is less proportional to corpus re-
porting volume (i.e., weaker coupling to bursty
document-frequency peaks). We do not treat larger
JS as inherently better; it is used as a diagnostic
and should be interpreted together with the gold
reference and imbalance measures. Following our
implementation, we report the JS distance

JSDiSt(Pc,PT) = JS(Pc,PT).
C.3.2 Coefficient of Variation (CV) of
Inter-Event Intervals

For any sequence of event dates {t;}~ , (from a
system/gold timeline, or from corpus documents),
we sort them:

t1 <tg <0 <.

Step 1: Adjacent temporal intervals. We com-

pute day-level gaps between consecutive events:
A =t — ty, 1=1,...,L—1.

Step 2: CV computation. Let

L-1 L-1

1 1
_ P )2
H= o120 = L—lZ(Al H*-
=1 =1
The Coefficient of Variation is defined as
cv="2.
1

Higher CV indicates irregular, noise-driven tempo-
ral clustering (burstiness), whereas a CV closer to
the reference timeline (Gold) implies a well-paced
narrative structure. Typically, raw corpora exhibit
extremely high CV due to media redundancy, and
effective summarization should reduce this vari-
ance to establish temporal continuity.
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C.3.3 Topical JS Distance and Gini in a
Corpus-Built Topic Space

We additionally assess topical balance by compar-

ing topic distributions of the corpus, the gold time-

line, and the model-generated timeline in a shared

topic space.

Topic space (dataset-level). For each dataset, we
train a topic model (BERTopic with HDBSCAN)
on sentence-level corpus units to induce a shared
topic space with K topics and a topic assignment
function
z(+) s text — {—1,1,..., K},

where z(z) = —1 denotes an outlier/noise assign-
ment.

Topic distribution (excluding noise). Given any
set of text units X = {x1,...,z|x|} (corpus units
or timeline items), we obtain topic labels {z(x)}
by projecting X into the trained topic model. We
compute topic counts over valid topics (excluding
noise):

cx(k)={ze X |z(x)=k}],k=1,.. K,
and define a smoothed topic distribution

_ cx (k) +
Yo—i (ex (B + o)
(12)

where v > 0 is a small additive smoothing constant
(we use o = 0.1). Noise is reported separately as

Px (k)

k=1,... K,

_ HzeX|2(2) =1}
X '

Topical JS distance (square-root JS). Let Px
and Pg be topic distributions computed by Eq. (12)
for an object X (a system timeline or the corpus)
and the gold timeline, respectively. Define the mix-
ture distribution

1
M(k) = 5 (Px(k) + Pa(k).
We first compute the Jensen—Shannon divergence

JS(Px, Pg) = LKL(Px || M)+3KL(Pg || M)

K

KL(P || M) =} P(k) 1og(%).
k=1

Following our implementation, we report the JS
distance (i.e., the square root of the JS divergence):

JSDist(Px, Pg) = \/JS(Px, Pg).

A smaller topical JS distance indicates that the sys-
tem allocates attention across topics more consis-
tently with human references.

Gini coefficient for topical skewness. To quan-
tify topical skew (concentration on a few topics),
we compute the Gini coefficient on the topic prob-
ability vector Py. Let p(1) < -+ < p(x) be Px
sorted in non-decreasing order. Then

Gini(Py) = 22%”’(“ Y

K 21:1 V20 K
Gini(Px) = 0 corresponds to a uniform topic dis-
tribution, while larger values indicate stronger top-
ical concentration/heavy-tail structure. We treat
Gini as a descriptive diagnostic and interpret it
together with topical JS distance and the gold ref-
erence.

C.4 Implementation Semantic-space Scatter
Visualization

We provide a qualitative semantic-space visualiza-
tion to compare how different methods select con-
tent relative to the same corpus structure. For each
dataset, we build a sentence-level corpus pool and
collect timeline texts from the gold reference and
system outputs. All texts are normalized with iden-
tical rules (e.g., remove empty/URL/all-symbol
fragments, short-text filtering, and exact dedupli-
cation after normalization). To avoid visual bias
from different output lengths, we use fixed-size
subsampling: we draw a background sample from
the corpus and an equal-sized sample from each
method.

All units are encoded using the same Sentence-
Transformer; embeddings are cached by hashing
normalized text. We fit UMAP only on corpus
embeddings to obtain a corpus-built 2D map, and
project gold/system embeddings into the same co-
ordinate system via UMAP transform. Each plot
shows the corpus as a light-gray background and
overlays one method (Gold/Base/Single/MAS) in
color, enabling direct inspection of semantic cover-
age and selection preference under a shared coordi-
nate frame.
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D Supplementary Results

In this section, we provide additional experimental
results that were omitted from the main text due to
space constraints.

D.1 Detailed Model Transferability

To examine whether the gains of MAS-TLS depend
on a specific (proprietary) backbone, we evaluated
the framework with three representative backbones
of large language models (LLMs). We selected
three representative backbones:

¢ GPT-40-mini: A strong closed-source com-
mercial baseline with favorable cost—quality
trade-offs.

* DeepSeek-R1-32B: An open-weight model
geared toward reasoning-style generation.

* Qwen-3-32B (our default): Our primary open-
weight backbone balancing instruction follow-
ing and reasoning.

Table 5 presents results on the Entities dataset.
Overall performance is consistent across all tested
backbones. Notably, the open-weight Qwen-3-
32B achieves the best scores (AR-1 0.099, Date-F1
0.251), slightly above GPT-40-mini (AR-1 0.095,
Date-F1 0.246). The reasoning-oriented DeepSeek-
R1-32B remains competitive (AR-1 0.092, Date-F1
0.243), with only a small drop.

These results suggest that MAS-TLS transfers
robustly across the evaluated backbones and is not
tied to a single model family in this setting. We hy-
pothesize that the proposed multi-agent decomposi-
tion and coordination components, which provide a
structured procedure for evidence organization and
candidate consolidation, enabling medium-sized
open models to reach comparable performance
without relying exclusively on proprietary APIs.

Table 5: Model Transferability on Entities. MAS-
TLS maintains stable performance across different back-
bones. The relative AR-1 spread is below 8% .

Backbone AR-1 AR-2 Date-F1
GPT-40-mini 0.095 0.036 0.246
DeepSeek-R1-32B  0.092  0.038 0.243
Qwen-3-32B 0.099 0.041 0.251

D.2 Sensitivity Analysis

We analyze the sensitivity of MAS-TLS to four
core parameters on the Entities dataset: (1) The

Sub-Agent Quantity M
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Figure 7: Hyperparameter Analysis. We report the
impact of four key parameters on generation quality
(AR-1; red diamonds; left axis) and computational cost
(token consumption in millions; blue squares; right axis).
Shaded regions indicate variability across 3 independent
runs. We vary one parameter at a time while fixing the
others to the selected default (M = 5,8 = 0.1,y =
0.95, Aair = 0.05).

number of sub-agents M, which determines the
granularity of semantic decomposition; (2) The
coordination coefficient 3, which controls the influ-
ence of cross-agent distinctiveness; (3) The forget-
ting factor y, which governs the system’s adaptabil-
ity to non-stationary topic shifts; (4) The fairness
weight Ag,ir, which balances the trade-off between
exploiting high-performing agents and exploring
dormant ones. Figure 7 illustrates the performance
trends (AR-1, red, left axis) and computational cost
(Token consumption, blue, right axis) as we vary
one parameter at a time while keeping the others
fixed at the reference setting.

Impact of Sub-Agent Granularity (M). As
shown in Figure 7 (top-left), increasing M from
3 to 5 yields the largest performance gain (AR-
1 improves from 0.085 to 0.099), suggesting that
moderate semantic decomposition is crucial for
covering complex timelines. However, further in-
creasing M to 7 brings a slight drop, and M = 10
degrades quality, while token consumption keeps
increasing monotonically. Overall, M = 5 offers
the best efficiency sweet spot, balancing coverage
and cost.

Impact of Coordination Strength (3). The coor-
dination coefficient (top-right) exhibits an “inverted
U-shape” trend. A moderate penalty (3 = 0.1) out-
performs the near-zero setting (5 = 0.01), support-
ing the value of inter-agent coordination for reduc-
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ing redundancy. Meanwhile, “token consumption
changes only slightly as 3 varies, suggesting that
[ mainly reshapes selection priorities rather than
the overall amount of generation. Over-penalizing
overlap (5 = 0.2) hurts performance by discourag-
ing the selection of central, high-salience events.

Impact of Forgetting Factor (vy). Figure 7
(bottom-left) shows that v substantially affects AR-
1 on ENTITIES. The system underperforms at
~ = 1.0 (no forgetting), where accumulated histor-
ical feedback makes the controller less responsive
to recent accept/reject signals. Peak performance
at v = 0.95 suggests that moderately discounting
older feedback helps emphasize recent evidence
and improves robustness.

Exploration-Exploitation Trade-off  (Agaj.).
The fairness weight (bottom-right) controls ex-
ploration. A small bonus (Mg = 0.05) alleviates
agent starvation and improves performance over
the greedy baseline (Apir = 0) with a modest
increase in cost. In contrast, larger fairness weights
(e.g., Aair = 0.1) substantially increase token
consumption and reduce quality, as low-relevance
agents are activated too frequently.

Table 6: Cross-lingual Evaluation on Chinese
DTELS. Results on Chinese DTELS-Bench. MAS-TLS
improves coverage (AR-1/AR-2) and remains competi-
tive on temporal precision (Date-F1).

Method AR-1 AR-2 Date-F1
HM 0.062 0.035 0.202
LLM-TLS 0.071 0.033 0.215
CHRONOS 0.088 0.038 0.218
MAS-TLS (Ours) 0.096 0.041 0.226

D.3 Cross-Lingual Generalization

To examine whether the proposed agentic archi-
tecture generalizes beyond English corpora, we
conduct an additional evaluation of MAS-TLS on
a Chinese subset derived from DTELS-Bench. The
goal is to assess cross-lingual robustness without
introducing any changes to the core system design.

In this setting, we keep the overall pipeline
intact and limit adaptations strictly to language-
dependent components. Specifically, we adjust
prompting strategies and incorporate Chinese-
specific preprocessing steps, including sentence
segmentation and normalization of temporal ex-
pressions. Importantly, no modifications are made

to the agent topology or the coordination mech-
anisms, ensuring that the underlying architecture
remains fully consistent with the English setup.

Unless otherwise specified, we follow the default
target length defined in DTELS-Bench and adopt
the same evaluation protocol used in our main ex-
periments. This setup allows for a controlled com-
parison while providing a more nuanced indication
of how the framework performs on non-English
data drawn from a portion of the benchmark.

Table 6 reports the results. MAS-TLS achieves
an AR-1 of 0.096 and Date-F1 of 0.226, outper-
forming the strongest baseline CHRONOS on all
metrics. We report AR-1/AR-2 as coverage metrics
under alignment-based evaluation, and the AR-1
gain suggests that the decomposed workflow re-
mains effective in the Chinese setting. We note that
improvements on AR-2 and Date-F1 are smaller,
which may reflect differences in temporal expres-
sion realizations and preprocessing noise in Chi-
nese corpora.

D.4 Supplementary Temporal Imbalance
Analysis on ENTITIES

To quantify the temporal imbalance in the input
corpus and examine whether MAS-TLS mitigates
corpus-induced temporal skew, we analyze the dis-
tribution of documents/events over time on ENTI-
TIES. Entity-centric corpora are often temporally
bursty: documents may concentrate around a few
high-publicity periods, such as scandals, trials, ap-
pointments, deaths, or other salient incidents. A
timeline system that follows the raw corpus den-
sity too closely may therefore over-select events
from these dense periods while under-representing
quieter but still important stages of the entity’s tra-
jectory.

For each topic (), we construct a discrete time
histogram over calendar years. Specifically, let
c = (c1,...,cp) denote the yearly counts, where
B is the number of years in the topic span and ¢,
is the number of items falling into the b-th year.
For the input corpus, ¢; counts documents in year
b and Zle ¢y, = N denotes the total number of
corpus documents for the topic. We construct the
same type of yearly histogram for the system out-
put timeline and the gold timeline, where c; counts
selected or reference events rather than corpus doc-
uments. All distributions for the same topic are
evaluated over the same topic-specific year span,
so that the imbalance scores are comparable across
corpus, system output, and gold reference.
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We report three complementary imbalance met-
rics, where lower values indicate less temporal con-
centration under this diagnostic. (1) Coefficient of
Variation (CV), defined as

a(c)
p(c)’

measures the relative dispersion of yearly counts. A
high CV indicates that a small number of years con-
tain disproportionately many documents or events,
while a lower CV suggests a more even tempo-
ral spread. (2) Gini coefficient is computed over
yearly counts and measures inequality of temporal
mass across years. Compared with CV, Gini pro-
vides a direct inequality-oriented view of how con-
centrated the distribution is. (3) Jensen—Shannon
(JS) divergence is computed between the normal-
ized year distribution and a uniform temporal refer-
ence. Let

CV(c) =

Cy w — 1
Spoi "B
The JS divergence between p and « measures how
far the observed temporal distribution deviates
from uniform coverage over the topic span. We
use this value as an information-theoretic diagnos-
tic of temporal concentration.

Figure 9 and Figure 10 show that the input cor-
pus is often highly skewed in time, confirming that
temporal imbalance is a prominent property of EN-
TITIES. MAS-TLS generally reduces this skew
relative to the input corpus, yielding lower CV and
Gini values for many topics and bringing the out-
put distribution into a range comparable to the gold
timeline. These results suggest that the proposed
decomposition and temporal coordination mecha-
nisms help the system avoid simply reproducing
the densest temporal bursts in the corpus.

Figure 11 further compares MAS-TLS and the
gold timeline from an information-theoretic per-
spective. MAS-TLS often obtains JS-to-uniform
values that are comparable to, and in many cases
lower than, those of the gold timeline. This indi-
cates that the generated timelines are not overly
concentrated in a narrow set of years. However,
we do not interpret lower JS divergence as univer-
sally better, since human-written gold timelines
are not necessarily uniform and may legitimately
emphasize periods with more important events.

Importantly, these metrics are intended as sup-
plementary diagnostics rather than standalone mea-
sures of timeline quality. A perfectly uniform

Py =

timeline is not necessarily optimal for every topic.
Therefore, lower CV, Gini, or JS divergence should
be understood as evidence that the system mitigates
excessive corpus-induced temporal skew, not as a
replacement for semantic coverage and temporal
accuracy metrics such as AR and Date-F1. Under
this interpretation, the supplementary analysis sup-
ports the claim that MAS-TLS improves temporal
balance while maintaining relevance to the gold
timeline.

D.5 Evidence Support Audit: Implementation
Details

Since TLS outputs are factual event statements
(date + description), we conduct a small-scale sup-
plementary audit to check whether each generated
event is supported by the evidence that is avail-
able to the system during generation. This audit
is particularly relevant for our agentic workflow,
where each sub-agent maintains a running set of
high-confidence event candidates and the master
performs adjudication across agents.

For each timeline instance, we construct the
evidence set from the system’s native intermedi-
ate artifacts produced during inference. Specif-
ically, we use the evidence sentences summa-
rized/retained during the per-agent event mainte-
nance stage (Step 2 in our pipeline), i.e., the set of
sentences that the agentic newsroom selects as high-
value evidence before master adjudication. This
definition ensures that annotators only see infor-
mation that the system itself had access to when
producing the final timeline, avoiding post-hoc evi-
dence augmentation.

For each benchmark, we randomly sample 50—
100 event statements from the final generated time-
lines. To avoid position bias, we draw events across
early/middle/late parts of timelines when applica-
ble. For each sampled event, we provide annota-
tors with: (i) the generated event statement (date
+ description), and (ii) the corresponding system-
visible evidence set .

Each item is labeled independently by three an-
notators in a blind setting (method identifiers re-
moved, randomized order). Annotators label two
binary attributes for each event: (i) Content sup-
port: whether the event description is supported by
the provided evidence; (ii) Time support: whether
the event date is consistent with (or directly sup-
ported by) the evidence. When evidence is insuf-
ficient to verify an attribute, annotators mark it
as not supported for a conservative estimate. We
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use majority vote as the final label. Inter-annotator
agreement is around 80% (average pairwise percent
agreement) for both attributes.

We summarize each audited event into one of
four mutually exclusive categories based on content
support and time support: Fully supported (both
supported), Time-only supported (time supported
but content not), Content-only supported (content
supported but time not), and Unsupported (neither
supported). We report the category proportions per
dataset and visualize the distribution in Fig. 8.

To assess whether adjudication (LLM;ax) af-
fects grounding, we run the audit on two variants
under the same protocol: MAS-TLS (full) and
MAS-TLS W/0 LLM_,uk. This isolates the effect
of adjudication on evidence support while holding
the evidence construction and candidate generation
stages fixed.

Figure 8 reports the four-way evidence-support
breakdown for MAS-TLS with and without
LLM.,. Across benchmarks, most events are
Fully supported by system-visible evidence (about
63—-80%), while the Unsupported category re-
mains consistently small (about 5-8%). ENTI-
TIES shows a lower fully-supported share and more
partially-supported cases (time-only/content-only)
than CRISIS and T17, which is expected given its
finer-grained event distinctions and higher ambigu-
ity in aligning dates and descriptions.

Comparing w/ and w/o LLM;, the distribu-
tions are nearly unchanged across all datasets: the
fully-supported portion increases slightly with ad-
judication, while the unsupported portion changes
marginally (overall ~6.6% w/ vs. ~7.0% w/o).
This suggests that adjudication does not introduce
additional unsupported statements, and any main-
metric gains are not achieved by trading off evi-
dence grounding.
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Figure 8: Evidence support audit (four-way breakdown). We categorize sampled event statements into Fully
supported, Time-only, Content-only, and Unsupported based on whether the event content and date are supported
by system-visible evidence. Results are shown for CRISIS, ENTITIES, and T17, comparing MAS-TLS with and

without LLM k.
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Figure 9: Temporal imbalance on ENTITIES measured by CV (per topic, averaged over runs). We compute
the coefficient of variation of yearly counts for the input corpus, the MAS-TLS generated timeline, and the gold
timeline. Lower values indicate less temporal concentration and a more balanced distribution over years.
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Figure 10: Temporal imbalance on ENTITIES measured by Gini (by year, averaged over runs). The Gini
coefficient characterizes the inequality of yearly mass: higher values indicate stronger temporal imbalance. MAS-
TLS consistently lowers the temporal inequality compared to the input corpus, moving closer to the gold reference.
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Figure 11: Temporal imbalance on ENTITIES measured by JS divergence (per topic, averaged over runs). We
report the Jensen—Shannon divergence between the normalized yearly distribution and a uniform reference. Lower
values imply a distribution that is less concentrated in a small subset of years.
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