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. An example of event forecasting
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Q, Search polymarkets...
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Geopolitics

:, # Israel x Iran ceasefire
“ Y continues through..?

July 20 100% Yes No

July 22 100% Yes No

$3M Vol. & 0
Strait of Hormuz traffic N
returns to normal by . 1%
July 312 chance

Yes No
$20M Vol. & Monthly A

m Will the U.S. invade Iran .
=S before 2027? (3OA
chance
Yes No
$46M Vol. 2 Monthly ® N
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© How it works

Esports Iran Finance Geopolitics Tech

Iran leader end of 20267

Mojtaba Khamenei 74% Yes No
No Head of State 7% Yes No
$34M Vol. & N

B US x Iran Effective Ceasefire by...? (2
week pause)

August 31 50% Yes No
August 14 34% Yes No
$2M Vol. & [

‘M Kharg Island no longer under Iranian
L control by...?

August 31 8% Yes No
July 31 2% Yes No
$66M Vol. @ A

Culture Economy Weather Mentions

a = N

Q Bab el-Mandeb Strait effectively

closed by...?
December 31 38% Yes No
September 30 27% Yes No
$7M Vol. & 0

g Israel closes its airspace by...?

August 31 45% Yes No
August 15 39% Yes No
$24M Vol & 0
% US announces halt in Iran offensive
& operations by...?

August 31 61% Yes No
August 15 39% Yes No
$859K Vol. & N
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. Event forecasting formulations (1/2)
Natural Language MCQ g Polymarket m Kalshi

::afn |::2::an of 20267 ¢ v R Forecastin g Question

Mojtaba Khamenei 741% @ No Head of State 7.3% Reza Pahlavi 4.3% @ Ahmad Vahidi 2.8%

D The Market Prediction and Trend
O e o

e =™

2 $33957,265Vol. @ Dec 31, 2026 H é6H 1D W M ALL = &
Mojtaba Khamenei
s4 7’43 777 vol. & 74% a45 Buy Yes 74.5¢ Buy No 26.3¢
1 . ol
No Head of State
$1,017,136 Vol 7% 21 Buy Yes 7.8¢ Buy No 93.1¢

—> The Options (possible outcomes)

Reza Pahlavi

Of wi12%
$515.216 Vol. &8 4% -~ Buy Yes 4.6¢ Buy No 95.9¢
Ahmad Vahidi

9, 1%
$593132 Vol. €8 3% - Buy Yes 3.1¢ Buy No 97.4¢
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. Event forecasting formulations (2/2)

Temporal Knowledge Graph
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A spatial module (e.g., GCN) + A temporal module (e.g., RNN)

[1] Jin et al. Recurrent Event Network: Autoregressive Structure Inference over Temporal Knowledge Graphs. ACL 2020.
© Copyright Singapore Management University. All Rights Resenved.  [2] Li et al. Temporal Knowledge Graph Reasoning Based on Evolutional Representation Learning. SIGIR 2021.
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Large language models for event forecasting

i —_— Finetune _— Inf
Online News Stream -> —>» Inference

297: Japan, Make_a_visit, South_Korea
298: Japan, Make_a_visit, Philippines

q
Y
\

|_ 296: Japan, Make_a_visit, North_Korea

\

303: Japan, Make_a_visit, North_Korea

|

[

[

I

| b = 3 304: Japan, Make_a_visit, North_Korea

e e -H 305: Japan, Make_a_visit, ? |

The missing entity is North_Korea. \/

TCELongBench (RAG & Long Context LLM)? Chain of History (CoT & Finetune)

[1] Zhang et al. Analyzing temporal complex events with large language models? a benchmark towards temporal, long context understanding. ACL 2024.

[2] Luo et al. Chain of history: Learning and forecasting with llms for temporal knowledge graph completion. ACL 2024 Findings.
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Challenges and motivation

« C1: The number of events grows significantly with the increasing of regional and temporal span.

+ C2: Events in different regions demonstrate distinct evolutionary patterns.

Event Counts Single-LLM Predictor Muti-Expert Predictor
é j:@:; 3 ©- g )
1year . @ &
O =
Only one Multi-perspective
1 monthi O . . 10K output path @ @ response
oo IrqulKurdish Ho_qui militia
1K wono izzm?o militants %jo in Yemen @
1day - O O O ppostin ms@ Iragi Kurdish
militants 4@
: 1 . 100 :
Israel MidEast Global

Relying on a single model for prediction is limited

Q We need multiple experts, each focusing on a specific domain/area
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ThinkTank-ME:
A Multi-Expert Framework for Middle East Event Forecasting
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» Inspired by the real-world think tank models, where a group of experts collectively think on problems,
we propose ThinkTank-ME, which consists of multiple expert models and one leader model
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ThinkTank-ME: A Multi-Expert Framework for Middle East Event Forecasting. Haoxuan Li, He Chang, and Yunshan Ma et al. WWW 2026.
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. Methodology

Expert Model
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(1/2)
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Country-specific Events

We finetune one expert model for each region (i.e.,
country), simulating multidisciplinary think-tank
expertise for context-aware geopolitical forecasting
Knowledge Acquisition: LLMs are fine-tuned on
country-specific subsets of the POLECAT-FOR-ME
to capture unique regional event patterns and
dynamics.

Prompt Engineering: we design a structured prompt
to instruct the LLMs to assume the role of a
geopolitical expert and predict the missing object
based on historical context.
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B Methodology (2/2)

Leader Model: How to select the proper expert model given a forecasting question?

+ Expert Routing: we train a multi-class classifier to Leader Model
predict which expert model to use
+ Wisdom Aggregation Strategies:
» Majority voting ' ' . . ' . .

> Best-of-N fmmmmmmm e e e e ee a0

|
» Vanilla Best-of-N: selects the prediction with @ : .g ';"% 5.5- e -;- =7 :
the highest individual confidence i USA  GBR IRN ISR USA ISR :
> Weighted Best-of-N, aggregate all the ~ ~~~""""""3% """ =~"""""""""7"< I T
predictions using the confidence as weights .Eo .E1 = .ETaEH -
+ Elite Ensemble: we use the expert routing model ¢ - - Historical Events VZ72 Expert Models 2" Predictions

to select the tOp-k experts, which will then be (_ 2 Wisdom Aggregﬂ'flﬂnﬁaf:) Elite Ensemble:%l__, Expert Routing
aggregated by Wisdom Aggregation Strategies
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» Refined ontology

» POLECAT * Better information

extraction methods

ICEWSI GDELT?

POLECAT-FOR-ME: A subset specifically for Middle East countries
« Data cleaning: event deduplication and entity validation to ensure consistency and reliability
» Historical sequence formation: group semantically related events into historical event sequences
» Country dataset construction: events are partitioned by the attribute Country to create country-
specific dataset. Considering geopolitical relevance and data sufficiency, we select 35 countries
and regionsil. Test set partitioning accounts for the knowledge cutoff of Llama 3.1 (December
2023) to prevent leakage.

[3] Andrew et al. PLOVER and POLECAT: A New Political Event Ontology and Dataset. hitps://dataverse.harvard.edu/dataverse/POLECAT
[4] Middle East: IRN, ISR, EGY, SAU, TUR, IRQ, YEM, SYR, JOR, ARE, LBN, OMN, KWT, QAT, BHR, CYP, PSE. Global (G20): CHN, USA,
RUS, GBR, FRA, DEU, KOR, JPN, IND, CAN, ITA, AUS, ESP, ARG, BRA, IDN, MEX, ZAF. Country codes based on ISO 3166.

© Copyright Singapore Management University. All Rights Reserved.


https://dataverse.harvard.edu/dataverse/icews
https://www.gdeltproject.org/about.html
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. Experimental Results

» Performance (accuracy) comparison across baseline methods, proprietary LLMs, and
ThinkTank-ME. For country-specific accuracy, we report results on representative countries
from the Middle East. The best results among non-proprietary models are marked in bold, while
the overall best results are underlined. Mi and Ma denote micro- and macro-average accuracy.

Methods Variants H Country-specific Accuracy || Total Accuracy
|| ISR EGY IRQ YEM SYR LBN QAT PSE || Mi Ma
Baselines No Training 1.1 78 96 340 178 124 101 83 || 155 157
All-data Training 174 107 162 499 193 253 85 158 || 227 226
Probrictary LLMs GPT-40 [9] 222 173 153 379 186 156 208 158 || 235 = 240
prietaty GPT-40-mini [9] 203 213 153 372 177 163 192 141 || 227 225
Expert Routing - || 13.9 84 114 390 156 237 107 135 | 186 194
Majority Voting 177 119 139 504 216 269 112 181 | 236 239
Wisdom Aggregation Vanilla Best-of-N 163 131 9.6 484 182 196 9.0 155 || 21.2 222
Weighted Best-of-N || 18.0 139 144 507 222 266 109 175 || 239 244
Majority Voting 180 128 135 507 226 269 112 17.0 || 239 = 242
Elite Ensemble Vanilla Best-of-N 17.7 141 118 509 192 248 8.0 16.1 || 228 23.9
Weighted Best-of-N || 18.3 15.7 144 51.6 234 269 115 17.5 | 246  25.0

ThinkTank-ME: A Multi-Expert Framework for Middle East Event Forecasting. Haoxuan Li, He Chang, and Yunshan Ma et al. WWW 2026.

© Copyright Singapore Management University. All Rights Reserved.
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Experimental Results

» Elite Ensemble (Weighted Best-of-N) substantially outperforms All-data Training and No Training.

» Our method consistently outperforms the proprietary LLMs (GPT-40 and GPT-40-mini).

« For country-specific results, proprietary LLMs perform better on high-profile (popular) countries,
while our expert models perform better on long-tail (low-resource) countries.

Methods Variants H Country-specific Accuracy || Total Accuracy
|| ISR EGY IRQ YEM SYR LBN QAT PSE || Mi Ma
Baselines No Training 1.1 78 96 340 178 124 101 83 || 155 157
All-data Training 174 107 162 499 193 253 85 158 || 227 226
Probrictary LLMs GPT-40 [9] 222 173 153 379 186 156 208 158 || 235 = 240
prietaty GPT-40-mini [9] 203 213 153 372 177 163 192 141 || 227 225
Expert Routing - || 139 84 114 390 156 237 107 135 | 186 194
Majority Voting 177 119 139 504 216 269 112 181 | 236 239
Wisdom Aggregation Vanilla Best-of-N 163 131 9.6 484 182 196 9.0 155 || 21.2 222
Weighted Best-of-N || 18.0 139 144 507 222 266 109 175 || 239 244
Majority Voting 180 128 135 507 226 269 112 17.0 || 239 = 242
Elite Ensemble Vanilla Best-of-N 17.7 141 118 509 192 248 8.0 16.1 || 228 23.9
| Weighted Best-of-N || 18.3 15.7 14.4 51.6 234 26.9 115 17.5 | 246 25.0

ThinkTank-ME: A Multi-Expert Framework for Middle East Event Forecasting. Haoxuan Li, He Chang, and Yunshan Ma et al. WWW 2026.
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. From MCQ to open-ended forecasting

Open-ended forecasting

@ o : . Q—I\ — ’/X\ — What will happen in the next timestamp?

World - Middle East

Iran leader end of 20267? (No options provided)

MCQ / TKG Open-ended

Discriminative: Generative:
classification or ranking directly generate the results

© Copyright Singapore Management University. All Rights Reserved.



SMU Classification: Restricted

Research gaps and motivations

An analogy between open-ended event forecasting and shooting

4 1
Single Prediction (existing)

Ground Truth \

2024 French legislative
election: second-round « The New Popular Front
became the largest bloc by
seats after the second round.
\. J

4 )
Multiple Predictions

s

~— ’Hypothesi
Pinpoint Forecasting

* The New Popular Front became
the largest bloc by seats after
the second round.

* NFP and Macron-aligned centrists
, coordinated withdrawals to block
J L RN, and it worked.

J

© Copyright Singapore Management University. All Rights Reserved.
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. Challenges in hypothesis generation

Objective: to achieve both inclusiveness and diversity of the generated hypotheses

Solution 1: directly prompt LLMs to generate multiple non-redundant hypotheses

LLMs struggle to consistently produce distinct yet valid long-tail events

Solution 2: post-training of LLMs using RL, such as GRPO

Optimizing for both inclusiveness and diversity is inherently conflicting
» Emphasizing inclusiveness tends to favor conservative hypotheses and
is prone to mode collapse, ultimately resulting in a single outcome.
» Emphasizing diversity often yields noisy gradients and unstable
optimization, thereby hampering convergence.

© Copyright Singapore Management University. All Rights Reserved.
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Our approach: SCATTER

A
Intra-group Divegsity
,N
Question T I 2 Final Reward
/O \ O \
2024 French legislative yk / 5 | )i —
election: second-round a N -O / |A 'ﬂdl‘l‘y Reward R(l)'\ 50,
results? Response )i , | =
. _O 7 A )ro I RO .
l 0.0 l Rollout | Hypothesis I @] 9 » | > —> | Advantage
m__m * Hypothesis hz @ o<, - » : I
(LLM) : Embedding Model / OK s < PN |
- Hypothesis hy () | O“ ™ Inter-group Diversity R®
Policy Model Tg . ypothesis M@]Jy ,}}\ O\\ I
1
\O ) A Ground Truth [
I ey O @ Low/High-Validity Hypothesis I
| {_:-/ Response I
—————————————————— Policy Optimization — — — — —= = = = = = — - - - -
(k) _ pk) (k) (k)
R _ Rvalidity Rmtra Rmter

Scattered Hypothesis Generation for Open-Ended Event Forecasting. He Chang et al. ACL 2026 Findings.

© Copyright Singapore Management University. All Rights Reserved.
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Experiments

Overall performance comparison

Model OpenForecast OpenEP

Pass@1/Pass@16 SP@1/SP@16 SR@1/SR@16 VR@16 | Pass@1/Pass@16 SP@1/SP@16 SR@1/SR@16 VR@16

GPT-4o-mini ~ 7.55*073/25.44  9.39*0%0/22.81  4.96~0%7/12.76 =~ 4.23 | 18.82*1%1/3222  6.87+195/17.78  3.06-0%!/9.28 4.08

Llama3.2-3B-Instruct

Base 4407972 /2171 9.40%0%4/27.19  4.85795%/15.42  5.73 | 18.26%179/33.33  7.20%157/18.89  2.97*076/9.72 5.67
+SFT 4.501:05/20.39  7.10%066/21.27  3.6470%/11.72  T7.74 6.817200/2556  9.1071%/30.00  2.3705%/11.43  6.92
+ GRPO 11.90%195/28.29  13.72%97/21.05  7.08%°4?/11.61  0.71 2.85%130 /5.56 11.115552/20.00  3.14%%79/6.35 0.62

+SCATTER 7.73%0%0/31.36 17.45708!/42.32 9.4770%/2564  6.54 7.367%29/25.56  15.697%6%/36.67 4.677'9%/1530  4.90

Owen2.5-3B-Instruct

Base 5.965101/25.88  6.95%0°%/20.61  3.67%%26/10.72  5.07 | 15.00%222/32.22  4.93*171/17.78  2.51%095/10.20  5.56
+SFT 5511046 /23 68  8.557091/24.56  4.48704/13.85  7.10 5.00%219/20.00  6.467172/21.11  2.02*071/8.38 5.52
+ GRPO 11.8410998 /2566 17.60%996/27.85  9.709%6/15.94  0.87 5491173 /13,33 19.6571°1/26.67 6.927953/10.58  0.76

+SCATTER  8.55%0%7/30.26 17.61%'2/41.89 9.7770%9/24.29 9.14 | 9.65%%7'/35.56 16.25727°/38.89 4.88*"%3/17.59  8.21

+ Datasets: open-ended event forecasting benchmarks, OpenForecast and OpenEP.

» Evaluation metrics: Pass@K, SoftPass@K, SoftRecall@K, VR@K, K in {1, 16}
+ Pass@K: LLM as ajudge
» Soft-xx: using embedding model and cosine similarity to compare the prediction and ground-truth
+ VR@K: ValidRatio, the proportion of valid, non-redundant hypotheses

© Copyright Singapore Management University. All Rights Reserved.
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. Experiments

Overall performance comparison

Model OpenForecast OpenEP
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GPT-4o-mini ~ 7.55*073/25.44  9.39*0%0/22.81  4.96~0%7/12.76 =~ 4.23 | 18.82*1%1/3222  6.87+195/17.78  3.06-0%!/9.28 4.08

Llama3.2-3B-Instruct

Base 4407972 /2171 9.40%0%4/27.19  4.85795%/15.42  5.73 | 18.26%179/33.33  7.20%157/18.89  2.97*076/9.72 5.67
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+SCATTER 7.73%0%0/31.36 17.45708!/42.32 9.4770%/2564  6.54 7.367%29/25.56  15.697%6%/36.67 4.677'9%/1530  4.90

Owen2.5-3B-Instruct

Base 5.965101/25.88  6.95%0°%/20.61  3.67%%26/10.72  5.07 | 15.00%222/32.22  4.93*171/17.78  2.51%095/10.20  5.56
+SFT 5511046 /23 68  8.557091/24.56  4.48704/13.85  7.10 5.00%219/20.00  6.467172/21.11  2.02*071/8.38 5.52
+ GRPO 11.8410998 /2566 17.60%996/27.85  9.709%6/15.94  0.87 5491173 /13,33 19.6571°1/26.67 6.927953/10.58  0.76

+SCATTER  8.55%0%7/30.26 17.61%'2/41.89 9.7770%9/24.29 9.14 | 9.65%%7'/35.56 16.25727°/38.89 4.88*"%3/17.59  8.21

« SCATTER generally performs the best against most of the evaluation metrics
+ GRPO performs best on Pass@1, while it has near-zero valid ratio, indicating a severe modal collapse
* It only optimizes the inclusiveness while sacrificing diversity

© Copyright Singapore Management University. All Rights Reserved.
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. In-depth analysis

» Ablation study of the rewards  Visualization of the results
SCATTER Qwen2.5-3B GPT-40-mini A Ground Truth
P ®
)
X “ K A
Bk a @ e
Model OpenForecast OpenEP ™ L. ) AN
Pass SP SR VR |Pass SP SR VR e Eom W
Llama3.2-3B-Instruct & B o M rm D
SCATTER 3136 4232 2564 6.54 | 2556 36.67 15.30 4.90 S P $ o
-inter 3443 44.74 2591 436 | 2222 3333 1442 397 T
-intra 31.14 4211 2536 264 | 2333 30.00 1245 1.93 w
GRPO 2829 21.05 1161 071 | 556 2000 635 062 all hypotheses valid hypotheses
QOwen2.5-3B-Instruct (a) OpenForecast
SCATTER 30.26 41.89 2429 9.14 | 3556 38.89 17.59 8.21 & on iy A
-inter 3311 41.01 2444 474 | 3333 4000 18.84 4.78 Y
-intra 33.11 4145 2414 4.19 | 3222 40.0 187 4.14 SR
GRPO 2566 27.85 1594 0.87 | 1333 26.67 1058 0.76 e o A
° A
® ‘)r.o .}
$ o"'s' ;‘.;: A
—
&
all hypotheses valid hypotheses
(b) OpenEP

© Copyright Singapore Management University. All Rights Reserved.



Hyperparameter analysis

» Performance w.r.t. sampling rounds K

Base —+— GPT-40-mini —— SFT -+ GRPO —— SCATTER
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Performance w.r.t. #hypothesis per round
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. Key take-aways

ThinkTank-ME — Multi-Agent Framework
« A multi-expert framework for temporal event forecasting
* Including multiple expert models and one leader model, inspired by real-world ThinkTank
» Applied in the middle-east geopolitical event forecasting scenario

SCATTER — LLM Post Training
» A paradigm shift from single prediction to scatter forecasting
 Introduce hypothesis generation as the proxy task to forecasting
« Design post-training framework SCATTER to achieve both inclusiveness and diversity
« Evaluated on open-ended event forecasting benchmarks: OpenForecast and OpenEP

? What's next beyond multi-agent and post-training

© Copyright Singapore Management University. All Rights Reserve d
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. Future work: from multi-expert selection to agent search

Motivation: why do we need Agent Search?

» One expert per country is still too limited, we need to define more fine-grained experts w.r.t. region,
domain, time, celebrity, and more importantly, composition of experts. Large number of agents make
it a must for agent search.

» Finetuning expert model becomes more and more challenging to small groups, the cutting-edge LLMs
are more and more powerful, we need to probe the internal knowledge using agents rather than inject
more knowledge constrained by limited resources and scale.

» Convert a central LLM to agent search offer more controllability for human to audit and monitor the Al
decision making process, increasing trust and mitigating bias.

Needed experts
Query A =) Israel politics

Diplomatic relation Saudi culture
U.S. policy - Agent Search
Needed experts Task-specific team
Query B - Oil market

Energy risk Security risk

Shipping context

© Copyright Singapore Management University. All Rights Reserved.
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. Future work: from multi-expert selection to agent search

A conceptual design:

» Forecast Agent Search treats expert agents as searchable, rankable, and composable resources.
» [Each agentis described by a lightweight profile, so it can be indexed and retrieved for a specific query.

. Task Needs Agent Profile Index
Forecasting Query ) e .
. . . Region Specialization Top-K Agents
Subject, relation, ?, time .
Actor Supported evidence Compact expert
N m) , =) S =)
. . . Domain Reliability team
historical/news/multim .
i Evidence source Cost for this task
odal evidence . . .
Historical context Known limitations

THANK YOU & QA
Website: https://mysbupt.github.io/

© Copyright Singapore Management University. All Rights Reserved.
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