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What are societal events?
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What are societal events?
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Societal Events
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Societal Event Predictions

e The task is to predict the occurrence of events in the future with

significant social impact.

e Underlying mechanism of societal events

o Complex, dynamic, sparse

o Hard to comprehensively model with limited data

o Largely unknown

[ Social sensors }

\ 4

Model

J
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Future events ]

Build the forecaster driven by large historical data



Lead Time
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N. Ramakrishnan et al. ‘Beating the news' with EMBERS: Forecasting Civil Unrest using Open Source Indicators, in Proceedings of the 20th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining (KDD'14), Aug 2014



Examples of Social Indicators

Global event encoding system

Social Media Landscape 2017
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https://servirglobal.net/Global/Articles/Article/2642/satellite-data-aids-forest-fire-detection-and-monitoring-in-nepal

Characteristics of Social Indicators

e Ubiquitous

o Every user/agent of social media/web/forum is a social sensor
(citizen sensor)
o They are everywhere observing the world all the time.

e Timeliness
o 6,000 tweets every second.

TARGET: A New Crisis

o 500 million tweets per day.
o Usually beats the earliest official reports. — r—
Ircrew rescues 5 people from
floodwater in SE #Houston

neighborhood #USCG

e Indicative and predictive signals
| It was not a surprise. #globalwarming

Just another tornado flooding kinda
day

#BREAKINGNEWS #Texas
#NationalGuard 36" CAB conducted 8
successful hoist rescues in #Rockport

C] Events . Non-events
| Mmtgreg,fiiszt‘?&er service




Explainable Event Predictions

° can be general signals, features, and
even distributions in open source data sets

e Precursor discovery refers to identifying specific
examples or instances in the historical data given a
prediction

e Explainable predictive models uncover significant
features, graphs, documents for explaining prediction
results.
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Challenges in Explainable Event Predictions

1. Dynamics
new #hashtags, abbreviations, new words
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Source: Spatio-Temporal Event Forecasting and Precursor Identification. Tutorial in 25th ACM SIGKDD Conference on Knowledge Discovery and Data Mining (KDD 2019)



Challenges in Explainable Event Predictions

2. Multi-source unstructured data

Weekly count of protest events in Venezuela

Event data from GDELT, Global Data on Events Language and Tone; ICEWS, International
Crisis Early Warning System; and GSR, Gold Standard Report (see suppl. materials).
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Source: Wei Wang, Ryan Kennedy, David Lazer, Naren Ramakrishnan. Growing pains for global monitoring of societal events. Science 30 Sep 2016. Vol. 353, Issue 6307, pp. 1502-1503



Challenges in Explainable Event Predictions

3. Data incompleteness
Reddits enable geo-info this year

Incomplete data Complete data

CDC Flu reports

Multiple data sources

1980s 1990s 2000s 2010s 1 1 Present
(] ] 6

Source: Spatio-Temporal Event Forecasting and Precursor Identification. Tutorial in 25th ACM SIGKDD Conference on Knowledge Discovery and Data Mining (KDD 2019)
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Challenges in Explainable Event Predictions

4. Noise in Data
typos, chit-chat, misinformation
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Beware of RUMOUR!!The tweet mentioned here is a fake one. The truth is that WB Govt.
has taken initiative to bring back 2368 students to their home from Kota in 95 buses and
not in 3 buses only. Please do not forward any such post unless you are sure of its veracity.
Refrain from spreading such fake news as it could land you in trouble. Legal proceedings

could be started against you. #fgkgﬂgwsélﬁﬂ
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Challenges in Explainable Event Predictions

5. Heterogeneous data
Need to specify forms of event explanations

Events I 5; Events

(a) Non-Graph Features (b) Static Graph

. ]
B YeRe! Events

(c) Dynamic Context Graph
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¢ (11111
@ 11171
.EEEED—>

(d) Raw Input Data



Locations

Challenges in Explainable Event Predictions

6. Sparsity in spatio-temporal features
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Other challenges

e Dependencies among events, e.g., spatial dependencies
e Lack of labeled data, cannot afford to label massive data

e Model interpretability — societal events are influential
e Lack mechanism models

17



Comparisons with Event Modeling Tasks

©)

o

o

(@)

Event detection

Historical or Ongoing events
Discover anomaly
Model types

m Unsupervised learning
Relevant techniques

m Anomaly detection

m Outlier detection

m Change detection

m Motif discovery

Event forecasting

— Future events
— Discover the mapping
— Model types
— Supervised learning
— Self-supervised learning
— Semi-supervised learning
— Relevant techniques
— Autoregressive
— Markov chain
— Classification

Explainable discovery

— Future events
— Discover the mapping
— Model types
— Supervised learning
— Self-supervised learning
— Semi-supervised learning
— Relevant techniques
— Multi-instance learning
— Multi-task learning
— Classification
— Deep learning
— Causal inference
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Comparisons with Spatial Prediction

Prediction v.s. Forecasting:
« “Forecasting”: Must be variable in the future.
« “Prediction”. Not necessarily variable in the future.

e Spatial Prediction * Event Forecasting
o Dependent variable — Dependent variable
m No need be in the future - Must be in the future
m Usually continuous values —"index” - Usually discrete values — “event”
o Must have spatial dimension — No need be in spatial dimension

19



Interpretation

Overview

Event
Forecasting

Interpretable Event Forecasting Models

20



Part 1: Precursor ldentification in
Spatio-Temporal Event Forecasting



2014 Venezuelan National Students Protest

major protests

began with student
marches led by
opposition leaders

Feb. 12
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2014 Venezuelan National Students Protest

Opposition Leader, §major protests
Lopez, called upon jbegan with student
students to marches led by
peacefully protest. Jopposition leaders

Feb. 1 Feb. 12



2014 Venezuelan National Students Protest

2
Lopez, alongside Opposition Leader, §major protests
Maria Corina Lopez, called upon fbegan with student
Machado launched students to marches led by
a campaign to peacefully protest. Jopposition leaders

remove Maduro
from office.

—

Jan. 23 Feb. 1 Feb. 12
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2014 Venezuelan National Students Protest

Murder of former Miss
Venezuela, Monica Spear.

T
(4

: ,'\3,«.' ;“i_;)%lﬂlﬂ% Former presidential candidate
. /. Yl Henrique Capriles shook the hand
; of President Maduro

# Attempted rape of a young student

s On a university campus in San Lopez, alongside  Opposition Leader, | major protests

§ Cristobal
| i Maria Corina Lopez, called upon fbegan with student
. Machado launched students to marches led by
The harsh police response to a campaign to peacefully protest. |opposition leaders
their initial protest remove Maduro ‘ 3
: from office.
January Jan. 23 Feb. 1 Feb. 12
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If social scientists need to do this a lot

http://phdcomics.com/ 26
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‘Relationships between locations; % =» (Shared Knowledge ) I
Spatio-temporal event progressions _ _ _ _ _ __._ T () )

The Big Picture

MuIt| Instance Learning

'Label propagation from bag to individual; @@ C5C5¢H
'Temporal constraints between bags; s doc

IRepresentatlon Learning

r
:Social Indicators .
‘News, blogs, social media, images, videos, time series, etc. I

-Embeddings; word2vec; doc2vec; etc.
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Event Modeling

ST Event Interpretation S
Extraction Forecasting P Analysis

>

Information Document Word Topical
Extraction Level Level Analysis

Deep Learning Multi-Instance Multi-Task
Learning Learning
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Precursor Discovery

» What is Precursor Discovery in Event Forecasting?
- Forecast the occurrence of event of interest using historical data

@ IEI IEI IEI—» Event Probability: 0.85
Day1 Day2 Day3 Day4

29



Precursor Discovery

» What is Precursor Discovery in Event Forecasting?
- Forecast the occurrence of event of interest using historical data

@ IEI IEI IEI—» Event Probability: 0.85
Day1 Day2 Day3 Day4

- Predict days of ir&ortance before an event
el

05 |
- B I I I—> Event

Day1 Day2 Day3 Day4 -

I




Precursor Discovery

» What is Precursor Discovery in Event Forecasting?
- Identify key %cs/%raiiaphl%graphs from large-scale input

Event Probability: 0.85

Day1 Day2 Day3 Day4

[




Precursor Discovery

» What is Precursor Discovery in Event Forecasting?
- Identify key cljﬁcs/%raiiaphl%graphs from large-scale input

Event Probability: 0.85

Day1 Day2 Day3 Day4

[

- Formalize precursor storylines

BT 5B

Event Probability: 0.85
Day1 Day2 Day3 Day4




Precursor Storyline

Agenda The Economic
developed for Convocation Unresolved
the migrant " Argentina organizeda — > debtsin
perspective demonstration — Argentina
July 28 July 29 July 3%03223”" of July 31
Lear layoffs .
. Article on _
workers to government «——— &
block highway power
Aug. 7: Workers demand Aug. 5 Aug. 3 Aug. 1: International
g g
for better job Court of Justice verdict on

opportunities Argentine debt crisis



Existing Methods

 Existing approaches for event forecasting (when), examples:

- Lasso [Zhao et al, TKDE17];
- Fusion Method [Ramakrishnan et al, KDD14];
- Multi-Task Learning [Zhao ef al, KDD15];
- Generative model [Zhao et al, SDM15];
= | imitations:
o Focus on prediction performance, lack of explanation
o Unable to provide structured evidence
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Existing Methods

 Existing approaches for identifying precursors (why), examples:
- Storytelling [Hossain et al, KDD12];
- Combinational mixed Poisson process [Rong et al, KDD15],
= | imitations:

o Dependent on observed event sequence (time series,
sequential)

o Lack of predictive value

35



Modeling Precursors for Event Forecasting via
Nested Multi-Instance Learning [Ning et al. KDD16]

* The proposed method:
- Solve the above problems together (when & why)

- Significantly reduce time of manual inspection of
specialists/scientists

- Generate storylines of indicators while predicting events of interest

36



Multi-Instance Learning

Supervised Learning Multi-Instance Learning (MIL)
@ Positive (o) Positive bag
@® Negative ©Negative bag

he
N

* Incomplete knowledge about labels in training data
* Propagate bag level supervision to individuals
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Event Forecasting in Multi-Instance Learning

Visiting Egypt, Tillerson Is Silent on Its A
‘Wave of Repression -

i oeald ihediddle Baci il

Pos + <+—

o] ltaly’s Far Right Targets a Museumn

Discount for Arabic Speakers
Brothers of Italy
“discriminating agaif} Senate to Hold Immigration Debate —
discount for Arabic s§ ‘With the Outcome Unknown

On Monday afternoon, the Senate will begin 2 novel legislative

adventure. Lawmakers will try to assemble immigration

In Iran, Environme legislation that can garner 60 votes.
Spies I

A

ang
e

How Can Trump Heii) blAran's Protesters? Be

Quiet.

"Tter muTapIe tan

o CHTOTTS T0 etain of muZzIe nim, UKraine

dumped Mikheil Saakashvili, who is stateless, across the border.

Time

NASA Budgets for a Trip to the Moon, but

Not While Trump Is President
S ; .
by Pelosi Spoke for Eight Hours on Dreamers.
'
We Checked Her Facts.
bed The House Democratic leader mostly told anecdotes and
reonal ctorios Rut cheinoluded o fow factc and faleabonde iy

British Charity’s Executive Quits as Furor
] Grows Over Aid Workers’ Misconduct

Camadmiiod ot isad bt

VESTERDAY IN STYLES
2004: When Fake News Was Cool

Long before “fake news” became a eudgel for the Trumpites, it
K

Neg -«

Gef

No Handshakes as Pence Avoids Kim

Jong-un’s Sister at Olympics

The terms were set by President Trump: He was open to their
meeting but only if Mr. Pence delivered a tough message and if
they met away from TV cameras.

D

Event: Student Protest
Location: San Paulo
Time: 2014-05-01

Time

Event: None
Location: San Paulo
Time: 2014-05-10
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System Overview

» Target Prediction Label, Y

estimate |PT(t-5) Py Py-3) P2 P1) I_—'Il)t+k
= || ]| e
Superbag —> g{ I Event (1)
Bag - ! ‘ T Y >
jﬂ Dmﬁj ﬁ_ : _,M No Event (0)
Instance JJJ
day t-5 day t-4 day t-3 day t-2 day t-1 day t

» Each news article: Instance
» A group of news articles for a day: Bag
» Nested Multiple Instance » A sequential collection of bags: Super-Bag
Learning * Label is only associated at the Super-Bag Level

* Probabilistic Estimate for every News Article

(Instance) and Day (Bag)
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Nested MIL Objective Function

Reduce classification error

A
B ]
J(w) = Zlf(S, Y, W)l

Ses
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Nested MIL Objective Function

Reduce classification error Control the probabilities of consecutive days

4 IA Day1 Day2
ﬁzys Yw)|+— ZngX 1W| ﬁﬁl‘*ﬁﬁl

Ses

XX 1ES
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Nested MIL Objective Function

Reduce classification error Control the probabilities of consecutive days

4 IA Day1 Day?2
ﬁzys Yw)|+— Z Z|g2(,,x, LW ||ﬂﬁl‘*ﬁﬁl

Ses

1€S I L
1
oy il YI )
SESE.?‘YXES ]

Control the margin of instance probabilities — <=

o<+—>0
-1 ¢ 5 P +1
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Nested MIL Objective Function

Reduce classification error Control the probabilities of consecutive days

4 IA Day1 Day2
ﬁzys Yw)|+— Z Z|g2(,,x, 1, W ||ﬂﬁl‘*ﬁﬁl

Ses
1ES I I
1
E Z S‘ n. Yl (xj, W I
SeS; XES ' =1
X EX;
Control the margin of instance probabilities — m— Avoid overfitting

&<+—>0

-1 ¢ 5 P +1
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Nested MIL-Delta Objective Function

|g(/1",-, X1, w)‘

g(X, X1, w) = A(X, Xi_1)(P; — Pi_1)?

Cross-bag similarity

Day 1 Day 2
i - g
u

L, "




Precursor Discovery in Nested MIL

1: procedure PD-nMIL

% Input: S ={(S,,Yr)},ent+, M

3: Output: {(psr,Yr)} ren+

4: for super bag (Sr,Y;) do

5: DPSr = []

6: for t = 1,2,...,h(history days) do
T ye = ]

8: for x;m € X; do

9: Jtm = 0(WXtm)
10: if 9t > 7 then
11: Yt < (m,@tm)
12: sort(y:) by ¥tm in descending order
13: ps, <— m where m in top(y:)

return {(ps,, Yr) frent

\4

Selection of precursors based on their
estimated probabilities

time news
Day t-m-1 ﬁ 0.78
Day t-m W o0se
] ]
Day t-1 [il 0.97
Day t il 0.92
n | ]
Day t+| Event
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Predictive Performance

Argentina Brazil Mexico
Acc F-1 Acc F-1 Acc F-1

SVM 0.611(£0.034)  0.406(£0.072)  0.693(£0.040)  0.598(£0.067)  0.844(+0.062)  0.814(Z0.091)
MI-SVM  0.676(+0.026)  0.659(+0.036)  0.693(+0.040)  0.503(+0.087)  0.880(+0.025)  0.853(%0.040)
rMIL-NOR  0.330(£0.040)  0.411(+0.092)  0.505(£0.012)  0.661(%0.018)  0.499(+0.009)  0.655(--0.025)
MIL-AVG ~ 0.644(£0.032)  0.584 (£0.055)  0.509(£0.011)  0.513(+0.064)  0.785(0.038)  0.768(--0.064)
GICF 0.589(£0.058)  0.624(+0.048)  0.650(+0.055)  0.649 (£0.031)  0.770(+0.041)  0.703(0.056

1. Nested structure models: nMIL, nMIL-Delta, nMIL-Omega
2. The averaged daily estimates help predict events of interest
3. Effect of time accumulation > a single input
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How Early can NMIL Forecast?

Day1 ------. Dayd | ==  Event
History Leadtime
5 days
F1 4 days
1d 0.691
day ay | Event j 3 days
ﬁ d 3 2 0.71
ay ldays> Event _$ T
ﬁ g 3d 0.67
day I aySI Event — 1 day
0.712
day I 4Idays . Event —¢
day 5 days Event 0.773
.

5 days
e
5 days
e
5 days
_—
5 days
e

5 days
—_—

Event

Event
Event
Event

Event

F1
0.737

0.773
0.687
0.676

0.626
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STAPLE: Spatio-Temporal Precursor
Learning for Event Forecasting ing et al. som1s)

Peshawar Sl
- | -
J3L“‘“ | \ Y i )
o \ j “Gulmarg

Islamabad

Jan. 20, 2015: the National T N ;
Assembly and the Senate ; >
Foreign Relations Committee o) L
ot had pass_ed resolutions _ Rawalpi ,\
e condemning the pgbllcatlon of \ siusl, ¢
the French magazine

Jan. 23, 2015:
\ Jamaat-e-Islami (JI) Ameer
Sirajul Haqg on Friday asked

the French government and
the magazine to apologize

C g . N AL
P s U sk
(o] &8l
Jan. 27, 2015: Hundreds of Khus gan. 24, 2015: 2
students protested against a Vl‘g Jamaatud Dawa (JuD) chief
French magazine and 4 == == Hafiz Muhammad Saeed 'wala
stormed a school demanding said the Muslims will launch |)>_3§°
it close a global movement against it
o> Js.cuuul @505 juw
Lahore{
B Frar Faisalabad Y\

1121 A ]

Event, Geolocation, Time
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STAPLE: Spatio-Temporal Precursor
Learning for Event Forecasting ing et al. som1s)

> Event: Labor Protest

T T Location: D.C.
> Time: 2015-04-01

pC E
t : i |
NYC : '
SF
Seattle i
Mar 20-23. 2015 : Mar 24-27. 2015 : Mar 28-31. 2015 >
EDU ,00) EDU @ . Eu (O)
@ | “ %

Labor’/® :
D 5

Labor
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STAPLE: objective function

STAPLE: explicitly enforces pairs of | tasks sh
cities with similar event patterns in the all tasks 5; a:e
past to learn similar model vectors common Teatures

| e

NS a0 0 20 o
2 k,/ _2 2

i Iegt - ~~
~~ Global averaging
Spatio-Temporal Constraints

NG
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STAPLE: spatio-temporal constraints

e G Event: Yes
Location: A
@ ° Q Time: 2015-04-01
>

time

/ /
= (ZCZLt,_Hmin(E{;(C), Ei(c”) * (dist%k,/))

l

Similar event patterns in
the past, similar models #

Closer geolocations,
similar models



STAPLE:Event Prediction Performance
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City-level Prediction Performance

1

STAPLE F1
o
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nMIL F1

(b) GSR
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Security-related protest

KUNDUZ RESIDENTS STAGE PROTEST AGAINST MOUNTING INSECURITY

® February7,2016 @ Afghanistan & 13 Views

http://www.kabultribune.com/index.php/2016/02/07/kunduz-residents-stage-protest-against-mounting-insecurity/
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Security-related protest - precursors

- HE .

I ] d l
[ s

........

0.74
Kunduz 2016-2-2 Kunduz 2016-2-3 Kunduz 2016-2-4 Kunduz 2016-2-6 [Kunduz 2016-2-7
Governor Zarif Senior security First Vice-President Acting Kunduz Protesters accused
addressed speech officials say they criticizes the Governor said senior security
on an accident killed 17 Taliban government for Kuduz needs officials of being
failing to prevent the operation negligent about the
fall of Kunduz security situation
i i | | | — | ERRT e
Kabul 2016-1-31 Kabul 2016-2-5 Ti i
The presidential President Ghani Ime
spokesman said the praised the role of
National Security British troops
Council was working & )

on a plan
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Part 2: Event Graphs for Interpretable Event
Forecasting



Learning Dynamic Context Graphs for
Predicting Social Events peng et al. kob19]

e Motivation
o From the perspective of human analysts and policy makers,
forecasting algorithms should
m not only make accurate predictions
m but also provide supporting evidence/clue
e Challenges
o uncertainty of context structure and formulation

o high dimensional features s
, : ® [T —»0- .
o adaptation of features over time errm E‘ %—»u
¢ IO Events Events
(a) Non-Graph Features (b) Static Graph

e Model contextual information for event forecasting
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Learning Dynamic Context Graphs for
Predlctlng Social Events is. peng et al. kop19]

Events

e Develop a novel graph-based model for predicting events

L

e Design a mechanism that encodes the dynamic graph structure of
words from past input documents to forecast future events.

e Propose a temporal encoding module to alleviate the problem
that pre-trained semantic features usually cannot reflect

contextual changes over time.
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Graph Convolutional Networks
[kipf and welling ICLR17]
Main idea: Pass messages between pairs of nodes

Graph: G = (V,§) Notation: G = (A,X)
Y :Setofnodes {v;}, |[V| =N - Adjacency matrix A € RY*¥
£ : Set of edges {(vi,v;)} - Feature matrix X € RVXF
‘. ... | —f .. ... | :
. o) ° a()
X = HO . . 7 — g™

HOD — (AH(Z)W(Z)>

Source: https://tkipf.github.io/graph-convolutional-networks/
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https://tkipf.github.io/graph-convolutional-networks/

Encoding documents into graphs

Pointwise
mutual
e information
7
O - - 5 i N (PMI)
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DynamicGCN: model framework

Prediction Ground

. truth
| «—>
= y y
- 4
'\-% - 1 - == Temporal
4= Feature
Embedding 1) t t t S i
Construction : emantc
: CN GCN
! GCN =~ GCN € Feature
% A Y t
f V. o> A~
Graph Graph
Construction
[ fT : LI st SN
i y y : ) Input
o Data
Output i Initial GCN
i Embedding  Output >
| i T T-k - T-2 T-1 T T+ At
GCN module TE module
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DynamicGCN: model framework

Prediction Ground

. truth
| «—>
= y y
= 4
'\-% = - == Temporal
4= Feature
Embedding f f f f s "
Construction : emantc
: N GCN
! GCN R Ge Feature
% . . .
Graph Graph
Construction
getennnens, H FTL T . . OEEEEA ........... Input
Data
_ Initial GCN
i Embedding  Output 5
: 4 Tk o T-2 T-1 T T + At
GCN module TE module :

Encode data
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DynamicGCN: model framework

Prediction Ground

. truth
= = NN = -
\%' Yo |

— TE TE m— 'EMPOrA
4 = Feature
Embedding 4 4 4 4 .
Construction emantic
i GCN GCN
' GCN — GCN Feature
% ' ' .
: V. > A~
Graph Graph
Construction
| - . S Y | ey B ey [ e B e
........... it
- Data
Output Initial GCN
i Embedding  Output =
| : 4 Th oo T-2 T-1 T T+ At
GCN module TE module :

earn the node
representation by involving

. . Encode data
the semantic information
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Embedding
Construction
I

?

Graph
Construction

GCN module

@@%@@}é

Output i Initial GCN
| i Embedding  Output
' t
TE module

earn the node
representation by involving
the semantic information

DynamicGCN: model framework

Prediction Ground

TE iE

i TE
t it —L $ —L
GCN » GCN GCN

Ve Ve W

. truth
N Y
f
Temporal
Feature

f

GCN Semantic

Feature

Dynamic
Graph

Input
Data

>

Integrate both the

semantic information
and node embedding

T T+ At

Encode data
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Embedding
Construction
I

T

Graph
Construction

GCN module

m@%%%%

Output i Initial GCN
| i Embedding  Output
' t
TE module

earn the node
representation by involving
the semantic information

DynamicGCN: model framework

n truth
i Y

?
Temporal
Feature

[ Map the final output

Prediction Ground
vector to the prediction ]

Semantic
Feature

Dynamic
Graph

Input
Data

>

Integrate both the

semantic information
and node embedding

T+ At

Encode data
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DynamicGCN: experimental evaluation

Non
temporal

Thailand Egypt India Russia

F1 Rec. F1 Rec. F1 Rec. F1 Rec.
LR-Count 0.77 0.713 0.794 0.747 0.618 | 0.559 0.739 | 0.721
LR-word 0.715 0.634 0.78 0.751 0.543 | 0.433 0.705 | 0.689
LR-NGram 0.7293 | 0.6535 | 0.761 0.7039 | 0.552 | 0.441 0.714 | 0.714
GCN 0.761 0.758 0.849 0.816 0.653 | 0.627 0.784 | 0.826
nMIL 0.73 0.661 0.723 0.797 0.628 | 0.719 0.76 0.769
GCN+GRU 0.782 0.769 0.85 0.825 | 0.655 | 0.621 0.787 | 0.809
GCN+LSTM 0.781 0.77 0.851 0.827 0.649 | 0.614 0.786 | 0.791
GCN+RNN 0.757 0.755 0.851 0.82 0.642 | 0.602 0.787 | 0.809
Ours 0.797 0.773 0.862 0.829 0.669 | 0.627 0.804 | 0.799

Data:

Integrated Crisis Early
Warning System
(ICEWS) Dataverse
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DynamicGCN: A Case Study

Context subgraphs generated from the train model.

02/01/2014

plead combat
@

grievance banish

Yingluck

02/02/2014
overthrew
defi
unaffected gunbttle S
registrar
whistle
silenced
conciliatory
hurl
anti-election ‘

distraught

02/03/2014

overthrew fiiflous;
interrupt

spread

compel

assert

justify silenced

combat  (
conciliatory

02/05/2014

rice thrust outspoken

stumble

registrar uUnlawful

02/07/2014

Violence grips Thai capital on eve of vote
called by Yingluck.

Thailand started voting. Voters blocked
by anti-election groups squared off
with scuffles and hurled objects.

Election Commission asked the national
police chief to maintain law and order.
Thai Protests Disrupt Vote.

The election related to Yingluck was ever interrupted

Yingluck’s former commerce ministers
were suspected of being involved in
improper rice deals.

A possible fraud involving
rice traders and some
politicians.
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Dynamic Knowledge Graph based
Multi-Event Forecasting [peng et al. kob2o;

 Existing approaches for predicting: s
- an event type [Deng et al. KDD19]; "1'1 v
- an event subtype [Gao ef al, AAAI19]; &o v 3
= | imitations:

o Unable to identify concurrent events of multiple types,
o and event participants/actors.

Py
v Vv

D 0 6[2, G
Y
.: .: e
r=lnzX o AT
o~ .~
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Dynamic Knowledge Graph based
Multi-Event Forecasting [peng et al. kob2o;

Farm
Worker f*% Event Summary: A Politician
/eas Ss ing attacked the state government
02/24/15 ) @,o,%@/?f to on various fronts such as fertilizer
. o
Negotiation 23 20N Srp, crunch and land acquisition act.
Agriculture Accuse Criticize .
.. Government «————— Citizen
Ministry  02/27/15 02/26/15

Design a novel multi-event multi-actor forecasting framework

Introduce an encoding method for integrating both dynamic event
graphs and text data into graph-based relational features.

Propose a context-aware embedding fusion method, which
incorporates attention to fuse semantic features of words with
entities and event types. 71



e Problems

o Multi-event prediction P(yt|X1;t—1)
o Multi-actor prediction P(at|ys, X1:¢-1)

e Event data

111

,_
111

— (Citizen, Criticize,

Problem Formulation

Structured Unstructured

Subject Event type

Farm
Worker é:\’,o, Event Summary: A Politician
& Sas Ss ing, attacked the state government
02/24/15 € o, Sy on various fronts such as fertilizer
—) Structured = NegotiationI 0?/93/75%3,1;0 crunch and land acquisition act. |=» Unstructured
i Accuse Criticize .
Aﬁnr:ﬁ:‘slttxe WP Government «——— Citizen

02/26/15

72



Methodology

Data Encoding
o Event graph (built from structured data)

m Multi-relational, directed graph with time-stamped edges
m Node: entity
m Edge: event type citizen

criticize
day t

government

o Word graph (built from unstructured data)
m Undirected and weighted graph
m Node: word
m Edge weight: PMI attack

farmer

Model Training
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Input Time
T-14

Glean: Model Framework

Model at time t

|
Recurrent

Embedding] ~ Encoder
Fusion | ) D )

Predictionat T

Embedding Fusion

—l Event
[ 3 Prediction
s
- .
-/

charge )

. ®
.

.

'

. -

' .~

v S

1 . !

“a 3 r

O/QO ax;
O ) Recurrent
Encoder

-

. | Temporal
Inference Actor

Intrinsic
Inference

D

Prediction

1

arrest, detain,
or charge
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Glean: Model Framework

Input Time Model at time t Prediction at T Embedding Fusion
i T | charge )
T Event 9 Olegal
! -, @ Prediction N
Recurrent | @ Judiciary > |
Embedding Encloder ./ Jl ) detain
Fusion |( )D( ) o - ¢
o _E
N = AR
= t+1
H /Q ) pre— O_tJ
:] ntrinsic
ONS! llnference‘ — ;
\ Recurrent fa e
........ Enc?der .+ | Temporal a”eSt’hdetain,
l Inference Actor or charge
EIRY . T Prediction ‘( ) J

Encoding data into graphs;
Learn semantic and relational

embedding -5




Glean: Model Framework

Input Time Model at time t

T-14

Embedding
Fusion

. :
|

'

'

'

v
s
‘a
bR

A

@)

- J

|
Recurrent

Encoder
|

T-1
I 1 Event

[

JD

)

o

|

Predictionat T

Prediction

Recurrent
Encoder
|
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Encoding data into graphs;
Learn semantic and relational
embedding

D

Intrinsic
l Inference ‘ [
]

. [ Temporal
l Inference ) Actor
T-1

T Prediction

Embedding Fusion

arrest, detain,
or charge

\O

[ Fuse different embeddings ]




Context-aware Embedding Fusion

An event: (Citizen, Criticizes, ,02/26/2015) “A Politician attacked the
state on various fronts such as fertilizer crunch and land acquisition act.”
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Context-aware Embedding Fusion

An event: (Citizen, Criticizes, ,02/26/2015) “A Politician attacked the
state on various fronts such as fertilizer crunch and land acquisition act.”
Relational ‘ * l ! |
embedding learned — L Semantic embedding
from event graphs. exp Attn( h; i), hw) learned from word graphs
At (i,00) = € R, (7)

&— —
exp | Lopew, Attn( h; i), h(p)

H —
|—> h:,(i) = tanh(W; . [ h; (i); Z At ,(i,0) o ]) € Rd, (8)
~—— weW,;, ——

rel. semantic

Fused embedding that enhances the information of entities and
event types from words. 78



Glean: Model Framework

Input Time Model at time t Prediction at T Embedding Fusion
T-14 T-1 ﬁ
I Event
| Prediction
Recurrent
(Embedding] ~ Encoder Il
Fusion |( J&B( )
i?N‘l‘é f J
P rinsic
Q‘/q :] Inf 1
O nference 3
) Recurrent ) J— Membere ot .
''''' Encloder ¢ (Temporal Judiciary arrest,hdetain,
Inference | Actor .- GG Te ES
711 y T Prediction |\~ . O
Encoding data into graphs; The recurrent encoder models [ Fuse different embeddings ]
Learn semantic and relational temporal information for final

embedding predictions. 79




Glean: Model Framework

Prediction model

Input Time Model at time t Prediction at edding Fusion

T-14 T-1
Event
| Prediction
Recurrent | é}.
(Embedding] ~ Encoder
Fusion |( J&B( )
E i g , : t+1
A T
O/q . Inferen —
O erence ) | == 3
- J Féecuréent o | Members of } . _
..... nclo er ./ (Temporal Judiciary arrest,hdetaln,
Inference )  Actor Ll AR
T-14 - T Prediction | \* . @)
Encoding data into graphs; The recurrent encoder models [ Fuse different embeddings ]
Learn semantic and relational temporal information for final

embedding predictions.




Glean: Experimental Evaluation

M u Itl-event India Russia Nigeria Afghanistan Iran
prediction F1 F2  Recall F1 F2  Recall F1 F2  Recall F1 F2  Recall F1 F2  Recall
DNN 5249 5465 56.38  53.81 5844  62.61 53.54 60.64 67.70 5577 61.80 6814  57.54  61.85  66.19
MLKNN 5233 5427 5577 5138 5529  58.62 2692 28.10 2897 4543 4810 5035 5386 56.68  59.01
BRKNN 5036 53.05  56.00 47.46 5153  56.64 4248  47.28 5245 49.89 5498 6152 4856 5224  56.77
MLARAM 33.68 3393 3410 2567 2627 2671 4178 4556  48.80  33.84 3466 3526 2746 2771  27.88
DynGCN 41.80 4257 4319 5281 5677  60.14  46.27  54.65 54.65  50.05 53.97 57.75 5422 5693  59.21
T-GCN 60.73 6414  67.20 5636 61.86  67.66  56.06  63.88 7219  60.04 6782 7693  61.65 67.35  73.77
RENET! 55.10  57.26  58.99 5447 5898  63.02 5347 60.07 6654 5507 60.60 6632 5889 6341  68.09
RENET? 5844 6146  64.18 5585 60.86  65.66 5644 6437 7282  60.58 6847  77.75  61.66  67.24  73.52
Glean_fusion 6591 7087 7580 58.92 6560 7347 5813 6695 77.07 62.28 7114 8236  63.84 7078  79.60
Glean 66.69 7195 7731 5892 65.64 73.57 58.76 68.13 79.49 6248 7143 8284 64.12 7125 80.46
% relative gain ~ 9.8%  10.9% 15.0% 4.5%  6.1%  87%  48%  58% 10.1% 31% 43%  65%  40% 58%  9.1%
M u |t|-aCtOI’ India Russia Nigeria Afghanistan Iran
prediction H@!1 3 10 1 3 10 1 3 10 1 3 10 1 3 10
DNN 209 1101 3387 146 972 3640 510 17.06 43.35 855 1742 3532 1071 1948  26.50
RENET? 8.87 2157 39.85 1652 2231 4021  4.02 1153 2695 728  18.65 37.44 12.81 1836  37.44
tRGCN 974 2274 4104 1883 3079 4462 673 1517 31.69 958  24.14 4917 1293 2226  34.98
tCompGCN 9.62 2191 4053 1827 30.20 4479 650 1495 31.06  9.64  23.67 49.04 1279 2143  34.88
Glean_temp 1339 2450 4368 1824 3115 4327 616 1441 2698 921 2227 4703 1101 17.96 2987
Glean_fysion 13.95  27.03 45.73 20.25 34.64 48.10 7.63 18.06 3584 12.28 29.82 56.89 1427 2441 39.74

Glean

% relative gain

4.6%

10.9%

4.7%

8.8%

11.2%

7.4%

13.8%

5.9%

27.5%

24.4%  15.7%

10.7%

9.7%

6.2%




Glean: Case study 1

|dentifying important historical events

A number of media persons ! Activist |
were injured in the lathicharge Ct:‘"St_,
here when seers and activists -

Business

of VHP clashed with the police,

Protest violently

Ministry |«

Arrest, detain, or charge with legal ey "'"5 EA'“! """ !
! ICitizen:10/14/15 i Police:
10/11/15 AR S L ;
0.08 : WV £
Criticize or denounce - - Use tactics of violent
10710775 el I repression

Event type

v

Intrinsic Temporal Entity ranking

0.0917 0.0077 Activist 1
0.0828 0.0075 Citizen [
0.0705 0.0069 Protester [

Activist
Protest violently = : 00243 0.0041 Employee ]

e = {Subgraphs) $ * 0.0004 0.0011 Children [1

10/13/15

Protest violently, riot 10/14/15

> The red font indicates the model prediction.
> The blue part represents the subgraph sampled for actor prediction.
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Glean: Case study 2

|dentify Semantic Contexts and Feature Flows

word entity event type multi-event prediction
0.53 putin
Engage in diplomatic cooperation
I Express intent to meet or negotiate
04711 vladimir
0.12[ express ; .
Express intent to meet or negotiate
0.19[intent < /} g I
] 74
0.49] | negoti . ; L P
Vladimir Putin Criticize or denounce
= -~
0 24D russia
V4
y ée unconventional vioIenceI
ovssﬂ member 7 Make-an appeal or requestI
Member of Parliament (Russia)
0.20[ | press

O-‘“’H parliamen
[] conflict
> Attention scores quantify the importance of words in contributing the entity/event type
embedding for prediction
> parliament contributes more than in Member of Parliament



Cola-GNN: Cross-location Attention based Graph
Neural Networks for Long-term ILI Prediction

* The proposed model:
a graph-based deep learning framework
with time series attributes for each node
to study the spatio-temporal influence of
long-term ILI predictions.

Influen

3,500

[Deng et al. CIKM20]

za Positive Tests Reported to CDC by U.S. Public Health Laboratories,
National Summary, September 30, 2018 — November 2, 2019
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Existing work

e Traditional causal models [Bisset ef al. ICS09]

o compartmental models and agent-based models, employ disease
progression mechanisms such as Susceptible-Infectious-Recovered
(SIR) to capture the dynamics of IL| diseases.

e Statistical models such as Autoregressive
o autoregressive (AR) and its variants (e.g., VAR)
e Deep learning methods [Venna et al. IEEE18]
o recurrent neural networks, convolutional neural networks, etc.

Challenges

e The temporal dependency is hard to capture with short-term input data.
e The influence of other locations often changes over time.
e Adequate data sources are required to achieve decent performance.
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Problem Formulation

A graph-based propagation model

e J/ locations. Each location (e.g., a state) is a node; associated with a
time series input for a window T

e Input: ILI| patient counts for T weeks
e To predict the ILI patient counts at a future time point T+h

h refers to the horizon/lead time of the prediction

= Input window . /
%0 6 IR\ -\
O . V4 \
o] l I - \
E 0.4 1 \v A
17" ~
N /4~I =N, U
© \,.., N\ \’ \\
£ 0.21 r_-/ . V/l \\ \»-\\
- = -
S e _= e e T
0 O-I
0 10 20 30 40




Cola-GNN: Model Framework

3. Graph Message Passing
¢ - use graph neural networks

T .
S Dilated Graph

Convolution
= Message

i —_—
location i ol el le] ™ H"~—258n9
; T e
1,] A
HH, & [@ -
~ /oo Om
A

Prediction

Location
aware
attention

location j |

2. Multi-Scale Dilated Convolution
- encode local patterns with short-term
and long-term trends by employing
dilated convolution layers.

1. Directed Spatial Influence Learning
- dynamically model the impact of one
location on other locations during the
epidemics.
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Cola-GNN: Experimental Evaluation

Short-term
leadtime=2,3

long-term
leadtime=5,10,15

Japan-Prefectures US-Regions US-States

RMSE(]) 2 3 5 10 15 2 3 5 10 15 2 3 5 10 15
GAR 1232 1628 1988 2065 2016 536 715 991 1377 1465 150 187 236 314 340
AR 1377 1705 2013 2107 2042 570 757 997 1330 1404 161 204 251 306 327
VAR 1361 1711 2025 1942 1899 741 870 1059 1270 1299 290 276 295 324 352
ARMA 1371 1703 2013 2105 2041 560 742 989 1322 1400 161 200 250 306 326
RNN 1001 1259 1376 1696 1629 513 689 896 1328 1434 149 181 217 274 315
LSTM 1052 1246 1335 1622 1649 507 688 975 1351 1477 150 180 213 276 307
RNN+Attn 1166 1572 1746 1612 1823 613 753 1065 1367 1368 152 186 234 315 334
DCRNN 1502 1769 2024 2019 1992 711 874 1127 1411 1434 165 209 244 299 298
CNNRNN-Res 1133 1550 1942 1865 1862 571 738 936 1233 1285 205 239 267 260 250
LSTNet 1133 1459 1833 1811 1884 554 801 998 1157 1231 199 249 299 292 292
ST-GCN 996 1115 1129 1541 1527 697 807 1038 1290 1286 189 209 256 289 292
Cola-GNN 929 1051 1117 1372 1475 480 636 855 1134 1203 136 167 202 241 237
% relative gain ~ 6.7% 5.7% 1.1% 11.0% 3.4% 5.3% 7.6% 4.6% 2.0% 2.3% 8.7% 7.2% 5.2% 7.3% 5.2%
PCC(T) 2 3 5 10 15 2 3 5 10 15 2 3 5 10 15
GAR 0804 0.626 0.339 0.288 0.470 0932 0881 0.790 0.581 0485 0945 0914 0.875 0.777 0.742
AR 0.752  0.579 0310 0.238 0.483 0927 0878 0.792 0.612 0.527 0940 0909 0.863 0.773  0.723
VAR 0.754 0.585 0.300 0.426 0.474 0859 0.797 0.685 0508 0467 0.765 0.790 0.758 0.709  0.653
ARMA 0.754  0.579 0310 0.253 0486 0927 0876 0.792 0.614 0.520 0.939 0909 0862 0.773 0.725
RNN 0.892 0.833 0.821 0.616 0.709 0940 0.895 0.821 0.587 0.499 0.948 0922 0886 0.821 0.758
LSTM 0.896 0873 0.853 0.681 0.695 0943 0.895 0812 0586 0488 0.948 0.922 0.889 0.820 0.771
RNN+Attn 0.850 0.668 0.590 0.741 0.522 0.887 0.859 0.752 0.554 0.552 0.947 0.922 0.884 0.780  0.739
DCRNN 0.697 0537 0.292 0342 0.525 0.897 0.849 0.760 0.604 0.558 0.941 0.886 0.886 0.829  0.837
CNNRNN-Res  0.852  0.673 0.380 0.438 0.467 0.920 0.862 0.782 0.552 0.485 0.904 0.860 0.822 0.820  0.847
LSTNet 0846  0.728 0432 0.518 0.515 0935 0868 0.746 0.609 0.533 0913 0.850 0.759 0.760 0.802
ST-GCN 0902 0880 0872 0735 0773 0879 0840 0741 0644 0619 00907 0778 0823 0760 0774
Cola-GNN 0915 0.901 0.890 0.813 0.753 0.946 0.909 0.835 0.717 0.639 0.955 0.933 0.897 0.822 0.856
% relative gain __ 1.4%  2.4%  2.1%  9.7% - 0.6% 1.6% 1.7% __102% 32%  07%  12%  09%  01% _ 1.1%




Cola-GNN: A Case Study

Predict the patient count for region 4

= = high attention area (region 3) e
= == |ow attention area (region 9)

target area (region 4)

= Input window -7\ /
3 Il\\ 3
S 06 s\
S l I - \
.
qﬂ) 44“’I \\\' \'\\
= N L N
£ 0.2 r—=7 ",’ N .=~
o - [, “ -
g ==—" | , ,
0 10 20 30 40
Week

Comparison of predefined matrix and attention matrix.

1
2 0.4
= 0.3
e 0.2
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Applications Based on Temporal Event Modeling

Traffic Prediction

- Predict traffic volumes, utilising
historical speed and volume data.

- iQt;.l F4 s R ' iehy iQ'.l oo Danti
\Cgbevoie Cl": .:%ierf.r:‘%omm —1 & Courbevoie Cl'sﬂy%e% % ,.;J’.a.ntln
£~ ) o » % N
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snes. o’ et TR
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[1] Lv, Yisheng, et al. "Traffic flow prediction with big data: a deep learning approach." IEEE Transactions on Intelligent Transportation Systems 16.2 (2014): 865-873.
[2] Yao, Huaxiu, et al. "Revisiting spatial-temporal similarity: A deep learning framework for traffic prediction." Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 33. 2019.
[3] Guo, Shengnan, et al. "Attention based spatial-temporal graph convolutional networks for traffic flow forecasting." Proceedings of the AAAI Conference on Atrtificial Intelligence. Vol. 33. 2019. 90


https://github.com/raphaelauv/Paris-Traffic-Prediction

Applications Based on Temporal Event Modeling

Earthquake Prediction &USGS sqic

- Predict the time, location, and
magnitude of future
earthquakes.

UCERF3

Uniform California Earthquake Rupture Forecast (Version 3)

Theee dimensonal penpective view of the Mudhood
that coch region of Calfoerds will experience »
vtude 67 or thorsske i th
30 yoars (6.7 mutches the magnitude of
the 1998 Nordhedon earthqualie, and
30 years is the typical duration

The epidemic type aftershock
sequence (ETAS) Model

30 year M 267 Madhood
percent)

V1000 (-

Faudts are shown by #h gles outhned in black. Th colored area represents grester .
Caldoeria, and the whits e acro1s the middie defnot northorm verius southern Caldornio Redts
o rot nchude eanthgualies on the Cancadia Subductaon Zooe, & 750 mie cffibore fauk that extends
abostt 150 miles into Caldoma from Oregan and Washington to the north,

[1] http://www.wgcep.org/UCERF3
[2] Bansal, A.R., Dimri, V.P. & Babu, K.K. Epidemic type aftershock sequence (ETAS) modeling of northeastern Himalayan seismicity. J Seismol 17, 255-264 (2013).

https://doi.org/10.1007/s10950-012-9314-7
[3] Sun, Han. A Data-driven Building Seismic Response Prediction Framework: from Simulation and Recordings to Statistical Learning. Diss. UCLA, 2019. 91



http://www.wgcep.org/UCERF3
https://doi.org/10.1007/s10950-012-9314-7

Applications Based on Temporal Event Modeling

Epidemic Prediction

- Predict the time, peak and
intensity of an infectious
disease at a certain location
in the future.

Forecasting of new reported
COVID-19 cases over next 4
weeks.

[1] https://www.cdc.gov/coronavirus/2019-ncov/covid-data/forecasting-us.html
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Applications Based on Temporal Event Modeling

Election Prediction

Forecasting the 2020 presidential
election between President
Donald Trump and Joe Biden by
FiveThirtyEight

[1] https://projects.fivethirtyeight.com/2020-election-forecast/
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[2] Dwi Prasetyo, Nugroho, and Claudia Hauff. "Twitter-based election prediction in the developing world." Proceedings of the 26th ACM Conference on Hypertext & Social Media. 2015.
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Applications Based on Temporal Event Modeling

Video Event Detection

- ldentifying the temporal
range of an event in a video
(i.e. when) and sometimes
the location of the event as
well (i.e. where).

Persentage of patterns

SED-1
Event Pattern

[1] Cheng, Yu, et al. "Temporal sequence modeling for video event detection." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2014.
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Applications Based on Temporal Event Modeling

Civil Unrest Forecasting
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Figure 2: EMBERS system architecture

[1] Ramakrishnan, Naren, et al. "Beating the news' with EMBERS: forecasting civil unrest using open source indicators." Proceedings of the 20th ACM SIGKDD international conference on
Knowledge discovery and data mining. 2014.

[2] Ning, Yue, et al. "STAPLE: Spatio-Temporal Precursor Learning for Event Forecasting." Proceedings of the 2018 SIAM International Conference on Data Mining. Society for Industrial and
Applied Mathematics, 2018. 95



Conclusion and Future Directions

Introduction and motivation for event predictions
- Definitions and challenges
Precursor Identification for Interpretable Event Forecasting
- Representation Learning and Deep Learning
- to automatically encode raw input and learn hidden features
- Multi-Instance Learning
- Identify key characteristics in semi-supervised event modeling
- Multi-Task Learning
- toinfer relationships across different tasks (locations)

Event Graphs for Interpretable Event Forecasting

- Graph Neural Network
- To model associations among words in word graphs, entities in knowledge
graphs, and locations in geographic networks
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Conclusion and Future Directions

Future directions

e Event modeling
o  Data integration for multiple sources
o Learning hierarchies of spatial precursors
o  Semantic encoding and optimization
e Precursor Identification
o Transparent event forecasting model

o Model interpretation
o  Causal interpretation
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Thank you

If you have any questions, feel free to contact:
Songgaojun Deng: sdeng4@stevens.edu
Yue Ning: yue.ning@stevens.edu
Huzefa Rangwala: rangwala@gmu.edu



