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“ext” "Mugabe: Forsign firms ‘stole diamonds”. Zimbabwean President Robert
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Mis_protected” false

}
H

2

fields™ {
“raw.user.created_at"™ |
1300417136000

%
“raw. timestamp_me" |
1457 116059682

2
“date™ {

1457 118058000

]

0

lzsar.crea‘;edmat“: {
1300411138000
!

n

raw.created _at" |
1457116058000

!

2
“sort [

1487 115058000
]

} FIG. bk



WO 2019/055654 PCT/US2018/050885

15/35

{
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, = Ugunnmary™ | "Mugabe: Foreign firms 'stole diamonde” Zimbabwean President
532 Robert

Mugsbe accuses foreign mining companias of ",
“charmels" (}),
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]
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"ids" |
"TOR81TR338581427 207,
"TO882178483686898832",
"FOS817993037 553684

propar_nouns” | |

Shda

FIG. 5l



WO 2019/055654

16/35

"hashiags” |

{

“token” T news”,

“ids"

7058217 R4G8003083"

e Dot s

“ticksr_symibols” {1
"additional_tokans” ;|

2

“token' | "sompanies”,
“tag_fype” : "COMMON_NOUN",
Y(édsli _ {

TFOBR 178330808142 720°,
"7OER17O03037553564"

FURENY RO

“oken” : “mining®,

"tag_type”  "COMMON_NOUN",
ids" o {

"FOS81TBIAASS 142720,
"7T0E82 1784000896832,
"FORB17003037553564"

on St Ynne

{oken” "presidmt“‘
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1500-\
( Start }\ 1502

¥

Remove noise postings {e.g., filter spam using rule based
ciassifier, filler chit chat using topic model, filker remaining ™ 1504
postings using cost sensitive learning).

¥

Detect, and cluster postings related to, events (e.g., identify
semantic dimensions of event using natural language .
processing and rule hased model, align postings along 1508

dinensions, classify clusters of postings based on alignments).

v

Determine event type referenced by clusters, and remove
clusters unrelaied o predetermined event types (2.9, .
determine feature vector for postings, classify event type 1508
based on feature vecior).

Remove clusters related to old events (2.q., Tiller postings
mentioning historic events, filter postings including temporal
expressions referencing the past, determine similarity between ™ 1519
new and old clusters, remove new ciusiers similar to old
clusters).

Determine summary for cluster (.g., determine vector for each
posting, detemnine centroigd vector for cluster, determine
similarities petween posting vectors and centroid vector, 1512

selectively penalize postings, select posting with highest score

as headline).

v

Determine location attribute for cluster (e.g., determine location ..
for postings, select [ocation frem determined locations). 1514

%

Determine time attribute for cluster (e.g., select time of

) 1516
formation of cluster).
Datarmine impact attribute for cluster (e.g., determine
sentences with numeric references, determine word
sequences before and after numeric references, determine

feature vestors for word sequences, classify impact for word 1518
sequence and numeric reference pairs using feature vectors,
map impacts 1o categories).

Store determined attributes as event representation. TN 520

v
( End }“ 1522

FIG. 16
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Event Coreferencing Module 8§76
News Event Reps. .
Similarity Coreferenci
Social Media Event Reps. P Calcuiation 3 ’Wa}fdiﬁrggg
> Module 982
Event Systermn Event Reps.
FIG. 16

1700
N

» Coreferenced Event Reps.

< Start )f\ 1702

k

Determine one or more similarity between
social media cluster and news article.

3
Classify social media cluster and news
articie as coreferencing or not based on

determined similarities.

" Coreferencing? |

Generate and store coreferenced event
representation..

1704
706
1708
N
1710
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Similarity
Calculation
Module 932

Spatial
Similarity
Caloulation
Module 980

Temporal
Similarity
Calculation

MNews Event Reps. Module 992
Social Media Event Reps.
Event System Event Reps, st

LE

3 Similarity Measures
P (to Coreferencing Module)

Entity
Similarity
Calcuiation
Module 994

Text

J3L$ Sirnilarity
w Calculation

Module 996
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( Start )"\ 1802

¥

Determine spatial similarity between social media cluster and
news article (e.g., determing location vectors for news article
and social media postings based on candidate [ocations,
determine similarities between news article and social media
candidate locations using vectors, determine spatial similarity
as function of determined similarities).

1804

Determine temporal similarity between social media cluster
and news article {e.g., determine vectors for temporal
expressions for news articie and social media postings,
determine temporal similasity as minimum time difference
between temporal expressions in news temporal vector and
social media temporal vector),

1806

Letermine person entity similarity between social media
cluster and news article (e.g., determine sets of extracted
persons for news article and social media postings,
determine Jaccad similarity between set of extracted persons
for news article and set of extracted persons for social media
cluster),

T 1908

Determine organization entity similarity between social media
cluster and news articie {e.q., determine sets of extracted
organizations for news article and social media postings,

deterrnine Jaccad similarity between set of exiracted
organizations for news article and set of exdracied persons for
social media clusten,

T 1910

Determine social media to article text similarity (e.g.,
tokenize text of news article and social rmedia posting,
generate vectors for articie and social media using word
embeddings for tokenizad text | determine cosine similarity
between vactors for news article and soclal media posting).

912

Determine social media to article title similarity (e.g., tokenize
title of news article and text of social media posting, generate
vectors for article and social media using word embeddings
for tokenized iext , determine cosine similarity between
vectors for news article and social media posting).

914

:

C End )’\1916
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Computing System 1030 Cross-Media Event Detection and User System 820
Coraferencing System 804 o
Event Alerting .|y Interiace
Prooessor Communication Module 884 | i Module 802
1034 Module 1038 e il
et Publhing 11 1 1! 2
Coref. . J] P
Event Module  fdfg jon "
s [P 1050 I Contro
] Database e . . T
Non-Transitory Module 880 . Module 1858
Machine- Gther sl |
Readabie Compenents Moduie —_
Storage 1048 1054 Cther System
Medium 1042 Components
1082
FIG. 20 FIG. 21
2200 G\V
Start }‘\ 2202
%
Determine alert trigger. T~ 2204
A
Determine alert types and e,
recipients. 2206
& A4
Output response including alert by
Publish alert. -~ 2208 AP [ 2210

End
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To: marys mith@tradecorp.com To: 435-444-5555
From: eventalert@thomsonreuters.com From: 607—/7770888
Subject: 1 dead atter Ophelia storm near Aglish 1 dead after Ophefia storm near Aglish
Date: 17 October 2017 More on this event at hittps://event28767.thomsonreuters.com
Byent Type F gG 235
Yaeation -
Ve

fempaet | 1 killed

Event Typs
Yooationm
Tine
Yavepart

an b ber 30 killed B Hure
stormg alter e § nEs et Cav i
Acwonvan has baen ki 2
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x»} ko e Trishy willn

More on this event at https://event28767.thomsonreuters.cam

FiGz. 23A in sa‘gii§s,:<sf=!‘ Treland a5 ffrect of Si.t:ﬂ.) \,pn,. m.

Maore on this event at hitps://event28767 thomsonreuters.com
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