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Massive archives containing past texts are

available nowadays, e.g.:
— Newspaper archives
— Book archives
— Scientific publication archives
— Administrative archives .
I — Web archives
I — Social media archives Born-

I — Product review archives digital

EREONYINDT—HATREEICEETHES52Eo1=,

Archives are common and span variety of genres

T—HATFHATREL. ENEERZEBLTLS,

They are continuously growing and becoming increasingly important to us




TR )L Xk 7 —7H4A D Digital Document Archives
. TE" 7‘7—73477—’)’”0)15'] Big archival data, e.g.:

e Chronicling America - over 5.2 million individual newspaper pages
e The Times Digital Archive - 3.5 million news articles (1785-2008)
* Google Books - scanned over 5% of books ever published
e Internet Archive - 286 billion web pages since 1996 (15 petabytes of data)
e Amazon - 142 million product reviews dataset (1994-2014)
etc.

— (i(iéf@@_L.iﬁﬁﬁ{% DRANWAELEBEHDOT—HA4TEEH TS,

Nearly all national libraries and archives have own digital collections [1]

« BWALTER EIELRELED2009-2010FNF AL E BIEEE137(8M
Big Costs: e.g., in 2009 and 2010 the budget of the Japanese National Diet Library for
digitization was 13.7 billion yen

ENEFAH: T EMROMEEICE>TERINATEY . FIBZEOHADAEL,

Little usage: very few users utilize document archives, and mainly professionals

F—5R - BRASHAICLEDLTHAZEOMIT DL,

Despite massive data and huge costs the number of users is very small

FYBRTHENOTNWT—AATICTHETHRZRET IBELDHSD,

We need to popularize archives by making them useful and easy to use for everyone

[1] N. Stroeker and R. Vogels, Survey Report on Digitization in European Cultural Heritage Institutions 2012
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BERFE-EEOEEHE
Importance of Studying & Understanding History

BEENSEANLZNWEF(L, BEZFEYIRT . J(Ca—C-Ho8v—F)

“Those who cannot remember the past are condemned to repeat it” (George Santayana)

« BRIIBRERAEZHEEL. RREHOBEREFHTHLTE.
AEICBEWTEELGKREZRZLTLS,
History plays important role in our lives, helps to understand the past, the
present and even helps to predict the future to some extent

— Knowledge of history is essential for becoming prepared for an active life in the
contemporary society

c BERAOBEEMNT7TIO—F: a2 E1—3—0;FRIZKDESE
ST, &Rk, ER. FEFOXIE
Computational approaches to history: Harnessing computational power to
support history analysis, writing, usage, studying, etc.
— F%")@)LAK#J DFERFTD—ER Part of larger trend of “Digital Humanities”

* Related fields: Computational Social Science [1], Web Science, etc.

[1] D. Lazer et al. Computationnel Social Science. Science, 323(5915): 721-723, 2009
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Current Interfaces to Document Archives
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Large Document Archive
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Difficult to make sense of results!
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Towards Search Engine for the Past

- e e e e e Em e Em Em Em Em e Em Em Em Em Em Em Em Em Em Em M Em Em Em e Em M Em Em M M M M mm M M M M M Em M M M M M M e M e Em e Em M e e e M M e e e e e e e e e e e e e e e

____________________________________

FTLYyIOR—X
Knowledge bases
(Wikipedia, Yago)

Search Engine
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Challenges & Open Questions
° E%E’E Challenges:

_F—AQBIEHAT. EHRICESTL S,

Data is large and distributed over time

- BEPXARIFFEFEZRETRBICEIELLTIS,

Vocabulary & context in the past changed much

- BERICEAITHFABDHEIIRONTILNS,

Users’ knowledge of the past is limited

ESTNIETHRKDOFAFIHLBEDFROMBEINRMICEETSIN?

How can we effectively return information or knowledge from the past for present users?

FAShTWVEWT—3ZERAITIFEICKEDISLGLDAHEHMN ?

What are the possible ways to utilize this untapped source of data?

Za—R7—NAT X ESThE—BHEFAEIZEST
BZOOEBCHRATESLIICELEM?

How news archives in particular can be made easy to use and interesting to ordinary users? 8
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RGEAFRICEITHHELEY
(B 7r r0—4) O
TEMPORAL ANALOG DETECTION

10

Y. Zhang, A. Jatowt, S. Bhowmick and K. Tanaka. Omnia Mutantur, Nihil Interit: Connecting Past with Present by Finding Corresponding Terms across Time, ACL 2015, 645-655
Y. Zhang, A. Jatowt, S. Bhowmick and K. Tanaka: The Past is Not a Foreign Country: Detecting Semantically Similar Terms across Time, |EEE TKDE, 2793-2807 (2016)



B EEEOUIRL—Ia Ty T

s~

Background Terminology Gap

— T =47 W’Fﬁ?ﬁ’& N IZTHZDERDIL, (=
@LL\LT‘E 9 éo
o HMMNGRBERF-LZVWIRABIIEVTHEREZERT S
DITEFHI HEMNZBLY
— Many different difficulties in enabling search within archives - We

focus on terminology gap:
e Often non-expert users have problems to construct correct queries

Bl TEERIZNSLENGS

E.g., query “phonograph” may be unknown

FEEDEH: 100EFIDANRNRED LS5 E AT
BEZFFENTWV=DNCETLIERZR D=Ly

Search intent: Find content on devices people used to listen to
music 100 years ago? 11
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Motivation for Temporal Analog Detection
e KYXZ/ZBHR Larger goal:

FORNEREOREET—HATHADE R /R

Fostering Digital History and Popularizing/Facilitating Archival Usage

o B {RRIZIEERE Concrete task:

FrRIZEA CHEUTOIRFEHRITHL

Finding Analogical Entities across Time

]

1.

2.

175% Applications:
BRBREFIRETDALETT—HATRBERETIET S

Supporting search in archives by query suggestion

BEERRICETEEADOELUEICET 2FH-GHEWVNIEZS
Answering new kind of questions on past-to-present similarity of
entities

REDEWIEITOFRDBHER

Automatic generation of object timelines

HLUTOBEDHEKEFEZR DTS

Finding similar events from the past
12
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Analogy & Temporal/Spatial Analogy

TIOU—(ZEHE. i) - FEDSEYICE

(iEHZ . it

DEFEDZEYN, TNODE DAL DIELIZE DL
THEAT HRF1EF2 [HH: F5HE - Wikipedia]

Analogy (from Greek avaloyia, analogia) - cognitive process of

transferring information or meaning from a particular subject (the analogue or source) to
another (the target), or a linguistic expression corresponding to such a process [Wikipedia]

-l B RIR T F OIS — B BRI E ORI E DL

E.g., temporal analogy: a comparison of two things based on their being alike

where the things existed in different time periods

] 2R 7 O —: B3 BRI L1 B S S

E.g., spatial analogy: a comparison of two things based on their being alike

in where the things exist in different spatial locations

Wikipedia page on "analogy" https://en.wikipedia.org/wiki/Analogy

13
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Example Temporal Analogs

14
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Example Temporal Analogs

15
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SRR 7 rO—o

Two Types of Temporal Analogs
- BEMNTFO—7 . ERMICFELL TS, 4D

BRI LT‘%W

Temporal Analogs: entities which are semantically similar, yet

which existed in different time periods.

1. BN RIZBRE—DEF

Same entity with different name
Bl: 2> < —(1989F LUIE). E JL < (19894 LLHI)
e.g. Myanmar (after 1989), Burma (before 1989)
2. B711A3ELK Different entities

{51 iPod (20005 4X). Walkman (19805 1K)
e.g. iPod (2000s), Walkman (1980s)

16
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Key Challenges for Temporal Analogy Computation

1. EEDZEAE Language evolution
2. BHEY—IL B EWERICEAT AU IAUEEE R

FESR TR (ZXI IS RIREAL RERI 2T (T 0T S L) RU
FLYOAR—XD RN

Lack of lexical tools (e.g., WordNet for the past or POS taggers
for historical documents) or dedicated knowledge bases

3. OCRM:REEE, Large number of OCR errors

4. HORRICEAT ST —20d7Es

Sparse data for distant time periods

BASHELEDERNGEFEIHFYAITIEIZLANBLNGL

Traditional techniques for natural language processing may not be very effective

17

W. Labov. Principles of Linguistic Change (Social Factors), Wiley-Blackwell, 2010.
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Panta Rei [Eng: Everything Changes]

o I BEWIIFREET H17= . FFEIKNT7F0O—

— 7MY &<

XARGZEIET B,

Everything changes: thus contexts surrounding temporal analogs are different

Walkman (1980s)

iPod (2010s)

cassette «—___|

apple

audio % mp3
video rogit
tape / player
music » MUuSIc
sony geeks
digital jukebox
stereo portable
earphone macintosh
recorder dlink EIC(IXRRTELIESE..

The task is not trivial...

* Contexts in the New York Times corpus

18
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Temporal Analogy CompLFJﬁtglc‘iion by Context Matching

correspondence?

BEE 4 2

correspondence?

»

ESPEN g
correspondence?
> X: ipod

]

@kman <
_— B 2 S
correspondence?
< >
BHEE 2

correspondence?
> apple

XEYDMEU TSN EHTETBIZIE XEYFNFNAETENS
XARDFELIL TSI TR T T2 ELRH S,

To estimate if X and Y are similar, it is necessary to analyze if the contexts of X and context of Y are similar. 19




R 7 S 0— 2 DR D18 DR

Context Comparison for Finding Temporal Analogs

EEMICELLTWS = BLOEKEED

YARIZE S

EANLTULVS

Semantically similar = surrounded by context with similar meaning

R (. : ) : , ™
Present iPod {music, outdoor} iPod {music, outdoor, cool, mp3...}
N I I T I I x x
BE |[walkman  {music, outdoor} walkman  {music, outdoor, nice, cassette...}
Past '\ J \_ J
$€ 3k D7 7 A—F(Bag of Words) SEIREIT S 770—F
Standard Bag of Words Approach Our Approach
20

Y. Zhang, A. Jatowt, S. Bhowmick, K. Tanaka. Omnia Mutantur, Nihil Interit: Connecting Past with Present by Finding Corresponding Terms across Time, ACL2015, 645-655
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FYRT—5%F - BEERHIAH
Across-time Similarity: NN-based Term Embedding

* DEINRILLRIE [SO307, 20134

Distributed Vector Representations (NN) [Mikolov 2013]

>t
l Dl D2 cee Dm
present time N R
(e.g. 2003-2007) wa |
Wp
P, P D,
W1 o
W3
past time :
(e.g. 1987-1991) W

D; & O MBENIUMILZERBDRIT

D; and ®,, are the dimensions of each vector space

21

T. Mikolov, K. Chen, G. Corrado and J. Dean. Efficient Estimation of Word Representations in Vector Space. ICLR Workshop, 2013
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SEEDANIRLFRIE: Bag of Words vs —a—Z LAYk T—2
Word Representation: BOW vs. NNs

Bag of WordsZ FHLMNf=~"J L ZEfH
Vector Space using Bag of Words (BOW)
Size of Vocabulary = 400,000

A
r )
._>
|p0d= [50 150 .. 200 .. 5 .. 100 .. 0 O]
——
car = [60 180 .. 50 .. 200 .. 350 .. 0 (ﬂ

—a—ZJLARYRT—4(Skip-gramET JL)Z AL =RI KL ZEfHE
Vector Space using NNs (Skip-gram Model)

Size of Neurons of Hidden layer, usually 200 - 800
A

e . .
: e (Captures semantic meaning
ipod = |: 01 -02 .. 03 .. 038 :l e Semantically similar words are
located close in vector spaces

—_—
car = |:o.4 01 .. -08 .. 1.1:|
22



Present Vector Space (D=300)

2B A = fE L%

o BFfElZFEBAT- Vv vE~> 7 Mapping Across Time
BLLERIZBITAXRELTHRT S

Transform background context across time

iPod | 03 12 ..

1.1 _l

@,

@, L

music | 1¥&.04 .. 08

E

X

Across-Time Similarity

Past Vector Space (D=200)

| walkman | _11 03

. 12 _I

Cassette

Music 03
ssete | sy 1

wW.

i
w

2
13

BN BT 2 e TEAL |

Can not be directly compared!

INEDANIMILERBNSIBEDAINLEBADIVEL T EBEITINELHD

We have to build the mapping from the present vector space to past vector space

23
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FYRT—5%F - BEERHIAH
Across-time Similarity: NN-based Term Embedding

* DEINRILLRIE [SO307, 20134

Distributed Vector Representations (NN) [Mikolov 2013]

>t
l Dy D, -+ D,
present time Wy [ see eee oo

(e.g. 2003-2007) Vlfz \
Wp EXCEEETTRRRTTRNYY
b, O, - D,
Wq [ror w0 e e
pasttime E cee cee e e

(e.g. 1987-1991) wo

D; & O MBENIUMILZERBDRIT

D; and ®,, are the dimensions of each vector space

24

T. Mikolov, K. Chen, G. Corrado and J. Dean. Efficient Estimation of Word Representations in Vector Space. ICLR Workshop, 2013
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THTIZHT=2TD]

N BT

Assumption behind Proposed Approach

D2 a
inod player
ipo
present time
(e.g. 2003-2007) mp3
> D1 \
CI)z“
paSt time walkman
(e.g. 1987-1991) ® recorder

casette

{f 55
FNEFNDOARINILZER
IZHITHEFEFEDEX B

MEIX—FTHD
Assumption
The relative positions of

terms in each vector space
remain stable

25



R|IN) D ZADIEE

Constructing Transformation Matrix

DEININILERIA X9 DEFEFEDKE DT
Distributed Vector K Pairs of corresponding terms (anchors)
Representations {(wi, wy),..., (W), w;j)}

Present time W1 B T T M:argminZHM){?—x}: 2—|—"}/”MH§
(e.g.2003-2007) "2 |... ... ... .. Mo 2
WP coe coe cee coe Dl .C.D'l ..C.DZ.........CI)n
M= "D
o, &, - D, D'm
Pasttime a)l cee cee cee cee

(e.g.1987-1991) “2 ... .. ... ..
wo U ] — ORI T B R ERIR: BEEAERIC
HEn b8, EENEILLDLL [/3—4 )L, 2007]

We choose common, frequent terms: the more frequently the

word used, the harder is to change its meaning [Pargel 2007]

VA (¢ V(¢

e.qg. “man”, “woman”, “water” 26

M. Pargel et al. Frequency of word-use predicts rates of lexical evolution throughout Indo-European history. Nature, 449, 717-720, 2007
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Global Term Transformation Approach

Past Time
W1 -11 03 - 12
IE,‘T:E':BH'%) I= %lu\éhé /,”a)z 03 -11 —2
liPod | IRV YR A D AP
. : Transformation R
“iPod” in ) Expected ’
, Matrix 20
Present Time Vector S sine
i similarit
03 - —11] X M = [01 - 0.7] Y
\ /. N J
Y L1 03 . 11 Y Results:
Dimensions=300 13 1.1 ... 21 Dimensions=200 1. ver
04 08 .. -13 2. macintosh
3. walkman
size=300x200 SR BRI N

BRI 7 FO0—o DY Rk
Result: ranked list of
temporal analogs 27



NEMNGEEETRORBER
Problems with Global Term Transformation
BEDOEZ TIZHLY. .
Not the best answers..

SER/EAMEEEE DET A hykLa—a —hiPod DEELIEL TR RESNT-,
ApplelZ &Y A FE SN =MacintoshMiPod DFELEMIEL TR R SN T=,

VCR was found to be a counterpart of iPod due to allowing to record/playback
Macintosh was found to be a counterpart of iPod as being produced by Apple

EEIR)HR ‘ XEHGE—

Transformation Matrix Global Correspondence

BRFEBEZDRBEDARD R KBRS TR

Relations between query and its local context are neglected

¥

BFT7%ZE—3 Local Correspondence

28



TR T S7ESBRA UMW AE
Transformation Using Local Graph by Using
Reference Points

1BZ%  Past Time

L -

IR (EBRDOXR)
Present Time
(subject to transformation)

music

waI man

. -O son
music similar? cassette Yy
R 7
devnce At

mp3 ippd aPP|e S|m|Iar? R— 154
@, temporal

o music analog
e (? / candidates
) vCr
device o + Osony

video disk

(B device 59
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%Eﬁ T—A1t YNEERTE
Experlments: Dataset and Settlngs
o T—4A4tvk Dataset:
New York Times Annotated Corpus (1987-2007)

— 1.8 million articles in total, 0.45 million articles in the present and past time
period, on average. Vocabulary size: 300K

o TAMEYL(AYI. HFT. EY)) Test sets (persons, locations, objects):
— 95 pairs of <query, temporal counterpart> for [2002-2007] to [1987-1991]

o TWTH)HREFEEHEIHE S Training Transformation Matrix

— Feature dimension for Skip-gram model: 200

— Number of Common Frequent Terms (CFTs): top frequent common words (5%)

30



EER . T AUk Experiments: Test Set
¢ 52U T ESD (YT, BETFA—0) DRTIZE->THE

SN T=T Ay b EFEI TR,

Manually created a test set with 52 queries and 95 pairs of (query, temporal analog)

x®1L: 7 AMEY b

LGV AYNAEN

t25 T & 4 5 BEIE]
7 Fa—7, tx
BEGET D56
HdHDH, )

Table 1. Examples of test
sets where term q is input
and term t is the expected
temporal analog (t can be
multiple)

ID q [2002,2007] t [1987,1991]
1 Putin Yeltsin
2 Chirac Mitterrand
3 iPod Walkman
4 Facebook Usenet
5 Linux Unix
6 spam junk mail, autodialers, junk fax
7 spreadsheet database, word processor
8 email messages, letters, mail, fax
9 superman superman, batman
10 Pixar Tristar, Disney
11 Euro Mark, Lira, Franc
12 Myanmar Burma
13 Koizumi Kaifu
14 Rogge Samaranch

Serbia, Croatia, Macedonia, Montenegro, .
15 . . Yugoslavia

Kosovo, Slovenia, Bosnia

16 fridge fridge, freezer, refrigerator, ice_cubes
17 NATO NATO
18 Google IBM, Microsoft, Matsushita, Panasonic
19 Boeing Boeing, Airbus, Mcdonnell Douglas
20 Flash drive, USB, COROM, DVD floppy disc

9T DIELR:
1. A#¥)
2. 5P
3.%EM

Type of queries:
1. Persons
2. Locations
3. Objects 31




KERFERH IREDV T HEEDT7FA—J &

Example Results: Finding Past Analogs for Present Queries

7 TI J T ﬁ@ /\‘—Z% A> 75 ff *Lexico-Syntactic Pqttern used to
’ baselines methods detect reference points
queries correct answers
I i N
N \ | 1 |
[2002,2007] [1987,1991] BOV.V LSI+Cf)m Global_ |Local_Tran
(baseline) | (baseline) Tran (Lex)
1 Putin Yeltsin 1000+ 51 24 2
2 Chirac Mitterrand 1000+ 6 7 2
3 iPod Walkman 1000+ 6 3 1
4 Facebook Usenet 1000+ 1000+ 1 1
5 Linux Unix 1000+ 5 20 1
6 spam junk mail 1000+ 1000+ 5 1
7 spreadsheet database 1000+ 395 3 1
9 email messages 1000+ 1 2 7
10 email letters 1000+ 1000+ 1 1
11 email mail 1000+ 119 7 6 1IEfED
12 email fax 1000+ 1000+ 3 4
14 superman batman 1000+ 46 5 2 uﬁﬁ‘ﬁ- H-
15 Pixar Tristar 1000+ 110 1 1 ——| Rank of
16 Pixar Disney 1000+ 1 3 2 correct
17 Euro Mark 1000+ 1000+ 2 1
19 Euro Franc 1000+ 1000+ 7 3 answers
20 Myanmar Burma 1000+ 3 64 46
21 Koizumi Kaifu 1000+ 66 2 1
22 NATO NATO 1000+ 1 304 141
24 fridge freezer 1000+ 7 1 1
25 fridge refrigerator 1000+ 4 2 2
27 Serbia Yugoslavia 1000+ 12 1 1
28 Kosovo Yugoslavia 1000+ 27 14 10
30 mp3 compact disk 1000+ 44 58 19
] 32
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Solution to Alleviate OCR Errors

%%E’]K%muﬂﬂy [’) (OCR)O) Fl:lEJﬁ':E(Optical Character Problem)
HEFXEELTROEBYZELLVBDIZIVEL T TS

Build dictionary to map wrong spellings to correct ones

- AN ETOEBEOAIMNLERE

Input: vector representation of all the words

— WA #HEEFRo&RY, ELLERY)

Output: dictionary {wrong spelling: correct spelling}

A
Original Spelling Correct Form
...... _ musio(1178) : :
mnusic(405) mnusic music
o music(39063)
miusic(696)  mnsic(358) miusic music
musie(646) i; musie music
I tt (277) |etter(85854) ............
ettor
ietter(333) lettcr letter
lettcr(350)  lettei(133) lettor letter
lotter(688) |ctter(222) ...
lotter letter
>
Vector Space of [1906, 1915] L= e 33




OCRDRFZHZTEH BT AL

Solution to Alleviate OCR Errors

° OCRF&%E’EE%)’@ZT%T:&) O)ﬁﬁ*ZEE Assumptions for Alleviating OCR Problem:

(1)

(2)

(3)

RO TN T=EHEBIXIELLMREY E5ELT
HYARDPIZH B,
Wrongly spelled term has similar context with its lettor(277)

correctly spelled term; lettcr(350)

IELLMRYIT R =Y KYEEH T 4, letter(85854)

The correct term is more dominant (or frequent) lettet(90) ietter(333)
compared to its wrongly spelled ones; lettei(133)
ROTRYIE—EFE ETNIETELLVRY

ey lotter(688)  |ctter(222)
Wrongly spelled term has one edit-distance from

its correct term.

o FEER DM Example Results

— {&IE7&L Without Error Correction:
e car [2004,2009] - [1906,1015] vehicle, tricycle, mnotor, rmotor, car, eycles

— {EIE&HY With Error Correction:
e car[2004,2009] - [1906,1915] vehicle, tricycle, motor, car, cycles

34
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Aspect-Based Temporal Analog Retrieval
HTYDR: Ek, B, B

Query Pattern: Entity, Viewpoint, Target Time

LL

What similar to iPod 20 years ago, 80 or 100 years ago?
— iPod, listening to music, 20 years ago = Discman, minidisc, Walkman
— iPod, listening to music, 80 years ago = Disc-based phonograph
— iPod, listening to music, 100 years ago = Cylinder-based phonograph
What was the computing/writing device in the past analogous to PC?
— PC, computing, past = calculator, abacus
— PC, writing, past = typewriter
Which president before Kennedy was also assassinated?

— Kennedy, assassinated president, past = Lincoln, Garfield, McKinley,
Spencer Perceval

What was the old currency in China?
—  AER ™M (renminbi), currency, past = Rt (Yinyuan), 3 F(liaozi)

What was a similar vehicle recall in the past to the one of Toyota in
2007?

— Toyota recall (2007), floor mat problem, past = Audi recall (1982)

35



T—NATHEELUDERZHET S

Similar Entity Retrieval from Archives

BEDFELT HERK
(FARYLEEZEIZAND)

Similar entities in past

considering aspect asp.ect
®
@ +
. @
® entity
BEDFELET HER
Similar entities in past
®
. @
® entity

—
SENENNNNNNENNEEERENENERRENEEERED
SENNNENNNENENEEENEEEEEniEREEEEEE

36



TANDIAR—ADHH AT L
System for Aspect-based Retrieval

Y. Zhang, A. Jatowt, S. Bhowmick and Y. Matsumoto: ATAR: Aspect-based Temporal Analog Retrieval System for Document Archives, WSDM 2019

37
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e [ 20 B A TR {LL1E 0D & BA
TEMPORAL ANALOG DETECTION:
ACROSS-TIME SIMILARITY EXPLANATION

38

Yating Zhang, Adam Jatowt, Katsumi Tanaka: Towards Understanding Word Embeddings: Automatically Explaining Similarity of Terms, IEEE BigData 2016
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M BERBAA
From Detection to Explanation

« qDBEICEITEHTFA—TJ [XEH 7
—1451: 1980F R IZFH 1T SHiPod D FE L (LA 5 2
What is an analog of g in past?

— e.g., What is counterpart of iPod in 1980s?

» TGO BEIZHEITHT7FA—TIEDOMN?
—45: 721980 F X IZFH [+ HWalkmanldiPod 2L TLY
HDM?

Why t is an analog of g in past?

— e.g., Why is iPod similar to Walkman in 1980s?

40

Y. Zhang, A. Jatowt, and K. Tanaka : Towards Understanding Word Embeddings: Automatically Explaining Similarity of Terms, |IEEE BigData 2016, 823-832 (2016)



FrRl 8 A =28 LM D ERBA - EIRED AT 7L
Across-time Similarity Explanation:
Problem Statement

Input: iPod:? =  Walkman:?

BEOHEEIZHEDL

Based on several criteria

iPod : music =  Walkman : music usage
Output: iP.od : portable i Walkman : portable characteristi(.:
iPod : MP3 = Walkman : cassette | storage media
iPod : Apple = Walkman : Sony company

2DDEARIFFRZTEBZ TELULTNAIEDERZZ{RT IE T RDIRM

Providing evidence to support understanding of similarity between two entities across time

41



BEERER (T F—&T—9<T, 1997)
Theory of Structural Alignment Model
(Gentner & Markman, 1997)

e M —oDEAKDOE—DOEM

Commonality: identical attributes of two entities

— E.g., music (iPod) = music (Walkman)

BIILI-ER: —DOEKRLRALEREHFDOHIME
MELGDEME

Aligned Difference: attributes which have same relation
to the two entities but have different values

— E.g., mp3 (iPod) = cassette (Walkman) [storage
medial

BIILTWVEVWER. —HFOEREDOAICETITE
Y. 02— AITHICT ABRZNFELGVEN
Non-alighed Difference: the element of one entity that
has no corresponding element in the other entity

— E.g., display panel (iPod) [no corresponding item
in Walkman]

e.g., |cat dog

clity

€8+ | cat dog

aligned difference

€8+ |cat dog

Non-aligned difference

42

D. Gentner and A. B. Markman. 1997. Structure mapping in analogy and similarity. American Psychologist, 52(1):45



B RE D L = [X

Conceptual View of Problem

— -
= e B

- N e TN OQutput
R portable music - ,7 portable music ) .
P \ ’ N <music, music>
\ .
/ Apple ., Sony \ | <portable, portable>
I song ' ! !
| iPod g, | song Walkman : <Apple, Sony>
|‘ = ! @ | <mp3, cassette>
\ M /
\\ /WJM @; // <Wma)>
\_  mp3 W,/ “.  cassette i S
S e \’/\/ /_l/ /’/
T, T,

REDERICXAR LEAET HHEEN, MRICHETIEDORINMESHIND,

Context terms of a given entity are derived from frequently co-occurring terms

BRY: FBECRBIIL-ERERTHEONTER DTS,

Task: find good word pairs denoting commonalities or aligned differences
43



2B A = fE L%

SRR

Explaining Across-time Similarity

1. B§4R1E Relatedness

- RV EGDHRBFIENENHRODEKRELEZRLTLSD,

— Terms in a pair should be related to their entities

2. BEERAYEELIE Semantic similarity

K7 LGHBEFEFEBRERMN BEWNIZELL TS,

— Terms should be similar to each other

3. BE{RBYELIE Relational similarity
— RV EGDHBEEBLEEINONERT IERLEDBEFZRMENLELIL TS,

— Terms should have similar relation to their entities

High relatedness

7\

High relatedness

N

iPod : MP3 = Walkman : cassette
High relationa High semantic
similarity similarity

ROWEHEDHEAEHE

Good term pair

Weak relatedness Weak relatedness

"2 N

iPod : man = Walkman : city

Semantically

Relationally dissimil
issimilar

dissimilar

EWHEOHAEHE
Bad term pair 44




baselines -

methods 1

EEXFEE Experimental Results

basellines mett]ods

1

45




E R A HTICE DR EIE
PCA based Visualization

iPod vs. Walkman Vladimir Putin vs. Boris Yeltsin

L1l

USB vs. Floppy Disk

46



i 2 2 - LR D ER
ACROSS-TIME COMPARATIVE

SUMMARIZATION
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H = Background

¢« ZTa—RAFEDRWMVFHDBFERELTHRLEZRGELEDD—DOTHSB,

* News is one of the most important channels for acquiring high-quality
information

e FIBRZEDRR-LVABICESTIE, BLGL53ZODOBHOD=Z12—AD
LEERZ TV WEEDLHEEH D,
e Sometimes, users wish to compare two collections of news, which can be
from distant times, biased on query N
BUaER

Politician

/

News of 1990s News of 2010s

49

Y. Duan, A. Jatowt: Across-Time Comparative Summarization of News Articles. WSDM 2019, pp. 735-743



B Motivation

)R K$frFEIE
1998 [ E%Eh
FI:IE] L/T:o

President Clinton
visited China in
1998

FSUT KRR
20175 ([ EZ%EER
Flzﬁ L/T:o

President Trump
visited China in 2017

News of 1990s

News of 2010s

50



%
\

B Motivation

fﬁi@ﬁM\

DIRR DD
MEZER™S

Gaining insights
from similar

4 )
BEDIFH
CHEMETD

Understanding
information in
past

situations in past

RN

Z

~

HEFEDORHENTFO—J 2R D115

Finding temporal analogs of events

)

MATEDTMT D

Analyzing trends

= = = - - -

Across-Time
Comparison

News of 1990s

51



B Motivation

1 , = =1
U.S. politician | 1 Russian politician| 1 English politician |
|

Clinton... | I Yeltsin... | I Major... '
| | |
! | : t | : t |
| : | |

Trump Putin.. May..
1! 1 ! |
e ——— e ——— S

BTEORZEIIICEDWT, ZDO20ELABEHD =1 —
AuEET 5,

Compare two collections of news from distant times biased to a
given specific query.

52



=
y\

1t Problem Formulation

ey~ DB{

>

TA TB time
| |
I I
| |
l e = — = = == ——— = —— - . !
P = =1
[ ST 53 sB <= -

m relevant sentence pairs
R AL EE | 2HE
Relevance | | Correspondence | | Saliency | | Diversity

53



288 Challenges
FEEOBXOEAEIEEIEL,

The ratio of salient candidate sentences over trivial candidate sentences is very low

BIREL D= 1—R T — NI D BHETHH-SI=. ERDBEL
HIJ =TI RAAREENH D,

The input news archives can be very diverse as well as may cover multiple latent
subgroups

XEDXILCEFZDAEERZETHS (Z2—AEARDOXARITEL>
TWLhWSMhELN7ELY),
To measure sentence correspondence is a difficult task

— The entire context of input news collections may be fairly different

ERDETHERESZEIT ADIIRECHETH S,

Considering all the listed above factors is a challenging problem

FiE EmBELENZELI-OICLBOUNERZETERICANT:

HEE BRI 5 B (J-ILP)

Method: Joint integer linear programming framework (J-ILP) considering all the

four factors for high quality summary

54




EAZH Orthogonal Transformation

Past time Current time
iPod
cassette ______:_.:::::::::::::::!-
‘===:====: _______ email
__________________________ >@
il SR PE LS >0 Trump
fax === —==="
Clinton

Y FIVERERB

Vector Space Representation
LEDART7DZEERT 3N BELBEEOMADXEELEENDHT
FEN[(ay, by), (ay, by), ...(ay, b)) U TORZFiwI=9 TRI1TSI
WhFb b,

Given L pairs of training data trained in both document collections
[(aq, bq), (ay, by), ... (a,, by)], transformation W should be learned as follows:

L
W = argminwz lla; — Wh;||%,s.t. WTW =1

i=1 55



WMDIZ & 5873 5B DX DRI 3
Across-time Sentence Similarity Computation

using WMD
Sentence s Sentence s’
(Past time) f (now)
Clinton Clinton Trump
speaks Tump @ greets
to ./ ¢ the
the lllinois Chicago press
media in
in press Chicago
lllinois media .H'
—

N9 MLZERIERIR

Vector Space Representation

X = el Eh B
Word Movers Distance
56



e BRI ETENE
Joint Integer Linear Programming

ZHRTCTHRBENGESE T —2Z2REL. RFICHRTEIERDODRT %
WEGLATH T 5. GiRE G E BRI ELE-ILP) I — LT —J%
RELEY

We propose a concise joint integer linear programming (J-ILP) framework which
detects diverse and representative exemplars and concurrently ranks
correspondent entity pairs from the detected exemplars.

Past Present

D EKRICXFINDIERZTIES LSS
We call an entity as exemplar if it is voted by other entities

57




EEX:tvbh7 w7 Experiments: Setup

o EER(Z[d. New York Times Annotated Corpus (1987 ~20074F) %
FERT 5,

® For the experiments we use the New York Times Annotated Corpus (1987
-2007).

[1987, 1991] [1992,1996] [1997,2001] [2002,2007] Time

|
Comparison

58



EER:f5E Experiments: Results

ROUGE(EIL AT LD BENEEME) ZAW=/\TA—T U AD LB

Performance Comparison using ROUGE

Type System ROUGE-1 ROUGE-2 ROUGE-L ROUGE-W ROUGE-SU
J-ILP (OT) 0.485 0.218 0.447 0.195 0.148
Proposed Methods J-ILP (LT) 0.478 0.234 0.423 0.162 0.128
J-ILP (Non-Tran) 0.171 0.061 0.098 0.040 0.017
Multi-Document LexRank 0.260 0.138 0.186 0.089 0.064
Summarization Methods LSA 0.313 0.144 0.242 0.096 0.073
KLSUM 0.235 0.048 0.169 0.085 0.021
Comparative Summarization DSS 0.179 0.075 0.151 0.074 0.057
Methods MRRW 0.346 0.180 0.283 0.103 0.077
LPCS 0.386 0.190 0.312 0.122 0.082

B A ZF (Precision)ZF AWV =/\ T+ — 2 XD LB

Performance Comparison using Precision

System Precisions Precisionp
J-ILP (OT) 0.875 0.333
J-ILP (LT) 0.875 0.217

J-ILP (Non-Tran) 0.266 0.002
LexRank 0.350 0.100
LSA 0.375 0.083
KLSUM 0.208 0.042

DSS 0.283 0.053
MRRW 0.325 0.067

LPCS 0.467 0.133 59




in Japan, was among 26 players named yesterday to go to Japan for an eight-game tour

next month.

(4.2) Japanese soccer officials announced yesterday that its men’s national team would not travel
sto the United States for two exhibition games because of the war in Iraq.

(4.1) Cecil Fielder, who led the major leagues in 1990 with 51 homers after he played a season 15']

(5.1) Pertamina, Indonesia’s state-owned oil company, and Japanese buyers have agreed
in principle to,a new one-year contract for sales of crude oil.

(5.2) Japan is looking to the Russian Far East, ensuring that Sakhalin Island will become
a major supplier of oil and gas to Japan within a decade.

(6.1) American and Japanese negotiators met today in the opening round

of talks intended to follow through on agreements

reached last summer to remove "structural impediments" to trade.

(6.2) With President Vicente Fox of Mexico here to sign a free trade pact with Japan, talks
broke down Thursday over Japan’s dogged defense of its pork and orange juice producers.

(7.1) Japan’s Fair Trade Commission said today that its international committee

was considering applying anti-monopoly regulations to

all foreign companies whose business practices affect Japan.

(7.2) The Fair Trade Commission in Japan ruled on Tuesday that the Intel Corporation
violated the country’s antimonopoly law in the way it sold semiconductors

and ordered the company to stop some of its sales practices.

(8.1) Japan recently announced the end to five decades of commercial whaling.

(8.2) Japan’s latest effort to resume commercial whaling was strongly rebuffed in two votes
,at the biennial meeting of 160 countries adhering to the Convention

on Trade in Endangered Species.

(9.1) Foreign car sales in Japan rose 59 percent from last year’s levels to a record 9,597
in July, a spokesman for the Japan Automobile Importers Association said.

(9.2) Sales at Japan'’s largest industrial electronics companies rebounded in the October
through December quarter on strong demand for optical disk drives, cellphones

and the semiconductors used in digital cameras and other hot-selling gadgets.

(10.1) Japan said today that its trade figures with the United States had improved
strikingly in the last six months,

and it predicted that the trend would continue for the rest of the year.

(10.2) Sharply increased trade with China has lifted the Japanese economy out of a lost
decade of feeble growth and recurring recession, while cheap imports

from China have driven costs down significantly for Japan’s long-suffering consumers.

Example
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ESRICE IC(EED
TJIL—TEER
HISTORY-FOCUSED ENTITY
GROUPING AND SUMMARIZING
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N EKDEF% %] Timeline Documents

© RIS B OXABRINE RIS KB OV TORME
S, (Pl TERER 1D WikipediaX—U DIEESE |DIER )
Many documents about entities contain descriptions of chronologically arranged
events (e.g., history section of Wikipedia page on La Rochelle)

o ZILEXHICEENDIXD—D—2IZIE, ZTOX(ZEH NI=HEEAHL
SEEFENEANT AA LRI T FENTNBEEZ B ENTES,
We can assume that each sentence in such a document can be annotated with a
timestamp revealing when an event expressed in the sentence took part

Wikipedia: https://en.wikipedia.org



ERDHTIF4X Entity Categories

ERIEEBLRAT VST Tond (Bl 7530 AD
1. 19t _%EF4‘J0)71-’F X . KEDEEKEF ?J&)

Entities are usually grouped in categories (e.g., French cities,
German composers in the 19t century, USA baseball players,

etc.)
%17&7&*& BL., M9 5 LETHTINIZRITHZEILE
R ETHD.

Entlty grouping is natural strategy for arranging and
reasoning about entities

— Wikipedia contains over 1 million categories

LA, 7JT:| 'J D ITERADERIE—FEICEEdR S TLY
TN EN S

However, categorization and entity histories are usually not
combined together

64



BV —FO: EARHTIOELE D EENERK

SubResearch 1: Automatically Generating Histories of Entity Categories

DELERAROHRBMGERIEIEDIIGELDH,
What was the typical history of a given entity category?

Example summary

65

Yijun Duan, Adam Jatowt, Katsumi Tanaka: Discovering Typical Histories of Entities by Multi-Timeline Summarization. HT 2017: 105-114



BEAR—X-TARATR—ZXDEH
Exemplar and Prototype-based Summary

TR LA TR—XDEH RER—XDEHN
Prototype-based Summary Exemplar-based Summary
/\ ----------------------------- _— P _—
= \l ---------------- T --------- _— LX_I --------------- T E— _— :
S i _________ l
P 4 (o — T
Summary Summary

BEWNICEENDSHEFEFA AL BMNICEENDIETOHESIL

DXEICHET 5, =LHEMMGEERICEHET 5,
Summary events come from All summary events come from the
different entities most representative entity
66

Yijun Duan, Adam Jatowt, Katsumi Tanaka: Discovering Typical Histories of Entities by Multi-Timeline Summarization. HT 2017: 105-114



VATLDEEE System Overview

FEE 55 B8 38 0D 3Tk
History-related Documents
, Era B =
Detection summary | —
Jaksa47 T
R—2R o
Mutually Generalization
Prototype-based Sl
Random Walk *
PréD I(;(;gcr:neesr;ting Topic (M)
Detection Redundancy
l Removal
HITS
Event
RepresentationJ BEA
~N— :
A Event/Doc Importance Calculation
Exemplar-based
67

Yijun Duan, Adam Jatowt, Katsumi Tanaka: Discovering Typical Histories of Entities by Multi-Timeline Summarization. HT2017: 105-114



ZHDOH Summary Examp

Event Terms
Battle battle, kamakura, fought, took, kumegawa, area, komaki, period, site, place, war, zenkunen, yasutsune, ultimately, ujigawa
Meiji Revolution | people, peasant, escape, christianity, another, rebellion, damage, raid, air, war, yokkaichi, went, weakened, toyotomi, subsequent
War war, naval, japan, school, russojapanese, kiyohara, fujiwara, japanese, rebellion, navy, english, end, meiji, major, period
Municipality system, within, municipality, establishment, modern, created, district, saitama, prefecture, restoration, gunma, town, creation, meiji
Trade first, tea, made, tsuen, shop, service, held, festival, completed, yoshimitsu, world, waraji, uji, telephone, still
Education school, established, confucian, high, william, welfare, vories, university, ueshiba, tsujido, teacher, taught, taizen, studies, science
Merge merged, district, form, create, village, town, tkamachi, numakuma, nakaminato, incorporated, both, neighboring, urasaki, toyosu
District takikawa, ebeotsu, becomes, continued, tend, village, district, hekikai, town, domain, began, area, period, yamagata, utashinai
Ww2 training, center, military, imperial, navy, naval, japanese, industry, facility, built, army, air, production, nagoya, development
Special Ward ward, became, tokyo, special, founded, city, district, former, shinj, shinagawa, sanbu, sanbe, nine, minamiadachi, metropolis
City Relationship | founded, city, relationship, established, ueno, sister, yamatotakada, wales, tkai, takaishi, sistercity, raised, nanao, mitaka, lomita
Film year, story, film, festival, shibuya, sakura, record, narita, master, mai, every, appear, place, name, one
Elevation elevated, city, status, ska, seba, village, town, surrendered, sekigawa, sashima, neighoring, matsumoto, kunitachi, kitaadachi
Population public, housing, population, real, estate, development, trading, revenue, rapidly, rapid, debt, bubble, large, koku, construction
Sports olympics, summer, hosted, host, winter, walk, sport, played, park, marathon, events, event, athletics, part, national
Economic toyota, line, city, opened, nagoya, largest, economic, detroit, aichi, expanded, local, aircraft, became, plant, new
Transportation | expressway, road, line, junction, connected, station, tokaihokoriku, thoku, kaid, highway, established, train, tokyo, opened
Nuclear fukushima, school, nuclear, evacuee, accident, city, status, student, public, problem, high, caused, rapid, housing, population
Natural Disasters | damage, earthquake, tsunami, thoku, suffered, caused, due, typhoon, rain, flooding, city, isewan, fishing, extensive, although
Election mayor, motomiya, former, elected, plan, hall, first, party, ochiai, mayoral, kitamura, harue, city, office, woman

BARDS50DH A5
HESN-ERL
Shared history of
550 cities in Japan
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YV Y—FQ:REFEHTI)DELRD BELLEL
SubResearch 2: Automatically Generating
Comparative Histories of Entity Categories

yL e ./ Timeline [/
_________ "/ Comparison /

BERINNEICEBEIN-ZDOXE ALY 3 0atkiRgT 52 & T,
MEOHBERVPEVWZRR LV EEDHAEL LS,
Sometimes, users would like to compare two collections of timeline documents in
order to discover commonalities and differences between them.

i1 BARDETHDOREE EPEOE T O REEO @ =& 72
Example 1 What are similarities between histories of Japanese cities and
the histories of Chinese cities?

B5i2 20HFEDIA—AV/ DR FEBFLREILD T AV IDHAREDEFRIEIED LD
Example 2 [ZESDH,
How different are lives of European scientists in the 20t century and
those of American scientists at the same century? 69




5l Example

Population

Events in the history of Chinese cities

1924 19 1948 36 1978 18
Spring and

Autumn period § Tang Dynasty J§ Ming Dynasty Industrialization

333BC 324 891 196 1368 226 1911 27 21 1958 21 2004 22

Timeline

Budhism v

1450 276 1822 121 1945 13 1872 26 2005 9

Transportation " Economic |

Events in the history of Japanese cities 1927 22 1988 25 1996 13

Natural Disasters _

1994 20

Table 7: Events in Japanese cities summary. For each event
we show up to top 10 descriptive words due to space limit.

Table 6: Events in Chinese cities summary. For each event
we show up to top 10 descriptive words due to space limit.

Event Terms Event Terms
. . qin, warring, chu, dynasty, capital Buddhi temple, period, shrine, year, buddhist
Spring and Autumn period conquered, zhou, subjugated, county, vassal uddhism history, area, site, built, nara
emperor, capital, dynasty, city, kingdom castle, built, constructed, building, shrine
Tang Dynasty tang, court, king, established, luoyang Castle tower, canal, completed, reconstruction, construction
dynasty, kingdom, china, province, conquered : line, station, railway, opened, rail
Ming Dynasty Ymingl:r estaElished, capil::l:], empire, mucljlgul Transportation main, route, train, shinkansen, service
T rtati railway, built, area, yangtze, kilometre War ] war, air, jlmrld. raid, army
ransportation line, north, completed, connecting, construction japanese, bombing, naval_, base, imperial
communist, rebellion, nationalist, revolt, army Festival festival, held, event, anniversary, every
Revolution kmt, war, rebel, party, revolution matsuri, dance, annual, firework, celebrated
Industrialisatio company, steel, iron, plant, installed Economic blll!un._gdp. population, fni]lion, employment
ndustriatization oil, factory, production, cotton, mine city, industry, greater, increase, economy
- BTH : arthquake, tsunami, damage, suffered, typhoon
. population, million, per, estimated, urban Natural Disasters e
Population reached, tripled, exceeded, xpee, increased _ caused, struck, magnitu‘de, killed, clty
Bducatio university, medical, school, college, academy Nuclear city, r:un-lear, evacuee, accident, fnkushm
ucation technology, harbin, institute, high, teachers _sh public, problgm. caused, rapid
development, economic, growth, industry, investment Merge d‘s“_lc“ merged, town, village, amalgamated
Reform port, zone, bank, billion, reform city, mitsugi, numakuma, absorbed, incorporated
~Tost, asian, - n . mayor, election, elected, city, party
Sports game, 0SL, asian, SUmMmer, Spor Election mayoral, assembly, government, politics, succeeded

games, fifa, expo, venue, olympics
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1) H—FQ:FERICEDEARATI) D BEENER
SubResearch 3: Automatically Generating
Entity Categories based on their Histories

P 7
B
Lo __h_ & __ ay S
WS L4

0O

%W%EEJ:@I%&ETEI:EO“L\TK%?27‘- J)—IZREI L EZECHAE
\ o

Sometimes, users may want to group entities in large categories according to

their historical correspondence
i1 BARDEIHTORERMKYILEDFELEICE DN Y ITATIVEEDIZITES
Example 1 LIz RUL A,

How to find meaningful sub-categories of Japanese cities based on the
similarities of their historical developments?

#12 20t e 3—Ov/ \OHFEEZ EEOHBE/N\I—VITKYDFETHICIFESL
Example 2 -5RBULH,
How to divide European scientists alive in the 20" century based on the

common patterns in their biographies? 71
Yijun Duan, Adam Jatowt and Katsumi Tanaka: History-driven Entity Categorization, Proceedings of the 3rd APWeb-WAIM Joint Conference on Web and

Big Data (APWEB-WAIM 2019), Springer LNCS, Chengdu, China, August 2019




5 Example
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HBASICEDT—HIITWNER: —21—ART7—
AAI NoEBEIFEAVTUIEHRT S
INTERESTINGNESS-ORIENTED ARCHIVAL
RETRIEVAL: RECOMMENDING INTERESTING

CONTENT FROM NEWS ARCHIVES

73

s Recommending Interesting Content in News Archives. ICADL 2018
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7AT7 ldea

o EHMLGRAZEICEST. 7T—HAT7DOFAXHEY —HRETIEA
LY,
The usage of archives is not very popular for average users

o EMMLGFIRABIZESOTT—H17ZLYBEANICRESHICIE, O

OTOVEHET ARENMERITIEGLMNERDONS,

Special kind of content recommendation could be useful for archives

to increase their attractiveness for average users

— T—HATIZT7OEALEAG. BEOXEIAE B VERERREL.

XILEEZHEETHEMNTSED,
visitors could discover “interesting” information in past
documents to appreciate our heritage ((

e MAIEEMIBDAN=ZALIZ. T—HATD
BREIVOVIZHHAIAD CENTES,

Interestingness-oriented mechanisms can be
incorporated into search engines operating -

on archives
\ 4 -—




AVTUYDOEBESDZEE

Varying Aspects of Content Interestingness
e MBWIVTIUVEIFIEDFIGEDMN?

What can be considered as interesting content?

F A ORI OMRKRICEET 53TV

Content related to user interests and hobbies

HEES TV EELGHEESICEET VTV
Content relevant to ongoing important events

W AR A=) —ZARZ 5 T

Content describing captivating stories

s B EGEIEHATNADAVTUY

Content that can teach us valuable lessons

e S =E4E

Interestingness = Unexpectedness

i’

BRORBICRERERT AE=

Surprise resulting from passage of time

Lumli

76




5l Example
o 7ARNYA—EIF{H ? What is Ice cutter ?

1800s now

[7ARDYR— L. SEEDT K LLEI. K
ZEOMOJIIMSTYH L TULVEIZIZA
HOANIEZFTIEIT EETHOT-.

lce cutter was a person (or a job). Before the
widespread use of refrigerators, ice was cut
from frozen lakes and rivers by men.
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MEBRHZUE LD4+—D(1/2)
Mutually Recursive Random Walk (MRRW) Method (1/2)

RER1L: BEDI TV WEHYSN TSIV TUOVEELGEHS>TINT
BEDAVTYDHRIZHHTIEHYSNTULSEIZCEHBLERLENS,
Hypothesis 1: Past content is interesting if it is different from content common in present
and if it was common in the past

= MHEBRHIUALDA—VIEOBEIZETLEENH. QEFHLIEMBLIZRMT S
EFHIEND,
MRRW is expected to reflect:
= pastimportance
= novelty and unfamiliarity

Dpast et :> similarity

dissimilarity

===
=== A .
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IS L)+ —7(2/2)

Mutually Recursive Random Walk (MRRW) Method (2/2)

« /J—FDEIZLLTORKIZLS
THEIND -

« Reinforced by:

LHDEEM
Initial
importance

- / similarity

]

EBlIELAY—ARULA
Y—EDEEICLYTYT
T—hEN 5B
The score will be updated S
by within- and between- similarity
layer propagation

dissimilarity

Yun-Nung Chen and Florian Metze. Two-layer mutually reinforced random walk for improved multiparty meeting summarization. In 79
Proceedings of the 4th IEEE Workshop on Spoken Language Tachnology, pp. 461-466, 2012



eI RFERIZHE T H IR
Divergence in Topic Co-occurrence Method
REZ2: BEDIATUVIE, BEEHEY — R TIEEWNERDRE YU D
HEDHETHARFICEAAWNERELLGNS,
Hypothesis 2: Past content is interesting if it is about the common combination of topics

which are uncommon in present

HEBIRHIVE LIA—JFENMEEESERRT DETFRISND,

= Expected to reflect:
= Unexpectedness and surprise

t, oty ty ...t

ty
past

oo oA b
Dnow —=D]‘—=bl—=l1 """""""""""""""" - t4

FEVIHEDLLE
comparison of topic co-occurrences
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RER7T A

Experimental Settings

New York TimesD it E7—hA 7% EHT 5

. Category Query
New York Time corpus used as target archive: Economy  Cusmency: Economy. Trade, Market
= About 1.7min articles published between Places  Japan, Florida, Los Angeles, New York
19 87_ 20 07 Politics Election, President, Nominlation. Poll
Sports Basketball, Team, Olympies, Sport

73 |'7 I:\/_:/?/b“ ( F|gu re E|ght*i) é *l] % L, . Technology Machine, Computer, Plane. Technology

1XHYsODHIMELEICKYFTHmZITI. (FRBEHBRO LAL15HDEE
EH 51,800 DX EFEA, )

Evaluation by crowdsourcing (figure-eight) with 5 judgments per sentence
(1,800 sentences from 15 top-ranked results by each method)

User queries (20)

Ranked sentences extracted

D, : 1987 - 1989

D, : 2005 - 2007

past

!

|
1
|
1
: from D
:
|




$5R  Results
z 15155 B (MRR) RO 7 (BULMERLY)

|»

Mean Reciprocal Rank (MRR) scores (the higher the better)

Economy Places Politics Sports Tech |Average
Random 47.50 10.49 35.00 2396 27.08 28.81
Centroid 41.67 43.75 10.83 22.62  25.83 28.94
TF-IDF+MRRW 19.58 47.92 25.00 64.58 75.00 46.42
Co-occurrence 5.20 18.94 8.33 44 58  70.83 2958
Method Example Sentence
MRRW LEAD: The chairman of the Florida Seminole tribe was acquitted
today of state charges of killing an endangered Florida panther.
Divergence  Of the 715 apartment fires in Moscow last month, 90 were
in Topic Co- blamed on exploding television sets, a statistic the Soviet press
occurrence has viewed as an alarming commentary on soviet technology.
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TOWARDS PRESENT-RELEVANCE
ORIENTED DOCUMENT SEARCH
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71T Talk Schedule

. ZL®IZ Introduction

 ERLRARICETABUY (BEMNTFO0—0) ORY

Temporal Analog Detection

— FrRlIZ@EA =52 D &R EA

Across-time Term Similarity Explanation

 FEZTEBAT-LEROELR

Across-time Comparative Summarization

BRICEDC(CERDT IIL—TILEERN

History-based Entity Summarization

. HE

SIZEIKT—HMT oD IEHIEER

Interestingness-oriented Archival Retrieval

 HELOBREEZERT HXERREICFHITT

Towards Present-relevance Oriented Document Search
#2518 Conclusions
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T7—hHA4TDEZE Archival Search

o PR (I : BEER) (B9 IMAIZIELzLIIE
f->TLVD,

Professionals (e.g., historians) know what they

want to find
- BREEEHIBAEICEREINTLNS,

They have well-defined search intent

Clinton China trade conflict ‘4
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T7—hHA4TDEZE Archival Search

— G AR IRRERSHEYERSNATOELDILLNL
LY,
General users may have less defined search intent

— BEICEETDAXBMERZLIET HNELLNALY,
Bl REDOHESZOE = LG o-HESE/ANY/5HFT
12 BEDHRECHELL-H RS/ ANY/5FT

They may try to find documents related to the present.

Ex1. Events/figures/places that are background for present events
Ex2. Events/figures/places similar to present events

H%;iﬁg)ﬁi@l:;w BEDXEDIRAELDEEEIZIXIESDE
NRHab.

Due to time passage, past documents have varying level of relation
to the present

US trade conflict -

US trade president A
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19884 0D ILHRA
Document A from
1988 [3]

198745 D X FKB
Document B from
1987 [4]

5 Example

Hale Stores, has moved to coordinate its major busi-

nesses by naming Ira Neimark, chairman and chief execu-

tive of its Bergdorf Goodman subsidiary, to the additional

post of vice president of merchandise development for the

Neiman-Marcus Group.

When it comes to merchandising, Donald J. Trump and

Mody Dioum could not be much farther apart. But they
agree on one thing: The holiday season was hard on Fifth
Avenue street peddlers. And as the avenue stepped back

to normal yesterday, it appeared that the city’s recent

crackdown on merchandise peddlers was still having an

effect.

[3] https://www.nytimes.com/1988/04/12/business/credit-markets-neiman-shifts-key-executives.html
[4] https://www.nytimes.com/1987/01/06/nyregion/anti-peddler-drive-pleases-fifth-ave-merchants.html
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EOTNIXBED XM SIRTE LR
IHELDNTERDIFToNATLEOIM?

How can we find past documents

which are related to present?
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77O—FMDEAA Approach ldea
o BHEDEEML. ZLDREFICETKI-NHEHD
ETHD

Present relevance is a complex construct that
involves many aspects

o —DDEMTOHEEEIC kY 7 LD ETE I 1R
HTEITEELLY,
We believe that it is difficult to capture present
relevance with a single technique or feature

o L= T, XAREIRTEEDEEZRY ZEMTE
HEMELNTEN—EDHEEZTRIZRT
We then propose a range of features that likely
indicate present relevance of documents
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DOHFZE Approach Overview

EEEED SA-EFETS
e FRERER

. Entity-related
Named entity 1
- extracton E
SCEMR R
2 E
NEWS Initial dq_:ucument Event coding Eventlbased ._
— . retrieval B similarity :

Document collection: D
[1996, 1998]

XEkaLoiav:b

ranked by

3 E
Content-based 'I:E'E,j <': :
similarity ,I *;é'{u i Documents
¥ 4

(19964F . 19984F) present relevance
RIELDEERE
(R YIBR L 1F
SNT=3CER
User query Reference collection: Dref
1—H—4HTI [2016, 2019]

SENXEAL Y3 D
(20164, 20194F)
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#ZHUN&ESEDEERE Conclusions & Future Work
IER7 O ADFH LWFEEEEMBISES=0—RT7—hA4ThoDF Lyt

Novel Ways of Information Access and
Knowledge Extraction from Long-term News Archives

1. [FC&IZ Introduction
2. BLABRICBITAEMUY (BRREMT7FO—7) D&

Temporal Analog Detection
— FFRZEEA LIt D R
Across-time Term Similarity Explanation

3. REZEBAT-LLERDER

Across-time Comparative Summarization

4. BRIZEDCERDT IIL—TILEEL

History-based Entity Summarization

5. AESICEDKT—H1I Mo DIEHIRFE

Interestingness-oriented Archival Retrieval

6. RAELDEAEMZER T HNIEREIZHITT
Towards Present-relevance Oriented Document Search (Future)
7. BEEIEODH
Word Meaning Evolution Analysis (Future)
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CHEBEHYNESCTNELLE,

Thank you for the attention
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