ixEREA

O AR HEaCHE, 6, A6, 8E, ks
B, PRGN L FEIHA 7B 2 FR A BUR;
HIEFEEE B ERRESH, NIRRT E AN A
Eﬁﬁﬁﬁﬂ% AT AR] oAt N BRALI NS SRl B
i P melE, TATERE -Vl EREFERIERE
FE IR o

O RIETHE1E AW
B EARS: DR
B FTIR%E: ChinaHadoop
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OO Tl [m) SCAS ) R PR Y
B DeepDive Xk R HUSL
BBk S

O FHiR¥ZHE
B SRTH S
IS IR PRSI Bt
B iR RN
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KBC A& 4;

O HA. #EeAESRIER
H1H
O #A
B EaE e S E
B R Thtml. tableZ:
O F
B AR E

HIRPHTHORAE L H S EH

U.S President Barack Obama's wife
Michelle Obama honored all mothers on
Mother's Day and offered her thoughts...

1 «dD DeepDive

Relation: has_spouse
Subject Object Prob.
Barack Obama Michelle Obama 0.97

—
~—
Entity-leveldata ]
(knowledge base) | KB
I
| —
| |
Entities Barack | has_spouse _|  Michelle
Obama (entity-level relation) Obama
Entity Linking refers to refers to

! }

Mentions "Barack" has_spouse . "Michelle"
(mention-level relation)

Mention-level data Barack and Michelle are married ...
(sentences)

J(Jhl}r%aif?:
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O KBCHRSH Hzh$h e
B R TFE + distant supervision + B AL
B EREEREILNAZED =JcH R
B SRR A EREEKB, TR ATEETIEIR, A%
JE VA B SF 1)

O FOARHE A
B NI KBCRAR LIER, S AR, FFEME. 4
R 522 RS . H P B g X datalogifs 5 1%
X EE R

W R o3 A A KR e Tt AR St e
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XAHER
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s
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URL

app.ddlog db.url deepdive.conf input udf
O  FERF B e BN SCA R
B OBIEREN TE X B RHIAF AL B R A RAET Y SN
" A dD TR E s udf
O SCRTiALHE 5E SRR SN R P E % Lpython I A

O Rk
m T EREX
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A A
Tigse

LR AE/ RS AN

AL AU ) e i B s (ER %)
MERVRPEH 345 O A1 B A 58 5 5% F 1 AR o0t
fiT % pos_transaction.csv, JEAEinput X/

frapp.ddlogH € SAH M. s &

@source
pos_transaction(
@key
companyl_name text,
@key
companyZ_name text
N
1T 4 Rlipostgresql Z#5 5%

$ deepdive do pos_transaction

RHEABRAT
EHIH 23T RO BIRAS
R E R ERRTWARAS
FPELS T AE
HBASRRRHERAT
SRR ST SR EARAD
IR TSR EARAS

AREWRIRERAS

LB B8R EABRAT
HMNE SRR BB BIRAS)
PERRERARDERAS
HERIKERRDERNE
PERERERARDERAE
PERRERARDERAS

FbE (EH) BRAS SISl BRAR A R E)
pos_transaction.c gyimiaesmmERAT TR AR IRAS

sv R RERRNERAT ERER

companyl_name | company2_name
REERERAE | ARt KRG ERAE
FUNTEHFROER LI | P Bt BERERAERLAE
RUTERFEFARZILARLQST | #NBEBRARGERLS
hEIEF TR E | PEEEEFARGERAND
AEBAERBRRBRMDERLE | PEEHEARBGER LS
RUNERETSBEREARLQE | PERREARGER LS
RUBERETBHENEARLQT | PERREARGERLS
FBusva (£H) BEAS | 0 3a 5l RS 19 | BR A )
RUbEEERDERAE | RYUTHEELERFERERAG
RUEREARMDER A | BHRER
(10 rows)

X X NIE£KS, deepdives H 3 Finput X
I AR A esvC A, {Epostgresql £ S

A

HIRPHTHORAE L H S EH

IHIQEEEEEEE



n

Y

EBOCE T

R

MU SCE, Ay 44 Aarticles.csv, JFEinput 3£ T (BT AT AE)

1201734370 1{E35113:600969 L4 EFFMEER RS A%iE 2015-033  HEHEERLEBRNARAS IHMNTHBTRIZREREERAFRAL
1201734454 | {F%5153:600108 iEH5 MR IR EH AE%S:152015-067 HRIEIW(ERRHERLAE BtEUESFMASRINASHRT
1201734455 JE35L15:600108 IE5 B T EHE A E4%5:2015-068 HMTEIWERR)BRMHBRAS) XTRUSEIFKFIELTRE TS
1201734457 | 1{iF551{18:600108 iR L ER AE4RS:2015-072 HRTESI(EFA)BRMNERAS XTFEEFLASERLENINASE  F/
1201734458 1E#5{(13:600108 iE45 R MW EEH RS 2015-071 HATEIWERRBERAE] XTHLEFLSRMBRINAE KA
1201734460 iE%H15:600079 EHEIABEL %Sk 2015-100 SABEHERARNAS) XTFIRRFAENED FOA MEAEER, AEEZE
1201734461 | JE5H8:600108 IE5 ik TSR 2545 5:2015-069 HRTESI(EKE)RHBRAE X TFHILT A+ ihE RN XBRR 52
1201734464 | IE3%{LH3:600108 IE5 B B ER AE4RS:2015-070 HRIHESIERABRMAERAT *FTHRBFATRMERNAEEER
1201738707 E35{L18:600483 JEZ EFR-4EEEAR D 48E:2015-088 BEEERNBRAT XTTENERTASRMEREFNLASEAATE
1201738753 {EH{{13:600642 FRZEFR: HALARID RS I5 2015—025  BEERMBBRATXRT BPRECUEEFHRIETATRMEBEN  XKHK2

frapp.ddlog™' € X XL EHHEXR, Hdhdoc idMicontent

IS

@source
articles(
@key
id text,
@searchable

content text

).

[ 2, Fdeepdive do articles5 A\ 3 Fllpostgresql H

BB R TE R B S EX=221=

ChinaHadoop.cn



—_r \J e input/articles.csv
\ ! input/pos_transaction.csv
i IL

deepdive do pos_transaction

deepdive do articles

+

table: articles

table: pos_transaction

{171

XAEIRAINER/
POS/{EiHEIHE T
el

L mention}2EX

U

ETHINTHRED

PUAC{RIRSE (R

SRR i AR Imention
¢ v
EAERE IBIESTT IR
Y
> BEER t5iFE

28 Iy e £
, 19EIZTS

BfEE
LI 4 A 2 U M JCJhli §I§d—z-fn



S TRAL BE

S B FE T IR SCFE A R T NLPAET . IS SRR A B v £

OfFapp.ddlogH x& X sentences%, T 17MPOS. NERZEFEX

@extraction

sentences(
doc_id text, sentence_index int, sentence_text text,
tokens text[], lemmas text[], pos_tags text[],
ner_tags text[], doc_offsets int[], dep_types text[],
dep_tokens int[]

).
& CNLPALEE ) e inlp_markup

¥ N\ Ndoc idFlicontent, it #%sentence% )7 BLk% =
Bk %01 i nlp_markup.shiX ™A SCHINLPH AL EE, v] F B A

function nlp_markup over (
doc_id text,
content text
) returns rows like sentences
implementation "udf/nlp_markup.sh" handles tsv lines.

HIRPHTHORAE L H S EH [ =41
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SR A TALE

nlp markup.sh

gyus|

X B2 Fudf/bazaar/parser I run.shiF A7 SCHLHT,  run.shifd H

| stanford nlpZE Bl 4F Hjartl .

X— D EIRE)MNER. WYL, FERT A

set -euo pipefail
cd "$(dirname "$@")"

. ${BAZAAR_HOME :=$PWD/bazaar}
[[ -x "$BAZAAR_HOME"/parser/target/start 1] || {

echo "No Bazaar/Parser set up at: $BAZAAR_HOME/parser"

exit 2
} >82

[C $# -gt @ 1] 11

set -- doc_id content

tsv2json "$@" |
"$BAZAAR_HOME"/parser/run.sh -i json -k doc_id -v content

HIRPHTHORAE L H S EH

5 A\ W articles 11T #4L
HNjson, f%%5stanford nlp

II!I!I'{4!h§§§;5§f:!?§§



SR A TALE

gyus|

BRECA . MarticlesZ2 HH s HUT A, i H A7 ILE sentences 38 H

sentences += nlp_markup(doc_id, content) :-
articles(doc_id, content).

91 I AT S deepdive do sentences, 4 Jilsentences%

24 | 1 | ZBEEREBROGERASN272, 961.8F MM BURBERBRETEZEEZERE
AERAIMEFENFIEREGEIKEEMRASS9.65%KWN | {iZ8, 8K, &kH,85R,23,M,272,, ,961.987%,
TLML,ME,RE,ERERR, PR ZE ER,ER,BER,A3 ,AE,EN,YE ,BE ,E1E, B8R ,25 ,59.65
s,y | {28,828, &k, 5R,23,%,272,, ,961.987 ,7%,8,M&, KB, 28, &% ,PE,Z8, 88K,
$H,8R,23 ,MmF,BEN,48,BE4E , 58 , 8B ,25,59.65%, 8™} | {NR,NN,NN,IJ,NN,P,CD,PU,CD,M,DE
C,NN,NN,VV,NN,NR,NR,NN,NN,JJ,NN,VV,PN,NR,NN,NN,JJ,NN,CD,NN} | {ORG,ORG,ORG, ORG,ORG,0,0,0,MISC,MI
s¢,0,0,0,0,0,0RG, ORG, ORG, ORG, ORG, ORG, 0,0, ORG, ORG, ORG, ORG, ORG,0,0} | {0,2,4,6,8,10,11,14,15,22,23
,24,26,28,30,32,34,36,38,40,42,44,46,48,50,52,54,56,58,64} | {nn,nn,nn,amod,nsubj,case,dep,"",nu
mmod, relcl,mark,nn,prep,"",nn,nn,nn,nn,nn,amod,dobj,conj,nn,nn,nn,nn,amod, nn,nummod,dobj} | {3,3
,5,5,14,13,10,0,10,13,10,13,14,0,21,19,19,19,21,21,14,14,30,26,26,28,28,30,30,22}

(1 row)

HIRPHTHORAE L H S EH [ =41
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ETFANITHRER
ok 6

SAMIEE

ARFRImention

)

fRIESE AR

table: articles

deepdive do sentences

table: sentences

vy
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fig 198 S A% 37 HY

LA ) i e S A
OfEapp.ddlogH € X fis ik SEikk

@extraction

company_mention(
mention_id text, mention_text text,
doc_id text, sentence_index int,
begin_index int,end_index int

).
T N5 378 SRS HX ) R # U map company mention
# N\ Nsentence Httoken %7 b FINER bR 2%

PR 20 Fdmap_company mention.py fHHEUNER HORGHIARZE, FfIR [A]
SEARTLE ) o A7 B

function map_company_mention over (

doc_id text,
sentence_index int,
tokens text[],
ner_tags text[]

) returns rows like company_mention
implementation "udf/map_company_mention.py" handles tsv

lines.
R 2 2 T chhl%?'f"



fig 198 S A% 37 HY

map _company_mention.py

HENEBAIORGIRENE NS, I L S AR B

AT A B 11 30T

def extract(
doc_id
sentence_index
tokens
ner_tags

):

"text",
ll.i-ntll 5

StextlEs,
"+ext [] " o

Finds phrases that are continuous words tagged with company_name.

num_tokens = len(ner_tags) EHZ iU/I\ORG*/]—:\‘

first_indexes = (i for i in xrange(num_tokens) if ner_tags[i] == "ORG" and (i == @ or ner_tags[i-1] != "ORG")) Il YNy AN
for begin_index in first indexes: A@ﬁn /fiﬁ_

end_index = begin_index + 1

while end_index < num_tokens and ner_tags[end_index] = "ORG": N\Eﬁﬁ’fjﬁ_ﬁf }E‘ iﬁi

end_index += 1

end._index = Pi, ENGERAE

mention_id = "%s_%d_%d_%d" % (doc_id, sentence_index, begin_index, end_index)
mention_text = "",join(map(lambda i: tokens[i], xrange(begin_index, end_index + 1)))

yield [
mention_id,
mention_text,
doc_id,
sentence_index,
begin_index,
end_index,

HIRPHTHORAE L H S EH [ =41
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fig 126 S A4 3 X

BREC A, Msentencesdk T U, Fii Hi £l company_mention

company_mention += map_company_mention(
doc_id, sentence_index, tokens, ner_tags
sentences(doc_id, sentence_index, _, tokens,
e a3

)

%1% JF AT $ deepdive do company mention, A RRfF L SLARSR

mention_id | mention_text | doc_id | sentence_index | begin_index | end_index
1201841277_4_3_3 | HIA A | 1201841277 | 4 | 3 | 3
1201748452_7_0_ 4 | THEBRHBRL D | 1201748452 | 7 o | 4
1201748457 _5_0_4 | REMIIEHER AT | 1201748457 | 5 | 0 | 4
1201773382_17_0_4 | h#E[ EBRHER LD | 1201773382 | 17 | 0 | 4
1201748457_11_1.5 | REMIEHER LS | 1201748457 | 11 | 1| 5
1201764903 231 6 | L BEHEHRKRGERAE | 1201764903 | 23 | 1| 6
1201755138_6_2_4 | Lw®F & | 1201755138 | 6 | 2 | 4
1201766320_21_0_2 | XKW RH=R R | 1201766320 | 21 | 0 | 2
1201782465_50_3_5 | FARE W & # | 1201782465 | 50 | 3 | 5
1201763494_2_10_10 | E& | 1201763494 | 2 | 10 | 10
(10 rows)
o8N el
r=1 |yr=1
B S A UL & 55 PR
ChinaHadoop.cn
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table: sentences

deepdive do ¢

— table: company_mention
EX

pbmpany_mention
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fig 18 SEAA XS A il

JoinSEAARZR, fifiide th £ R &) AN R SeAAc, AR R fi 0 SE A4

@extraction transaction_candidate(pl, pl_name, p2, p2_name) :-
transaction_candidate( company_mention(pl, pl_name, same_doc, same_sentence,
il 13 A pl begin, ),
pl_name text, company_mention(p2, p2_name, same_doc, same_sentence,
p2_id  text, p2_begin, ),
p2_name text pl_name != pZ2_name,
) pl_begin != p2_begin.

9w 13E AT $ deepdive do transaction candidate, i}ﬁf@ﬁ.’ﬁiﬁiﬁﬁé

pl_id | pl_name | p2_id | p2_name
186_0_12_12 | AR B | 186_0_2_2 | RERBEFMHEEARDERL I
942_0_10_10 | M IR YU BB EBEEHABR L T | 942_0_8_8 | Hﬁfl,lumlﬂzﬁ:‘ﬁﬂiﬁ;]
3800_0.9.9 | EMHEARNERG AR T | 3800_0_19 19 | T MFHMEMLR TR A
965_1.27_28 | HmIE% | 965_1.32_37 | Tt REWNBSFEARERALSF
4558_1_49 55 | EEEMBE LI WHR L S | 4558_1_79.82 | M T FRARIER
9077 | RUEWESROBERL D | 9.0_42_42 | IHBNEEMERREILI
2049_0_28_28 | R F /AT | 2049 0. 55 | IBEEEECHWMERLI
779.1.21.26 | RE2HBEMRAERIEL T | 779_1.62_ 65 | BEZEBRH LG
1974_0_5_5 | #F# D | 1974_ 0. 3.3 | KEEMKHDERAGE
2285_0_7_7 | AMMBH=ZRESEAXFNBRL S | 2285_0_45_45 | F17
(12 rows)
Ay ~, ~ ﬁ‘/‘\ N H I=I
BT 2 B A 1L e 5 P
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b2l

mention}ZERL

deepdive do trangaction_candidate

table: transagtion_candidate

table: compal

SE{RIPISTELR
R

ny_mention

Y
i3
el
EN
ot
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EFIA

BiEE

B, SIEE
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SR

Vi » y @extraction
?H}EBZ1E%12§3;<14K§GTEﬁ]jﬂi}¢§4%?{ﬂf transaction_feature(
OfEapp.ddlogH € FFIESR z;jj tzit

feature text

%€ SAFAIEFh B ) PR & extracttransaction features )
i N\ Nsentence INLPZE B, i HHNLPZH & B 25 Rk

PRI Z0H FH extract_transaction_features.py, MIA A H 1
ddlib /A BNLPHI — R 41 B HURFIEZ &

function extract_transaction_features over (
Pl id det nt g text,
pl_begin_index int, pl_end_index int,
p2_begin_index int, p2_end_index int,

a0 11 text, sent_index il
tokens text[],lemmas text[],
pos_tags text[],ner_tags text[],
dep_types text[],dep_tokens 1ol |

) returns rows like transaction_feature
implementation "udf/extract_transaction_features.py" handles
tsv lines.

HIRPHTHORAE L H S EH ]j|_ L g aai=!

ChinaHadoop.cn



R AIE 31 Y

extract transaction features.py

YA AdlibE, B2 & FPOS/NER/E FHIHE H4FE, Habnl PLE &
SCRHIE
B SEARNGT AR B AR ON AR IE, X — DR U

sent = []
for i,t in enumerate(tokens):
sent.append(ddlib.Word(

begin_char_offset=None,
end_char_offset=None,
word=t,
lemma=lemmas[i],
pos=pos_tags[i],
ner=ner_tags[i],

dep_par=dep_parents[i] - 1,
dep_label=dep_types[i]))

pl_span = ddlib.Span(begin_word_id=p1_begin_index, length=(pl_end_index-pl_begin_index+1)) iflegtl%% ﬁE
pZ2_span = ddlib, Span(begin_word_id=p2_begin_index, length=(p2_end_index-p2_begin_index+1))

> 4=/
for feature in ddlib.get_generic_features_relation(sent, pl_span, p2_span): %/%q:ﬂ‘ﬂif
yield [pl_id, p2_id, feature]

HIRPHTHORAE L H S EH [ =41
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AR AE T E

extract transaction features.py

Ddlib B 7 B — L4 i T -

REAIE A JE T A 44
SNt A HE 7€ window f) 1] T 5 471 NGRAM [WINDOW]
SR 8] 58 B 1 18] 15 T 41 WORD SEQ [ALL]
SRS (8] 76 B NER /7 ) NER_SEQ [ALL]
SAARXT ] 522 (1) POS T 4 POS SEQ [ALL]

SRS e 48 € window 1) 73 B9 3R] 15741 | W_LEFT_[WINDOW]

SN A 45 € window [ 43 BS 1A 15 7 %] | W_RIGHT [WINDOW]

SRR 2 A5 P Ml window VR & 1715 7 51) |W_WORD_L_WINDOW _R_WINDOW][ALL]

FT 15 A7 LE ] B (KRR 1] IN_DICT [WORD]
P AN SEAR BB R AR A E 7 ) BETW L [WORD]
AN SEAR IEE K POS 7 771 BETW D [WORD]

HIRPHTHORAE L H S EH [ =41
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R AIE 31 Y

Join sentences & MmentionFZAE 95 A, it B transaction_featureH

transaction_feature += extract_transaction_features(
pl_id, p2_id, pl_begin_index, pl_end_index,
p2_begin_index, p2_end_index,
doc_id, sent_index, tokens, lemmas, pos_tags, ner_tags,

dep_types, dep_tokens
) :-

company_mention(pl_id, _, doc_id, sent_index, pl_begin_index,

pl_end_index),

company_mention(p2_id, _, doc_id, sent_index, p2_begin_index,

p2_end_index),

sentences(doc_id, sent_index, _, tokens, lemmas, pos_tags,
ner_tags, _, dep_types, dep_tokens).

% I HATS deepdive do transaction feature, A= AFER (T

A2 # 73 T A RFAL)

pl_id

p2_id

feature

1201746717_11_987_988

1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
1201746717_11_987_988
(10 rows)

HIRPHTHORAE L H S EH

1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167
1201746717_11_1166_1167

NGRAM_2_ [/ 5 50]
NGRAM_3_[/A 3 50 fR#H ]
NGRAM_1_[50]

NGRAM_2_[50 # it #k ]
NGRAM_3_[50 it L]
NGRAM_1_ [1R H #K ]
NGRAM_2_[fr itttk I ]
NGRAM_3_[#F## A ]
NGRAM_1_[M £ ]
NGRAM_2_ [ &R 1]

IWF PR

ChinaHadoop.cn
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table: transagtion_candidate

SNHIEE

XAHBER

table: sentences

SCAF R Imention

l

degpdive do transaction_feature

Y

4ble: transaction_feature

B, [/EEE

BIEE
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FAFT IR

M A 38 SEAR S HR AR 356 4 1 A7 4] @extraction
transaction_label(
) FH L0 S AAR S A1 3 S AZR X6 ok B s eoa
2_id ,
FFELBUET 3653 I b i
D?:Eapp,dd]og‘?%)‘(*j:%% ) rule_id text

FAPTH FEIE SRS, WG N0

transaction_label(pl,p2, @, NULL) :- transaction_candidate(pl,
= 3

K doB s 5 ik SEAR R O, RIBCEI B EARE N3, MFRIC
FMFNR FEAR ]
transaction_label(pl,p2, 3, "pos_from_dbdata") :-
transaction_candidate(pl, pl_name, p2, p2_name),
pos_transaction(nl, n2),
[ Llower(nl) = lower(pl_name), lower(n2) = lower(p2_name) ;

lower(n2) = lower(pl_name), lower(nl) = lower(p2_name)

1.

HIRPHTHORAE L H S EH [ =41
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it

AT

AY A — v} . DY » » AJ » 2] A » — —
A R U AR — R 00 SR, A NGRS SR I SR IROCAS, 34T AT AR
function supervise over (
pl_id text, pl_begin int, pl_end int,
p2_id text, p2_begin int, p2_end int,
doc_id text, sentence_index int, sentence_text text,
tokens text[], lemmas text[], pos_tags text[],
ner_tags text[], dep_types text[], dep_tokens int[]
) returns rows like transaction_label
implementation "udf/supervise_transaction.py" handles tsv lines.

T F 4t B B 251 0\ 2] transaction_label #

transaction_label += supervise(
pl_id, pl_begin, pl_end,
p2_id, p2_begin, p2_end,
doc_id, sentence_index, sentence_text,
tokens, lemmas, pos_tags, ner_tags, dep_types, dep_token_indexes

)
transaction_candidate(pl_id, _, p2_id, _),
company_mention(pl_id, pl_text, doc_id, sentence_index, pl_begin,
pl_end),
company_mention(p2_id, p2_text, g _, p2_begin,
p2_end),
sentences( doc_id, sentence_index, sentence_text,
tokens, lemmas, pos_tags, ner_tags, _, dep_types, dep_token_indexes).
A AT A UL ¢ 5 P
ChinaHadoop.cn



FEAFT I

KL 7E supervise transaction.pyH & X :

if len(intermediate_lemmas) > MAX_DIST:
yield transaction._replace(label=-1, type='neg:far_apart"')

if 'ORG' in intermediate_ner_tags:
yield transaction._replace(label=-1, type="neg:third_company_between')

if Len(TRANSLATION_COM.intersection(intermediate_lemmas)) > 0:
yield transaction._replace(label=1, type='pos:A¥FREB')

if 1en(TRANSLATION.intersection(intermediate_lemmas)) > @ and len(STOCK.intersection(tail_lemmas)
yield transaction._replace(label=1, type='pos:AEBREIN ")

if Len(TRANSLATION_AFTER.intersection(intermediate_lemmas)) > @:
yield transaction._replace(label=1, type="pos:AIZ#IB"')

if 1en(OTHERS_COM.intersection(intermediate_lemmas)) > @ and 1en(OTHERS_AFTER.intersection(tail_l
yield transaction._replace(label=-1, type="neg:AMLBH~FR")

if 1en(CONF.intersection(intermediate_lemmas)) > @ and 1en(OTHERS.intersection(tail_lemmas)) > @:
yield transaction._replace(label=-1, type='neg:ARIBiZ{#IE{R")

if ("5" in intermediate_lemmas) and ("&FBREAEEILMN" in tail_lemmas):
yield transaction._replace(label=1, type='pos:AFIBZEZERAVELLIHN")

if 1en(COMMAS.intersection(intermediate_lemmas)) > 0:
yield transaction._replace(label=-1, type='neg:HEEISHTS")

w5, AE 2 SRR FEARIE 0 &5 R N BT seiR i vote, $UT
deepdive do transaction_label resolved4: B & r%%.

transaction_label_resolved(pl_id, p2_id, SUM(vote)) :-
transaction_label(pl_id, p2_id, vote, rule_id).

HIRPHTHORAE L H S EH [ =41
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TAER

HIRPHTHORAE L H S EH

HIREES

table: pos_transaction

deepdive do transagtion_label_resolved

table: transactlon_label resolved

NLPLME

AR Imention

Y

RIE SRR

Y

. sentences

gt S bR

wam m; cninaHadoop.cn



AT E R

(e

i SUREAPERIER (7] FORHFIEA P BT T F label 0
E'Ei‘/gi% ° @extraction
has_transaction?(
pl_id text,
p2_id text
3
EN —RIFEFRR AR, WEKTE
@weight(f)

s Ermmsackiontol 1d: pt gy t-
ELIsncban randidaEeipl g B g
transaction_feature(pl_id, p2_id, f).
@weight(3.0)
has_transaction(pl_id, p2_id) => has_transaction(p2_id, pl_id) :-
Epanistcl 1o ennaidatelpl 1 52 il )

RIGFTIRIIZE R, AN DRI AL &

has_transaction(pl_id, p2_id) = if 1 > @ then TRUE
else if 1 < @ then FALSE
else NULL end :-
transaction_label_resolved(pl_id, p2_id, 1).

HIRPHTHORAE L H S EH [ =41
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T

R,: has_transaction

R (
_““ - ﬁﬁ;ﬁxa@%ﬁa

1263 0 9 9 1263077  NULL _ B
v, 3316 0 5 6 3316 0 10 11 -1 B R
Vs 33150 20 21 33150 17 18 1 Possible world (
v;-=>0, v,->1, v3->1, v,->1 (a)
vy 33150 17 18 3315020 21 NULL i1 vy50, ves 1 ve>1 (b)
transaction_feature SIS AR L
N R
1263 0 9 9 1263 077  NGRAM 1 [##] v; P,v; N
1263 0 9 9 12630 7.7  NGRAM 1 [fE#(] . FTfH possible world )£ &
3316 056 33160 10 11 NGRAM 1 [H¥] . AR EIE 2, W(b)

3316 0 5 6 3316 0 10 11 NGRAM_LENGTH [2 2]
3315 0 20 21 3315 0 17_18 NGRAM_LENGTH_[2 2]
33150 17 18 3315 0 20 21 NGRAM 1 [&AL]
33150 17 18 3315 0 20 21 NGRAM 1 [#l4]

R A R S TR A £ T S PR B A UL 5 PR
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\J
/T

7 X
ﬁ XF 25 5 1Y) Hlpossible world
i ' N, . R A

N | ZAdLE 4 Hipossible world 5 & 18

Pad

wfaighﬁé weight13 weight14
I’. 77‘\ :l/‘,'--r-”-'--.\\\. / \ ~— ll/"'rﬁ'“\\l‘
v 1 v2 : v4 /
. // .‘\*.s.,_ . 4.,/ \- < \ // N
o 3 Tl T
welghT1 1 welghtﬁ welght12 welghﬂ 2 3.0

F,: feature
DECNCTR—
(v1,v2) func(N_ GRAM I[‘¥¥%°]) Pr(v;] = ZIEIS’ Z(I)

2 (v2,v3) func(N_GRAM LENGTH [2 2]) F2: Symmetry

3 (vl,v4)  func(N_GRAM 1[*&AL])

4 v4 func(N_GRAM_1[‘Bi4"])
” F5 (3,v4) 3.0

2 . A @weight(3.0)
D ﬁ:i]ﬂ'ﬁg] ‘g‘éﬁ %QM"% has_transaction(pl_id, p2_id) => has_transaction(p2_id, pl_id) :-

transaction candidate@pl id. = pZiid. )

LI 3R P A T R U0 IR e 00 e RO SR v




':I:‘—,_‘ H —‘)/ .\_é
III/TJ/\‘ }Kt"

KT BT B WAE A BE K possible world5E &
SGBENL— N possible world
WRIFFNLENHRLE, RKIXKEFFNEEVRIASME
153387 possible world , FH{EH

ANFEFE factor 42 E M 3 sample

Previous State Sample > Next State
Variable Factor p = Prlvy =1|v, =1,v, =1] Variable Factor
=f1,Dxf(1,1)xX
(f1 (1,0)x£ (0,1) +)‘1
A@QDxf(1,1)

With probability p setv; =1 —bm

Current variable
1] Assignment

LR R 2 LT UL T BT A 7 2 08 S T R 2 27 I 5 5 PR
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Ll

15 ]

X

O s A5G AR = BUE — 30U possible world ) £% H

arg max ZIEI’B Z(I)
Wi ZIeI Z(I)

FERFEAS 2 FIFEAS L BEALER BE B F%
deepdiveft XFHEAFAEL U4, SCHRFA R BEETNIIZk

H4Tdeepdive do probablities, JT45V1145%.

HIRPHTHORAE L H S EH [ =41
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A

v
<o
NAEIBER
v
v NLP4LEE
[SYIAEFA:pENne
HIER
RAFIEHINER/
POS/i@ER#EF
5l
"
PUB (% SE s BETFHNFTHRER
B HXA DEE A ehfgmention

SEARIISTERR
HX

table: transact|on_label_resolved table: transpction_candidate

table: has_transaction table: transaction_feature

deepdive do probabilitie

B R RGBT SR LR H S IE =3
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List of relations

Schema | Name |

public | articles |

public | company_mention |

public | dd_factors_inf_imply_has_transaction_has_transaction |

public | dd_factors_inf_istrue_has_transaction |

public | dd_graph_variables_holdout |

public | dd_graph_variables_observation |

public | dd_graph_weights |

public | dd_inference_result_variables | —
public | dd_inference_result_variables_mapped_weights | ;%§236ﬂ35£;;i§§
public | dd_inference_result_weights |

public | dd_inference_result_weights_mapping |

public | dd_weights_inf_imply_has_transaction_has_transaction |

public | dd_weights_inf_istrue_has_transaction |

pnh'lir ! h:hc_+r:\nr::hr+inn ! 2
public | has_transaction_label_inference | j§i1f3[§§é§§£%%5%é
public | num_company [

public | pos_transaction |

public | sentences |

public | transaction_candidate |

public | transaction_feature |

public | transaction_label |

public | transaction_label__#© |

public | transaction_label_resolved |

(23 rows)

HIRPHTHORAE L H S EH [ =41
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HABHC B A

0 db.url

postgresql://wgy@localhost:5432/transaction_example

Lldeepdive.conf

deepdive.calibration.holdout_fraction:0.25

deepdive.sampler.sampler_args: "-1 1000 -s 1 -i 1000 --alpha 0.01 --sample_evidence"

HIRPHTHORAE L H S EH [ =41
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Accuracy

IEACT

3
<

[0 $ deepdive do calibration plots
0 &4 33 {Erun/model/calibration plots A ik it 1]

(a) Accuracy (Testing Set) (b) # Predictions (Test Set) (c) # Predictions (Whole Set)
. . . . 45000 . . - . 9e+06
Tt ,,l’ ggggg ?eﬂ?‘lg
P " 5001 0 e+06
O? e * A é 20000 § §9+06
. 3 Zm g o
04 | - £ 15000 £ 3e+06
o2 L A | * 10000 * 0 De+06
LA 5000 1e+06
- - - - : 0
’ 0 02 04 06 08 1 0 02 04 06 08 1 ’ 0 02 04 06 08
Probability Probability Probability
()R B R R A A B, % BB IR 2R . BB T W bR
AEZL, AR AT
(b)IMASE - EAS R AN, BREEIT Bl o, Ul BRI RY X 7y R AT
()5 L EERERIAN,
N o = s
R A A A It 5 P

1



A) L_A‘ N D A Y A
B
[0 $ mindbender tagger labeling/*/mindtagger.conf

B Mindtaggersedeepdivef& i — &R MM T H, &%
http://deepdive.stanford.edu/labeling #& & IFIE
B PUTREE, & EwebikSs, ERiINiE T http://localhost: 800017 [
S B4k -- BRRETH with expectation 0.977 appeared in:

BMEEE, BRFMBESIEBELAFTREBEL AN B NF FXF, B £XHE BA &= B it
100% R%AX o

Weight Feature

-0.258626 NGRAM_1_[# 7]
-0.255969 LENGTHS_[2_2]

] LB R IE R weight, AT EEERRZE, HEBCREIES

R 2 2 T I8t £ R

ChinaHadoop.cn



A

[0 $ mindbender search update && mindbender search gui
B EEMIT, BUA@EEhitp:/localhost:800017 7]

Q DeepDive ~ Anything ~
content
e ©
E o
% 2
# @
£ (1]
¥ o
F 2]
il @
R o
1& @
has_transaction.p1.mention_text
e [ 35
% o
s 2
Ik (1]

2. company_mention(17_1_18_19) in transaction_stanford

mention_text:

Y CES

{"doc_offsets": [0, 2, 4,5,7,9, 11,13, 14, 16, 18, 20, 22, 24, 26, 27, 29, 31, 32, 34, 36, 37, 38, 39,
40, 41, 44, 47, 48, 49, 51, 53, 55, 57, 60, 62, 63, 66, 68, 69 ], "sentence_index": 1, "sentence_text":
"RIBIERFTEEIRAR D B IR A SRR AR AR BEFBR A S (UM TEMRREER") MUUTETF 3012
THEINB RS ARIEAFFRITHE D A BRERZE", "doc_id": "17", "ner_tags": [ "ORG",

{...}

3. transaction_feature( NGRAM_3_[#=h% B& 7R ZRMB]@16_1_18_19) in transaction_stanford

has_transaction.p1.mention_text:

FNEEH

has_transaction.p2.mention_text:

FNEBERFTRERARD B RAE]

mention_text:

4 «2 3 4 5 6

9 » M

AT I TS R IR, B B Sk /A

HIRPHTHORAE L H S EH
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4 4

I~

O #fl. (81 HEER

O NLPsZmm#i kR, AILLE
& S HL Ath i 1) v AL AR

O 8T i AEATF &

& IR W a% ETh

Fihideepdive: HFiBIEASFHFREANIRMEYT
B (=céaihE)

deepdive2 HEMEEA FinfolLabSLMEF 2N — T REAIRMI AL, EEIBEEY>, NSt
FRHEEMTRNXAYE . AMEEHTEMESAENImodel&, FEFHIL, HEMHPItutorial,
R EEN— L xhrafift.

HIES B

Bl FEchirhb R DeepDive -

s - HK -
i3 tutorial T
FRSCREAEREA

FNiRHER

Hfifg R

i fHE

i http://deepdive.stanford.edu

{F& Hazy Research Group, InfoLab, Computer Science

Department, Stanford University.

T#EEERE: http://www.openkg.cn/tool/cn-deepdive

HIRPHTHORAE L H S EH
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TIER) & a3

feIE T TE
5 L
5 il LK 35  RWERE LKA
R T4 M SR M- AT
LML IME R 1 A 5 HUBEAELRS P

Trump is the President of the
United States

a

PresidentOf(Trump, the United (Trump, is the president of, the
States) United States)

HIRPHTHORAE L H S EH [ =41
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P

S A58

1545 1E Open IE
FREEBASE . TextRunner
A5 iR WOE
DBpedia
YAGO . REVERB
, 5 AL OLLIE
Deepdive
ClauselE
1L FIEA OpenlE H.AH#M 78
A DA% S F RN 2 B RVa R, R T 2 I 2 K

OpenlEf5 2| i) =Jud v LA 78RR

HIRPHTHORAE L H S EH [ =41
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TextRunner

HEVERR

NER, POS, Dependency Parsing

SRR

Naive Bayes and CRF

WOE

T ORI — DR R

Albert Einstein

nsubjpass

(Albert Einstein, was awarded, the Nobel Prize)

% —fXOpenlE % 4

> was awarded < the Nobel Prize

Tuples
11.3 million

With Well-Formed Relation
9.3 million

With Well-Formed Entities
7.8 million

Abstract 6.8 million
Concrete 1 million

scale of TextRunner

HIRPHTHORAE L H S EH
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% —/{OpenlE # 4

T 1 ) 9k e
RAN—HL A HER
E.g. Peter thought that John began his career as a scientist

True: (John, began, his career as a scientist)

False: (Peter, began, his career as a scientist)
FEHUH) R R AL EF RS B
E.g. Al-Qaeda claimed responsibility for the 9/11 attacks

True: (AI-Qaeda, claimed responsibility, for the 9/11 attacks)
False: (Al-Qaeda, claimed, responsibility)

R 2 2 T I8t £ R
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% _—fCOpenIlE & 5;
HRABIE T 40T R

Reverb http://www.openke.cn/tool/reverb
Fe T Bl 1 < R A HL
Bl St i L B R % & LLeamine JE— A
W 1 Training Data
V|VP|VW*P
ReVerb Bootstrapper Oplir;:”:;tern
V = verb particle? adv? l ’
eed Tuples attern Templates
W = (noun | adj | adv | pron | det) k_s.f:T:pl P J::‘:T p:::
P = (prep | particle | inf. marker) U oroccion DT
- -*Sferﬂge —Pattern Matchlng—»T:p.I:s—& Context AnaIysis—»E.>(=.T:ples
OLLIE ~
DR T 44 R 2 6 4 0 8 LA OLLIE WififE

http://www.openkg.cn/tool/ollie

E.g. Microsoft co-founder Bill Gates spoke at...
OLLIE mJ L HX(Bill Gates, be co-founder of, Microsoft) , ReverbANA] LA

fEReverbFF UK 2 FIAERN 7, 22 20 B 2 AR

HIRPHTHORAE L H S EH [ =41
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% fXOpenlE & 5;

ClauselE

BT ) B Y
R R 1N e Y VN P B N B
FH B2 30 DU =) v A4 3 4 B ) 25 8 (Deecision Tree)

iV OINCIE 5= (PG NCIESSIL VO

Table 1: Patterns and clause types (based on [15]).

Pattern Clause type Example Derived clauses

Basic patterns

Si: SV SV AE died. (AE, died)

Sa: SV.A SVA AE remained in Princeton. (AE, remained, in Princeton)

S3: SV.C A% AE is smart. (AE, is, smart)

Sa: SV O SVO AE has won the Nobel Prize. (AE, has won, the Nobel Prize)

Ss: SVa4:0;0 SVOO RSAS gave AE the Nobel Prize. (RSAS, gave, AE, the Nobel Prize)

Ss: SVi4O0A SVOA The doorman showed AE to his office. (The doorman, showed, AE, to his office)
S7: SV40C 8SVOC AFE declared the meeting open. (AE, declared, the meeting, open)

S: Subject, V: Verb, C: Complement, O: Direct object, O;: Indirect object, A: Adverbial, Vj: Intransitive verb, V.: Copular verb,
Ve: Extended-copular verb, Vmt: Monotransitive verb, Vyy: Ditransitive verb, V¢r: Complex-transitive verb

HIRPHTHORAE L H S EH [ =41
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FIESuTYS

R
E el
gr— gAY, RNl RS AR 5 &
R UL T + VR S 25 )
e B DA Q0 i 5 B i R 1R 20 28 8%

A ET
ZE R I FRR
A DA R VR 2 1247 B 4 P AT ARFALE ik FY

R 2 2 T I8t £ R
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OpenlE 1]V T

H [ ]
AT L[| AN F P 98 A RS R (AL, 2, A2) 1]

<o Hosted by Created at
) Open Information Extraction klz %.‘
A
Example Queries: @ Typed Example Queries: ©
What kills bacteria? What countries are located in Africa?
Who built the Pyramids? What actors starred in which films?
What did Thomas Edison invent? What is the symbol of which country?
What contains antioxidants? What foods are grown in which countries?

What drug ingredients has the FDA approved?

Argument 1: Relation: Argument 2: Corpus:

All B Q Search

FAAE HAMNLPAT % (R E-ALE
AR AR
FEABLES L

HIRPHTHORAE L H S EH [ =41
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SCAREE £ fR] A7

25 %€ — s XCAS ) SEAR TR FR (mention), fiff € IX e FR FRAE 4
vl LR@ IR HARSEAA (entity)

- ——— -

YA ;' [ ID: 00000002 M
1
|

\
]
Name: BR/R T+ :
_____ i~ »| Category: Basketball Player 1
F------ | Description: “SEENBAES WER :
: : EMR WA BREAL ) |
= ]
=E. _ ' :
NBA. ™= -- » ([__iD:00010992 ] :
TS ~a Name: FERESRE :
%@ : T2 Category:  Country 1
ﬁ‘ﬂz ‘ { Descr}pt{%n: "B NEBEFR :
I HIHER , ..
%ﬁ%m , ﬁBJ’J N | - |
\ I 1
> | | ID: 10010974 | '
P 1T)U o= :\: .| Name: National Basketball Association i
T 3 Category: Basketball Association
%ﬁé’jl&)\ & ' | Description: “SEESE—ARREERE: :
o I
(DEYNCIN s ;
~ 1
M—gdx N=I RS L (] ID: 50610007 | :
~ < | Name: (PN :
: Category:  Sportswear Company 1
| Description: "SRESMATAML :
:\ =l :
Ay ~, ~ N =2 E
TR A A UL 5 7 P
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NZB

CARE P AR

SEEEHETIZ
WA/ i SEARHERRRG BT RS
EFESE |—
BRI BEMR REET
( X* } i T TR
EFHRERE
A
»| EHEEREA CEElL
EFTEEE
)
T3 AR
| BFrEes |
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il —

ARHRRE, EBHTK. EXAT=

The entity-mention model:
a generative probabilistic model

P(m,e)=P(s,c,e)= P(e) P(sle) P(cle)
P(m,e)

€ = argmax

e

= argmax P(e)P(s|e)P(c|e)

HIRPHTHORAE L H S EH

Knowledge Base

brhchacl 1. Jordan

Entity

Michael Jeffrey Jordan

Jordan l!vhchacl Jordan ]

Mention l
Jordan joins Bulls in Michael Jordan s a
1984. professor in UC Berkeley.
Y

JJhEr?IEa%EE
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BRHAIRE, BT KA &R

R SR SEAR IR IR

detroit,
Detroit

SR SR I B H 34 E8 70 4L k-
~ (D) AT R Vi=<mi, ei>

s ) Himention-entity ¥} 7 i

0.37

nba, . .
National Basketball ‘ (2) AT RAF5r o AR SARTE PR mI
Association

. - IIERN RN SIS R e Y E NN
0.78 . ’

new Ol‘k, R‘ / . ~ \g‘\ N /\\

(NewY();rkCityJ / new york, m—/ (3) !&dﬂﬂﬁ/ﬂﬂi /fti%l X?%?ﬁ“

E\New York Knicks | SAE, RIS VIAIVi ) S BFRE
TR H A S B S chhlg.:‘?'f R



A~ (B

3T
\ 4

ITNINEC S ML UL AIRES

(1) 2 TR VIR ANEAE B, T A3 B E 91

(2) # Tl & mention Fll entity 3 /2 p(ejm)>=0.95, I Tl £
S ENL.

(3) FAR T A HITG 7315 B Np(efm).

R 2 2 T I8t £ R
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ARG TT

i
VARNLS
.’

Semantic relatedness
(cosine similarity)

Semantic Layer Y

Multi-layer
non-linear
projections

Feature Vector

RUZAH

I3
{Ws, by}
L
{Wz » by}

IR R XOR R AR

SR(e; , €)

/\
3%0 3%0
3(%0 3 %0
300 300

T

I, 105k (S0k + 3.2k + 1.6k + 50k) 105k (SOk + 3.2k + 1.6k + 50K)

Word Hashing  y, / rrT /7 7 1

x 4m
E.

i

1.6k || 1m 4m | 32k || 1.6k || 1m |
ET. D E R, ET, D,

i i J

HIRPHTHORAE L H S EH
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= (&

2 e T T RS

/1 3}

(1) FE AR R
(2) IBAULTE B R STR S

Detroit Detroit unlabeled
Detroit_Pistons Detroit unlabeled
National Basketball Association
labeled
nba
New_York City
unlabeled
new york
New_York Knicks
unlabeled
new york
Miami_Heat
labeled
miami

Detroit Detroit unlabeled
Detroit_Pistons Detroit labeled
National Basketball Association
labeled
nba
New_York City
unlabeled
new york
New_York Knicks
labeled
new york
Miami_Heat
labeled
miami
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ARHRRE, EHTKIXAEY R

L — Y 1 |
2 E] | HE
i | | ¥ m
! NEEE- X !
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m & X || = I m
AR AN
oo\ ] % Lo gm | !
IS -
&l iwogt | B ¥/
(=1im¥y | *] i\
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Vel Bl i o
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\ /e iomb
m RN HEY
| m % | HIESAL
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R
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=
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Il = (52)

figide SEAAR [B] 7 SOMABLEE T 55

Output layer

= 000

SKkip-gram model

Yij

= O

RDF DataSet

Weisfeiler-Lehman Input layer

- Algorithm A
EEE—— H# N

Entity
Vector 1

]

Sim(Vecl,Vec2)

G
vectors | <N
\ CxV-dim

Entity
Vector 2

O
Cos(Vecl,Vec2)

[

TR H A S B S chhlg.:‘?‘f 5



/1 3}
N

Il = (&

S (kS AR IR IR P i PO A S 0 AL B
F R SR (1) SEARTERRTT &

Detroit NBA New Miami (2) fmeids SEARTT &

(3) RIS RIS AE : AURIZARIE SR 2
SCARTERR A H A3 SEAR AR R /N
(4) RIESARTT FIABUE : AR MR SR
[ENNEEZ A RS NN

BB SEARTT T RE: WIEE NI, Z R TR
A _E—%1PageRank 5 73

1 mention node 1ﬁﬁi1zl§%,ﬁﬁ*ﬂfﬁi+ﬁﬁﬁﬁﬂ_ﬁ
e My ef) = cos (9(e)0(ed)) g PN ST FEY L EE /1

SM (efl,ef,)

ETP(eh ef) = 5 s et ST 11 M 2
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Il = (&

Detroit NBA Miami

ST SEAR IR HK ]

AR 1 PageRank /34 : \,
Detroit 0.44314869
Nati
Detroit Pistons 0.77259475 ationa New York
Nation Basketball Association 0.85422741
New York City 0.36443149
New York Knicks 0.78134111
Miami Heat 0.78425656
Detroit NBA New Miami
oi York iami

W FEAHE B i 7570 IR TH B SE AR New York KnicksfF JySE
45 FXNew York ) fie 4 52440, M B H A € 36 5 A& New
York City MAHIRHIIL, B B I AUE -

Detroit
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Il = (&

HRUNSENEE L SUREVING

Init

T

New

Detroit NBA York Miami

Detroit:{Detroit, Detroit Pistons}

National
Basketball
Association

New York ) nNpA.:(National Basketball Association}
Knicks
New York:{New York City New York Knicks}
Miami:{Miami Heat}

Iteration 1

Detroit

New

NBA York

Miami

Detroit
Pistons

Detroit:{Detroit, Detroit Pistons}
NBA:{National Basketball Association}
New York:{New York Knicks}
Miami:{Miami Heat}

National
Basketball
Association

New York
Knicks

Iteration 2

New

Detroit NBA York Miami

National
Basketball

Detroit:{Detroit Pistons}
NBA:{National Basketball Association}
New York:{New York Knicks}
Miami:{Miami Heat}

New York
Knicks

HIRPHTHORAE L H S EH

Final

Detroit

New

NBA York Miami

National L.
Detroit B a:k ;l:;“ New York Miami
Pistons Association Knicks Heat

Detroit: {Detroit Pistons}
NBA:{National Basketball Association}
New York:{New York Knicks}
Miami:{Miami Heat}
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Statistical Schema Induction — 3 & /73

O &THPEHBEIFE (Inductive Logic Programming, ILP)
54
B ML E T (refinement operators)
O A T4t o8 &2 2] (Statistical Relational Learning, SRL)
54
WG UM S R 2 AT TR
O AT BHINFZ 4 (Association Rule Mining, ARM)H)
JiiZ:
@O HFFEFE
@) 24 A
(3 KRN F% Y OWL 2 B
@ FyEAAR
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Statistical Schema Induction — <ECHL N2 3E (ARM)

O OWL2 2 BRI AR e 45 Ny S I

RDF Repository

N
S

< <

N 0 0

Ontology : E !

N~_

3

>\

RDF Repository

Transaction Tables

[ | —
' NG
o ay — C1, Cy N F (Rules)
erminolo :
Acquisitio%y az — C1,C2,Cs (AXIOm)
az — C2,C5

SR I T BRI

Statistical g g )& T W&
Schema Induction =g N .
33 FL 1) B A5 B (confidence)i# =

Ontology Ci1MC2 ECs
Construction Jr.TCC
Cy E 3r.Cy
rporg LT3
OWL 2 Axioms
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SEREHUUEE IR (45)

553K (Transaction Table)

Building
IRI Comedian | Artist | Person | Airport | Building | Place | Animal
Jerry_Seinfeld 1 1 0 0 0 0

0
Black_Bird 0 0 0 0 0 0 1
Chris_Rock 1 1 1 0 0 0 0
Robin_Williams 1 0 1 0 0 0 0 Black Bird
JFK_Airport 0 0 0 1 1 1 0 -
Hancock_Tower 0 0 0 0 1 1 0
_ Newark Airport
JFK Airport
Jerry Seinfeld Chris_Rock Robin_Williams
» g " = i
IR A L5 = Pm
ChinaHadoop.cn



Statistical Schema Induction — 4t i15¢ 2% >] (SRL)

PN

B SRS

B CRER

B CA=rdHES

H 5

B R A = oo R R = o BT T e
PEREAT T

A DN H TR B A4
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Gt Fs] - TR

FA A
B OCREERE S SR B B AR AE R SR TN ] AT BE A
CRUESS Charle

3

IsA \ISA_I Wrot?' >,

Jane A Tale of S .
Eyre Two Cities Profession

Wrote/
Profession?
[ Cé‘””/offe} -------------------------------------------- { Writer }
Bronte
HasFather Patrick Profession

Bronte
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#1247 B 7 — Path Ranking Algorithm (PRA)

O # AR R IHESE (generic relational learning framework)

Node pair (s, t)

Relation r input

Relational output
Learning [ I RCRIGY

e '
> Algorithm
Directed edge- e.g. PRA
labeled graph G
-~
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Path Ranking Algorithm (4%)

Profession
A Tale of

\_Two Cities )

’Q:’a trick ant@‘l
S ,
Profession

Profession

O oy

() . Pamter)
O : 1 Profession
Mentioned

Lao et. al. EMNLP 2011

Mentioned

HIRPHTHORAE L H S EH

G=(N,E, R)

® N: nodes (instances or concepts)
® E: edges

® R: edge types

Note: r-l: reverse of edge type r

Path type O: <r,,r,,...,r>
¢.g. <HasFather, Profession>
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Path Ranking Algorithm (%%)

Profession(Charlotte Bonte,

Profession 1 9
A Tale of Writer):

Two Cities

score: Z P(s — t;m)0,

TEQ

Profession Q: all path tprS Stafting from s and
S O pamer)  cnding with t (with length of )

e ]
() . . o
O 1 Profession Qﬂ: weights obtained by training
q1entione

Mentioned
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Path Ranking Algorithm (%%)

B Probability of a path type

P(s — t;m) ZP%%ZH JP(z — t;7)

P:
the probability of reaching target node t starting
from source node s and following path [

Use dynamic programming procedure
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Path Ranking Algorithm (%%)

B Weight training (offline)

r(s;,t;): true
1(s,,t,): false
1(s;,t3): true

input Logist.ic
regression
model
Directed edge-
labeled graph G
w
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SN ) B X

EANE S IR N F 2

vl

CBow

\/\/l Wj Warrs,
N-dwe
a bnddn \orggr

one -hak
oA\t wprd
AU vech,

FEST A — R X A ],

\/
~ T Terere=

doc2vec

Input:
many document Model:
doc1,
doc2, most_similar(‘france’):
doc3 ... paris 0.876543
louvre 0.765432
wv_space

normandy 0.654321

S

training a word
vector for each
word and each
document gets
an ID/tag with
a vector while
training

wv_netherlands
wv_dog wv_italy
wv_france Wv_paris
wv_spain dv_doc2 wv_louvre
wyv_belgium ~ Wv_normandy

highest cosine
distance values
in vector space
with consideration
of the document
vectors
wv_water

dv_doc3

wv_house vgctor space:
consists of word vectors
for each word and additional

document vectors

IERGI

WOMAN

MAN ’,’;’ ,/”;’

UNCLE

AUNT

QUEEN

KING

QUEENS

KINGS

QUEEN

KING
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FVR B TSR IR 5

R A

Paramount United
Country
Pictures States

Company Robert
Zemeckis

Director

——————— Language of Film English

Release Region Official Language

Norway
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RS

Collaborative

Joint Learning

'l user latent vector ’

( item latent "I:L'[Il]"

Knowledge Base
Embedding
8
& @K =
Dataset P o
® @ B
user item

user implicit feedback

T

structural embedding textual embedding visual embedding
(Bayesian TransR) (Bayesian SDAE) (Bayesian SCAE)

[ | 1 |
(i'h:m offset \'u‘tur) (struc[ural \-'ec'tnr) ( textual vector ) ( visual vector )
i) T

structural knowledge textual knowledge visual knowledge

knowledge base

Fuzheng Zhang, et al 2016
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R E R R >] - TransE

K =t <h, r, t>F BChil o ol 3 2 ) 72
Beijing-China = Pairs-France = Capital-of

O fEtt H s
> HHEEREL
f(hr,t)=|h+r—t|,
JBerjing, Capital-of, China) < f{Shanghai, Capital-of, China)
> HPReRE (|

min Y, Y, ly+fhrt)-fH,rt)], N '

(hrt)eA(hrt)es

H A [x], =max(0,x)

Bordes, et al 2013

b
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L%E/JQI%F?

KA MR

C s DM g
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77 iR TransE [ 5[

AR TE XA R

' h t Py M,
| g
ae

Entity Space Relation Space of r
TransH TransR
Wang, et al 2014
Lin, et al 2015
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P(S[X)

LinY, etal 2016
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PRA vs. Transk

PRA
0] R M 5t
RE % M ECHE 72 3 H )
X LA FRFG 97 08 &R
B RFIEHE R A &
FKIrik 2 1A

T%anSE 5@??5%#
TG EEE g

%ﬁﬁm,ﬁﬁﬂiﬁ%

BT, MELVR R Z X —. — X2, ZXZHE IR
#

AR A ik
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TransEAAL 2 S AN FHL = J0dH, RAZBHFAEE KRR, W ARAZHEH

TransE PTransE
@ . T T
KB | h J t h —te€12nt
T 1 11
- X
Composition (h‘ . 631) ((J.l y o, t
Triples (h,r,t) "a0)
/ I (h-, 1 O'{‘g,f)
11 11
(e1o10) (eTe10) — ~ Bt —e et t
Steve BorninCity CitylnState StatelnCountry United h +1r = t -
) h+(ryor) =t
(elele) + (C00) = (eTeTe)

& T 3

Composition

Gardne, et al 2013
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Accuracy(%)

MERELLER - =JudH o3k

00 FBA3(= 704140 2) 100 FB15k(— 415y 2)
I Tensor Factorization Il Tensor Factorization
[ Translation-based [ Translation-based
Neural Network [ INeural Network
a0 - 89.1 88.2 87.1 a0 - 88.0 88.2 89.3
85.3 .
z
E —_
& 80"
oy
©
3
63.7 " g8.2
=
= (=
=
5]
g 60
a
w
&
50
0. WN11(= 764150 2)
Il Tensor Factorization
[ Translation-based
o0l [ INeural Network
85.9 86.4 86.8
S
)
©
5 70.4 70.0
g z
= 8
£
S
w
=
w
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[ HE

LEE -

100

90 -

70 -

60

@Hits10(%)

50

30

20

BE 72 TN

FB15k (% 1% il il @Hits 10)

B Tensor Factorization
I Translation-based
. INeural Network

88.7

74.0
67.4

I

o

o®
w

ME(bilinear) &

SME(linear)

HIRPHTHORAE L H S EH

J(Zjhl}rr;glil:ailigg?
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[ Entity embeddings
- —- [ Relation embeddings
T @ Truth values in [0, 1]
Logic & Logical connectives
Knowledge

(Paris, Capital-of, France) == (Paris, Located-in, France)

Shu G, et al 2016
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1) 71Zero-Shot FlHK: 22 % F2 Tl

description of head description of tail

Xul, etal 2016
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ETEHRKE
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Neighbor Context

r t
X b e
@ i 2
ATEX VEVE X
(RS B T
[ [
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Path Context
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Triple Context = Triple + Path Context + Neighbor Context

> AEEPRZL

v iy B2 = JG4H {E Triple Contexthf 2 i K
f(h,r,t) = P((h,r,t)|C(h,r,t); ©)

v AR AN [F] () Context A AH B AL ) £ HAR ST FI R $ I8 = o 4 1) 2% — 5 4)

f(h,r,t) = P(h|C(h,T,1); ©)
- P(t|C(h, 1, t), h: ©)
- P(r|C(h,r, 1), b, t; ©)

v B3
rkio)= [ | fthro

(h,r,t)eX

f(h,r,t) = P(h|Cn(h);©) - P(t|Cp(h,t), h;®) - P(r|h, t;0)
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N

=R

(

e

L]

S

7\

> SpiG 2 B
VIE—WZ. 202, 23— FTHHEBITHRI

A )

S

25 Y

Task Predicting head(HiTs@10(%)) Predicting tail(H1Ts@10(%))
Relation Category | 1-To-1 1-To-N N-To-1 N-To-N | 1-To-1 1-To-N N-To-1 N-To-N
TransE 43.7 65.7 18.2 47.2 43.7 19.7 66.7 50.0
TransH (unif) 66.7 81.7 30.2 57.4 63.7 30.1 83.2 60.8
TransH (bern) 66.8 37.6 28.7 64.5 65.5 39.8 83.3 67.2
TransR (unif) 76.9 77.9 38.1 66.9 76.2 38.4 76.2 69.1
TransR (bern) 78.8 89.2 34.1 69.2 79.2 374 90.4 72.1
CTransR (unif) 78.6 77.8 36.4 63.0 77.4 37.8 78.0 70.3
CTransR (bern) 81.5 39.0 34.7 71.2 80.8 38.6 90.1 73.8
TCE 71.0 60.3 83.9 81.9 70.3 89.9 76.0 89.2
R A A A UL &t 5 PR
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T T P L 4 ) 2 )

> S of B
v 115 F TransEVI 25 5 145 S i N B A 42 i 1 2% 1]

Mean Rank | HiTs@10(%)

Raw Filter | Raw Filter
TransE 243 125 34.9 47.1
TransH (unif) | 211 84 42,5 58.5
TransH (bern) | 212 87 45.7 644
TransR (unif) 226 78 438  65.5
TransR (bern) 198 77 48.2  68.7
CTransR (unif) | 233 82 440  66.3
CTransR (bern) | 199 75 484  70.2

Metric

PTransE 207 58 514 84.6
GAKE 228 119 445 648
TCE 110 25 55.3 831
R A A A It 5 P



Ju\ /III ;FI:H:JIS ﬁjz

O it & 58 22 AR IR B TR B 3R o ) BV R
O F0R BT o 2 ) 5 AR 2 1R) () S A P 20
O3 iR B 5% 2] 5 I 4 R 5 2] T 1) 57 )

A& /45 / OpenKG / /&
y X ey = A T .
OMART 5 R% BiEx T BOpanc

EME

B #is

OpenKG.cn
R FFHUER B R 2

OpenKG

[inglts =
8 Google+
0 Twitter

@ Facebook

http://www.openkg.cn/tool/openke

a i

A% EOpenKE: SRR IFS

& IR & 5% FERNT

BEAXFEFFEOpenKE: fIARTEIFES

OpenKE B—TTHREMMIRRTEIFE, B THUNLP ET TensorFlow TRETA. # OpenkE &, ]
RETRENBEENTIRE, SES&RTHAIRFKTES (knowledge representation learning, KRL) 7

#. ZIERAESZERAETOHRNIIRRTRDHANSR. RERENTISM: - AERESHI
SFENZABENNEREN, - WEEE GPU JIERTINENAERL: - SRRERM C++3ZH, A
FHREDBANSLERME - WEANEDAEENTIIGERAN, TATIMERES - KESHFUEE
bug, EEMER,

BIRS Bl

[ oxra jOsEmEAT] I

z OpenKEAIREZTRFATE - e -
HHRFT

HER

1 fME

P ntm:ﬁopenke.munﬂp.org

BAER 2017511 A6H, LF9m345 (UTC+08:00)

filiEs 2017511 A6H, LF9m329 (UTC+08:00)
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