e

O A@#atE. mFX8E, 760, K5, ME, Afif
%, I Frfoitt ARAA R DLR AR GRA];
PRTFELEES I EAAREGEA, FBARELANE
{E4T 5% =tk (/TR OARMNMHRIEEB. A4 .
It A P4l RNBREG—~EIEEFHRERD
B % 6 B F]

[ iRA42 % 4 o5 640
B #iazaRkT: I %
B 7oe#44: ChinaHadoop
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A

[ & & XA 6 42 4 I
B DeepDive £ % 44 7% 52 &,
B K £ 4 IR
[ %e42 4548
B SRS Has
B %oi2 L0 4245
B 4o H#ATF ]

ﬂﬂté&#ﬂ%

ChinaHadoop.cn

BEMFRAELBEINE



F—Hor@e X AGiinHIK

BB AT SR ETE m I ==

ChinaHadoop.cn



% % # R o £

ALK 7 & # 48 iz &
| I
% JE G ¥
— A L #
Bt b IB — > HBaR # A P
KB F 9] \ DISTANT 55 4] # 12
SUPERVISION
£ 4
@ A A A /// B A dh IR
R E G R — BT R BOOTSTRAP
2 b A

A 4 32

BB AT SR ETE m I ==
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Deepdive
¥ 4 IR 5 &,
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KBC £ 4

O $4. #4FRALRG
% 12,

L #
B gt hs s
B £ 44 ghtml. table%

O # &
B fudoin A

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)

BEMFRAELBEINE

ﬂﬂté‘e#ﬂ%
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Deepdive

[0 KBC#% 4.4 @ s0 52L&
B % fE 142 + distant supervision + & 44 44
B ¥24 8740 LN 2 ARMN
B Aokt raz#aKB, £ 825U AMk4R, TAHA
AR kM T A

O # K &
B 4+ —NKBC4 46h Lk, L4 XARLAE. HEHIK, 4
HH#LEF . EALMAF. ArrESH 2 Ldatalogid 54 4%
A A

B Al A>HNABEERGERA L MR

BB AT SR ETE m I ==
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KBC i#. %2

BiRES
labeld data raw data

SNHIRE

L1 4Edd R
B OCR. NLPx A %

| b '
B AFAA ,{}Lﬂi‘f’j& SRR @
niE% E

L1 ’%‘ Ab. %a ) %ﬁ. /6\ | sommeneR/

NAYIER

, POS/AEHEIE
: : 31
. 5 ‘2= > i i
B %Nk A L#ITEMNE i
D ﬂg_ VE\Q? 5] | ORISR EFMUTHS ) ||
| PREME SR 1 | pr—
1 "

B distant supervision

5 |—
E EAZER | s —»@

IR
B i Tt 48 A # 42 A & A4

A4
clx
Kt
Ho
St

BRI AR A BB TS L 8¢ = PR
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.42 48 A,

URL

app.ddlog db.url deepdive.conf input udf
O =45 x4 O %4 4£ x4 O #mAaAX#HE
B H#BEESL B el HBEAGHE#HEE B Aeu 4 HEA K
" AARSKRAUN O g emg s O udf
O xA#AR B 2L RHAI Tk B A7 4 spythonsy A
O % 4234 R

B RATHZEL

BB AT SR ETE m I ==
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F. 0 3 48 F

BEMBAEG LK E (B 4AR)

Mbaif b B I BHRY 4 60 £that
4% #pos_transaction.csv, ## finputx 4 £ T

fapp.ddlog F = L 4a & o 48 &

@source
pos_transaction(

@key
companyl_name text,
@key
companyZ2_name text

&~ 447 4 Apostgresol £ 42 &

$ deepdive do pos_transaction

2t F 2 Lt~ k4%, deepdivessfr 3 £
input x4 2 TH #| A Bcsv 4, &
postgresql £ & & -§

pos_transaction.c
sv

FEABRAS

AU EIHFROBRAS)
RYIHEREFRZWBRAS)
REIEAIWAS
HIBAFRIERGERNS)
AYIERETSRERHRERAS
AR E TSR RHRERAS
RlLE (EH) BRAT
RYpiEE RRHBRAT
RYgERERRNHHRAT

companyl_name

AR HERAE)

i EEERRATRAE]
BMNSHEARRNDBIRAE)
PEREHERAROERAE)
PERIEEARNBIRAE
PERIEEARNBIRAE)
PEREFARNDBERAS
AT R A PR E)

R REE RRHARAS
ERER

company2_name

BEiAERLE |
RITELHEROBRAS |
RUTELEFRZIULERL2T |
@i 5 Tl E |
BEBAERRBROLERLSE |
ZUPAHEERBEREFTRLT |
ZUPAHEERBEREFTRLT |
Bl (£H) BRAS |
RilPEEEROERAS |
RUNEREDARDERAS |
(10 rows)

ARRLRGERAS
tBEBEERAERAS
HEMEEERARDERA S
TEBREEEHRSHRAS
TEBREEEHRSHRAS
TEBREEEHRSHRAS
TEBRREEEARSAHRAS
¥ 3T SElk R 45 K PR 44 F)
RUYTRELERHMZERAS
BERER

BEMFRAELBEINE

S5 PR
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HH IR L EFF N

O g&#iaRke x&, 4 AHarticles.csv, s ainput x4 2 T (LT A3 2A%)

1201734370 | {F#55:600969 i Bk B ERT 45 /A%iE 2015-033  MrMEERARROERAS AMMHTRHRREARERDGRAE
1201734454 | {F%0F5:600108 I3 EM: L&A EH A4S 162015-067 HR AW (ERRMERAS SFtREBEBEMASIVRNAEER]
1201734455 | {F#59:600108 IEH R LA EH A%4S:2015-068 HATREIWER)RHERAS XTRIUBFMSTAFMRATE TS5
1201734457 iF#54{5:600108 IESER: LA KH AE4HES:2015-072 HRTIEZWERBRGBBRAS XT2AFATEBRNELNASE  F
1201734458 F%5{5:600108 iE5 8 T EEH mS:16 2015-071 HRTESIW(ERRMDERAT *(THEEFATRHBRIAE FAE
1201734460 iE#LF5:600079 IES B ARELR &S5 2015-100 SABEBHERRNDAE) XFiERTFATET FOA NENASIEH, ABELY
1201734461  iF#455:600108 IEH R LAEH A E4HS:2015-069 HRTEZWERRGBRAS XFEILT A+ hERRNXHERS 2
1201734464 iE%{{F5:600108 IE5 M L EEH AEHS:2015-070 HFLESZW(ER)BRHBERLAE XTHERTATRBBENASEEA
1201738707 | iF#555:600483 L35 MR 1RHEAR(D 455:2015-088 BEBERNMERAE XTEEARRTAIRMBRSFNLSANIE
1201738753 | {F#{(75:600642 BREEH: HEERRID RS IE 2015—025  HEERMHERADXT BHRECUERERETATIRMBMRN  XEI

O iapp.ddlog® 2 L x & # & &, . 46doc_idf=content

IS

@source
articles(
@key
id text,
@searchable

content text

).

O r2, Adeepdive do articles§ ~ x & #|postgresql £

BEMFRAELBENMNE m IEXd:=
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input/articles.csv

I v wEEs | :
input/pos_transaction.csv

deepdive do pos_transaction
deepdive do articles

table: articles

X NLP4AIE

Y

XAEIBHINER/
POS/ia)iEIRHIE F
3l

\/
XASFHfImention

¢

EAMTER {RIGESE RS 0

table: pos_transaction

ETFHNATHRED
DEE

TEAS{RESE A
PEIBHIX R

Y

>
B, FA%E

BiEE

MJJL?&%*&FE

ChinaHadoop.cn
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X ¥ K 12 T 4 32

O 4##EEPw &5 FTNLPERAT, 45 5454 421 IRAECE S

OO0 app.ddlog¥ = st sentencesk, A F 4 #POS. NER%¥ 3 &

@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[]

).
O = sANLP 42 ¢ & #nlp_markup

B s~ Adoc_idfecontent, % dzsentence & 4 F B4 X,
B & #A Anlp_markup.shix Nap A 2 INLP @ s 32, TH & 4L #

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

BB AT SR ETE I ==

ChinaHadoop.cn



X & K 2 T 432

[J nlp_markup.sh

B % 2 & +4 Audf/bazaar/parser T grun.shit /7 £ #L 45, run.sh
+8 A T stanford nlp 4 = 4F ¢9jar <.
B 3x— 4 2% #HNER. # ko4 %, a2

set -euo pipefail
cd "$(dirname "$0")"

. ${BAZAAR_HOME : =$PWD/bazaar?}

[[ -x "$BAZAAR_HOME"/parser/target/start 1] || {
echo "No Bazaar/Parser set up at: $BAZAAR_HOME/parser"
exit 2

} >&2

[C $# -gt @17 Il

set -- doc_id content

fe. N ggarticles ¢4 17 4% 4L

tsvZjson "$@" | .
"$BAZAAR_HOME"/parser/run.sh -i json -k doc_id -v content ﬁjson ’ {% %Stanford nlp

BB AT SR ETE m I ==

ChinaHadoop.cn



X & K 2 T 432

(0 & #-+8 A, AAarticlesk P #-, # & 5 #msentencesk

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

O %4 # #4179 deepdive do sentences, 4 sxsentences &

24 | 1| ZBERBROBERAGTN272, 961.8F THMBRBERBRETEZBERSE
AERAGAMEENPFEREGEEERASS9.65%KMN | 28,8k, Kk, BR,23,8,272,, ,961.987,
T, M, 88, 2R, BRRX,PE,ZE,ER ,5H ,8R,28 % ,BEN,PE ,BEE,E%,BR,25 ,59.65
s, B} | {iT8, 2R, &%, 5K ,2= ,M%,272,, ,961.98% ,7%T 8 ,M& KWL, 2k, BREX,4E,Z8,£8K,
£H,8R, 3 iK%, FN,2E,BR&E , 5%, R, 35 ,59.65%,& M} | {NR,NN,NN,JIJ,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,0RG,0,0,0,MISC,MI
s¢,0,0,0,0,0,0RG, ORG, ORG, ORG, ORG, ORG, 0,0, ORG, ORG, ORG, ORG,0RG,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
y5,5,14,13,10,0,10,13,10,13,14,0,21,19,19,19,21,21,14,14,30,26,26,28,28,30,30,22}

(1 row)
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L. & G,

HiRES

A4
EAXRRYEIHSS
BiER

TCECIRIESE (RS
FEIBEHX R

ETFHNFTHRER
DEE

BEMFRAELBEINE

X ARFHImention

.

RIESEARY

A
clx
Xt
L]
st

table: articles

table: sentences

SEORXYHFELR
B

deepdive do sentences

HER

DS
E, SNEE
BEE

S5 PR
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CEE LN

[ dh IR AT 4942 4 524K
[0 sapp.ddlog = s 42 ik 52 4k &

@extraction

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

).
O 2 L4252 4K 4 IR 69 & Zmap_company_mention

B #HAsentence ggtokenfe 2t & 49NER 4z &

B & #44 Amap_company_mention.py4h IRNER #4 ORG # 47 &-,
AL QLRI B FGEE

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.

BRI AR A BB TS L 8¢ = PR



UL XD

[0 map_company mention.py
B #7%4gORGAREMAA RK, # 24z Ld4aEE
B Thashsahzt— g2 369k LA Tk

def extract(
doc_id
sentence_index
tokens
ner_tags

)

"text",
"int",

"text[]",
"text[]",

Finds phrases that are continuous words tagged with company_name.

num_tokens = len(ner_tags) jk‘ ;‘d —ﬁ- /I\O RG 15;

first_indexes = (i for i in xrange(num_tokens) if ner_tags[i] == "ORG" and (i == 0 or ner_tags[i-1] != "ORG")) & 3
for begin index in first indexes: ﬁ\k% ’fﬁ- ﬁ

end_index = begin_index + 1

while end_index < num_tokens and ner_tags[end_index] = "ORG": fA}L ’{5. ﬁ »fi }—- 5&

end_index += 1

end_index -= 1 /;7 ’ & ;d Za *'{i i

mention_id = ' bd_%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,

ERME A AR EINE EX1:

ChinaHadoop.cn




AR b R AR IR

O & #+8 A, sAsentencesk ¥+ %, #Hr4 #/company_mention ¢

company_mention += map_company_mention(

doc_id, sentence_index, tokens, ner_tags
sentences(doc_id, sentence_index, _, tokens, _, _,
ner_tags, _, _, _).

O 4% # # #4793 deepdive do company _mention, 4 & 4% it 524K &

mention_id | mention_text | doc_id | sentence_index | begin_index | end_index
1201841277_4.3_.3 | BiA A& | 1201841277 | 4 | 3 | 3
1201748452_7_0_ 4 | THEERGDERLAD | 1201748452 | 7 | 0 | 4
1201748457 _5_0_4 | KM IEHAERA D | 1201748457 | 5 | 0 | 4
1201773382_17_0_4 | FB ERHBER AT | 1201773382 | 17 | 0 | 4
1201748457_11_1.5 | XREWIKGER LS | 1201748457 | 11 | 1 | 5
1201764903 _23_ 1 6 | L BEAKHARGBERAS | 1201764903 | 23 | 1 | 6
1201755138_6_2_ 4 | L F % | 1201755138 | 6 | 2 | 4
120176632021 0 2 | XETEM~RRE | 1201766320 | 21 | 0 | 2
1201782465_50_3_5 | BER &\ & & | 1201782465 | 50 | 3 | 5
1201763494_2_10_10 | = Ak | 1201763494 | 2 | 10 | 10

(1@ rows)
o . . . =1 |ji=1
BB R EABETHIE I UL 5 PR
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‘1 & .l'u HiRES

\/
Cerumn

NAREIRR

A/ NLP4bE
[SYIEFA: SR
BURR
table: sentences

, deepdive do company_mention

table: company_mention
A4
STESTES RS —»@&@

A
IR

ULECRESE (R
hEBHXR

ETRMMFTHRED

DEIE

\
13
hol
El
i

UE%?I
B, §5%E

{‘E

BRMHFRAEEEETNE [, L= = xR
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A2 b 2Rt 4 A

O Joingg4k k&, A LAaRGPGARRLZMA, 4 AL LAt

@extraction

transaction_candidate(

pl_id text, pl_begin, _),
pl_name text, -
p2_id  text, p2_begin, _),

p2_name text

transaction_candidate(pl, pl_name, p2, p2_name) :-

pl_name != pZ2_name,
pl_begin != p2_begin.

company_mention(pl, pl_name, same_doc, same_sentence,

company_mention(p2, p2_name, same_doc, same_sentence,

).
] # # # 47$ deepdive do transaction_candidate, 4 a4 it 5 &=t &
pl_id pl_name i ' p2_name
186.0 1212 | HH AR | 186,022 | RERBFEHEEABRGERAD
942_0_10_10 | WM RUBRBRAEAGRAT 942_0 8 _8 W ST IT L T B8 45 7 8 24 )
3800_0_9_9 FXEFTABREROGERL T 3800_0_19_19 | [ WMFREHHREZFR LT
965_1_27_28 RE&E 965_1_32_37 TR ENBESHARERLE
4558_1_49 55 | EEEMKE LT WHRA T 4558_1_79_82 | B TR/ A RIER
9.0 7.7 RUNNEWMESEKEHGERL T 9_0_42_42 IBH/NAEMEBERIT AT
2049_0_28_28 ol e A/ 2049 0 5 TREEENHMERAE
779.1.21.26 | REBREMNERTEALD T AREERG LT
1974_0_5_5 Pt KR RS ERAD
2285 0_7_7 NEAZRNSECANERAD & 13
(10 rows)
e et ey e S RS
AR SR AR E TS L 8¢ = PR



4 ik

\ NLP4LIE
B AKX AR
BURE

NXALIRHINER/
POS/iaiE M #IEF
5l

deepdive do trangaction_candidate

PLEC{RIESE RS
PEEMXR

BT HNFTHRER
DRE

table: company_mention

EMEER
table: transagtion_candidate
> BEER HHER
4= e
B, $ETE

BEE
\2 Rl 22 . . . = ia
BRI AT AR E TUNE L & 7 Pr
inaHadoop.cn



15 4E 2y I

& ia A @extraction
| éd&) Hiﬂ"% lglﬂ’: ﬂl\xj' f] Xi\% Zha transaction_feature(
‘ 1.id  text,
O zapp.ddiog# i s # 42 & 2id  text.

feature text

L = U4 42 44 TR 69 & #kextract transaction_features O.
B s ~Asentence yNLP 4 £, #ir ENLP At &A% 4% 42

B & #+A Aextract_transaction_features.py, #r4<8 A 4 #
#ddlib & 4 ANLP# — 4 5| § o #4240 4

function extract_transaction_features over (

pl_id text, p2_id text,
pl_begin_index int, pl_end_index 1int,
p2_begin_index int, p2_end_index int,
doc_id text, sent_index int,
tokens text[],lemmas text[],
pos_tags text[],ner_tags text[],
dep_types text[],dep_tokens int[]

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

BB AT SR ETE I ==
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15 4E 2y I

[1 extract_transaction_features.py

B g Addlib&, %% 2#POS/NER/+4 4 5| ¢4 & o # 42, b & T 14
f1 2 LA AR

B ENZARAAZENKRETHE, X —FHH LB A

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=pl_begin_index, length=(pl_end_index-pl_begin_index+1)) g:_ {i\ % ,ﬁg
p2_span = ddlib.Span(begin_word_id=p2_begin_index, length=(p2_end_index-pZ2_begin_index+1))

for feature in ddlib.get_generic_features_relation(sent, pl_span, p2_span): % ,/4: 3%‘ /fJI.
yield [pl_id, p2_id, feature]

BB AT SR ETE I ==
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15 4E 2y I

[0 extract_transaction_features.py
B Ddlibf 46— & # fE4e T

# 12 BEAETOHKE
£ k24 9 45 2 window & 44 & & 7 NGRAM_[WINDOW]
£ 42t i@ & & 694315 5 5] WORD_SEQ [ALL]
24k 2t i £ % GNERS 7| NER_SEQ [ALL]
£ that i@ £ % 69POS 4 7] POS_SEQ [ALL]

% 2t 4 4l 45 Zwindow ¢ o % 4 4% & 7| |W_LEFT_[WINDOW]

3 k3t & ] 4% window &9 4 % 45 4 7| |W_RIGHT_[WINDOW]

£ 4hat £ % @ mwindow & i% A4 45 4 7| |W_WORD_L_WINDOW_R_WINDOWI[ALL]

R DB A8 P G H I IN_DICT_[WORD]
AN R ARG 1E kAR 44 15 A 7] BETW_L_[WORD]
AN R ARG E B R HPOS A 7 BETW_D_[WORD]
GRS R AT ARE TS g5z



15 4E 2y I

[0 Join sentences & #=mention £ /&£ # #-~,

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, pZ2_begin_index,

p2_end_index),

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

OO0 %4 # #47% deepdive do transaction_feature, 4 =& 4% 42 &
(T 8 A3 9 & o4 4% 42)

pl_id

1
T

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)

BEMFRAELBEINE

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_[/a & 50]
NGRAM_3_[/ 5 50 B M]
NGRAM_1_[50]

NGRAM_2_[50 % i #% ]
NGRAM_3_[50 i ]
NGRAM_1_ [ it #f
NGRAM_2_[#i# M MM
NGRAM_3_[# s MK wl]
NGRAM_1_ [I] 4% ]

NGRAM_2_[IL % ]

#- & #|transaction_feature

S5 PR
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I 4k i

RS
v
o
XABIRR
v
A NLP4ZbE
EHIXRHSERIS
HiBE

table: sentences

mention}2EX

PLECIRIESE (Y
PEERXR

ETHNFTHRER

P XZARHHImention

l

table: transagtion_candidate

EATEXR

degpdive do transaction_feature

A 4
{13

able: transaction_feature

GFET
A, S5z
BEE

BEMFRAELBEINE

Ch- it



# Adr

OO0 M4k 2Rz Piz & zF o iE Fi 5] @extraction
transaction_label(
B | Al Cho g £ Rzt fo R b L ARzt £ M pl_id text,
. 2_id  text,
B A AN AT AL A AR e
[ ﬁ_appddmg P 2 L4z Bk rule_id text
).
O & XNFrA 947k L1Rzt, 4545 53940

transaction_label(pl,p2, @, NULL) :- transaction_candidate(pl,
- P2, ).

O #db##E 5@t Rht £H, £HFGRT4EA3, M4
18 A A %a 12 & 15 F]
transaction_label(pl,p2, 3, "pos_from_dbdata") :-
transaction_candidate(pl, pl_name, p2, p2_name),
pos_transaction(nl, n2),
[ Lower(nl) = lower(pl_name), lower(n2) = lower(p2_name) ;

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

].

BRI AL AUETNE e
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# Adr

O @& Az ix— 3 9 R4&, Bt LAt 6 £ LK,

function supervise over (

pl_id text, pl_begin int, pl_end int,
p2_id text, p2_begin int, pZ2_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.

L1 & 4.0 44 IR 69 47 - 4 40 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, — _, p2_begin,
p2_end),
sentences( doc_id, sentence_index, sentence_text,
tokens, lemmas, pos_tags, ner_tags, _, dep_types, dep_token_indexes).

dt 1T 47 4%
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# Adr

0 #m s supervise transaction.py & sz s(:

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 1en(TRANSLATION_COM.intersection(intermediate_lemmas)) > 0:
yield transaction._replace(label=1, type="pos:A#5ARB")

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

if Len(TRANSLATION_AFTER.intersection(intermediate_lemmas)) > @:
yield transaction._replace(label=1, type="pos:Aif#%EB")

if 1en(OTHERS_COM.intersection(intermediate_lemmas)) > @ and 1en(OTHERS_AFTER,intersection(tail_1
yield transaction._replace(label=-1, type="neg:AMILBEI=&H")

if 1en(CONF.intersection(intermediate_lemmas)) > @ and 1en(OTHERS.intersection(tail_lemmas)) > 0:
yield transaction._replace(label=-1, type='neg:A[IBIZHIER")

if ("5" in intermediate_lemmas) and ("&EF|REFAEEILIMY" in tail_lemmas):
yield transaction._replace(label=1, type='"pos:AHIBZEEEAEEILNY"D

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

O &5, 43500 Fokeis Bizit 4 F P A &2t R 4KMvote, #4T
deepdive do transaction label resolved 4 #&,#%& %44z £,

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

BEMFRAELBEINE

table: pos_transaction

deepdive dp transagtion_label_resolved

table: transact|on_label_resolved

NLP4LIE

table: sentences

I

XA fImention
Y \d
fRIESEARRT *ﬁ‘ﬂmﬁﬁ&
Y v
> SEEXR HIER

Az 2|
E, §EEE T
mis &t F PR
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ARSI E S 4

O =X x&pBukatds, [7] 25k AFPBXNTEZ4%K-Flabel
ff]"%\%\%O @extraction
has_transaction?(

pl_id text,
p2_id text
).
O =20—45#3 %% #HARTA

@weight(f)
has_transaction(pl_id, p2_id) :-
transaction_candidate(pl_id, _, p2_id, _),
transaction_feature(pl_id, p2_id, f).
@weight(3.0)
has_transaction(pl_id, p2_id) => has_transaction(p2_id, pl_id) :-
transaction_candidate(pl_id, _, p2_id, _).

- 34 ) =
O RETFZOLFE, ENCitOEE
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).

BB AT SR ETE I ==
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B F &8 =L
R;: has_transaction

R

1263 .0 9 9 1263 0 7 7 NULL AP L GEF A €V
v, 3316_0_5_6 3316 0 10 11 -1 B TEwHs=Ho(w) e€{0, 1}
Vs, 3315 0 20 21 3315 0 17 18 1 Possible world ( Ia 3 A B)
v, 3315 0_17 18 3315 0 20 21  NULL O v->0, v,->1, vo->1, v,->1 (a)
transaction_feature O v;->1,v,->0, v3->1, v,->1 (b)
1263 0 9 9 1263 0 7 7 NGRAM_1 _[#.4] O E4R/AE 26
1263 0 9 9 1263 0 7 7 NGRAM_1_[##] O v,€EPVv,eN

3316_0_5_6 3316 010 11 NGRAM_1_[#. %]
3316 0.5 6 3316 0_10 11 NGRAM_LENGTH_[2 2]
3315 0 20 21 3315 0 17 18 NGRAM_LENGTH_[2 2]
3315 0 17 18 3315 0 20 21 NGRAM_1_[#A4]
3315 0 17 18 3315 0 20 21 NGRAM_1_[5.4]

B 7. FrApossible world g 4 4
O 7,: fet 2% TRMA—F, 4(b)

BB A T ARETINE I UL 5 PR
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BT 8 =L

wgight:ls W9|ght13 weight14
T \ I/,.,-'-*’-'- \‘\,. / \
v } : v2 :
_ / A / \_ /< \ /
weight11 weighti2  weight12 3.0 3.0

weight11

+ feature

I

(vi,v2) func(N_GRAM I[‘# %]
f2  (v2,v3) func(N_GRAM_LENGTH_[2 2])
f3  (viv4) func(N_GRAM I1[‘A&4’])
f4 v4 funcN_GRAM _1[‘#L4])

0 g th6kimt

2t F 4% ¢ fid € F;#=possible world I
% fid/& % 47 possible world L ¢ & A4
gj(fid, I;) = weightyy * aggr(varsgy)

O =L, 4%&¢kAmE

ZU)=exp{) D g;(fid 1)}

FjeF fidEFj

4 A F
DreTt Z(I)
ZIeI‘*‘ Z( ) + Zfezc— ZU)

O %3

Pr(v;] =

F,: symmetry

f5 (v3,v4) 3.0

@weight(3.0)
has_transaction(pl_id, p2_id) => has_transaction(p2_id, pl_id) :-

BEMFRAELBEINE

S5 PR

ChinaHadoop.cn
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T o R A

O #4187 %A A4 &1 % ¢gpossible world £ 4
B % f4u— Avpossible world [
B REFNTEORETET, REAEHENTEVO L 4BE
M 57| # egpossible world I, A 15 3

0 R4 Ffactorey ¥ & 1% z.sample

Previous State Sample > Next State
Variable Factor p=Prlv; =1|v, =1,v, =1] Variable Factor
= (A, D)xf(1,1)%

(fl(l,(})xfl 0,1) +)‘1
A@,Dxf[(1,1)

With probability p set v; =1 —»m

Current variable
[} Assignment

BRI AR A BB TS L 8¢ = PR



O & K 4dfe 2.3 % € IR {E — B g possible world 4 #_ g

arg max ZIEIC Z(I)
Wj ZIeI Z(I)

O A AMFHGHALENSE LT %
O deepdivest s 58 4 # T 44k, F #5208 X, % F Kol 4

L1 # 47deepdive do probablities, 744w 4 o

BB AT SR ETE m I ==
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T A& & B~

Y

C e uEE

XAEER

A4

v NLP4LIE
BARIX ARSI
HiRR

XAEIRHINER/
POS/EEIRIE 7
5

mention}2BY

PLECRESE (RS ETMNFTHRER
PEEAHX R DEIE

XA Imention

l

table: transpction_candidate

SEORRYHEE
i3

table: transact|on_label_resolved

table: has_transaction table: transaction_feature

deepdive do probabilitie

ERME A AR EINE e

ChinaHadoop.cn



#E K

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

I I
I I
I I
I I
I I
public | dd_graph_variables_observation |
I I
I I
I I
I I
I I
I I

public dd_graph_weights

public dd_inference_result_variables 4 1 = 2
public dd_inference_result_variables_mapped_weights '% gﬁ*/&/’a{ %
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 |

public
(23 rows

transaction_label_resolved

nublic | has transaction | R
public i has_transaction_label_inference i i{::: }?xfa%%
public [ num_company [
public | pos_transaction |
public | sentences |
public | transaction_candidate |
public | transaction_feature |
public | transaction_label |
public | transaction_label__#0 |
I I
)

BB AT SR ETE m I ==
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Rt Be B 4

0 db.url

postgresql://wgy@localhost:5432/transaction_example

[0 deepdive.conf

deepdive.calibration.holdout_fraction:0.25

deepdive.sampler.sampler_args: "-1 1000 -s 1 -i 1000 --alpha .01 --sample_evidence"

BB A AN E TS 1] ==
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Accuracy

i X, 8 4

[0  $ deepdive do calibration_plots

O 4 4.4 3 & run/model/calibration_plots T 4 & st &8

(a) Accuracy (Testing Set)

1 I ~
P o
08 } __F?.'.”"'
- -
06 t ,,
04 | o
02 | S
fg/
(J =a— : : :
0 02 04 06 08
Probability

1

# Predictions

45000
40000
35000
30000
25000
20000
15000
10000
5000
0

(b) # Predictions (Test Set)

0

02

04 06
Probability

08

1

# Predictions

9e+06
8e+06
Te+06
6e+06
5e+06
4e+06
3e+06
2e+06
1e+06

0

(c) # Predictions (Whole Set)

0

—l

02 04 06 08
Probability

() i ATHAUK LG IH, Az srRBEGEF R, MR ¥ E

1% R &, A FHAF

(b) m X% LB o7, AFAthtmin, HLALEYE 9B MM
) 24 LELZE G2

BEMFRAELBEINE

A

S5 PR
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i X8 R

[0 $ mindbender tagger labeling/*/mindtagger.conf
B Mindtagger # deepdives# 4 ¢g — 2 T AL T &L, TA X
http://deepdive.stanford.edu/labeling #% # 1 3%,

B HRITR%E, &FBEWebAR S, =A@ thttp://localhost:80004% 9]
& B -- FRRRETH with expectation 0.977 appeared in:

BT e, BRI BREAXLEEE AR AR BLE AN £ B NF M XF, BS E£XBE BA &r- BK #Hitt
100% A&AY »

Weight Feature

-0.258626 NGRAM_1_[#77]
-0.255969 LENGTHS_[2_2]
0.223312 W_NER_L_1_R_2_[O] [NUMBERO]

O <T@ ds#iEegweight, o B A 6022, AL LBEES

BB AT SR ETE I ==
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http://deepdive.stanford.edu/labeling
http://localhost:8000/

£ A K

0 $ mindbender search update && mindbender search gui
B A #H#4T, oA thttp:/localhost:80004% i

Q, DeepDive ~ Anything ~  ZRfB n
2. company_mention( 17_1_18_19 ) in transaction_stanford
content
" mention_text:
- FIEER
=
. { "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":
"RIBERFTEERR D B A IERERREERBEAS] (U TEMREREER") ULAAET 3012
TTHERIANA LB ARIEAF RITHER S A BRRRE", "doc_id": "17", "ner_tags": [ "ORG",

{..-}

3. transaction_feature( NGRAM_3_[{2f2 A2?R 7RNE]@16_1_18_19) in transaction_stanford

has_transaction.p1.mention_text:

FIEER

has_transaction.p1.mention_text

8 [ 35 ] . )

- has_transaction.p2.mention_text:
2] FIEBE RSB ERAS)

‘ o

134 (1]

m«??f-wl'»,?.‘%‘l»
O IT@t TR EE, TREAZLERGER/ KBS

L

BB AT SR ETE I ==
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http://localhost:8000/

O #ih. @F 3okttt

O NLP#atk k, Tik#
&2 R A A5 B 55 4 A

O @&F oM fe kR F L

i IR @ #H% O Eul

g3 Mdeepdive: HETIBIEAZEMNTFREAIRIMEYT
B (=c4ahER)

deepdiveZ HRTIBEA FInfolabSEWMEF AN —TFEAIRMMAL. SREIBEES, MIFERLRL
FRMISHANXANE . FMEENTEMESAENmodel&, FETHHI, HRMPtutorial,
EESRE T — i

BiES &R

Bl FigchirghiPkDeepDive -
= K~
i tutorial
AR AR AR
ENIHET
HER
= tHE
pi http://deepdive.stanford.edu
fE& Hazy Research Group, InfoLab, Computer Science

Department, Stanford University.

T &4 4 http://www.openkg.cn/tool/cn-deepdive

BEMFRAELBEINE
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|E 6 % & # %

1% %, 1E 7 #%, |E

o 4f 2t 45 2 AT I - @ A& A
- FABALEL £ X - FEERELA A
. I TF AR Ak 4o 2 - BT G kAR
c ML ek A - AW LA AT A AR
Trump is the President of the
United States
PresidentOf(Trump, the United (Trump, is the president of, the
States) United States)

BRI AR A BB TS I L 8¢ = PR



£ & 4 %

% 4% |IE Open IE
- FREEBASE . - TextRunner
. ¥ A& . WOE
' DSpedia REVERB
- YAGO . . )
- & LA . OLLIE
- Deepdive
. ClauselE

4 %#.1E4oOpenlE % 4a 4} %,
Tokte S 402 BN HE, #E2 SRAEHE

OpenlE+§ # ¢4 = .40 T s4 Al 4 Fdoq £

BB AT SR ETE m I ==
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# —&,0penlE 4% .

Tuples
11.3 million
TextRunner
éd:] HX % /fj.E With Wegtg?’nnirl}g:’ Relation
NER, POS, Dependency Parsing
4, ;J & ag With We;l‘-sl:c;irlrl';idn Entities

Naive Bayes and CRF

Abstract 6.8 million
Concrete 1 million

WOE

etz aE E BB LEAHA-NE %
scale of TextRunner

> was awarded < the Nobel Prize

nsubjpass dobj

Albert Einstein

(Albert Einstein, was awarded, the Nobel Prize)

BB A AN E TS A
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# —&,0penlE 4 .

& 1t €9 # 8,
- F4F—B. FAA
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)

- RRGELLFLQEHNAHLEL
E.g. Al-Qaeda claimed responsibility for the 9/11 attacks

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

BB A AN E TS A
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# = A& OpenlE % 4

EENART QT B EHH

Reverb http://www.openkg.cn/tool/reverb
AT #E 9 £ 4 IR
E2] g}&{;ﬂi&] 18] 4 3 IR IA T % l/{x d Learning men m— )
w 1 | Training Data
V|VP|VW*P
ReVerb Bootstrapper OF’I:':[::‘"”
V = verb particle? adv? ¢
. Seed Tuples Pattern Templates
W = (noun | adj | adv | pron | det) L_,::: :T'% [
P = (prep | particle | inf. marker) oo T ittt
- -*Sentge —Pattern Matching—»T:pllss—b Context Analysis— IE.)(:.T:ples
OLLIE ~
Ao IR T B8 Ao ) BAA P A4S 65 XA R OLLIE & &

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

E.g. Microsoft co-founder Bill Gates spoke at...
OLLIE =T s% #& 7% (Bill Gates, be co-founder of, Microsoft) , Reverb-R < 4

feReverb P ity £ 4 AR T, £ 8 %644

BEMFRAELBENMNE m JJ'. sk A pE
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% = A& OpenlE % 4.

ClauselE

AFFoaHK
# 8 T/ o AE NN, = AAEG EA
B 1% ok AL Ao &) ik 4R 30 #] #1 2K & £ A (Decision Tree)

RN 8] K o 1w A AR £ 4

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

Pattern Clause type Example Derived clauses

Basic patterns

Si1: SVi SV AE died. (AE, died)

Sa: SVeA SVA AE remained in Princeton. (AE, remained, in Princeton)

S3: SV.C SvC AE is smart. (AE, is, smart)

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

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

Ss: SViOA  SVOA The doorman showed AE to his office. (The doorman, showed, AE, to his office)
S7. SV.0C SVOC AE declared the meeting open. (AE, declared, the meeting, open)

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

ERME AR A RS TE m =2
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£ 3 it &

2 A
. JE AUl 4k
Wk~ N — A, B MR EARF £ 4

. HBArE A+ EE ST
- EBRAXN>MEAAFAGL»ELE

o B 3%
. NI Foin A
T A AR R Ao <2 B Bt 4T B A4F ¢4 4% 15 Fo 45 FE 4 TR
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OpenlE# & A

P R: 3o F-SEP ]
Tl ERE A Z#EGFBAKT A4 (AL ?2,A2) ¢ 2

o Hosted by Created at
7S Open Information Extraction klz g .“
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 H Q Search

A Ve £ NLP4E -4 3% 42
- XAEH
. Atz B B

BB AT SR ETE I ==
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R X X R

o thw— % XA PR AKIEFR(mention), A E ik 45 AR A 4
F 4oi% & F 6 8 47 £ 4 (entity)

___________________________________________

YN ‘(] ID: 00000002 ] SR

I
Name: B/ T Y !
______ i~ »| Category: Basketball Player 1
FF----- . | Description: “3EINBAZZ W :
. : ENR , WA “BEEA. )
2E _ : | |
NBA\ o Mgy 2 : [ ID: 00010992 l :
T~~o | Name: ERBARE :
gg % : 2 Category: Country I
STk i i | Description: "R—NEEEFR fF R :
BRI~ R s | :
BXEA- Sl . )
- ID: 10010974 ] 4
%gé l\ﬂ)%\ T ~ _Y.| Name: National Basketball Association E
LIS[ A\ T 3 Category: Basketball Association
% : %escri"ption: “SRES—AERIBRE E
| 1 e
MFRAT- : s | |
M—%{/J\ NG t(] ID: 50610007 | .
=<1 | Name: [N :
: Category:  Sportswear Company I
. Description: “2HRERNABSHERL :
:\ U !
S e 3 2 AT 2 i
BB R AT ARETWE A
inaHadoop.cn



Lot KA RS

SCERHERE
B/ B SCORIERRIRG BT e
EFEAE |—
( ) BRASBEMR REET
X& g T R
;?mgzma
»| TR |
ETEEER
HREN
i3I AR
EFRE®s [
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T —

B RRIRE, EATK EXAFF

The entity-mention model:
a generative probabilistic model

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

e = argmax P(m,e)

e P(m)

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

Knowledge Base

Entity

Michael Jeffrey Jordan MlChad 1. Jordan

Jordan Mlchael Jordan }

Mention l
Jordan joins Bulls in Michael Jor(hn isa
1984. professor in UC Bcrkeley

BEMFRAELBEINE
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T & =

BRI E, EATRIEAY X

2 LR EER ‘
PRAR £ I B & 3/3F 94 A
—_— 1) & A10 £ Vi=<mi, ei>
( detroit,\\‘ ‘/ detroit, ) (1) &4
Detroit | _0.37 0.82 | Detroit Pistons | & mention-entity 2t # &,
N . S/
/.w nba, \/\ ~ o . I ;
\ National Basketball \ 0.80 (2) /AT E.4F 9+ K & LAELFLMI

Association /’

A s R AR T A A

- : 0.78 : -
|./ new york, \J p - /\Mlaml Heat) (B) # A4 L B E: K EELE 4%t
\N ew York C1t¥ /) new york, 079 ] _
-\lﬁew York Knick_s/ ) 44, MM L Vife V)tg £ 42 B

ﬂﬂté&#ﬂ%

ChinaHadoop.cn
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T4 = (%)

M GFomisiLs ik

(1) 20 EVEAT A LA, M7 L E-LEAL
(2) % 17 & P mentionFeentity i £ p(ejm)>=0.95, M 17 &
%% E AL
(3) £ 4T & 4% 2% & A p(elm).
AR A AR E TS g5z



T4 = (%)

AT ik REEXLELHEA

Semantic relatedness SR(e;,e) ()

(cosine similarity)

Semantic Layer Y 300 300
(Wi, by} ! !
l

Multi-layer 3W b 300 220

non-linear (W3, by T T

projections h 300 300
(W, by} | !

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

WordHashing , ~ 7 f ¢t /2 7 7 T

Feature Vector x 4m 3.2k 1.6k Im 4m 32k | 1.6k Im
E. R. ET. D, E,; Rj EY} D,

i i i i 7 J

BB AT SR ETE I ==
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T4 = (%)

A F R WGz 2454 ok

(1) # & Aa 42 46
(2) &£ R A4 A 7| e H ok 42 £

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

BEMFRAELBEINE
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(et
ETHE
zhAPageRank Hi%

PR T
E HF: m e
|5 | b
tiEiEImmBi
VS e [ T x
RSN
51 AR
16 ' i 3 i
= | EOBY | ¥
€ | :
2] 4+

[T
[THT

: i
AN ‘

&

TR

offline
RDF=J4
>
BERPIE G A

=
JG
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Output layer

= O00]

Skip-gram model

Vi

RDF DataSet

Weisfeiler-Lehman Input layer

- Algorithm o 5
-
‘ Sequences l

)

Entity &
) Vector 1 V-dim
Sim(Vecl,Vec2) | _
% /
> T s
-~ — e
®o—; « w
< ®) Vectors
c .
&) \ . CxV-dim
- Entity
Vector 2 \,/
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T #] = (%)

RAREHE B & @ /N394 A
(1) k484 ¥ &
Detroit NBA o Miami (2) 12 & 4R T &
(B) Bt LAY SMEMA: KARBLLEKRAR

#) s AR £ B E

1A 35 44 69 A 43 R A4 E K]
(4) Mt RARF S BB A K AARAINMELLARA
# 3% fLA R k]

Detroit
Pistons

Basketball

Association

BMEERARYT STEA: MSLAHSE, 255468 %H
#4 L. — # t9PageRank 1§ o~

%% RART &AMt EAKS T

1 mention node

> entity node SM(el,e}) = i),v(e} % AAZ 1 R AR A 6 a4 s
&—>  entity-entity edge (€a, ) = cos (v(ea) v(eb)) ) 7] A% -‘-ﬁ?‘:‘ 77 1] 3 #E] 4L /;ik ]

SM(ek.e})

ETP(e},e;) = Trewwn SM(eLk) —) 7 P AE @_J‘;{*\l‘ﬂ 4 3% '{b*%*‘
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T & = (%)

Detroit NBA Miami

I HREREHEH

RS ¥ &5 PageRank 784 : \q
Detroit 0.44314869 : y
- Natio V‘

Detroit Pistons 0.77259475
Nation Basketball Association 0.85422741
New York City 0.36443149
New York Knicks 0.78134111
Miami Heat 0.78425656

Detroit NBA o Miami

G ARG F o0 kL £14R New York Knickst # £
i 15 #R New York 69 & £ £ 448, #] % H 442 4 24 New
York City At £ 694, @#H A P& RMAo

Detroit
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T & = (%)

bl R S i s |

Init

Detroit NBA New

York Miami

National
Basketball
Association

Detroit:{Detroit, Detroit Pistons}
NBA:{National Basketball Association}

New York:{New York City New York Knicks}
Miami:{Miami Heat}

Iteration 1

Detroit

New . .
NBA York Miami

Detroit
Pistons

Detroit:{Detroit, Detroit Pistons}
National

Basketball NBA:{National Basketball Association}
iogr Knicks
Association

New York:{New York Knicks}
Miami:{Miami Heat}

Iteration 2

NBA New

Detroit York Miami

National
Basketball

New York
Knicks

Detroit:{Detroit Pistons}

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

Final
. N I
Detroit NBA v :::; Miami
National . e
Detroit Baskethall 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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O 402 B9 F & ATH 4012 & £ 2 F|H 2418402 £

O saabagHh: ALIXAFLEIA, L2745
A AR I

O b2kt Rt KBALHE. W, AN B5F G LS
Fo 3 s AAMention | 52 4R 4% ik 6 & 4K,

O 24 femMALretfamsbitiictaitios, UALT
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Statistical Schema Induction — % & % &

OO X Fv24412 48 % 42 (Inductive Logic Programming, ILP)
B (& A # LA F (refinement operators)
O KT 4+t % 4 5 3 (Statistical Relational Learning, SRL)
B 2Nt HRALSHRIITYE
O & F £ #0448 (Association Rule Mining, ARM)#
7 k&
OFCEE X ¥ 3
@ #5480
B # Mm% 4 AHOWLA 22
@ # & A4k
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Statistical Schema Induction — % £ .0 #£.38 (ARM)

L1 OWL22N322 7T 4% 3% 3% A £ F£ 4,0

RDF Repository

Terminology
Acquisition

Statistical

Ontology :5!

Ontology
Construction

RDF Repository

Transaction Tables

Schema Induction

J 4 T &
222 (Axiom) | #.9 (Rules)
CCD (€} = {D}

Uiy 8Ny
uoneIoossy

%

CiNCy C Cs
dr. TCC
Cl E HT.CQ

?"107'22?”3

OWL 2 Axioms

ol {C} = {D} B4A&: MmAC
# 24| B & 45 F A D

M0 9 & 45 £ (confidence) # 5
, CE D#T# A
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E£HEAM LR (£

% % 4 (Transaction Table)

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 0 0 0 1 1 1 0 Hancock Tower

Newark_Airport

support(Airport, Building) = 2 JFK_Airport

support(Airport) = 2

confidence(Airport = Building) = 1

Jerry_Seinfeld Chris_Rock Robin_Williams
Airport T Building
BRI AR AR E TS I chhlg,:f?"fﬂ



Statistical Schema Induction — 4.+t % 4 % g (SRL)

O

B R fA{e)

B £ 4% %45}

] &%OE_fufﬂ—%é\{(ei»rk'ej)}

Bl 4%
B 24 4oz st ko= 2K Z QT4
1 3 g

mP ((ei,‘rk, e]-) = 1)
B TiLg AT 4os B k4L 42
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Gt £4 %9 - ATAEGT &

AAEMA
B BN NRARGBEIEAKIELT LT E
B % % Charles }

Novel

ISA \I SA- Wroty[

Jane A Tale of _
Eyre Two Cities Profession

Dickens

Wrote/
Profession? _
[ Char"_’_tteJ --------------------------------- E Writer }
Bronté
HasFather Patrick Profession

Bronté
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%42 # 4 A & — Path Ranking Algorithm (PRA)

O @& A #£ 4 % 3 42 2 (generic relational learning framework)

Node pair (s, t)

Relational

Relati input i output
clationt Learning [ “SICRWNR Y,
@ Algorithm
Directed edge- e.g. PRA
labeled graph G
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Path Ranking Algorithm (#:)

(Chan‘es Dickens} G=(N,E, R)
® N: nodes (instances or concepts)
Profession ®FE: edges
® R: edge types
Note: ri: reverse of edge type r

A Tale of
\TWO Cities )

{Pe trick Bronté\l
/ )
Profession

Path type m: <rj,r,,....,I,>
e.g. <HasFather, Profession>

Profession
O 9

-

() . Pamter)
, .  Profession
Mentioned

Lao et. al. EMNLP 2011
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Path Ranking Algorithm (#)

Profession(Charlotte Bonte, Writer)?

Profession
A Tale of

Two Cities

score(. E P(s — t;m)0,

TEQ)

Q: all path types starting from s and
Pairtar ending with t (with length of n)
Profession 6..: weights obtained by training

Mentioned Profession

Mentioned™

BRI AL AUETNE ME 1=
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Path Ranking Algorithm ()

B Probability of a path type

P(s — t;m) ZP%%ZN (z = t;7)

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

Use dynamic programming procedure

BRI AR A BB TS L 8¢ = PR



Path Ranking Algorithm ()

® \Weight training (offline)

r(s,,ty): true
r(s,,t,): false
r(s;,ts): true

Tana Logistic |
------ 2 regression weights
~ T model
w
Directed edge-

labeled graph G
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-
2

STHATH

cirow

:
iy

L\_')

Input:
many document

_—

Wzmv> g |\/
v
)
N-dam~
g bnddon \orar

oulpur laugr

doct,
doc2,
doc3 .

S

training a word
vector for each
word and each
document gets

doc2vec

Model:

most_similar(‘france’):

wv_kite paris 0.876543
dv_doc1 louvre 0.765432
0654321

wv_space normandy

wv_netherlands

wv_dog wv_italy
wv_france ~ wv_paris
dv_doc2 wv_louvre

wv_normandy

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

wv_spain
wv_belgium

wv_water

an ID/tag with
a vector while dv doc3
training -
vector space:
;:lu;l: ‘::wd wv_house consists of word vectors
for each word and additional
Gnpwr vechws document vectors

KING

QUEENS

KINGS

QUEEN

KING
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0,85 ABE
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kit B ATF T

R AR ] o H 32

2 AR FF gt
4§ w»m v K{kﬁ fé *ﬁ‘f—i—
A 08 & A 4
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kit B ATF T

% 4 32
Paramount Count United
Pictures Y States

Company Robert Official Language
Zemeckis

Director Language

Forrest

Gump [T Language of Film= = = = = = = English

Release Region Official Language

Norway
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HiEg 4%

Collaborative

Joint Learning

user latent vector

( item latent ‘l-'ﬂ.‘tul",

Knowledge Base
Embedding
. i
& B =
Dataset .’%5 .’! ﬁ I
user item

[ | 1 |
(i'h:m offset v n:clur) (structu ral \"El"l[lr) ( textual vector ) ( visual vector )

T

textual embedding
{Bayesian SDAE)

T

visual embedding
(Bayesian SCAE)

structural embedding
(Bayesian TransR)

structural knowledge textual knowledge visual knowledge

user implicit feedback

knowledge base

Fuzheng Zhang, et al 2016
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fo12 B % kT %3 g -- TransE

# = 2a<h r, > ANl dréad #te it 42
Beijing-China = Pairs-France = Capital-of

O L4t A 4%
> Bh R
f(h,r,t)=|h+r—t|,
f(Beijing, Capital-of, China) < f(Shanghai, Capital-of, China)

> a4z & A
t
min Y Y [y+flhrt)-f(H,rt)], N '
(hrt)eA(h' rt)ed’
A+ [x] =max(0,x)
Bordes, et al 2013 N
R R AR EA RS TS g5z



fo12 B % kT %3 g -- TransE

FokaE—2t%. 33t—Fo 331 % AL

T /»
\
el R ok W)

BB A T ARETINE I UL 5 PR
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F R TransE& 4r &

LARE S 5%

t A 4
t h ) A M
\ Vo= VA A
\ _=—=—1 !
'’ Y x '
\ ! R
fj ) _ J;f S t
' l-r"{dr d ‘Q‘Q\
/ / RWANWANE
= » Entity Space g Relation Space of r
TransH TransR
Wang, et al 2014
Lin, etal 2015
RS RA T ARE TS L 8¢ = PR



-\\.

\, *

y Attributes |

(o) . : |

€] 1 €3 'b - | i
-/ @ POYIX)

Iy i /

ey el ) rn P(SX) | ~
/’ I Relations :

Iy ! i

ot ADef——— PSIX) |

LinY, etal 2016
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PRA vs. Transk

 PRA

— THRERE

— RDANFKEFIHE L HIZNN

— HUARRFHRLE S \

— REHKERBRHIERZ o Aok 2 i
« TransE B & LAt

- RBEATHBETAS OB LKL
- AHBRY, HTEHERF
— BAME, UL S~ —2 5. S SHE

— TTREMARL:
RS A TSRS TS L 8¢ = PR



TransE#h 2 #. % J NS L =M, £ 42 B[BLILE%, BAR L4 KT

(e1010)

] T~

(o1oT0) AN (oT010) BN (oT0T0)

Steve BorninCity CityInState StatelnCountry United Ob.l ectives
Jobs State

+

F 3

/'

(e]e]le)

Bomln ity

A

CitylnState

TransE PTransE
KB ’l T h L’pl&t
[ im
L 1C
h-, ™,.e e1.7 1
Triples (h,? -,-?f_) (h,71,€1) ( 1+72; )
(h,T1 oT9,t)
= -
<~ 3 L
h+r,=e e +ra=t
h4+r=t h+(rlor.2)=t
— (elele)

N

i | [:'-H-\"- \hl

StatelnCountry

Gardne, et al 2013
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Accuracy(%)

Hishi - = 249k

FB13(=té4l 733

100

89.1 88.2

I Tensor Factorization
[ Translation-based
[ INeural Network

87.1

Z
=
Z

-~

SME(bilinear) &

100

90 [

o]
o

Accuracy(%)
~J
o

60

50

Accuracy(%)

100

90

(o]
o

~
(=]

60

50

85.9 86.4 86.8

WN11(=7c45r3)

FB15k(= G414 %)

gg.0 882

89.3

Il Tensor Factorization
[ Translation-based
[ INeural Network

o))
o«
()

NTN

I Tensor Factorization
[ Translation-based
[ INeural Network

70.4 70.0
g g
£
Z
L
s
(7]
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%L - 4 8 o

0. FB15k (4 1 fii il @Hits 10)
B Tensor Factorization
90 - 88.7 [ Translation-based
| INeural Network
801 74.0
§ 70 | : 67.4
S
% 60
g
50
408 413
40 Gl
3 2
=|| 8
30 g w
o=
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[@ Entity embeddings
o [ Relation embeddings
T @ Truth values in [0, 1]
Logic & Logical connectives
Knowledge

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

Shu G, etal 2016
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8 2 Zero-Shot#e K £.4% 45 T o

description of head description of tail

XuJ, etal 2016
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EF4in A #ALHGETF T

DI i 4 48 T o4 A sk 46 4 2 44
> R A 8 6 R4k

AN — AR ARF] X AN SR AR 6 T 1 12
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Neighbor Context

Z] 4%
W T A 7R
%
FH
v K ! L
b3 Q3 ?ﬁ ik
TR Bz X
FE %t
AL T A AL
BRI AR A BB TS I L 8¢ = PR




Path Context
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EF4in A #ALHGETF T

Triple Context = Triple + Path Context + Neighbor Context

> 4 e & 2
v % 8 = 748 4 Triple Contextis & % £
F(h,r,t) = P((h, r,1)|C(h, T, 1); ©)

Vg8 R A ggContextAf A da Bk 29D A 2 AR HAE =AMt — 3o

f(h,r,t) = P(h|C(h,r,t);©)
- P(t|C(h,r,t), h; ®)
- P(r|C(h,r,t),h,t;0)

v a4z &

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

Pekie)= || fhro

(h,r,t)eK
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Via—3t3%. 331 3. %3xt— THHEFH AN

Task Predicting head(HiTs@10(%)) Predicting tail(HiTs@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
AR E AN TIE g5z
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Vide EATransEv| 4 S 9 4 S AMNT A 5 ¢4 219

Mean Rank | Hits@10(%)

Raw Filter | Raw Filter
TransE 243 125 349 471
TransH (unif) | 211 84 42.5 585

TransH (bern) | 212 87 45.7 644
TransR (unif) | 226 78 438 655
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 44.5 64.3
TCE 110 25 55.3 83.1
AR E AN TIE g5z
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O#A4 & A0 BEGi A EttksdgiERE
O 4oic A& A T 5 3] HAMKKILZ 6 695 MM 47
D42 A% HbMEEATS I 2@ GFA

A / 1113 / OpenKG / JFHE A FFHOpenKE: MIIRRTFIFE

O A 4% &% 5 4 4 AR FFHOpenKE:

MARTFIFE

M

o i

Bl s

& OpenKG.cn
ch3r FF iR B iR ke
OpenKG

[a gl i
W Google+
O Twitter

K Facebook

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

a BN

& IR @ aA% O G

BHEAYFEOpenKE: FIiIRRREITE

OpenkE 2— M FHREMAIRRTEITE, H THUNLP EF TensorFlow TREEF &, 7 OpenKE &, (]
RHETRENEENTIAEE, SIESATHNAIRRTES (knowledge representation learning, KRL) 77

#. ZERREASHRAETGIHMAIRR TR I HENE S, WERGNTSME: - ez
SFENSAERNESED; - WHIEE GPU JIEHTINENAERL: - SHERBEM C++XH, B
THESEMBLEENE: - WEAEDREBATMISSEN, TRATSHERXES: - KESKPUES
bug, FEEHWR.

MRS EIR

@I OpenKEAIIRRTFIFR - -
FiRFR

Hithfg 2

] fHE

R http://openke.thunip.org

BIEE 2017511 A6H, £F9m344 (UTC+08:00)

ailfe 42 2017511 A6, £F953245 (UTG+08:00)
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