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Distant Supervision for Relation Extraction with Gate Mechanism
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Abstract Distant supervision reduces the dependence on the manual annotated data for relation extraction, but
suffers from wrong labels, which would introduce lots of noisy instances. The existing research work mainly focuses
on sentence-level noise filtering, that is, the sentence will be selected after obtaining the features of the sentence.
However, these methods ignore noise words in sentences, and hard labels, which are immutabale during training,
would worsen wrong labelling problem. To solve the above problems, a piecewise convolutional neural network with
gating mechanism is proposed, which would automatically filter positive correlation features at word-level. Moreover,
the idea of soft-label is introduced to the gating mechanism, which will weaken the impact of hard labels on noise
filtering. Combined with sentence-level noise filtering, the overall performance of the model is improved. The
experimental results on the public dataset show that the proposed model has a significant improvement compared to
the sentence-level noise filtering methods.

Key words relation extraction; distant supervision; gated convolutonal networks

RAMMIUT S B 7E H ARE 5 SCA AR H P AS SR (B BT AR TE (38 XOR R, A8 BT % B4
FCERSY o H BT 9% SR FEUE 55 I ) — R PR AR AR R S5 7 B bR iR 1R, T N ThsiE ikl 1 2t
1. R, Mintz 1T 2009 FEHEH TR E ¢ R R M B A AR R ) O R I
RHEAT B R R EIARE . B, A —NEREFRR A, RNk RFESL, “Syracuse, contains, Onondaga

AR E K H AR AR 4 (61473294, 61370130,61876198) , H Y mle FEARIIF L 55 3 & T0 75 4 (20150BMO033),  FHA A M8 [ Prfk b &1 11K
(K11F100010) # )

Weki H 0 ABIRT 0 D0 2% A RN 1)«
P 2% it i«



Lake”, AR EIE KA E BRI dr 4 SCAER I B A A1) FAR7EA contains (L5 K&,

SR AR I B R — PR A A SRE R R T B, AR ™ B R R bRy 9] /R 45 4, EH)F“The
Onondaga Nation is an 11-square-mile parcel in a valley south of Syracuse and about eight miles from the
southern end of Onondaga Laket” ', sZfk “Syracuse” 55244 “Onondaga Lake” 2 [8]FHASHA “contains”
KER, BMSEERZIEG . b, —2utyt T/ERA 7 27617 2] (Multi-instance Learning, & #% MIL)
JHER, I MR RSB A 1, AR DL AR R 5L, Zeng ZFILJET at-one-leat B, 45 A
MIL F5> B U2 /2% (Piece-wise Convolutional Neural Networks, f&#% PCNNs) SRk #5457l i & IE
Bl F) . Lin 25072 PCNNs fZEA 51N 78] 720 v 7apL], it 43 Be s f) AN A 3 2 A E
RARBLFTAG A) T 1A RORFIE . Ji ZEBR H T 448 APCNNs ORI B8 K, [FIREGE ] T3% & hLEl, FEmAT
SRHERE S, FEMETTVE IS B TR ROR -

EOR FRBEIT AR R I B Ok R AU 55 IS 7RG IR, BAEE A ). B2 (1
A)F R IR B LA FR 5% R AR I FIT A DIk 140, )7 “The cultural appreciation of photography in
France was driven by literary theorists like Roland Barthes and Jean Baudrillard , not by artists” ##i& 1" SZ{&

“Roland Barthes” 5 “France” 2 [a]ff] “nationality” <&, {H¥H) “not by artists” X[ 5¢ & “nationality”
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G EAVENEARES, kfag SXT RIS AR M RRE U8, IR NS A AR A R IR . e fE, 45
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Fig.1 The architecture of GPCNNs
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B 1, Be—NaTF s, BT A TR paa e o ke m &, S Ea) FrsERERR (L1
WHERXRE), ZJEEHTT1# PCNNs BEHSEHUA)FHAE (1.2 TR B T 1B EA 1.3 7570 Bty
W), Sl iR NI B R A S MRS (L4 SRR,

FHE TAE 41 PCNNs B8, FRATERUZIAT 7o, TN T T TN (i 1 bR 2 B i 14%
GREFTR), HAEEM L, SIN T HARZ0 AR, AR n] DR by dhd R 2 e 7 o FRATEBAE 1.2
TGN AT TN R BB 2 o
1.1 mEFRRE

A1 % (Word Embedding) J& a9 ATARFOR, A R4 20 A W B — /MRS 9 ) B2 ] . 4
1) B RN IE I A R TR (T B R V(B R ) $9F, Hobv e RV, \VIRHERE V KN, dY
JE A [ 4R

[E G R TAE—FE, FRATRAAESFME (Position Feature) SHfE SEARXT A7 B, DIME IR 2% %] HL
Pl 53k sk (Head Entity) eq FIE SR (Tail Entity) e, 22 [8] (RIFE B BETIBER . AL BAFAE Y 24 5 517 ) eq Al
e AT BE B 2 A, 0 1m0 P AN AR BE S o I 2 SRR 25 1 — A5 1+, 17 “literary ” ) e1 (France)
Hle; (Roland Barthes) FRIAHXTEEES 73 79 4 H1-3. BENLAIEEAL ML E 17 B FE (PRI PR, FRATIER]
T EA VAR R 2 i A s B i &, BIALE & (Position Embedding) .
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... photography in [France] was driven by literary theorists like [Roland Barthes] ...

2 1EXTEEAGF
Fig.2 An example of relative distances

s ] s I 4EE RN dY, AL E W E YL RN A AP, dEd i A B, RATEAT s
MO —NMERES e RV, HrhsPAA)F s KR, d=d"+d?. FEEE SEAMEMSIKMmN (i 1
Al RN JETR).

1.2 BB HEERE

LR /4% (Convolutional Neural Network, faj#x CNND 1] PAAG R E N0 B 1 BTG Jm SRR AE
FRAEUCEEA AT ARl H CNN SCHRFIFAT, THEREE S . Bk, FRATRA CNN SRAEHUA) FRHIE

BE—NAITF S s ={q1, G2, ) n}» FEH g N T DNRIARAERR, o eRY . BATKEERZ KN
Bhw (B 1FRBEIRE w=3), H SiyEn ol o MPHESERE, AN RBREREREERE ywe R .
M%F s HEAT B RRERVE RIS RN ¢ = {c1, 2, -, Cpslwe1}:

Cj = f(W®S(j—w+1):j +bc) ! (1)

Hrp1<j<s|, @ BB, | RIELMHEETEREL (40 tanh BRED, b, eR ZmE .
1.21 BARFEEEREE

= 18 3 1] 29 e 7 0 B RE RO SR, FRATTR T IE ML ISR R DB 1R 200 e 75 . J5 T Gated Tanh Units
(GTU) H1 Gated Linear Units (GLU) B 1B HLEIFETE 5 B8 gl iz AR, HEUS 1 RIEFACR . 45
AU EMERAAAER I, TATNET GTU BT 1B HLHIEAT 1 ok, # Hir 45 GAU (Gated Activation
Units) &k Canl& 1 foR), X RIa 458 9

Coay =tanh(w® S+b)xrelu(v®S+b,), )

Horbrelu BB Y5 B 5 1% R IR 1) tanh sREA ST, DU S I8 6] e RS 1 H )

ST RARRE T i, SRR R ARAE CEIREATREIEM) EIIZRARZ AT AZR, XE—T
FREE B KT i I B AR AR ] OGS Y P e 7 AR R A T s, EEXT Tk, FRATEET PRI N BIN T 8K
PRAETFENG,  RIYIZRIN AR A8 B o LR 2 AN B85 SRR SRR 38 .
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W 1 FR, GAU BEBGERAE AN EIRMEE (— AL CNN, Z— N REERE) . BATEE P
AN S AR B] R R ML AR EE RN ion e W8, (We TS HONE N SRR (e 0,) Z AR RAREE, 15 FRAUAE
) XA AE AT I 98 . Bk, AT LA 5 SRASHFE Conu,j:

mj = re'u(wm,j ®S(j—w-v-l):j + Irelation + bm) ! (3)
n, =tanh(w, ; ®S ..y +b,), (4)
Coau,; =M, xN;. (5)

NTREUNFPRHE, @ HEERAARNERZ. Bk, AR T n NS, fREREER

TEA REGERE, Hlw= {(Wm,l, Wn,l), (Wm,2, Wn,Z),"', (Wm,n, Wn,n) }’ N FR 515 21 1 B KA IE R R Cij A
Cij = Coau,ij =My j XN ; (6)

Hep1<i<n Hi<jgs|-w+l. &bl Bz, SRUZMREARHZERN: C={c, e, n}o
1.3 R E

TR AL PR I W T HR BV AE B (Feature Map) HR s BB (4R, 1HZME T 45045 SRR FE (5
Bo Zeng SO T —FloB BIMAL LA, BRIELE R SR, KA T N =805 o A T oAk . XS
THEPJZEERC e R, ATUHERIT N C = {cia, Ciz, Cig}s W2 Bl RIBALHE SON p; = max(c, ) » HH
1<i<n, j=1,2,3, ZJEBAERHE pi=[pi1, pi2 pislBHT 82, SEEP R (H 15 BHLE
Fn =3B HELID . Bl T EARIA s BRI A & b, = tanh(P) -
14 RER

A I FEH S Lin SE0VR0 Ji S5EE1 3 508 1 XUZRPEFTFE 2R M T8 A 1033 2 JIHL SR 55 A0 B0 HR e 75 ) -1~
BERIPERE RS . LSRR, ATRAAEL M R E =R L]

BATFFEAE o =W, TEARZAE S X T28 i MU BiHER j M IRHER S b, HEST
B o IR

. exp(e’)

2 exp(e)] 0

o' =W, (tanh[b/;1

i relation]

)+b,, (8)

0 By A BT =3 )
ORI LK PR W% softmax 452822 LTI 26 1956 S bR HH 850 S HI BRek 5

3(0) ==Y, ,log p(y, |;6). (9)
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2.1 BURERXIFNIERR

TATRA Riedel SERAAG IR EERIEMIRA TR, ZEIREEH Freebase HXRFL (Relation
Facts) F1 New York Times (NYT) RN A K. HAdr, AR 555 ) 2005-2006 #7118 4] F1E Al
Sh4E, 2007 SEMA)FAENIASE . BRI E W E NA PR (FESLARXT Z [MIAAAIER R ) TEIF 53 Ff
KENZE . NG HHRILAL 7 522611 /M) 281270 SR FI 18252 00 R 451 MK L6 7 172448
AMAJF. 96678 ANSZpARNT DL K 1950 MK R L.

FAVHEH held-out evaluation 77 VER VAL FRATHIAR AL . 207 PR AL T — il A #ER % (Precision) il &
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7k, BIA3 MR EE RN Freebase FR & Bk RIS, FHHbAT BRI, Tof SR i N TiFfh . 34
BAE LI R B P-R #HZk (Precision/recall Curve) F1 Precision@N (Precision at Top N Predictions).
2.2 SLENRE

OV AF 70 25 38 IR A FH T 2R 0 e i) e mT DA s RN USSR, SRR MERE . DRI, AR T
word2vec [ HIBIfE NYT BB E E)llghinlm &, R B 100 DA F SR BRI ER

seagad RE A, WATENGE LA 3 9738 XIRIE SRR FH M S50, BRUZ K/ (Window Size) BUEE
I N{3,5, 7}, HBRUZEE (Feature Maps) i [l ¥{50, 100, 200, 230}, batch size HU{# [l {50, 100, 160},
[ T dropout SHE AT Adadelta AR YIZAEAY, FHR %% 2] % (Learning Rate) HUE i 24{0.001,
0.01, 0.1, 0.5} HWZREHHZITGESEUW R : B KNN3, HBREMZEE N 230, batch size 2y 50, ][]
T AL B [ L > I 50 15, 22> % 4 0.1, dropout Hifdl g 0.5,
2.3 IRBIEZORME BRI

FATEHE B GPCNNs A% Y [7] = A 28 g 45 78 13847 X bk . PCNNs+MILISI, PCNNs+ATT, DL
APCNNSslEl, Fr PCNNs+MIL £k #8815 0 i m A FAE N B IR 7ZR; PCNNs+ATT fil APCNNs 4371
fER T A TR ER AR E T REE R HUE], 225 BNITE )75 BIENERR. A4, B
¥ GAU 7% 7 PCNNs+MIL f& 7 b (4445 PCNNs+MIL+GAU) SRS IE GAU A 2t s FIR 3413 GAU
Bl GTU (444 PCNNs+GTU) SIS IE SZAA N R WU A AR B AE N SRR G 2t . B 2 JEon 7 3RA T
HIRE TR BT A SR LR AT ik P-R B2k, 3£ 1 278 T N 435024 100, 200 A1 300 FJ ) Precision@N 1H :

Precision-Recall
1.0

—— PCNNs+MIL
PCNNs+ATT

0.9 APCNNs
—— PCNNs+MIL+GAU
—— PCNNs+GTU
—— GPCNNs

Precision

0.4 T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Recall
2 EMERPEMA P-R %
Fig.2 Aggregate precision/recall curves for a variety of models

Z< 1 PCNN+MIL, PCNN+ATT, APCNNs, GPCNNs B9 Precision@N
Table 1 Precision@N of PCNN+MIL, PCNN+ATT, APCNNs, GPCNNs

Precision@N (%) Top 100 Top 200 Top 300 Average

PCNNs+MIL 72.89 69.23 64.05 68.72
PCNNsS+ATT 74.26 72.14 68.44 72.61
APCNNSs 76.24 74.13 69.44 73.27
PCNNs+MIL+GAU 81.19 77.61 74.42 77.74
PCNNs+GTU 78.22 76.62 68.77 74.54
GPCNNs 83.16 77.60 74.44 78.13
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DIy B 22 (1) SR O HRAE ,  B6IE T GAU BEHR 194 24

GPCNNs )%k P-R HIZEAHA T HABBIAY N T P28, 4k N7 K; Precison@N
S TER) T e, T R ORI T 4%/ 4. XU T GPCNNs PEfE A AR T B A 1)
FRZRHEAL, ULEH T IRATEIAL R AR R

GPCNNs 1% F PCNNs+GTU HUfF 7 B A7 IR o 3% 158 B 7 XUZR M 7846 mT DA 255 e S5 SI ok 1 1)
KRNFE, 256 T 1ML AT DUA SO R 200 FRFIE s [ IS E 1 FObR 2 S n] DUSE A AL
Hh G RFALE o

2.4 [TJEHLEIMHEEEEN

T E LG UE T L B R, FRATE S LR PR T S BRiE R AU FE AT IRE: 1) Bk
GPCNNSs fVER J1iFHLH] (#5444 PCNNs+GAU), BIEA] 7405 Fidk T o0 RHBUES:: 2)% GAU Hit
T CNNs (FATTEH 4 9 CNNs+GAU), F4 CNNs £ PCNNs 15 Ak 2R R0 15 B 6 L Szt . s2gt &4
R FHE 3 frs:
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Fig.3 Aggregate precision/recall curves for a variety of models on the sentence-level extraction
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PCNNs+GAU FiI CNNs+GAU #H%T- PCNNs F1 CNNs #HUE T %2 3R F, 1 B AE A A Bt Ab HL
H N GAU B H G R miR AR AR PERE, I0AE 1T T3 HUEI A ROPE, RISk 7 GAU B
Gt

PCNNs+GAU HIFEAR 2 5 N T-2%, H P-R HHZE N S B, UEHH T 1] 90 e s 256 2 R
BRSO M e = AR R, B0 AE T GAU BEERIA R, RIS 3R 81 GAU #EbknT DA &bt € i)
S, R e R B O AR S IR IR ) A

2.5 BT

ST I B ] 25 70) 1] 5 Gl Mg 7 Ko A 2R 4 e ) S e DA R FRATT R H (R R ] % g R e i A A
PE, FRATER T MR RN A i B IBCE ) — M. WK 2 o, ZAdHE 34T, axit
F)FH) & A REIEREIC “president emeritus of 7, 1XAIE ] LA HER B SL4A “John Brademas” A1 “New York
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University” 2 [A] ] “/business/person/company” 5<%, #k 3 M) 7158 IEH
ATLE W, £ 2 WA TR T EIBESE “president emeritus of 7 2 4b, Hoith #id 5 SzA X R R
“Ibusiness/person/company” H AN B HZENIERIECR, J&TMA . A T HALAFRUL, 2 1 4]
T EREZ, 33 MR, 5250, BT AR50 S L JENLEH], APCNNs 7Y
SrMigs 75 2 )R IALEL (0.665), F 1 AJAIEE 3 A)EU/DALE (0.085,0.249), AR ) GPCNNs
B N FEARASZ M S IR 52m, rlcss 7 =) FAHITALE (0.379,0.313,0.308) . 4 AL EE (1 73 BT 1 Il
BSUF 7 FRATEE W AR o] LIAG k0 R R G g 7 1717, SE s R A RS
+=2 FEINE HIGIF
Table 2 An example of Weight o

SEAR I R X CINS APCNNSs | GPCNNs

1. Thirty-five years ago, President vetoed the legislation,
refusing to encourage "the family-centered child rearing".
"I don't think we've ever recovered from that veto
message.” said John Brademas, president emeritus of
New York University, and, as a former Democratic
(John Brademas, congressman from lllinois, a sponsor of that legislation.

0.085 0.379

New York University, 2. An article on Jan.11 about a conference in New York
/business/person/company) | misidentified the home state of John Brademas, president | 0.665 0.313
emeritus of New York University.

3. Correction: January 25, 2006, Wednesday An article on
Jan.11 about a conference in New York misidentified the
home state of John Brademas, president emeritus of New
York University.

0.249 0.308

3 MXIE

A N TR AR &, 28 PR 2 B VAR ¢ RINUT 55 R 15 A6 BB S B /R F . SRTT, axXFh 7 =X
T R A R bR VR BT SR PR, 25 5 7= AR K 5 i) . Xk, Riedel @5 NT 261221, %
TFE B G RIMBUER A 2 /- B B bR 2 10, (R AL ) B TIARZS o J5 S0 — LB A TAESIUR A T 20K
Bl 2 AR5 5], A MR A SRR B A 7. (H2, DL VRER ™ EARHT NLP TR Az BRI i &
VRS2 EEARAL 16 0] BRI N 4R . Zeng SR W T 5 ] PCNNs KAl 6) 7454915 BAEE, 454 MIL SRk
BARER BB A F. (Hl T RN —NM)F, £ MIL ARERa R EEE . fErtEat B, —
SERHE T T AR 1 2 s FH AR MR AT AR S 1t B33 2= WL R 1E 7] F (PCNNs+ATT, APCNNs), ffH]
£ 9 A ) A AR S B E RN, ST ERAEAFRIREER. A, FRTIERE
FIFON I e R, REE TR e, SECRRER A A AT BMEE. B0,
WG RE A SRS BT i Sk RAREE (REARZS) A — R B K 7 A bR i) s SR R 52

ANFETEE R TAE, AT52H 7 GPCNNs #4, R I THA L5 %) PCNNs $2 B RFAEE47 8 75 i
U8, BRI I RS o Ak, AL TN T AR B EARROL2) AR TR A SE AR R R L AR
o AR 0] T (P SEARBR A SR e i 75 , 45 0k I8 45 S R RS A« S0 25 L GE T GPCNINS A= 2 (1) Rtk
AN, Liu M T — B 2 e A R . FRATIER H AR BRI TR AN [ 2 A /EF: 1) Liu %5
AT NLP T RENARAE T, HAEFIERE 2% 2] 91 NSNS I0 iR ks AT 1m) 2 ) g 75 o 8, AT R A s
RUAE A T 118006, IR NLP T HAISME AT 2) FRATHEH BRI GIN T Hohn2s B4R, s T
B AR BR B NT 1] 250 M P R e, 3D R T IR GO0 R R R

WbAh, B A ) i T I AR M O R AT 55 0S80, RS R 25 2 B s A AR B T VAR
BHE R AT IR, FEAEM T TS TR IR o i AT AR ASE B 3 A v AR AR 31| it AR ] 2031
(18] P 7 7 T
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BERTAI ) M s i B L, AR T MR AR S TR RN 1 > Bt AL SRR 2R X 28 T3 s
R e ML R B R AR AR o TN PT LA RO IR Znl e s, 46 & A0 1 20n B L], 23
STt T AR B R RO AR e . S34h, BRATAE TR SN T BbR S AR, A A SeAA s 2 1)
(I MEAR HORAR AL IE, R RSO MR S DRI . SEIR SRR, BATHIREARLE T i A O 22k
B, BB T IRFIRCR . S A, FAEE G, SIANGRAR, WK DR e ke 7%,
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