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Distant Supervision Neural Network Relation Extraction Base on Noisy Observation
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Abstract: The great advantage of distant supervision relation extraction is to generate labeled data automatically through knowledge
bases and natural language texts. This simple automatic alignment mechanism liberates people from heavy labeling work, but inevitably
produces various incorrect labeled data meanwhile, which would have an influential effect on the construction of high-quality relation
extraction models. To handle noise labels in the distant supervision relation extraction, here it is assumed that the final label of sentence is
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based on noisy observations generated by some unknown factors. Based on this assumption, a new relation extraction model is constructed,
which consists of encoder layer, attention based on noise distribution layer, real label output layer, and noisy observation layer. In the
training phase, transformation probabilities are learned from real label to noisy label by using automatically labeled data, and in the
testing phase, the real label is obtained through the real label output layer. This study proposes to combine the noise observation model
with deep neural network. The attention mechanism of noise distribution is focused based on deep neural network, and unbalanced
samples are denoised of under the framework of deep neural network, aiming to further improve the performance of distant supervision
relation extraction based on noisy observation. To examine its performance, the proposed method is applied to a public dataset. The
performance of distant supervision relation extraction model is evaluated under different distribution families. The experimental results
illustrate the proposed method is more effective with higher precision and recall, compared to the existing methods.

Key words: distant supervision; relation extraction; noise label
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5 ARNYEHEARFERRIE

7 W R A U 55 P B b (1 )8 R R 5%, & R BT AE R A K A 21T L Freebase 5 (1L 4ik)
TERZE (NYT) S 55 10 A B AR A0 B A D9 9], 5 v A48 (B 28 DR N B RE A ) B R B2 32 e o TE 491, o A
ff 72.5%7c 47.Surdeanu 5 AMEFHZ i) 38 76 5451 s BEALRAE 100 2 AR A% 53 A 11 AN 35, 388 4 1E 49 75
IR AR TP $E“NAE R IE# AR 25

FEBRATT I 7 58 L A R v [) 45 A7 £ R A B 45103 22 1) 10 8, SR T AR W 7 2 B 2 b o A £ 7451 v B 2R
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BT FRERRE A0 6 4 5 W L J2 2 5, T 2 45 7S B 82 00T 0 SR O 1) W 7 0 TR 4 BT E Al ok BT R ) T
T SRR A (R R I 2 B ) T NA”, T BURE 1R 23 28 7 80 FF 2R 3 A1 A 249 46 0 ol P SO0 000 A6 25 178 e 114 5 ), A
ST FH SRATTAh AR R L0 J2 (14 T I R AL 1 ) 0 AR e 4k

FES 3.2 5 H HE FE b AT X BB SEARAE, 51 %) B e AR S U ELSEAR AN | N RS AT RS i N n R B
AR ORI | 2 B AT e PR e P R 25 TR 0 4 B S b 28 i Y 2 P PR B8 1 A 0 3 2 3 LR v BB IR S AR A | B
A 1A softmax J= S | A FRREZE R BT MW I Z t 58§ ANBRAE TR 4 AR SR I T AN e 3R A3
FEORAAE B A, BT IR B AR 2 N “NAT R IS 2, A NA R 2 H08E 12 I 2R 72 Hh #5 W3“NAE bR
A5 (PG ), 5] G RE R (R0 AN — B A ERAE TR, Dy T I BRAFE MRS A O IS SK i M U M 22 A3 - e 7 3 A7 (R RS
ARSCAIREFRELE T — 8 B IR, QSR 28 i AT X 2k EIME DY 0T84 58 1 475 A e B (M IR AN Bt [ 2y 1.6 41,
M 75 K 20 2 40 A1 AR “NA” T 2E TR I FE B (K AT R 81, R T 90/ W 7 3 A1 AN 359 465 00 A58 28 1A ) 52 000, S SO0 “NAT BT
TE VR VR 0 B AT A 51 AR 8 e g A 1 0 T A C(Q0) B T G T K

1, b;=0andi=]j
b; =40, i=0,j#00ri=0,j=0 17)

> Lynp(y =i1%), otherwise

6 X B

A 00308 3 S 5 96 0F 76 S B 5% AR i EUATE 55 o 3R T M O 00 1 % T A R D IR FEE e 5 IR 4% 5K 2R ek B 7Y
B DMEAL A AR ¢ R EUIE RS EROIRTE B SEAESE 6.1 1A SEAG W i T B B R R A AL TR bR AR R AE S 6.2
WA AT [ S B0 B — 0 R YR BB AR A SE I 45 AL SR 6.3 AT T REAR R 14 43 A 17 L, K A
2 FRE AR R B A3 R ) N OB AR AT MR BE VRN, SRR SE 6.4 Wb 5 UM R £ T iR AT EL A
6.1 BIBEMITMNIEFR

XT3 W Ok B Al R R B, A S T A SR 4 1 AN SR SRR 2010 4E i Riedel AP i K
Freebase 7 [ 2% R 5 A L0 B AL (NY T) X 55 1 A8 B 1. He i I 2R 46 72 X 5% Freebase FiT NYT A1 2005 4F ~
2006 4F ) 77 A BOK0E 0% 48 2 % 5% Freebase A1 NYT 1 2007 4 6] 772 A4 B $cds % B s g h 404 53 2%
KR IR R R BT NAY R A AR Z 838G 2% 2 A3 H I I ZRAT R #04E 43 5 6% 570 088 1172 448
)1 Hoffmann 25 ABL. Surdeanu 25 A, Zeng % NP2, Lin 4% A\ Bl fd FIZ 308 S 0F 7 HICHT 0. 585 2 M5
PEAE R 2012 4 Ling 25 NP 4 3 7 A4 52 2 A0 Freebase A2 i i 504 42 Wiki-KBP, 3t Il 2542 6125 23 111 A
A F AR 15 847 M) FZ IR IL 7 KX R BIEREER X RFANA”

5 MintzM, Lin®l T 7B 400,45 B held-out $F{f A< SCHE H 7%, FHLE held-out 34t i L 55 T J6 28 0 i
B R 0] 26, of LU A ST H PR B 2 [ 25U
6.2 SBHIEE

7 SCAE AT B A AR L 2 ST AR R R R R R K A 2 ke I A TR A B8 IF B 4 T e
St F AN S HL A SIS Lin & ACHAR S50 E 1 A SC8 b 01 10 E BB

Table 1 Parameter settings
=1 HWE

Lyl NN 3
LRZAEL 230
Ta] [ 4 50

A7 B 1) B 4E T 5
NN 160
Dropout 0.5
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6.3 BREDHBE RS

AT W 77 3 RN 1A T S A G SRR R P A R AR 7 A O T AR A I L = A S
S AE AT 7 M LU J2 ER R V00 I A 28 0 %, 2% i R b 28 1 8B, B I 4R L PR Y V8 R B SR 463 1 e 7 3 7
JES RGN 7 PR,

Confusion matrix
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40

True labels

20

0 10 20 30 ) 40 5{3
Noise labels
Fig.7  Confusion matrix
K7 TRERERE
ML 7 BT LLE I GR B 4R 2 BORE AR IR bR 28 20 A FE R B X f 4 b, R B SEAR 28 I 4 AT T R R T A
2k L1 JE T T A 1 e S AR 28 TRV SRk R R AR ZE“NAT I 45 4 0, IR LR B IR 28 14T RoR ELSEAR 2 NUNA” 5 1
HI| F TR e 78 RS A “NAY. B F I B0 A AR N NAT ISR I 22 T DL 5 BR 28 K 22 43 A 75 40 FE (1 58 1 41
A 147,
6.4 ITELELZ

FENYT SRS BN T VP4 A SCHE H 0 5 35, BRATBE H% 1 LRI 48 S () 56 28 7 72, il 3 held-out PP A 3EAT HL A,
Mintz % AT2009 4F #2195 T4 & 3 — Se ot 1 BT A T #8388 HEAN 55 RN % 775, MIMLRE /& Riedel
2 NIA12010 4R 4R Y 1% S 2 bR 2% 51 J7 i onn_att 42 Lin 25 AP12016 ££42 (157 B CNIN 4t 3t T &) 7 40E
T IR (3 W B 5 AR T VE PCNN+ATT J2 Lin 28 AP12016 4242 4% FH PCNN % i35 T-4) F 933 75 /1
WL F 328 e B & 2 il B 77 5 RESIDE #2 Vashishth 25 A\ 11812018 4E 3 1 5] A B4 AL A5 B RS4RI B IER
FH BB AR 3 2 X 2% B - 2 5 28 £E Wiki-KBP i |, 245 5 PCNN+ATT B R HE4T T LS.

10 Precision-recall Lo Precision-recall
’ — penn_att N ! —penn_att N
CMNN+ATT -PCNN+ATT
0.9 — RESIDE 0.9
— ¢nn_atl
0.8 - MIMLRE 03
— Mintz
507 £07
206 206
0.5 0.5
0.4 0.4
0.3 0.3 —
0.00 005 010 015 020 025 030 035 040 0.00 0.05 0.10 0.15 020 025 030 035 040
Recall Recall
Fig.8 NYT experimental results Fig.9 Wiki-KBP experimental results
K18 NYT stimghii K9 Wiki-KBP 524 45

N T HEAT AT LU AE NYT Bl 58 b 0 T Rl R 20 75925, A ST R AT PCNIN+ATT A2 AR 7] F) b 2 4, 1
b 77 VR B A AR 2 R A B S5 R T ARSI AT VA PCNN+ATT, B 341247 45 % 72 I 2R (] fR A7 4 — %2
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BN GRAE B o S AR M AR b RO SR I I AR B A A SO B [ e A 45 R B 8 7R T R 5 VR I ffe 22/
7 (8] 5 pih £, AL AR SO AR R (BT penn_att N X BT 45 228 792 7T DA 2, RESIDE &5 HY b HiAh 75 i
FEUT 1) PE R, I B P R 8 I 4% R A5 IR, S 28 B S B AR 1) P BB 4R T 1R K9 B, 48 RESIDE o i Hh
AR 7 VAR B R (A S AT SR RESIDE A — 8 42 i, Ul B i L J2 25145 7 — 8 I 7S AR 15
B R T W 5 AR 2 0] L PCNIN+ATT AH X 0 Ath R 500 1 28 M e R 5 1R i 3R T, Ui B A1) T BE = 1L
Bk B 9 1T LUE H L 7E Wiki-KBP 2545 b A SCHE HE 1 7 80— 2247 T PCNN+ATT.

2 LB T A SCHR R T He A 2R 7 VEAE NYT $E4E B P@N.XF T RESIDE, A SCRH T 16
FEE S ) P@N {H. A SCIR AR A 2] T P@100. P@200. P@300 [ #ix il P@N (%) b RESIDE
KI~F4E s 3.7, PCNN+ATT K18 5 9.2.

Table 2 Evaluation of performance

F2 AR

P@N (%) 100 200 300 Mean
pcnn_att_N 84.2 84.6 80.7 83.1
PCNN+ATT 81.1 71.1 69.4 73.9

cnn_att 76.2 70.6 66.4 711
RESIDE 84.0 78.5 75.6 79.4
MIMLRE 70.9 62.9 60.9 64.9

Mintz 51.8 50.0 44.8 48.9

7] i, 76 o Ath 2 5015 LinBVAH VA 25 25 AR SO M 1 AR R 2 300t 1 R ) B2 0, 326 3 S ) 5 80 S B o
NYT 5 B 1% e 5T L.
Table 3 Model parameters
Fz3 BB

P@N (%) 100 200 300
BRZK/N3,4,5} {84.2,84.0,84.3} {84.6,80.2,79.8} {80.7,78.9,79.7}
% B A#1{100,230,300} {82.1,84.2,84.4} {79.6,84.6,82.3} {74.3,80.7,80.8}
#]F K £ {50,120,200} {80.2,84.2,83.5} {78.3,84.6,80.4} {70.5,80.7,78.1}
% >]%{0.01,0.1,0.5} {84.2,80.8,79.3} {84.6,78.6,76.3} {80.7,76.1,73.4}

M 3 AT LA A AU R /ISR A B 110 5 10 AN S AR OR339 0 6 B (A e 4R TR R A 1 g o
K R A R AR AT — R RS, 2 3] SRR TR (1 42 E R M th LR

T EBA SO B 7 iR 109 Rk ACSCAE enn RS B A T RRE R SESG, X T enn_att A1 cnn_att N, A SEERR
FI T H TR 2 8, e B 5 RN E] 10 o, DL 21, AT 9 28 T W Y- cnn_att_ N 773X EE Lin 45
NEHR Y enn_att J7 i VERE B 55T

Precision-recall

— cnn_att_N

— cnn_att

Precision

0.00 005 0.0 015 020 025 030 035 040
Recall

Fig.10 Experimental results of cnn_att
10 cnn_att sE3e &5 R
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MR 4 LA H A SCH HE ) enn_att_ N AT LK enn_att /£ P@100. P@200. P@300 - #54 10%7 45 (142 =
TUE BT R AL U ASE 2R 1) 5 47 e AP R L 3
Table 4 Evaluation of performance

x4 AR

P@N (%) 100 200 300 Mean
cnn_att_N 86.1 80.6 79.1 81.9
cnn_att 76.2 70.6 66.4 71.1

HI T NYT S 82 U ZR B8 v A) AR S 9“NATH o5 1 72.5% e A7, T A A AR 75 20 A B AN 2,0 17 93 Hr
TRF AR IR 75 F AN (3] 7 A1 X A5 TR AP B FX) S M, A SO0k PR AT A0 7 W WL I J2 AR R R A T 4 b =) A B Mg A 2 R
EHFE N RS MR 70 AEREREEE 1 AT AES 1 51 b B A RIEHE M R o MIBR 10 A AE 58 14T e A TR
WEHIRE C RN MIBR T 70 AT AE S 1 41 v K 75 TR VA RS O SRR AN M AR AR T 4 4R, 181 10 7R 17 0 AE R P e
IDESE

Confusion matrix N Confusion matrix R

True labels
I'rue labels

0 10 20 30 40 50 [ 10 20 30 40 50
Noise labels Noise labels

Confusion matrix C Confusion matrix O

T'rue labels

0 10 20 30 40 50 0 10 20 30 40 50
Noise labels Noise labels

Fig.11 Confusion matrix
K11 RIE R

SRIG AR SCHE SRR HE MR 4 P A 2 70 F R AT UG Ak 5 e 00 J2 2 300, IR T % Esie g, B 12 AT LU
Hipenn_att N B4R RUR £ 4F penn_att_R MIRUR 5 penn_att, N 25 SR 8230, DR Bk ] LA W, it 22 f) 47491 2 S A
R ik ik — 5 B RS penn_att_C AT penn_att_ O #5J2 BE A X 45 1 5] A e 7 Ak B, 20 SR A LL I 3 b 2 3k
AT U A TR 1] 25 1)t A P AR NAFR 25 B8 8 0 NABR 2 24 1 1E AR 25 IO ME 2 L A v, TR b 9 80 5 A 7Y
(P B A 22 TRTRE DR 17 S e g 00 000 J2 0 e~ g 7 A 1) 37 T T AL 0l A 28 8 ek 190 2 00, AR S 17 % b s
3, penn_att_ A A2 35 UL 2, penn_att M Ay 2% e 3 1R 7 A3 A7 13 0 HL, AN 13 BT DL A RO 2
SXof A R A R )4 T O, 3 T MR L 1479 R ML A e R ) Rt AT — 5 AR T
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10 Precision-recall 1.0 Precision-recall

’ A — penn_att N ’ — penn_att N

penn_att R penn_att_A4

0.9 — penn_att C 0.9 ~ penn_att_M
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0.8 0.8
£07 E o7
£ 06 206
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Fig.12 Experimental results Fig.13 Comparative experimental results
K12 seess RIE Bl 13 xfLbsegn g i

7 HERIE

AR SCAE e om0 B AL i A R P AL £ 5RO — AT PR B B T A T R T R L 1 S M e e X
R A i R 7R SR 2 = HOHfE A A o OR R (R R 7S 20 A B T R T IR RS 0 A B B LR R TR T S R AR A
(A1) FRY A SRR 3 — 20 b R 17 R A R 7 3 A AN S 7 o 2 A5 TR ) 8 T, S 6 45 SRR WY, S48 o R e AR e
AR TR 10 P BE AT — 5 (1 5 M0 LS ML AS K T A L A9 P R0 A M 7 SR A 428 R 52 i K, B AT TS £ ) 0 o e Ak
BJ5 AR A E Ik B i 4, 3 W2 R RE 0 T S 1 DA A R P R 26 ) R e S R P O A AE RO T SR S
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