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JREL ST Hh
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HHEZAHL T XA Fa—RRIEENBEEERAEO~y F v 7 %2fTH) 2 L
T, ANFO7/ T—vaviELic, MAERBGEHROFET -2 2 HBALRTE 5
Distant Supervision 25VEH INTW5, ZNHDETIVIECY F Vv I Lo e

=7 N BHGET XV EMNET 5, L L, —MRINIC, fEERETOMARN
ZREET 2 DRNEETH 5720, vy F U I Lol b= v EHTEIE
\d False Negative 7 NV 2B TEDH 5. AT, D X ) 7% False Negative
ratT /) T—vavi—F%% fEeT—%, LS,

AT — %) OREARBERGKICET 21ERITE DS (1L, L3 1 DI
EESRVEF—7 VI LT, AREDD 5 7 etz F—27 VItHE L,
7 N DOMER S %2 28T 5, KIS, AROR—=ZAE T, T )V
D e A0 %2 k T HISCEMGE TR O, k72 LRl sz L7z, L
L, AL LTR=RET NI, 3O00HELRH 5.

1 >HOFEIZ, FEVHIBRETEL 72/ 4 A3 E%EE CERTAMET
b5, ZiUx, RINT7X) v ITD¥EE ) A4 BN ZE— 70X R, OF
—HHRER TR > TR I EMNFEREEZ NS, 2 OHDOHEIL, Recall &
Precision ® b L — FA 7R TH 5. A5EET —F TOFHIZEWT, R—ZXE
TAIPER T E L L C, Recall ZKRMEICH EL, 5827 —% T¥E LMK
FIED Recall IS EWWEZH L TWwW3, L2 L, Precision IZBIL T, HEkF
EEDBHET LTS, 3 oHDOHEIX, HfIHFEOHEESGD Y B, FHiiT —
Y DOWRE T HEERBESIE IR E R OIETH 5. X—RE T /LD False
Positive 1, SCHRTEHR & SCAEMO B CIXHEFIHFER DS, i 7 — 5 D5 &
THEARFTIEI R WEEDS ., Zof#E%Z FEROFEED A THE 2 & IXKEH
ThH 5,

REFIETIE, HHEARRT - 2HMEML, X—ZXET LD Recall Z{#
Ff LD, Precision DEZ A AT, EEFER LD, RETIEIT Recall ZIREF L

*R RO R A BT R AR Satn B A SR B s, AR 24E 3 13 1.
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Reweighting in Conditional Random Fields using
Expert-Domain Dictionary”

Shusuke Tatsumi

Abstract

Distant Supervision is a method that can automatically generate learning data for
named entity recognition without manual annotation by dictionary matching. In these
methods, we assign a generic term label to all unmatched tokens. However, in gen-
eral, it is difficult for a dictionary to cover all named entities, so ignoring unmatched
tokens has the problem of producing False Negative labels. In this paper, we call such
annotation data including False Negative ‘Incomplete data’.

Many previous studies on entity recognition of incomplete data assign all possible
label candidates to a token whose label is not fixed to one. Then, the model is trained
to predict the probability distribution of label candidates. In particular, the base model
of this study obtained the optimal probability distribution of label candidates by k-
cross validation, and outperformed the previous study. However, there are still three
problems with the base model.

The first problem is noise propagation caused. The base model performs sequence
labeling learning and noise reduction at the same time. This causes the noise at the
beginning of learning to propagate to the latter half of learning.

The second problem is the trade-off between Recall and Precision. For learning with
incomplete data, the recall of the base model was significantly improved compared
to the conventional method. Furthermore, the base model showed high performance
comparable to Recall of the conventional method trained on Gold data. However, in
Precision, the base model was worse than the conventional method.

The third problem is that among the word sets of technical terms, the set of named
entities targeted for evaluation data is only a part of them. The False Positive of the

*Master’s Thesis, Graduate School of Science and Technology, Nara Institute of Science and Tech-
nology, March 13, 2020.
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baseline is a technical term in terms of contextual information and character informa-
tion, but is often not a named entity for evaluation data. It is difficult to discriminate
these only with context information and character information.

We try to improve Precision by effectively using dictionaries and incomplete data
without reducing Recall of the base model. From the experimental results, our pro-
posed method can improve Precision without reducing Recall, and showed recognition
performance comparable to that of the model trained with gold data.

Keywords:

Natural Language Processing, Sequence Labeling, Named Entity Recognition, Domain-
Specific Dictionary, Conditional Random Fields
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11 R

[ RN (Named Entity Recognition, NER) 1%, A%, 7T, fHA%, Z&&H,
IREFH, ERIRTFIE, RS v H EDEARNZ T X A bhdr o724 %
7 TH B, G, ANFITX 2R EERZ L L Lk NER €7 VHHRE
INTELD, TNEDETNVDE FHEEHICKBROANFET ) T—varr—%
DETH B, I, (LRl Vo EHMEDE W R XA Tk, AFT/
T—YavDaRbpEL, Bt E T — 5 OMERBREE &) BEDR D 5.

Z2C, 7/ 7—>avaR+ZzZHRT %729, Distant Supervision I X % #
i 7 — % OHEERTESTEH I N T3, B, {kpedimi E oMy
&, HPIHFEOREEDEABZEINTE D, KGR CAF I TH
% . Distant supervision TlF, HMHFERHEFICEENSEAERBZ T ¥ A Fa—
NAPPLHEKE L, NER ET NV 2MET 204 E 7 —5 (EF) & LT3,
—Ji, 2vFLEdro7ca—nAFD =7 FTXRT TBHFE, 7~V (A
BNHYS T %) 23F5 X415, Distant supervision Ti&, AFDT7 /) 7= av%
HO$EE T =8 2 AR TE 2F RS H 25, —Nic, FEERLTORES
KR ZHET 20N TH 2720, v F V7L kad-oEERBIC S
7V 52 L2 XD, False Negative 2T A[REMED D 5. AfHTIE, Z
D X 9 7z False Negative 2 &80 7 /) T —> a v 5 —%% TR RZEET—% ) LS,
'A5847—% 1 O NERIZBHT 208 RIFTEDZ% { (Bellare 5 [24], Carlson & [25],
Greenberg & [26]) &, FRXUDB1IDICEES BV EF—=T7 VIZHLT, wILF T
v (AIRED & % 7 BRI T) 2 b =2 VIt G L, 7 UBRIOfER S
iz E{T 5, FIZ, RIFROR—ZET IV Jie 6 [32]) &, LT TXVDK
2R MER I 2 k D EIEEMGEE TR, fER%EZ Rl sz L7z, L2 L,
HRE L TR=ZAETFTNICIE, RO L) LHEND 2.



R—RAETFIVDERE

HRE1 RINITGR) DR E ) A4 RN ZE— 7 vk A, oE—IEHRE
FCTR->TED, EHUMEBETCEL ) 4 ANERELECERKT 5
MERH 5. Bl 7ok R, ORIERERDS D ) A4 BN,

B2 NEET =Y TOXFITBWT, R—ZAETFIVIIERTIEE HEEL T, Re-
call \FRIEICHA EL, 5827 —% T¥E L MR FIED Recall 1238 % &\
iz L Tw3, L2 L, Precision ICBHL TlE, fEkTFHELIDLETLT
W3,

SERE 3 X— 2 E 7LD False Positive 1, XHIRIEHR & SCHERO B TIEHEMH
REREDY, BHfliT— & ONRE T HEARITIE WAV S W, ZO#E
DRI, FFIHEEIC I3 A R HEEEADH 208, T — 8 ONRE T
LEARBIZDO—IIOBE R WEARH 20 EE LI oN 5,

REFZEOEN
NR—ZAETILVOFEIIH L, AL TIILTD K ) IR ZRET 5.

FEIANOMWIGE EAMTUHZKET 5, BAENICE, TR—ZXETFTVDOEA
T, & TEEEEWRE - HEAMTUE,) 234 77 4 VBT
19, M7a2 A LT Ty a74- VX vy, AT 7 7HOIAAR
EFHED Y 7728 7y, HIERERE LT TREEED H 563
ZHHL, /A ABBOENEZRA D,

H

BE2LADOHIDE AR T, TEEZRDE D Recall Z{K N X912, False Pos-
itive Z Ji4> X, Precision Z A L& 3%, ¥, Recall DA FIZARWZED
HEECIE 2o,

FRAIADMIDER FEEICE ENIRA LHEEREGD H B, L OHFEES DT
T—=FDONRE T HEGRBDOHMIEELTH 20 % THHFDOREEMEEHEAR
E TASBRET =% ICEOE, FHNCGERI L T, 2L T, NERET L
SR, FElT— & OEEEERFREZEICY v XL, VYV ROHERET S
HAZEEE LD T — % DR & 7 2 MEEES G020 T 5, 2tk
D, FHli7T— % OXNRADEEERZ > THIH T2 D %2HIETE, False
Positive JiA DS IFFTE 3,



AXBEEBELTRERLI L

%%?&Tﬁ,&—X%?w®me%ﬁ%L00,Hﬁﬂm&%%ﬁ&ﬂ
EEERFER X D, BREFVEIT Recall Z IREF L’)“) Precision PETE, I6IC
‘_/l/}"?‘ yf%@‘«f’% @:ET}I/Ii mun%k]iﬁlﬁ%jﬂj‘ LD VC?%’

1.2 ABNOEMBLIUBESNEHMR
o FEEIEMIC X %, MM EMHERGOHEAMNITFIEEZREL .
o METFEN3IT—F Ly b, 25—ty bT, R=RAF74 % ko7,

o WETIEIZ ) ¥ VERICHE D CHAMNIT ) & TREHBEEGERIC
DK EBSNT ) D2 DDEEEM D SHR I N5,

o "V UX v IERICHD S EAMNIT ) ZERE - 7203, TEEER &SR
WD EAMNIT ) ORIRIZREN - 7.

1.3 B

AKX OMRIZLL T EEYDTH D, 2ETIFET, AR OHIHRE LT, [
ERIGRHS A7 OWEZFIHL, F5ERT — 7B 2 [ RO B E#pT
RHRZET S, 3ETIE, R—RAETFNVOMES, REFEOHWE TR %
GHE T2, 4FECHEBRE ZOMEBEZIRL, SETREFIEDOEFHICOWTONT
2179, WiRIC, 6 EICTH iz bR,






F28 BEEMRRE

2.1 EBEFRIFAZH

[ RN (Named Entity Recognition, NER) 1%, A%, 7T, fHA%, Z&&H,
REf, ERIRTFNE, ks v X B EOlARMZ T XA bhh ot 725 2
7 ChHD, BEMNICIE, XHORHEEICHL, ERLLEEERIHO 7 7 20D
EDUFAET 50, —DODEARBOHM I XNV Z2MNE5T5R57 X)) 7
M E LCifbins, 7 0LAH57550E L ¢, BIO /5= (Begin, Inside, Outside),
¥ 7213 BIOES /73X (Begin, Inside, Outside, End, Single) 2’H\W 56415, AT D
FIZHISC T... lower lindane dose ... on acute renal failure ... (ZX3 % %55 XY
Y X B ARG O 2, K21 OfTiE, BAERNRDOZ 7 AL LT

Sentence: ... lower lindane dose ... on acute renal failure ...
BIO: ... B-DIS I-DIS I-DIS ...
BIOES: ... B-DIS I-DIS E-DIS ...

2.1: RHNT R v 7T K B A RBER

F'CHE: Chemical, , 'DIS: Disease; 23&% %, HGEZ &I Z OHFEDN L DOEE R
®D 2 F A ( "Chemicaly, "Disease) ) IZJ@ L, FHRHD L OHPH (B-, ) TH 3
% FEHONGR T XNVIC k> TRET 3,

NER (29 2 f%El%, Grishman & [1] Z1ZU &I, %< D% H % (Sang &
[2], Sang & [3], Piskorski & [4], Segura-Bedmar & [5], Bossy & [6], Uzuner & [7]) .
WD NER EFVIE, AFICk 2L — L R_R—2, #E [FEEoks, v
Fay =l L T, s ickitE, Fhry=79 v 7 L
2EENCFE D\ NER £ TV E L EZ 1172 (Nadeau 5 [8]) .

Collobert 5 [9] 2D ET S, —2—F L%y b7 =7 X—=ZDNER ET/LIZ
RANBOZERZ =TV T LB Linid, HHZEDTWS, I
5DETIVIL, EH, FHEEPRPA VIR EDORXA VEED) Y — A% N5



EXT, FXA UREMRG, BiA =2 =TV %y F 7= R=ZADE TN
HINT0ED, Z20% 1%, FRIIT =V UBITENTHEY ALY P22 —
)V % v b7 —7 (Recurrent Neural Network, RNN) ZHE2D\WTw 3,

2.2 HESBAODILAEERRE

AR, AFICK 2R R SR 2 W E LV NER ETVBREINTE
7z (Li & [10], Liu & [11], Ma & [12], Lample & [13]) . L2*L, Z#16DETIL
D% IFEBICRKRBEDOANTTY /) 57— a v T —90B0ETH 2 (Liu 5 [11], Ma
5 [12], Lample & [13], Finkel 5 [14]) . BIZ, fL2A04dbr & v o 2H P EDE
FXALvTiE, ANFE7/F—aroaX baml, HhiftE 57— O
HEWIRERH S, 7/ 77— avaRXbEHINT 57O, T TIE Distant
Supervision I & 27— ¥ O HEARFEPIEHINTED, 7L —X<A
=Y 7 (Shang & [15]) , EH B (Ren & [16], Fries 5 [17], Ren 5 [18]) ,
Aspect Term Extraction (Giannakopoulos 5 [19]) , BAf®R#hi (Mintz & [20]) 4,
B4 A7 T—EDERE LIF T

bt s £EDOHEMITE T, Erf"ﬂﬁﬁﬁ DEEEDPMELAFZEINTED, KM
BipFrEP R CAF R TH S, N DFFELZFHLTT XA Fa—132
ICEENZEAGEBO~y F v 7279 28T, AFOT /) T—vav#ElLig,
NER O EH 7 —% 2 HEIEK T 5 2 L 23TE 5. HE2RD Distantly Supervised NER
TIE, BT~ v I IS ko TR T — 8 28RS %5 77 (Ren 5 [18],
Mintz & [20]) *°, BRIV T— & BRICHED 2 4 A2 S 572012,
il D IEREBUCIE D WT L v 7 4 7 4 OHfiPHIFE 21T 9 T4 (Ren 5 [16], Fries
Eﬂﬂ)&Eﬁﬁmﬁme%.:h%@%?wMV/%Vfbﬁﬁoték—

W HFE T "V EMNET 5, L, BN, FEEPETolERB%Z
ﬁﬂﬁ%?‘ LDIINHETH 5720, v v F 7 L 250 T A RBUS M HEE 7 ~ov
#5952 812X D, False Negative # &g H 5. AfTlE, 2D XH
7% False Negative #5807 / T —> av 7 —F8% R g7 -5 LS,

23 AEET—ID/ A XEMER

"A5E4T —% 1 O NERICEIT 2 ef1it9iD% < |X, CRF (Lafferty 5 [21]),
Structured Perceptron (Collins & [22]) , Max-Margin (Tsochantaridis & [23]) €
TIZHD VT3, Bellare 5 [24] I Missing Label Linear-Chain CRF, Carlson



5 [25] X Partial CRF, Greenberg 5 [26] |3 EM Marginal CRF Z {2 L T\ %, »
TS AEMIZ X, Latent Variable CRF (Quattoni & [27]) ¢ 542 5%. ¥/, Z
DEFIVIEEE Y IR AT —2a v ¥ A7 (Tsuboi & [28], Liu & [29],
Yang & [30]) IZHHAHIN T2, 74, Yang 5 [31] 1 2 DE TN Z5{LEE
EWEAMICIER L, ERED NER €7 L2 #E L 72, Greenberg 5 [26] 13 Z D€
T % EGBIE I CO NER IHEIG L, Atz L 7.

NS DRATHIETIE, RFERT /T —avitkh, b—=7 B2 LFIx
NEFFOGA, YNV F T XNVDOMWERSMZ T NVE—Ick->TE 7%, LaL,
Jie 5 [32] lF =V F 7 X)L D iRt I WSR3 A &2 k 3 IS MEE TR o 5 Fikz i
ZL, itz s E2 L <.






BIE

ERT A

3.1 R—XEFI

G F IR, HEERSIX 2 AJ1E L, BIOES 2 8D 7 X)L 24y # 1§
257X v 7 ThDH, ZDRINTRY ¥ JETIVD—DIC Linear-Chain CRF
(Lafferty & [21]) 23$ %, ZDETNIIELELETITAFET—F (LI Ix
WRH K31, 3.2) T, X33 0EKHBERIMET B L) ICEET S, 7
L, i=[1,.,n] & T3,

Input words = (X1, X2, ..., X) (3.1)
Out put labels = (y1, y2, ---, Yn) (3.2)
L(w) ==} logpw(yi|Xi) (3.3)

i

RIT, RERT =5 D5 XVRF P B HRIcOWTEZ S, Tie & [32]
e T, wF 700 (G5 3INB RO H 547 VAN Z2FI%EL,
DIy b C(WO) £ 5. EEOBRMEIER 34 L5 5.

Lw)==Ylog Y}, ap(y[X)pw(y]X) (3.4)
2 yeC (yf)ossible)

WL OpDBETEZX 3.1, 3.2, 3.3, 34T, 20T, FEAZEE acute’,
‘renal’, ‘failure’ 287 / 7 —3 a v I TG\, 31—V R T —% D54
DIV ITNTRUNRAZRL TS, K327/ 7—>av Bk —
PO TNV ENEG L, YUTTNVBRETILTH S, ZDETIVIE, AEW
WiE, 3412 BT DMERDM q DEEORS I Vv TV T VICER a7 % iE
WiEBEE A 5.

2T, MR g DEFITOWT, LT (Bellare 5 [24]) & DMz id
LChRRS, ZOFETE, 7/57—Sarv LBho NV EBEEREEZ,



the effect with gum Arabic on acute renal failure

3.1: Gold

the effect with gum Arabic on acute renal failure

o o o o o o o

CHE CHE

3.2: Simple

the effect with gum Arabic on acute renal failure

0 o o)
NN \/
CHE x CHE )'( CHE )'( CHE

V‘V V‘Y V‘V

‘o'

DIS

3.3: Uniform

the effect with gum Arabic on acute renal failure

3.4: Distribution

10



2 3.5 @ Latent Variable CRF T2£E 7 5,

Lwy=-Ylog ),  pu(y[X) (3.5)

ssibl
yeC (y{mrvt e)

Z D E 7 V13 Missing Label Linear-Chain CRF & W-E 5, ZOFiklE, X33
TRT KIS, REMNICIE, WERSM gL ETh 5. ZOR, MRS
gV e L F 5 00 C () 12 LD 4T 5,

—77, Jie 5 [32] DFIETIE, K34IRT LT, T—I FRRITK DTV
22T B X9 RRERHEREE, ¢RIV F I OLICEN Y TS, L, M
D7 NV DFRIIMEREDOHEZ R L Tw 5,

D1 g DEEE

Jie & [32] ITfEVy, HZEX ICHT B T )L y DERIIAG g 1%, k3B 248G T
KDz, 2T, 2F T RVEHFICRED T ¥ TV T L% E D 24T 5 @b
B24T9 . LB O W T EROE T EiF 5. Xig, (k—1)3%7—
FCERZITY, ZOYEFEARINT XYV ITOTFHET VT, HH ODET—
IR LTEZETZ LY ZLIZ L 2 T NUHEEZRITO, HERS g 2KD 3,
R4 q 133.6 L 92. o DT, gDk FGE2FE (V727277
O—FiNn—F77u—F) BEL TS, N—F77u8—F7Ti3 ¢l30,1D
fili % B % BERN 72 046 C, BB ITREMEDEIC 1 DD 7 )Lz 1, Zofhiz 0 2 E
DiR%., —J, VY7 7 7u—F7TlX, q3#EBENLSHET, wILFILEN
FUREDHERMEZHI VIR S, AT, FEEXIRHINTEIN—F7 T
O—FTqg%EETE., N"—F77u—=F7TZ, (k—1)73%57—5 TOEEE,
O DGEFT—=ZICRLTEYET L) ALK BRI %79, E
FETNTYALTIE, XiDIXVDy; ThHDHAAT P, 2HET S, A%
<, BHEEFSE (Liu 5 [33], Ma & [34], Lample 5 [13]) > T, R3.7TF
MW7 RVRINDRAa7%2RKDD, AaT7 OIETN)Ly 26 T N)byi | ~DEE
AREEZ &R T, y; 13310 TRT L9 12, EERBIOHPEZ NV {B,1E,S} L [E
HARBD 7 5 2854 7 {ClassTypes} Z#lHrAHETRLN D 7 ~)UIC—RAGE
DI O ZMAT T NIVESDLORRI NS,

es(Xi 7)7)

ZyeC (ypossivie) es(Xiy)

11



n n

s(X,y) = Zq)ym’iﬂ + ZPi,yiv

i=0 i=1 (3.7)
D@y, yiv1s By €R
Dy, y.., - Transition Probability Score (3.8)
Py y; : Score fortheword X; beingthe label y ; 3.9)
yj € [{B,1,E,S} x {Class Types} +{0}] (3.10)

32 REEFEOEN

N—RAETFIDOFE
N—2ZETNOLELEHEIUATD3HTH 5.

BRI PEWMICEL 2 ) 4 AR CERT A RE,

ERRE 2 Precision DK T,

SFRE 3 False Positive 1%, SUIRTEH & SCHIEMO BN CIIHFIHGEZ 23, FHli 7 —
Y DOWNRE T LEERITIE R WGEEDIS W,

REFEOEN
N—ZETFINDOHFEITH L, RHFETIZLUTD X9 K2R T 5,
FEINDWINE HEAMNIUTUEAZKET 2, BARNIZIE, TR—ZETIVOEA

ML (Fi3.1) ) & TREEESRZHC-HEAMNTOE (fi3.4)) 28
A 754 T .

RE2ADOWE AWfZ7E Tk, False Positive Db 2 il A 5, FFEEHRICK S
akAl (8i3.5,3.6) IcXkD, —MRAHETH 2 THEMED E O &OHE S i HEE
IZBWT, RALFIRLDIL O 7T VICHWIEREZE )Y T3, B
BRI 7B DWW T, BIBDHi 3.4 D 3.11,3.12 TEET 5.

RRE SNADMIR HIIHEED ) b, FHliT— 2 ONRE § 2 HEEE A2 i 3.6 D
KO IR ICERA L, SHE T — & ONRAU DGR OEL 2P 1ET 5.

12



3.3 EfSBFOHEEEER

AR TR, HMTBORERERE LT THEEDOCFEM & TREMmGEE®R
OV— b2 5 FHEEA~D ) ) ZEHT 5.

34 BEHMIF

N—ZETFNVIZET S, EFZETNTY XLHEED P, 2H KR, EMoH
HEEHRZ T, HEANT 21T, BEMICE, fFEEFOHMHGE~<y F
YICE Do HEEE AR ERE L, MBAHEEEHIEI N X, DTNy,
DO ETPHMINCT AL LIHICEAZTET S, HAEMWIIE, 790y, 04
RLFTNUDIL, TNV O DRAATICHNT A=Y DERETH S o, %
72k B AT 5. HEAMNTIE Algorithm 1 \ORT X I I 2THP 6K 5.

¥9, X, OFFHE~NODZ YT 4 T4 VX (Hi3s5) ZirH. V¥ v /T
Ehhol X3 MAELFEI L, X311 CHEANIT TS, XK, VrFv
ICEL X IR HOBEEERICIE-D R (fi3.6) 2175, —MRAEE L%
MENbDDH, X312 THEANITT S,

Algorithm 1 Re-Weighting Overview
Require:
Words = [Xo, X1, ..., Xn] > X; has X;.character and X;.labels
1: procedure RE-WEIGHTING(Words)
2: for all Words do
3 if Word label is Incomplete then > Word label € [Gold, Incomplete]
4: LinkingResult <= ENTITYLINKING(Word.character) >
LinkingResult € [Linked, Unlinked)|

5: if LinkingResult is Unlinked then
6: WEIGHTING(Word .labels)
7: else
8: IdentifyingResult < IDENTIFYING(Word) >
IdentifyingResult € [NamedEntity, GeneralTerm]
9: if IdentifyingResult is General Term then
10: WEIGHTING(Word.labels)

T/, FEHKBEFCHEANITT S L, HEEROMEZB®EICZT, T
FHID Recall 231 L L#EES Z2 2 A[EEMHE 3D 5. # 2T, FEFPHIL, WEENA 7

13



AFER D7 DITHRD ICHEAMN T L, FEEEIZE TNV TFHOD Recall 217 £
V570 DICHEAMNITT 5. BAENICE, o B ZEERT, X313, 3.14
WZHE> T, FEHDETIHEOBD IS, nd3NA28=%F 2= Oinir, Binis 13
a, B DWIIHE, epoch_count 3ZBIR TR T L7 Ky 7 DEEZRT.

P(Xivyj:‘O/) :P(Xiayj:‘O’) + 0,

(3.11)
P(X;,yj—0), ®ER
P (Xi,yj—o') =P (Xi,yj—0') + B, (3.12)
P(Xi7Yj:‘0/) ) B ER
o = max (0, Oy — M - epoch_count) (3.13)
B = max (0, Bini — N - epoch_count) (3.14)

3.5 BEANDIVTATA VXD

IVTAT A4 )X I TCRBEISOUREHRZFHT 2 FE2 AN TH» 5
L2 L, AWFFEcio) SRR 3% <, 228 M%&i%%+“%
RTE RV, XoT, AW TIEIURERIZFEHE T, HEOREFOAZH .
HRIIZIX, L=y ay A4 VIS Wy T4 T4V X0 RET).
L=y a4 VB, 2003 FHNEDRER L > Tw b 0% 3 R

D—FETH Y, BRI, 1 CFORFA - HIBR - B k> T, —HDXTH%
b DL FINCENT 5 DI E R FIHOR/NEEE L TERI NS, Kif

TDIYTATA-VYFrTDOT7NLIY) X L% Algorithm2 22T, X; L DL —
&V71&4Vﬁ%ﬁMmImmMmEuT®ﬁ£$§@5% FREED R D H

#E%1R 9. MIN_DISTANCE BL T OHEESMET U, TV > 7557 L (No_Linked) |
%Lﬁ.tkt,ﬁmwﬁéﬁmeﬂMmcmRiﬁwﬁmiLE@%ﬁ%ﬁ
7TV IR EME D70, VXU I3Tbd, T v /%% L (No_Linked) |
ZIRT,
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Algorithm 2 Entity Linking
Require:
Word : Characters

1: procedure ENTITY LINKING(Word)
2 if Word.length < MIN CHARACTER then
3 return No_Linked
4 else
5: for all NamedEntity € Dictionary do
6 Distance = LEVENSHTEIN_DISTANCE(Word, NamedEntity)
7 if Distance < MIN _DISTANCE then
8 Candidates.add(NamedEntity)
9 SelectedEntity < GETCLOSESTENTITY (Candidates)
10: if SelectedEntity is Exist then
11: return SelectedEntity
12: else
13: return No_Linked

3.6 HEOREREEHmICED <HH

e OPEEMGER 2 AT, HEE X 23— MRUEED A R BLD58000 5

3.6.1 FE(HEXRE

BRI T R v 7TV EIIIRALIC, HGE X; 25— R [ R B 2 R
5. Ok, FHNCEEMEERZ GORE L ThEeT -1 278
2119, UWTFD3fTE»SKS, 73V R4 % Algorithm3 1IZFE T,
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Algorithm 3 Discrimination using Hierarchical Structure Information
Require:
1: IncompAnnoNamedEntitySet < GETNAMEDENTITY SET(IncompAnnoData) >
IncompAnnoData is Incomplete Annotation Data for NER
2: procedure PREPARATION(Word)

3: Embeddings <= KNOWLEDGEGRAPHEMBEDDING (Hierarchical Structure)
4: Clusters <= UNSPUERVISEDCLUSTERING(Embeddings)
5: LabeledClusters <= CLASSIFYING(IncompAnnoNamedEntitySet, Clusers)
6: procedure INFERENCE(Word)
7: LinkedWord <= ENTITYLINKING(Word)
8: LabeledCluster < SEARCHINGCLUSTER (LinkedWord)
9: if LabeledCluster.label is GeneralTerm then
10: return Word is GeneralTerm
11: else
12: return Word is NamedEntity

13: function CLASSIFYING(IncompAnnoNamedEntitySet, Clusers)
14: for all Cluster € Clusters do

15: for all Word € Cluster do

16: if Word € IncompAnnoNamedEntitySet then

17: count+ =1

18: rate = count = Cluster.num_words

19: if rate > i then > u is threshold. u € (0, 1)
20: Clusters.label <= NamedEntity

21: else

22: Clusters.label <= GeneralTerm

B 1178 (®3.5)

HEOBERGEEWRE HGR 7 7 7HOIAARIZ LD RT MU %, 2tk b,
HEICEENEARBZRXZ PLELTHKY) 2 L3 TE 5,
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21718 (® 3.6

LEAERBR bVEA VATV RAE LT, #7928 Y I %2fT9.
Tk, 7oA BBENS,

31T ([E3.7)

B IAY R AR T =% 2T, —HEE7 728 LRAERIY 7 A
ZITET 5. BARNICIE, &7 7 RAZICEWT, e T—% ) DGR
DENEDEME p 2B NSHEAEBLY 7 2%, A FUT—RAFEZ 728 &
ER-R

3.5: 5 L7

3.6: %2172
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General Term

Cluster

o () ,@

General Term

X 3.7: % 3 17/

3.6.2 HEZREXPE

HEEX, #REEICV XU 7L, VY I RORENET DV 7AY%ZRD D, %
LT, 207 7AB—RHGE7 727 ThHhiUuR, X, = MHiEE L, HEEEH
7 A ThHhIUR, X ZEGRILE TS,

37 ETIHZEFLTVWDBINGXA—F

HERE N A 7 ADRERDPHNTH 5720, TRIN 7 XY v 7 & TREHT ) DY
TS L T . 97%b 5, NER O LSTM-CRF D225, 1EH 53D /8T A —
& 23T L7\, NER @ LSTM-CRF O2£FIER—2E 7))V EABEICT 5, 2%
HIcB VLT, 2fTRDN, NER @ LSTM-CRF O%3E LN D85 X — & 2438
DHEERDIE, T2y T4 74~ VXV 7,0 3RZ )V TDA v AT v A
BDT-HD, FEED 7S 7MDAR, & Hifik L7525 V7 G5 THh 5.
727, TUT 474 VI rIconTE, SHIFV—LX—=Z2AFHE (L—X
viad A4 VBSOS R U ) 2 RAL A, I X—YEHL L
W, BEED ST 7HDIAREHA TR L A v SITOWTIR, TR D
IZHDE, NI A=y ET L, HHT BT OV, EROFE T
N5,
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B4E B

4.1 REREE

RERCIE, BB RBRGRE 7V L IRETE O A RIS % Mg
L, ETFEOHANEZIRGELT 5.

411 T—9tvhk

i T — % D—E 2 RKA41ITRT, T —Fky MEHIERABINTED, WV
ITNGHIT—4, BIFET—%, dHliT—2 127 s Tnw5, Sl TEicEd 7.

BC5CDR (Li 5 [35])

1E 44 FR1Z BioCreative V Chemical and Disease Mention Recognition task ¢, X}
RIFBEAGE L AL AEE. PubMed 2 5 I S 117253 1,500 RO D> 514D,
15,935 @ Chemical Mentions & 12,852 @ Disease Mentions % & &5,

NCBI-Disease (Dogan 5 [36])

RERIZEE2AFEE. PubMed 20 & INEE I N5 L 793 KOBE S LD, 6,892 D
Disease Mentions % &3¢,

CHEMDNER (Krallinger 5 [37])

WEIFAGAEHEE. PubMed 720 5 INEE X 1172 57X 10,000 ADOBEEEA 5 5L D, 25,610
@ TRIVIAL, 19,138 ® SYSTEMATIC, 13,118 ® ABBREVIATION, 12,028 ¢ FOR-
MULA, 11,935 @ FAMILY, 1,824 @ IDENTIFIER, 589 ® MULTIPLE, 113 ® NO
CLASS % &,



CHEMDNER 3 W RSB DIRIA L, N6 TCEEHECHET 2DIZWEETH
%, %27, AW TIZ TRIVIAL, SYSTEMATIC, FAMILY O & % [ £ 138
BRI R L L, ZOfhlz—MRHEES L CEHiiT 5.

F4.1: T—% v PR

BC5CDR NCBI-Disease CHEMDNER
Domain Biomedical Biomedical Biomedical
Entity Types | Disease, Chemical Disease Chemical
Articles 1,500 793 10,000

25,610 Trivial
15,935 Chemical . ’
Mentions emica 6,892 Disease | 19,138 Systematic

12,852 Di
852 Discase 11,935 Family

FR2F—9

RGBT /) F—avr—% (75— a3y INkEEEBD Precision 1%
100 7223, Recall I% 100 Tlx7Ze ) LAFTE 20 &0 ) EEEGEIX, HM5%
DIEARIFFR B T—RINTH 5. FAROERFRE LT 5729, RFEETIL,
T— IV FF=YDEAEERBDI L, 7 ¥ Ml —EROEGERIZRIESE, Z
NEDIN)LE O LTS, IELLT7/T—ayInkEEREDEE % EE
UM E p ¢ T, HlZIE, 0=0.6 DEA, 2EEEHD 60%IR-FFT %203,
D DADITIREL, 206100 7V ENET S,

4.1.2 BMLBHHE

AHFZETIE, MBI oiEch 5 CTD! 2§ 5. HE{&MMicik, BCSCDR
IZ X % PHffiSERCTlx, CTD Chemical vocabularies & CTD Disease vocabularies %
Hb¥ 7#EH %, NCBI-Disease Tld, CTD Disease vocabularies 2, CHEMDNER
Tl%, CTD Chemical vocabularies % fi/{ 9 %. CTD Chemical vocabularies IZ (%
172,861, CTD Disease vocabularies 12 1% 12,984 OFEAIDNEE I LT 5,

'http://ctdbase.org/

20



4.1.3 FHEFER

FHfifEEIC F1 A a7 (304.3) Z{#H 3 %, Precision (3U4.1) & Recall (:X4.2) %
HEEed 5.

o TruePositive
Precision = — — 4.1)
TruePositive + FalsePositive
TruePositive
Recall = 4.2)

TruePositive + FalseNegative

Fl— 2 X Recall x Precision

4.3
Recall + Precision (4.3)

4.1.4 SEHRTE

ZH 5 XY v 7T IVDIIZ Stochastic Gradient Descent (SGD) Z {3 %
Ny FHA X110, EXAVZ L 100, FHE: 001, Fuy 777k 10513
ETE, ZHNGRY) VI EHOALFL—Ya vz 1I0Z Ry 7, A4 TFL—
PavilB b, kDERERGHDA T L= a vz 10 Ry 7T, k=2
5%, JefTigE (Jie 5 [32], Nivre 5 [38]) 12X % &, kZ I 5ICKEL LY
A, METE IRE MR EL 2SS sy, BEACNMET S a, Biditic
50, n1X05 &T %, HEEERHLE L CF, HEERICECoBERTH % 100
RIL GloVe, XFEEH RNN, IRIEHRICHED < o#EHR©H % ELMo Z i ¥
5, IVFATA4 VXTI, L=y a2y A VRS FEEEDO#E T
A —% (3.5ffi) % MIN_DISTANCE =5, MIN.CHARACTER =17 & L, KXF/h
XFEDANE Ly, GEERSEMGEEHR O T, By =0001 &L, #
%77 7 MDIAAIZIE TransE (Bordes 5 [39]) %, bz L7 7 A% v 7l
k-means {5 (Pelleg & [40]) Z{HH T2, LidiEMatED - E%25£42,4.3,4.41C
R

415 BERROEFEHTPH

GloVe (Pennington & [41]) 134 frRlABhE D KRG T — & N — 2 TH % MED-
LINE?7> 5 IUEE U 72 G S G2 L 2 b 0 29 2. ELMo (Gardner 5
[42]) EKT =%ty bOET—F THEFEHELZODZHHT 5.

Zhttps://www.ncbi.nlm.nih.gov/pubmed/
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£ 4.2: R 7 R v 7 FIOEEOFEMERE

2 \ fiid
PAITRGS SGD
Ny FH A4 X 10
EAVEY L 0.0
FHEE 0.01
Fay 777k 0.5
RINF XY v THEEIR Y 78 10
1 F#BHz) DRy 7 10
k 2
o 5.0
B 5.0
n 0.5

HAGEZRTL GloVe,CharRNN,ELMo

EA43: VT4 T4 - YU X v SOEEMEBRE

| EH

K

MIN _DISTANCE

5

MIN CHARACTER 7

KECFNF DA | 7 L

K44 PEEMEERICX %

s IRF O B ERIEE

%

|

W

u

0.001

Hk 7" 2 7 W& IA A

TransE

JIRI) T

k — means
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42 HRFE

4.2.1 Linear-Chain BiLSTM-CRF

Linear-Chain BiILSTM-CRF (Lample & [13] Y@L L7z € 7 )V) Z&TOHGE
VTN TR L TUT 2, REIELEERIDO I VIO & T
5, Ff, ZiEiEilc, 3=V FT—=Y CHEELGEOWRE L DT % 72
O, =V FT—=FTH¥ELLET VORI HIT).

4.2.2 Multi Label BiLSTM-CRF

Multi Label BILSTM-CRF (Jie & [32] MRE L 7€ T V) EAWFEDOR— R €
FTNLTHY, BRELEBEERICIZS Y VI, ZOMOBEEICIZ< LT T
)Lz LT 2

423 RBERETI

AWFFETlE, Ours-Linking, Ours-Fixed, Ours-All D 3 DD FiEZ2 LT 5. Ours-
Linking (FFFEBEEMGEERZEMNET, Vv ¥ v 7ERO A THEAMNIT 21T
75T\ 3%, Ours-Fixed aff Tl&, FHDOETITHD o, B DA ZITHT, HIk
[HE LT3, Ours-All T, RELARTOEEZHEHL RS, FLO5L,
FA5DEHITh 3,

# 4.5 PR E TV DOBERE Lk

’ Model ‘ Decreasing of3 ‘ Entity Linking ‘ Hierarchical Structure
Ours-Linking O O X
Ours-Fixed o8 X O O
Ours-All O O O

728, Multi Label BILSTM-CRF & 2 4€ 7 LML TIX, Jie 5 [32] 1I2fiE-
7o, BARIICIX, K320 k915, Z2NZNo5EEEICE T, REFS 7 [H
AFEBIEIB,LE, S, ZOMtlZ0 IRV ELTHEEL, BonfERez L F I
IVIESR A q DRI LIS R $ %,
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43 HEREFER

4.3.1 EFRFAZHEEDLLE

EARBMEER p =05 TOEEMREEZ, 7—F Xy Milllg, £46~% 48
WZRT. £7, RERTF—FYTH¥ELER—Z 54 I2DOWTIE, Linear Chain
BiLSTM-CRF %, Precision 23/ {, Recall 23K\>, Multi Label BILSTM-CRF I3,
Precision 23K {, Recall ’E\>., 26 DR—A T 4 v ER-ETHD Ours-All %
Lt 4 % &, Linear Chain BILSTM-CRF & @ Lt TlZ, Precision 1Z{E& T3 %D
D, Recall iZRKMEICIA EL 72, FERMIZ, Fl CREFED ER-7, 7, Mult
Label BILSTM-CRF & D i ¢l&, Recall IZE T3 % DD, Precision 1 KIEIC
M EL 7%, RN, FlLIZBWT, 37—=%%y b, 275=%k vy T, E
FEB ERl> 72, RIZ, REFEOEIMEZAFICLE TV FT—FTHEL
S a e b HIRL 72, REFILEOEBRETIET? /7 —2 a VPIABEeETH 51
LD LT, TV FT—FTOHEHETIVITHS RIS S N,

DEXD, AT —2I1c8l) 5, [EEREEEROFE T 2REF RO
k% e 7,

4.3.2 FEEITICHED af B2 DEHR

Ours-Fixed aff & Ours-All DL X 0, EEETITH D af WP BER)72 &7
> 7z, Ours-Fixed o8 | Precision 23FEF IC 2%, Recall 2ME T L, Z Ut
WEF1 BV, Z4UTX L, Ours-All 13 Precision (% Ours-Fixed a8 (£ &5 < 137\
73, Recall 3=\, FEHIVIZ, Ours-Fixed aff & D Ours-All D5 23F1 235025 7z,

433 HERERSHFHEOMR

REFERY v % v 7iEm e FFEEEREERD 2 2O ERZ TRkl L T
W3, 22T, INsDERDCTODHNARECHFLL TR 200200 L
7o, BRI, Vv x v Z1EHD A% 7% Ours-Linking & FFE 2R S G 15
WMOMH L 7 Ours-All Z g HEER L 7=, fER LD, Vrd v 7 EROHEILA
5N 5D, FHEEEMGEROEIZIR S Nk o7, w2 X Ours-All D
7373 Ours-Linking & O ¥ Precision 28 < % 4. L2 L, &6 N7 EBAETIX
Ours-Linking D5 23&202{, 37—% %y b, 27 —%+% v b, Ours-Linking
DITISFL DI T W7z,
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% 4.6: BC5CDR

Annotation | Precision | Recall | Fl1
Linear Chain BiLSTM-CRF Gold 88.18 87.58 | 87.88
Linear Chain BiLSTM-CRF | Incomplete | 78.79 74.63 | 76.65
Multi Label BILSTM-CRF | Incomplete | 74.03 85.51 | 79.35
Ours-Linking Incomplete | 81.06 83.80 | 82.41
Ours-Fixed a Incomplete 84.01 78.78 | 81.31
Ours-All Incomplete 80.50 84.63 | 82.51

7 4.7: NCBI-Disease

Annotation | Precision | Recall | F1
Linear Chain BiLSTM-CRF Gold 81.95 82.29 | 82.12
Linear Chain BiLSTM-CRF | Incomplete 82.09 60.62 | 69.74
Multi Label BILSTM-CRF | Incomplete | 72.54 77.60 | 74.99
Ours-Linking Incomplete | 79.46 76.15 | 77.77
Ours-Fixed a Incomplete 80.48 63.13 | 70.75
Ours-All Incomplete 77.42 76.77 | 77.09

# 4.8: CHEMDNER

Annotation | Precision | Recall | F1
Linear Chain BiLSTM-CRF Gold 89.37 85.57 | 87.43
Linear Chain BiLSTM-CRF | Incomplete 89.46 66.39 | 76.21
Multi Label BILSTM-CRF | Incomplete | 77.06 81.17 | 79.06
Ours-Linking Incomplete | 80.75 78.33 | 79.52
Ours-Fixed a Incomplete 83.47 72.87 | 77.82
Ours-All Incomplete 79.63 78.21 | 78.91
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BSE O

51 ZFEETICHES a B4 & Recall [ EDER

Ours-Fixed Tl aff FE L 72DI%f LT, Ours-All TIEFEEY T, ~EHDHEST
RV EE, EF AL FHIOD Recall Z 18] EX¥ 72, 22T, IRFED 124
HEFTIZHES T Recall XA EL TW 20 %2RNS 728, X—ZF 7 )L Multi Label
BiLSTM-CRF, ##ZTF1k Ours-Fixed, 2L Tk Ours-All D a2 f1-o7-. H
RIIZIE, 3 D2DFEICE VT, FHDHEITIZE ) Precision, Recall, F1 D22t %
fim L, S DHEST & Recall DA EOMHBICOWTHIT L7z, K5.1~53 17—
%% v b BCSCDR CTOHEEER, X5.4~5.6137—%+% v k NCBI-Disease T
FERRER, X 5.7~591%57—% kv + CHEMDNER T®)EEfER %2R T,

ERPE TR, 24T Ours-Fixed, Ours-All & & IZ Precision TX— A €T )L
Z BlRlo 7, FEEERICB W TIE, FRETFIE Ours-Fixed 1% Recall 23— A €7 )L
LI L TR, BRRTE Ours-All 13 of DIEAIZ & 1) Recall 25 B L, ~—
ZAETINEFRBEECRELZ, DEXD, KFHED, FEETICHES 7 Recall
M ERRINTWB EThoT:.

52 REFEOHRLEFTRIRMESE p OBER

RETHEORE p DBFBRZHRS 20, B2 p=0.1,02,...,0.9] TEE%
frotz. HEEFEIZX— A€ 5 )L Multi Label BILSTM-CRF & 24 F1% Ours-All,
7—%%v ;I BC5CDR Z i L 7. #5HR %X 5.10~5.12 (27”7, Precision D
ek, 2% p BRICHITFIEEDLELMEHE B> TED, FIRETIE
BRX—ZE 7))V % L5 7, Recall DHETIE, MFELE S p=0.1IKETIEHHE
PMEL, p=03ZFTERL, p=04 IEIZLE L MlHEZ R L7, p=0.3D
T, R=ZAETIVDHIE Recall Z7n L7223, p =0.4 DIFEETIE, MFiE
WCRELRZRBHA NG >7. Fl DHEETIE, p=0.3LLFTlE, Recall tHED
WELERE(RT, R=RAETLVOAPEHEZ R L7, —F, p=04DFET
I, Precision MR DMt Z K& { Z 1), REFEOITVEEE TR L 7%,



b, a—2XolEAREMBERS—EKEL D EWGA, RETEVPE
Wiz & axirot,
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Precision

90

70

65

60

55

50

bc5cdr F1

a0 T T T T T T
85 i
75 i
o 70} ]
65 |- i
60 - i
P, base
351 v v fixed :
e—e variable
50 i i I I I I I I
1 2 3 4 5 6 7 8 9 10
Epochs
5.1: BC5CDR F1
bc5cdr Precision %0 bc5cdr Recall

- base
v ¥ fixed
e—e variable

2 3 4 5 6 7 8 9

Epochs

5.2: BC5CDR Precision

10

29

rl v v fixed

- base

e—e variable

2 3 4 5 6 7 8
Epochs

5.3: BC5CDR Recall

10



Precision

©
S

)
o

@
S

~
G

~
=

@
@

a
S

w
&

I
S

90

85}

-« base
v v fixed |
e—e variable

60 - R
551 .
50 i I I I I I I I
1 2 3 4 5 6 7 8 9 10
Epochs
5.4: NCBI-Disease F1
nchi Precision 20 ncbi Recall
+ base
85 v v fixed
e—e variable
80
- base
v v fixed
e—e vatiable
2 3 5 6 7 8 9 10 " T s 6 7 8 9 10
Epochs Epochs

5.5: NCBI-Disease Precision

30

5.6: NCBI-Disease Recall



Precision

90 | | | chelmdnerl F1l

+-+ base

851 v v fixed i
e—e Vvariable

65 i

60 + i

55t R

50 I I I I I I I I

1 2 3 4 5 6 7 8 9 10
Epochs
),
5.7: CHEMDNER F1
%0 chemdner Precision %0 chemdner Recall
- base
851 v v fixed
e—e variable

75
70
65
60

- base
S5H w v fixed 1 551

e—e variable
50 n n L L L L L L 50 L L L L L L L L
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

Epochs Epochs

5.8: CHEMDNER Precision 5.9: CHEMDNER Recall
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F1

100

bc5cdr F1

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

5.10: [HARBIMEHER p & Fl

bc5cdr Precision

100 100 bc5cdr Recall
e« base e+ base
e—e ours *—e ours
80 80 .
60 60
c
2 =
&
40 40
20 20
0 0
0.1 0.2 0.4 0.5 0.6 0.7 0.8 0.9 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
r

5.11: [ RBIMEHER p & Precision 5.12: B RBIMEHEE p & Recall
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F6E Hbbic

601 %I:I nff

AT — ¥ TOME R TIE, EHI 2 T4 Recall [l L3R EEZ - 72,
gﬁ,mmﬂﬁh%ﬁhbkm—x%?wﬁﬁ,Mmﬂﬁiﬁﬁ@ﬁﬁk%@@
Precision M& N9 AR H -7z, 2 2T, REFIETIE, XR—RAE TN D Recall
ZREF L DD, Precision DUEZ AT, EBFER LD, %%ﬁzﬁé ¥ Recall 75:%
FiL D7, Precision #i{FETE, I 6I1T1F, I—)V FF =418 % BakM6E
i, DLbEED, AEeT—2IcE8l) 5, ARG HEI ﬁ?%%ﬁiﬁ
DEMMEZ R, AHEOEMB X MG oNAEEZUTICE LD S,

o TEHEMICK 2, KM EHERGOFEAMNITFELZREL .
o BETHENIT =¥y, 27—ty FT, X=2A74 % kHo7,

o REFEIZ 1) v ¥ v /HRICHE S CEAMIT ) & THFEREEEIER R I
B CHARMNT ) D2 ODEREM D SRS 1%,

o YUV IERICHED CHARMNIT ) ZAR - 708, TR PEERE T
IEED CEHAMT ) ORIRIBRENTE > 7.

6.2 EBE

AHRDBEZDTICE LD S,

e U VX VT DADETINDITH ﬁ?iﬁ LG REFHLZzET L ED D
Precision 222727235, ZHUIHEGRNICAEHARTH D, SBRONTVBHETH 5.

o WHICK Z2HEAMIFMUMGEZHET S, BE 257474V vFv
7 b THEEREREERERIC X 2 EAMT ) BRI TH I Tw 503, 5
BIZINS DM EZHIIITAS L) ICKRET 5,



o AW TIX, HEEXR DA TH ZMED S, v LF I —FE2 V7L
7 — R E L THRBIICY v X LB D, KEWICIX, < LT —
FZEZETETWVARW, LaL, ZNTIE-LF7—F2HD ZIXJHE
BHb, 2T, SHBIE VX IR, HESHEIY A D 2N T L T
{ZET, RVFI—FDY X7 %179,
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o BF

INARMGEIZ, FriRHEBEz, HERER 2B IR PES T, PR
BIIHHERE R THE 2 VW icidwic, RES AT MMBEYFAFEE ORREHH
2 LN E D 6 1%, EmBl AT OREICETUE 2w, B
B SERME IR R I 7 0 72 292388, WG EIC i, pige=
TOAEMEH TEMERIC k> 7z, MRS TIHMES 2AZE, FHl, BREICE I,

PWLZN= T 4 ALy v Y PO TIESIE T — < ICHD
7, Professor Sebastian Riedel, Lecturer Pontus Stenetorp 2> 5 B8 2\ 72 72\ 7z,
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