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WE: NAEHOSNESE T MANEARLLEHETALS R, BRLBLLEELE, TN ALEHRFTHERK
HE AR, AT RN XM, BAAIFEFRHEMBER, RE—FATRKEHN LI EZE HIH G E
EAYZRBHER, GEMIARETAEFH LT INEFERA. ZHEAVBIINNEEANN, FERZEA
EPELSARNELMENEEEELE TA, BEBALTXHBATHPRET LA EF, #H3ET LHEILX 83
L E A, KRB, RA A KA MITIC ik 64 A )3 A 2 M % (Long Short-Term Memory Tree Recurrent Neural
Network, Tree-LSTM) BEA! Sk 4 o 64 A F S A& R I8 B AFAE, S IR IH F RE 45 L Loh 4 R a5
EHMETXAT. A ATRIRAFTETXTENM AL LMY XERLLEOH h, IINEZIHERFZER
% (Attention-based Convolutional Neural Network, ACNN), £ %2 T &2l ik L L P a9 R4 45. X
FFRXEEBREB AT AF R ES I TAASCLRMXGIFIL, AR HE AN FRERAN. £
Semeval 2013 Task 12 3 UH B K BE L, Z LR BB A RIFT 88.04% 8 Fl-score, K THA LARAREF I
BEAD, BRGE T 3 K k0 Ak,
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and their structures, mining their semantic information, and effectively disambiguating prepositional
structures. To address this challenge, this paper proposes an ACNN-Tree-LSTM model that combines ar-
tificial intelligence and neural network techniques, aiming to solve the problem of context-based preposi-
tion disambiguation in natural language processing. The core idea is to introduce an attention mechanism
to focus the model's attention on key information in the context, which is relevant to the meaning of the
preposition. In this study, the context parsing tree and context word embeddings were first embedded to
capture the semantic relationships between context words. Then, the Tree-LSTM model was utilized to
generate hidden features for each node in the tree, and the context representation of tree nodes was compu-
ted by recursively tracking propagation along different branches of the tree. Finally, to reduce the influ-
ence of noise on key information related to the meaning of the preposition in the context, an attention
mechanism was introduced to enable the model to focus on the crucial parts of the reference document that
require disambiguation. This approach allows the model to automatically select and pay attention to the
vocabulary mostly relevant to the current prepositional meaning, thereby improving disambiguation accu-
racy. Experimental results on the Semeval 2013 Task 12 Word Sense Disambiguation dataset demonstrated
that the proposed model achieved an Fl-score of 88.04% . outperforming existing mainstream deep learn-
ing models and validating the effectiveness of the proposed approach.

Key words: artificial intelligence; neural networks; preposition disambiguation; deep learning; attention
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Bt N\ T R AU 0 VA & 8 . AR IE 5 AL B (Natural Language Processing, NLP)fE h— /> 8 % iy
WFIE Iy W Z 5 T 72 K. NLP B M5 LAE 0SB fie Ak 35, Hop bR Selfig e Hoh — A B
WAE . EARIES T, 7 X (Word Sense Disambiguation, WSD)Z 5| #2 THFE H TR0 6.

F T 20 0 45 i K O AR LR PR LA BE 0, R VR 2 I B 02 T ) I L il ] A e A 3
TFATRARLRE o X RARIC A 3R T K 42 993012 (Long Short-Term Memory, LSTM) 5% 45 447 5 13 ik
LRGBS TIN . Arshey 55 3 FH 22 SCIRISB4E 09 4 ARl A 3R il AN SCAE M RRAE L i PR AR &
B2 (Deep Belief Networks, DBN) I 1. Chauhan 255§ 3 B 24 5 8080 1 T3 SO B B4
4 FE ARABLRE (1 SCRY . A T W B FUIN 2 i B A P B 2 M 1 Bl g T O 2 T W R SCRY R L IR R R AT I
PEL R TR SOARE SO R B . T IR A W Ak E— B HR RS X, (A IR S A S RS A S
H B HE T % ). Loureiro 457 ) HE 8 XA K J6 11042 9 4% (Bidirectional Long Short-Term Memory,
Bi-LSTM) (1 XUE S FENLH] . N B F SCRRAE | 18] SCHE AR FRAE 55 5 T 1 H 550 38) S22 ] A Gk, SR, i s AU )
T AT BRI BRI . BA % RSO B R AR, Li & RIS XU LSTM g i Sl 4% 7 482 & (4 iail 41
2 FUAS i SCAS A 8L I8 48 B 22 M 4% (Convolutional Neural Network, CNN) 5 4i k7 B 2670 1 45 4 1L (5
SR A G A X SR SCRY AT AR S R AR S A X R (AR TR I ST e L 5 e ) S AR O 4
o MBI TE A 5 RS B EOHE B P S 5 R R R SRR — B . Bk VAT B TR T A SO
(0 O 3% 4. T B Kruskal B89k . il G 6F 348 92 550 00 0 3 81 f#% e MINTREE (B 1 1 3] S 15 H A7)
7)1, IF0EH Word2vec i B S 712 ok 58 BUSCAR R i Ak 3. 0D i A B4 ) 1] dek 5 1) AR B — — X i
AR 2 W [) — 1) 7 AN [ 8 B P A BU S . Alokaili 25— AN B 45 k43 HE 2 o0 T4 AR (L B AR 6 A 52 1A
AT B 52 SC, At AT T — A 1) SCIH I HE SR 47 JR ABE A P 94 R S AR TR, -t P A 230 ) A5 2R O 3 26 A O
(0 ) AT TR0 . AR, 7R AL B S0 NLP AF 55 i SCA AL & 1A FIAR A X A, A8 3 AL e vk 3R A5
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A g T B RV E TR AR O, EEDE S R WA A, e M R R IR — 2k
Pk 7m ial 5 Al B Z [5G 28, A IRl BE AR A 3 o 7 S A S ) 3 ) A R A TR LT AR R
FEA) T B . AN FEIEIE . R S MREEA SR IS ], Mo am PR T 2 R T aUEE.

BRSO Y B R B AR T, EAE 2 NLP AL 55 R 6 G A 0, BB AIE i L T OB A L BL
e AR B R A MERR U B R SO IR A SON Tk S 55 i M RE RSO BT R S AR,
TSRS e 22 SV B SO TR BT SR e — A B PRk 1R 4 A BE S T AR AR AL 4
AR HE T RO RN GE 31 1 5 125 by 3 2607 VR OB T T AR TR RN T SCR RO R T HAE R AR BR
SCHEIE R RE ST BE b, X S8 T7 R AR A JC 1k 58 20 M R LR Bt AR J3E 2 T O O 38, DR G A Ak B A 2 i S
Yy 5 AT AE — 7€ 19 Jr BR 1.

N TR BRI, A SCES A N T RE IR R 48 BOR 3R — B AT IR I A R T R T HLA Y
325 U1 o 22 [0 2 A5 8 C ACNIN-Tree- LSTM) I T R SCA 1) 1 B, 15 70l ok 9% B2 2 T B B A B T, 48 v 7
AT 55 B MERR PERIZ AL RE J). SERG B0 IE T AS SORE R RE S T 4 3t ) FH BB SCAE L, IR AT RO i 2R 1 9 il B €
[P gk g Al 5l B 4 TR 2 R A DR R ) ST BB AR T LR AR R R AR SOREIAE R S0 1]
T BT 55 v HAT AR W] A P .

AR SCHIBETEHA LT JLAS 5 B 3 S

Ti AR s AR SCIRR IS T — Pl B 10 56 T N TR M 22 2% 19 B8 SO I I B 07 ¥ A Tree-
LSTM AE 2 3CA 7+ il i B 28 U o 28 0 4 4l 0030 SCAR 8L BN A 8 T LA R i — 28 2 ST R ik £ L.
I ERG R 2 I B R SCE B ES &, TR0 1 0 B SR A T — OB B gtk 7 52, RO BR SCRE AR
1T 55 B9 AIF 52 MUSE A B2 3L 130 Y 8L B

PR AT S5 MERRYE . AR ST 7 ik B4R o LR SO T AT 55 A R M. 8 A T o R TR BE 2 ST B
A RE I ANZARRE J1 . ST R T AT 55 A DRI AR 1R 0328, DI i e A A A 55 1 o i 12

1 ERERIR
1.1 NRABEREEXSH

FEYETE fr . A1) BT 2 o BT B TR L A2 A T RN T A ) S L R, 7R TR U T P & AR
FHYT, Bl . at, by, in. of. for. off. from S fRIHLAY A3, & A A Tl f— S i) R — A~ gl i) s 25 1 41
B [ SE S TE . B AT A SO AR RS B BT R R & X, Bl A according to, because of, in front of,
from under 5§, %715 A1) &t 224> 1a) 4 0 A [ 8 B0 . E IR LR — S TR AL A A 1 AT DL A
il A s A 4LA, BN, at first, on time. in school 4.

S i3l H B 2 A S0, HEAR S IR T 1R SCRIESE. BN, A FCT ran_ the park”H, A
“through” Ml*to” i) % L 5E A, 435 R 28 " Fn“ 2] 3k 7 A 2 JEL

R SO A R AR AR 45 R e A I AR SO S5, Bilan .

“Buy a car with a steering wheel”.

AP R4 1) S5 3 “ with a steering whee” B M T 441 “a car”. FEIZA) P, 1E 0 A4 BRAR 2 AT % 3K —
A7 ) SRV AN SR U AT 32 T 1) 8 A A W) S IR 2 1 38 ) A AF

TR SO L S A) R AL R AR — AR ), FEAS TR X R A 2R A . nE 1, B2 W
il 0.

FEE 1A 1, i i with a fork™ B 7E 21 “eats” b R TR IEM THOLF). B 2
A F 2 BEREMF 55— F AR/, EZAE 1 RE 2 gL R Rm T LA b, B
T A A AR KA. ARl 15 with apple” AMEMITE Shia) b, WiJ& B 78 4 17 “ pizza” I, 7R AR —
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R R Y GEAD.
PRI, A BAR b T SO 1A /Y S SOR T IR B A AT ) TR T LR G E
BA
BiA 1A
She
1A EH HRfEE
eats pizza with a fork
1 aF1
BA
BiA 1A
. /\
cats £
pizza MRS
with apple
B2 fAF2

1.2 iREEFRIER
12,1 AR T AN 6y A 38 0 B o ok

T B B 5 32 R FH 3 1 R0 D0) 1) 7 30k 2R i e A 1) 9 O () AL R T B I 4 e M T T T SR R U] A
TR VR, 38 G R HE SR A A 3R B L. R Sy R TE /N I R R R A, BAER iR LR
T A3 N fiE AT BR.

LR T R DU ) 7 A ) S v R DU R i A R SC. RS AR A R B s AR
i, T A, T3 RS E SCE X, SRS ARYE LR SCHEATITES. SR, XA T IR E KRR
N LIEAERE MR I EE Lz A6 358 i 1 R 5 .

1.2.2 AT eA-3 87 &

GEit 7 ik G T AL RIAIL &% 2 o 53 R Al DA TR B R R, B TG O 15 2 R TR T
FRAGHLES 2 > J7 ik o 3 I e B AN AR RS AE SR VI 25 o0 2 2R E AT I BE L 28 0 0 R T T T A AR AE
FURFIEIE RS . BRI T AR & %18 S350 T 1 R 1 A1z b e

FEAE TR 0 7 U3l H 225 08 B R SO R Ak A R R R UfE BUAEREAE. Filan, mT L% R B R S
I L A . TR SCHET H R RN SRR, SRS, B O B RGP RRAE T AL AR 2 S Bk, ISR
] i ML (Support Vector Machine, SVM) BUAMNE DI i3 4328 248 5 347 78 1.

L2.3 ATRESF TGN EET %
AR, BEE N T RE . M M ORI 2GR, BE T IR 7 2] 19 J7 ik AR 1Al 1 B )8 b JiAs 1 2 25 10
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PERE. 4y ik W R R SCEORNE SCfE B AN AR 2 45 BN ZRad R AR, NI ST T X B R S
A1) B SR MER I, EEE A ST, T 28 X 45 A Transformer %5 HLA 38 K (Y R AERE S N2 2T fiE Ty, fE
i I\ RIS R T 2 2] B2 A i A L.

—FhE R R O 2005 5 8L, sk B Transformers M XA 4 15 %% % 78 (Bidirectional En-
coder Representations from Transformers., BERT) , i i JG Wi B 2% 2 J5 22 > 1) [ 1 FiF 5 55000, SRS 7F
AT 55 LaE AT 008, BERT B fE % 58 i U L F SCfF 8R4, i3 21038105 19 3 & 15 SCRoRY . i
EHT17E BERT #ER A SE Al b 4T T e alb Rk, an s FAS ) 1) 7 78 1 WL R I 45 254 D)4 R A AL 7 |
S0 SO AT 4 R pEfRE .

BR T BERT, & A H At 5 T T8 B2 2 > BB B0 H T A 800 B AT 55, an s ARl & M 2% (CNIND | i 36 #i
25 M 4 (Recurrent Neural Network, RNN) | K45 1012 M 4 (LSTM) 4. 3 64 AL o 22 22 Bl 28 9 25 45
F, RRASAHHE LN SCHY R AR OC R IR MR G & . DTG B 4 b 3 LR SCrb AR Y o A S

PeAh, —SERF oY TAE IR 23508 T 2 LW ST 1T SO BT 55 . B L AR 6% B s 1ok i 2
JIEE T TECHEE B b A5 B TSR B AT B AR 1 SO Ay, a5 AR I HLE, R E RS
HE A 42 2] R SCrh S A SOHICRME B, B AR AL Y I I R

2 ARXFE
2.1 ETFXRT

Fif 38 U5 48 22 X 45 (Tree-RNN, TNND U™ g 51 A F I SCAR (1935 75 45 40 o 4 ) F 6. 3o 315 7 4 %
TEF 1 ALY CAER P 200G 1) s WERE TSI AC T iy 3RR DL EOH 5 & BV 3 4. SR 5 04 0
WAL XA R, AT DARAR R 1 RN, AR SO i AT S T2 12 T B 1 A 3k VA Rl 28 9 4% (Long Short-
Term Memory Tree Recurrent Neural Network, Tree-LSTM) 4% FF X5 8., LM{EE T E/NTEMN
5 S BR ARAT T 1) CAR LT R R, 5 TNN #420f . LSTM if A fifi & i 6] (19 3 8 28 B8 )7 715 B, TNN
AR RNN R AR, B Mg, RNN T Z5eHi 0 BT SORMR T, I HLl % 2 1l 3R 2 o) 5
il Z R EJE — DAL 5 RNN ANE, TNN U] RO /e b 358 53 R 1 20 T 1 5 25 M i 45 4.

Tree-LSTM #5511y H 5 e 3 2 328 V9 iy B 3 A o AN T3] 20 S b B9 A5 48 R ISR AR 1Y sl i R 2R R. 7 Tree-
LSTM 544, A5 — A~ Bia) i 3068, 1L ) — A FRRl IR, DU R i B i) 5 1T SC 1) 5 19 A 5G4 L JH At 0 35)
TR, WHE 3 Frx, AJF“1 moved into my flat on the 21st of last month. (F F/~H 21 H#k# 7FHR A
D FEXRCRA M, BRI ER RO A, EETANARRENZENIHEEXRR. EE
] “into” “on” “of "7 AR LY b 3CIA] B v AT F s,

LFTxmE

I moved into my flat on the 21st of last month

B 3 Tree-LSTM % #4 ] 5l
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FE 1R SCFRR R, AT B SCEATA R R SCiE . 1 e GloVe AR Ay inl ) i, SRS il
J Stanford Parser 17553 BT 45 K St i Bt ik AJS . I 3E X Tree- LSTM Sy B o i 4 4> 5 o Az 100 et i
FRAE. FEIXA R AT AR 2 i U5 b Ak B 7 s AE B SRR TR A O Y ROBCIR S AL A LT
AT A 8 R R A A7) 3 SO B SC ) i
2.2 NHEMBRART
FEAE L X Tree- LSTM ZJ5 o MRS F 15 #0035 288 I M i+ 58 3 i35 sl iy 1R SCERoR . sl 4 s,
A B Ttk

SR A B

PINCIEZN

B 4 TR R TR

TR BESCRE AR SR SE A 3 BT, S SO T A T T BIL Y s AR 28 0 2% CCNIND A 2 i 3 2679 5%
fr B, CONIN 75 &b 2 45 I B 96 A7 280 £12 3 BAT A8 M AN S Ve YRR AE. Tl A 25, I CNIN S SO
Az B I A R R Y . AR SO B IE 2R M B T (ReLUD AR R 3IE H0oT, T 45 R S o R b b d 45 &, SR,
CNN JCiE A 3R SR v O B BT RET 0. 1A M A e AR OG5 B2, I T — Rk ML, LA A Y
L TE T B BRIBSCAY AR OG5 B B2

X A e il 3R 23 0T TR s AR S A BRUZ i ) T R A R Ok B AL A A DU TR A OB R . il R
71N 3 o A ) () 1) [ P S AR TR 6T SCR R A o o T A 15 A 3] il 3R 1 R R 3 B AR R i o
SO Hh B AL AR
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2.3 EBRTF
SRR E S B0 g A i 4R AR 2 R AL A5 L. DAL S B 7 43 AT 55 i xd B AR AT T A0 ORI 43 R4 20—
Rk, EFESEAES oI AT 20 F K BUE MBOY 53 052, A543 28T HA RS o vE e an b, i,
XEF B IAT 55 . AT LK HARE— 2B A5y A R sy . RS, S5 ORI AR E 43 2 AT LA OfE
B AL H AR B RRAE RUR P, IR AT W I UE B, W 5 ATE 2 A 4R R R, W] L) Ry S S AR
(R HERR ML RN X 2 B8 0, fTHRE RS DAy B AR AE B H AR, O T 8 A 18], A SO H] B AR 36 5 AL BT
HA (Natural Language Toolkit, NLTK) , iXJ&—% I Python . &4 T 5 M SCR L BLIIGE , (345
AR R EAR TE 4, A TR AT S R B S . NLTK SRy 484 e A 17 0R [0 — 2128 8, SR 5 i 45 Fb
T 55 A 1) R OC I HE R
ARG E T SCME B E A AR 2 A i P — AR R G, R T AN Y G A
2 AT IR Sk T ) 40 L 2 L
2.4 SriEiHE
FE AT A 1) 71 1B (Preposition Disambiguation, PD) RSEZ Hil» A% 30T B2 Az L — 28 5 6 A i), 3 26 i 1
A SR A . BEATEZ AT R TT AL T B 445 3] T AR, T 28 S SO o R A A R
B, AR SO A AIDREBE 50 2 A 1) 22 1) 58 SCHIRLPE. 20 QD RRFAE F (w . o) 3278 15 SCARBLEE (1Y
ZARIE.
F(w, e) =[cos(w,, e.)s cos(w, s e,)s cos(w, s e,)s cos(w, s e.)
cosCw, s e,)s cosCwys e,) s cos(w, s e.)s cos(w, s e,)s coslw, s e,) ] (O
A DI T A ] i w Fle 2 [0 N[5 21 08 40 1 AR 3% AR RLEE . HARSR UL w e B4 e A
W F2H R4, A BIARIC R w, sw,sw, Fle ey e, 30 PD FR S8 5 253 BO% S 1 43 BRI SCAR BLEE 43
B, SR, Vebk i 245 43 B i (0 B A 1) 4 D T 8 R e 1) 4% 21
2.5 B
BT TNN F 8 5 5 Bk R R AT, LA Sk £ BRNN-CNN R 40, i1 T PD A58 U B o 25
2%, DRl o PD A 1 4 % ek O B/ 45 SR eR BOR #1711 5.
' —argmin L (2
Hib, 0 2 PDAEFSMSEIE, Ly HBKREL. ARSI BT, BifEie S8 o MR, 4
PR BREL L pp R BNE/ME. AR RIS HCh 07, BARER TR 5E U 1 S HCRES.
2.6 REMZEREA
AR Tree-LSTM Xf | F SCHS 40 AT 245, R Tree-LSTM 7E #7m K1) F 1918 X J7 1 26 B R 4F.
SCRY S 43 A A P AL CACNND (¥ CNN GEAT S 5. S 17 1 o M 7 o SR 8 4 1) S 0wl , SR TR 2 )
AL S Al 3 A () T B A R A3, X T 2R R A3, AR A ) 28 A R G B A T 4R A — R A 2R
PLys /b B .
ZE o S N\ B 15 0 S I NS < ) 7 GO O N i TN~ VD 1 75 71 7 G N G < N
FERD) Z [\ i SO . i &l 5 7.
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I moved into my flat on the It | Tree- V.,
21st of last month LSTM

A

Since The company is far
from my home, I looked at a

flat last year that it was closer XY » A-CNN
to where I work, and planned
to move into it when it was
renovated.
4 > 4
From, At, To, Into RE > RERG
» Cos(V,Ve)
I moved into my flat on the ' o Tree- v
21st of last month X 7| LSTM :
Because the flat has been
renovated, I moved into my = » A-CNN |

flat on the 21st of last month

Into, On, Of By} NLTK

A\ 4

B 5 ASCIRREERS FRE RS Y 18 3 b 77 AR

3 XBREITEER
3.1 HiE&

TEAT VAT B, H FTIE B % T AT XA 30 8 s i ) e v o S B B8 BRI, AR SCIE 3 T — A T
i) T I BB A2 Semeval 2013 Task 12. Semeval 2013 Task 12 CHUHE 4 52 32 SCiE R EE PR . iZ 808
AL 10 000 AARIC AT I B . o 5 134 ATl 4 866 I TlIX. Semeval 2013 Task 12
B EE S T 28 KN, WHhghin . 416, B 4 ia).
3.2 EMIER

T BERUAE A 1) T BAT 55 R PR BE . AS SO RS FE (Precision, P) . A [ % (Recall, R) 1 F1-
Score V£ RPN HEIR. HARTFREMA ) ) G s,

TP
P*TP+FP (3
TP
R*TP+FN -
2X P XR

Horp, TP g BRI N I 28 IEAEA ; TN g R T o T 28 i SR A s FP Sl gl B T800 4y 1F
B IAEA ; FN g B F0N Sy 61 28 1) 1E R AR
3.3 EWERSW

AR SCHE RS AE bR S0 1 9 AT 45 b 5 At 2 i B TR 2% S B (Word2vee-BILSTMY'™ | XLNet
BERT"" | Pre-trained BERT"“) 47 T H4&, 7E 3 M hsEdEAn LA XT &5 R W& 6 iR,

K 6 H, XF Word2vec-BiLSTM, HIGE P K 75.76% ., HIIFE R K 75.63%., F1{HH 78.82% ., {i
R AR 09 A AT LA B AR RN SCAS s L AL B R R, A B A P iR U R, 5
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Word2vec-BiLSTM #f L, , Pre-trained BERT H1id] Z [0 f§ 3¢ RAE P, R. F1 J 4 & & 1 3.47%.
3.74% M 1. 26 %. KA BERT Az sl i ] 1) £ 2 s A5 00, AT LUK Sa] 1) 22 SO0 AT G0, 8 08 o ofE 1 b Ji
B3] 75 24 Fif i SO i SEBR & SC. XLNet BERT 5@ o 5 FH 4 408 b A6 R e R b Ak il 7 AiE R 3205 SCR. ek
th Ak 4 BSOS v i E B R AE 5 Y T 2 R AR I Y B AT 1 SUAE S IZ A Y EAH HL Pre-trained BERT
BRKAES . 251 6.80% . 6.47% . 5.35%. MiASCHERIM P, R, F1{H4%14 89.25% . 88.76% .
89.58% » 5 T Hi AT X HLASE AL, 33 RO AR SCBE i ] Tree-LSTM {0 SCA R . 38 a8 B 326 51 Aoft 28 190 445 3l
A SUE B FFEIN B B LR UE— 202 SRR IEAR B A2 S Pk, o A N AR TE
T SO AU, DL A M AR AT 18 SCHOE DG &L kA, AR SCBEALE AR IR R /N3, 4, 50 45 B Ok $2 L
BERT % th 09 SCATE XAE B, R B IE L E 5090 (ReL U ME R 380 270 . I 45 B 15 55 A w1k A 45 4 5k 07
Bt QORT N (= < W B U B L i 0y e WOl N WD S @ e 8 (1 R B A U DS T S B (=S W =2
P 6 mTT, A SCHE A ELAT I B MU AR T p 2e I 4L AE B SCAY TR AT 45 P RS T BT E AR
RUTE A (S22 0, B0 TE T R A A sk

100 N
W Word2vec-BiILSTM  m Pre-trained BERT m XLNet BERT m A #EH

%

BE®) AEERE) FlE
6 FRREEHEAEIMRABRENESR

R T HE— R SCHR 1Y Tree LSTM 5 AU rby (19 bt 28 ) 2% 55 TR BE 2 > B RL X B R SO 13 8 1 A
R A3 A8 FH 25 20 380 BT A 80 B B R /N IR AT T il 52 56 0 AT
3.3.1 37 FxrEBiakedHen

2 2] % (Learning rate) fU3& T #2504 i B A (R] 4fE B8 RN M5 B RABLM S 2. 2% 2 B A O W B 2 ) DL R iR
JE 2] E B S, Yo B E AR R BRI S B R 3 e/ L R AT BSOS B ML 2 2] 302 Bt
PERERY S HZ — B35 1954 2] SERE S 1 H b pR CTE & 35 10 I ) 9 W S 3 R i e /MBS TR ST ) 24 )
R I VE BRI SL IR, A SCAR ISR 0. 001, 0.0001, 0. 00005 2% 3] AT 5286, 45 SRtk 1 k.

F1 LBERREIEHHR

)R HEECP)Y/ % HABFER) /% FL{H/%
0. 001 84. 50 83.81 84. 00
0.000 1 88. 14 87.98 88. 04

0.000 05 85. 41 84. 06 84. 32

R 1A, 2222 K 0.000 1 B, ARSCEARIHCR R4, P. R, F1{H4r %0 88.14% . 87.98% .,
88.04%. BRI, X222 I NE] 0. 001 Bf, BIAIMZERL PO R, F1 430 FRET 3.64% ., 4.17% . 4.04%,
PR R 2 2 o Rt A, AR AR 2 B R B (5 BRI R S U8, IR BCR AN, 2% 20 %5 0. 000 05 B, #5
RIPEERTIE PR, F1 M FRET 2.73% . 3.92% . 3. 72%, B A4 ) KA, BRI D) R G
ARy et s Jokak B & i fe o, fr DLl i, A SCRE AL ) 5 2% 21 228 0..000 1.
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3.3.2 MH RMEN KBRS 0
T AR T 25 0 45 o B S S SR B A SORE R SR 2, 3 4, S
N 2 s,
R2 MHTRBERRER

LRI KEECP)/ % A (R)/ % F1{a/%
2 87.25 85. 30 85. 59
3 88. 14 87.98 88. 04
4 86. 62 86. 60 86. 61

WM 2 fros, MM 3 ARG, BRI R, MR AR E Y 2 i, AL P LR F1 4R
87.25% . 85.30% . 85.59% , MM FEHR M M TR 0.89% . 2.68% . 2.45% , 33X 42 P M A 5 5 1 Bl Kb,
BB TC 1 78 LA R 4. M1 B A B, BEB PR F1 4351k 86.62% . 86.60% . 86.61% .,
FHR 8 AR 43000 TR 1,522, 1.38% . 1. 43%. RXJZEH it Z W1 SR BUE UE B, REERESEA, &
IR RS /) 32 1
3.3.3 RE AR KD LIRS Y H

J TRV B RN KRR PR RE 52, AR SCEE R/ L2, 3. 40, [3, 4, 5]AI[4, 5, 6 JBRE,
SEER SR AN ER 3 R,

3 LKRARSRZANIYR

ESR AP NN K BE(P)Y/ % B EHRR) /% F118/%
[2,3, 4] 86. 94 86. 36 86.51
[3.4.5] 88. 14 87.98 88. 04
(4.5, 6] 86. 57 86. 04 86. 19

mk 3 iR, BEREKRNR3, 4, 5]8F, FAGKFIRAEMRE, PL R, F1 408 88.14% ., 87.98% .
88.04%. MBBE K/ N2, 3, AIF, B HEUN, MAFEZ B 03 8N, B2 BE AL 5 1 SOAR (R B,
FRAF AT BR . R AR T TG 1k 58 2 A ) F AU X BB ARAE, S P R F1 R 1.20% . 1.62% . 1.53%. 4
BREKRAN KA, 5, 6]0F, i T RS2 B 0 AR (b (45 4 R R AR B B, RSB AR AR 1) SCAS o AR B AR AR AR Y R
FoMgER, B E LR, BIAY PO R, F1 A FRET 1.57% . 1.94% . 1.85%.

4 Hig

VT AE R (R RIFTE S B, I8 SO I 0 B e A b 7 S 3R (ARGA) L A dm) L SR S5 T AL 0 T e AR )
S il (8 B SCTH B A BRI S O AT R TR AN SCHR I — Rl T TR BE 09 LT SO T O ik, SR A
ARSI A2 T BE R 38 U e 22 R 25 Y. 305 I AR A LSTM B9 TNN(Tree- LSTM) X | F SCH#EAT
B I T R AL P SC B AR L . DAl W R X A 0R  SCRY R . T 2 R e M A Sl . BERLRE S
FHAE 1 SO i JR) B A OG22 R SR OC 2R o B A b BILARE A ) A9 38 SO S 5] AU R D LT 8 % B M
Mo A 2 55 0 1) & SCARSC RO 5 8., NTIT 2 o 1 B PERE. S 3R 45 SRR B, AR SORE R0 7 o i 4 Rz AR RE ) O Tl B
APHANE. RSO GRRI BTSN RS T A 2R SRR &, HESH T B R SO T B R By it — 22 R
JEASLH. AN, AN SORE R 3 B B0 A 65 B P, RE A 1 VLA ) GOUURN i SC3% 5% R BT R oK. AR, &
AT 7 T 0 G2 T A Ak B SR M A 2% 0 S8 S5t AT A7 A — 5 I Bk Bl X mT BB R 3 T T ML A JR) BR A
B AR M BT TR HE— 2P PR SO R AL, AP TSR A 5 A TR BT R AP RE.
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