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Tri-training based cross-domain dependency parsing

LI Shuaike, LI Ying, LI Zhenghua™, ZHANG Min

(School of Computer Science & Technology, Soochow University, Suzhou 215006, China)

Abstract The performance degrades sharply when a parser is trained on a large-scale in-domain labeled data and tested on
out-of-domain data. One of the reasons is the lack of high-quality target domain labeled data. Considering manually
annotating data is time-consuming and labor-intensive, an effective solution is generating target domain labeled data
automatically. Among them, tri-training, as a typical multi-model decision-making collaborative training method, is designed
to ensure the quality of auto-labeled data by utilizing the prediction results of multiple models. This paper compares three
typical tri-training methods systematically for cross-domain dependency parsing. Our model achieves the state-of-the-art
results on NLPCC-2019 shared task datasets, which outperforms the best result by a large margin. In addition, we design
detailed analysis to gain more insights on the reasons of performances degradation in cross-domain models and the effect of
tri-training.
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Fig.1 Framework of Biaffine dependency parser
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BERT #HATH0 (VEHEIL 1.3 11D
1.3 BERT i

DA BERTUHOUG AR (1) K AUBE B B P 2575 5 B R A Transformerl®3148 4y, HARHAE T
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Li S5 07 AR R WA H AR S8 bR v SCAS G 38 P 2R A Y k47 2 A0 00, B 4k 2 s F A
T E AR R BOIAT IR, AT DAAEARAE FVE AT AU M AT 55 IR B R pe iR . BTk, &
WA B Google JFIi [ bert-base-chinese Chttps://github.com/google-research/bert) #5784 E Jy Jif 45 12
A, FERTA SUSI train/unlabeled JR 46 SCA EAAT RS TE 5 BB AT IR . 5 Li SFE08) TAREfR
Fr—2, ffH BERT R H b(w,) B 7] 7] 2 e (w) 1 AL i NRFAE AT ALY 25, Horb b (wy) 248
BERT /i VU= i 4 H BEAT INBR AAR J5 B EWLN 9 i 100 4w Fona . e 2 b k45 BERT
MZH, ANFEATHER

2 SLIf

2.1 KWIEE

SKIRHAE: AW ITCAE NLPCC-2019 PFINAE 55 K AW 1) v SCARAF A3 70 M 0T8RS il Kol 46 1 kA7 52
o WEIREAE 4 DOUR, it 4104 6), DY S S — ANV = AN H bR A, H b A
352 SR 1 3 I AR 0 °F- 715 L (balanced corpus, BC) 3 /> H bnATSE R} 2 il 2 SR V) b i i
F= % (product blog, PB) . SkEEEM =Mt (product comment, PC) « K H 4% /N i (1) “ ik
il (ZhuXian, ZX) AR EERH TR EFRIGE. TFREMMIRE, FHARK &AL )
TN G 85 R 1 PR,

1 NLPCC-20194 - I 4E 1 Ge vk 5
Tab.1 Data statistics of NLPCC-2019 shared task

UERS Bl RS TobrikHEde
BC 16339 998 1995 0
PB 5129 1300 2600 291 481
PC 6885 1300 2600 349922

zX 1645 500 1100 33792
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YEAN bR AE: il TCAR A B 2547438 Cunlabeled/labeled attachment score, UAS/LAS) & AW
fabn, oo UAS JuAZCoti IEAf (A1 255 a2 I b fE, B UAS R B R E AL, AHBRKGELR;
LAS A% 07T SRR BN AR AE % R B E 6 1 1] 7 2 m B LA, BY LAS [R5 RE AR A7 22 A
WK R VRN, RAETTIF A, B8 208 %A IR A O ial FR v 1) 3] o

Tl 4Rl [ & @id Google JFUEIY word2vec Chttps://code.google.com/archive/p/word2vec/) fE
Chinese Gigaword V3 (%] 1.1x10%%). H2zI4 1) FFTE ik trainfunlabeled J7 463 A Ll 4k 10 k%
RT3,

FLJ7i% (baseline) = YRATIE I SR 45 118 BB B HAE H bR S0 T I

MW E: B THIEDLEM ARSI, HERSHA S E SRS R E S
SCHR[LIRFFE — 2. 76 TALER Y BORAE ) 74 BEX R AR SCAR BT B2, ARG R B F SRR NE T
AR, BRI 5 000 N N JZ T RF SRR A KR IS A2 P 2% i B N 4E B A2 50, i 4E
J& /& 100.

2.2 £3XI§

AR RINE 2 Fn. Hb Li ZPMFH BERT E MM RmIL)E, He kA BERT
KORMENBANI I NFFAE . S0 o R P L Tk iEat L L w24 & FBERT (fine-tuned
BERT) it tri-training VI ZR3Eng, A PMEREH A RIRE IR . HEZIEM IR B, 455
FBERT X tri-training Il x5 j5 $& FHEOK . B, JnN v-tri-training Cv-tri) J&, B84 LAS {H7F
PB. PC. ZX Atk 437 L& T 13.85% C(v-tri vs. baseline) . 34.78%F1 14.53%; i T FBERT
(baseline-FB) J&, MR LAS {H7f PB. PC. ZX %t L wl[FE EL3 K T 24.51% (baseline-FB vs.
baseline) . 66.63%7%1 21.97%. Eif#ifn T FBERT 1 v-tri-training JG#ER LR C&FH T R 4T, M
B EEGUORTT LU — IR TS R e g o IX R I TV 2 il a2 AN R f BEs i A HE By, AR — 1
AT = AT FIRANPIAR T

F2 MHREE L Ad R

Tab.2 Final results on the test set

st PB PC ZX AVG
UAS/% LAS/% UAS/% LAS/% UAS/% LAS/% UAS/% LAS/%

Yu 09 71.48 65.43 49.82 36.86 73.90 66.54 65.07 56.28
baseline 68.20 61.52 41.82 28.32 69.81 62.21 59.94 50.68
V-tri 75.96 70.04 50.94 38.17 78.11 7125 68.34 59.82
c-tri 75.82 70.21 50.28 37.74 78.36 71.34 68.15 59.76
i-tri 75.29 69.87 49.72 37.32 7821 71.19 67.74 59.46
Li 20 81.61 76.77 60.50 49.49 79.74 7432 73.95 66.86
baseline-FB 81.47 76.60 59.58 47.19 81.95 75.88 7433 66.56
v-tri-FB 83.68 79.33 64.90 5437 83.82 78.14 77.47 70.61
c-tri-FB 83.70 79.38 65.62 55.17 84.30 7832 77.87 70.96
i-tri-FB 83.72 79.34 64.65 53.71 84.57 78.66 77.65 70.57

VE: FB RIN#EH FBERT M/ N IS NRFIE. v-tris ctriv i-tri AR AT SCIRBIFI = A5, B vote based tri-training. classic
tri-training F iterative tri-training %97,

2.3 LR

231 At ABTUSIERIERES TR, SIESNEREWME?

MBS >3 A A PR, 5 U A 8 DR T e ) L 43 it IR0 W B R )1 22 4 b ) 9 A B0 >
MAE . B 2 g5 7RISR H PRI 255 ZX B4 2] BILSTM BLH )% th #E4T 32 o)
5rH7 Cprincipal component analysis, PCA) B&4ErT it (R ARRL: 78 H ARSI R4 FoRAE 100 4]
N B AURAN H AR SO 2 BB RA, REIEEI R ) BILSTM RFAEBEST PCA FEZ4ERT L
), AT RUR B & E = 4 25 18] b KR AE 23 A0 B SEAFAE S AN TR
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Fig.2 The feature distributions of different models which are trained with the source domain or the target domain data
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ARSI VRS R o At R AR A . B, Mrflag . Belf) . PRad A S5 AR AN R AT 1 SCA AR
PR KA . FHESS AR = R R EOE P R AR, TR AL G T SRR A, iR
WRIEZA R, W 2Bm. =, WEZM, ARG SCAR W LA, S 1) oA ] e
KA

‘Word distributional probabilities/%

g] T - = £ A 1
Words
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>_
i

Pl 3 AN [ g ot A fe i ) 10 7]
Fig.3 The top 10 words with the highest frequency on different domains.
2.3.2 Aft4 tri-training B A?

HITT A 5258 & B tri-training AT LOKWRFESRTHE R RE, 7E0L/NTS IR FUNAT 4 tri-training A 2. 15
AR AR S TR R, R, Mg KERE S LB, AR RE A S R .
M tri-training I8 1 X H AR U8 KB TR B BEAT 54K, H AR 0 EE 3 15 5 N A T REAOE D R
Bk, AP0 tri-training Y5550 5 () BILSTM RSB i HE4T PCA W4k, B 4 MLL 54510
T v-tri-training 5 2 B R E S A IE OL. B 4 IR EAES 5K 2 )B G R, #2 H ARk
WA L3R B R AE > AT S . AT RLE Y, 20k v-tri-training 5 5% 2] B R 5 H b7 ST
SRAutE B AT B AR R B0 G b 23 8] SEIN I 1, AT 4 B R ) 25 SR M REAT P 4R T, X BAE — e AR
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Fig.4 The effect of tri-training on feature distributions

2.3.3 A1t 4 fine-tuned BERT A ?

TR ZRE 5 AR 2 7R & 1 b iE SCR LT IINZR, XSS CARA A DA man 1 Fr A IR A H
FRAUIE, DRI I T A B 0] 5 A3k )9 A T R A 2O, [RIAE ), AR AE A FBERT 45 21 (1) 545
WL RURN H AR A b R A REAE R AT XS L, RT LR BIME R FBERT & B A 1 2w 7S (A AR 15 58 ),
MR CL FBERT FRnAE N N MIR A AL 5 H R Ui 8 (i dm il = A A SE 2 E &, dEmigs
TBLRNE H AR U B AL RE T .

5 FBERT S| 15 U REAIE 5 A1 ) 510
Fig.5 The effect of FBERT representations on feature distributions

2.3.4 [ tri-training B LBl & &R

6 AN tri-training FIATEH KE LA . vTLUEH, AR tri-training I 5% B2
12 AR B bR U e bRy B0 . B RO RE R A A AL SR T S, EEE MR I IR T 32 AR
BUPRES o [ 52 21 7 V20 R0 2% A 2 A FH K TG e v 500 i K 1700 1 T 5 Ml 1ok ) sl e v 00 51 N () g
Fr e AR I SR R o AR SORF AR ISR 10 Ja 3, J0Am v B 5 Sk (1) 6 T 52 w8 ek 77 1E TR B2 LA & T JE 3
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Fig.6 The change curves of the amount of auto-labeled data and the model performance on different tri-training algorithms
2.35 H/IRD
7 JEAA tri-training BIEAE ZX HFREE EXEAS FKAEFRAE ) T HERA 22 . 4323 T tri-training A1
FBERT, —=FhEIEJLTIEA MIKAA KRR EHARA, HESENHEXEA K. e “adv”
WA K A& b, vote based tri-training LU 1w HERIZE . Classic tri-training 7£ “adjct” #KA7 K &
FHUS T e I ERR R . T “subj” WKAE bR B v E R FE )2 B iterative tri-training SVEEUTS

—1
M L4
|

baseline
v-tri
c-tri

N I I I N N N N N I I O
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Fig.7 The precision of dependency relations by different tri-training algorithms on the ZX dep dataset
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{Z1E4 A stop — M_OM.LAS TLfe N AT

1. fori € 0,1,2:

2 M_i"0< model_training(S) with different random seed
3: fort € 1,23

4 forx € T:

5: if M_O(t-1) (X)==M_1/(t -1) (X)==M_27(t -1) (X):
6 SM<SUM(X,M_17(t-1) (x))\}

7 M_07t < model_training(S™t)

8 if not stop:

9 fori € 1,2

10: M_i™t < model_training(S"t)

11:  else:

12: return M_0"\(t -5)

1% 2 classic tri-training
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fE1%&F: stop < M_OM.LAS HAEE AR T+
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1: fori € 0,1,2:

2 M_i"0< model_training(S)with different random seed

3: fort € 1,23

4 fori € 0,1,2:

4 forx € T:

5: if M_((i+1)%3)(t -1) (X)==M_((i+2)%3)"(t -1) (X):
6 S_int<S UM (X, M_((i+1)%3)(t -1) (X)) \}
7 M_0~t < model_training(S_0"t)

8 if not stop:

9 fori € 1,2:

10: M_i™t < model_training(S_i™)

11:  else:

12: return M_0"(t -5)

3% 3 iterative tri-training
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{Z1E4A: stop — MALLAS Tide N AR TE

1. fort € 0,1

2 M7 < model_training(S)with different random seed
3: fort € 2,34

4 forx € T:

5: if MA(t-1) (X)==M"\(t -2) (x):

6 SM S UM(X,MA(t-1) (x))\}
7 M~t < model_training(S™t)

8 if not stop:

9 continue

11:  else:

12: return MA(t -5)
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