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Abstract: The automatic classification of complaint work orders is the requirement of the digital and intelligent de-
velopment of customer service of communication operators. The categories of customer service complaint work or-
ders have multiple levels, each level has multiple labels, and the levels are related, which belongs to a typical hierar-
chical multi-label text classification (HMTC) problem. Most of the existing solutions are based on classifiers to
process all classification labels at the same time, or use multiple classifiers for each level, ignoring the dependence
between hierarchies. A matrix factorization and attention-based multi-task learning approach (MF-AMLA) to deal
with hierarchical multi-label text classification tasks was proposed. Under the classification data of real complaint
work orders in the customer service scenario of communication operators, the maximum Topl F1 value of

MF-AMLA is increased by 21.1% and 5.7% respectively compared with the commonly used machine learning algo-
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rithm and deep learning algorithm in this scenario. It has been launched in the customer service system of one mobile

operator, the accuracy of model output is more than 97%, and the processing efficiency of customer service agent unit

time has been improved by 22.1%.

Key words: hierarchical multi-label classification, attention mechanism, multi-task learning, customer service work

order classification

jilll3

0 3l

WAk, WAFIEE W BEiL Lo
PTG, T B i) 8 H s 2 g 2ut,
PR E A M Ab PR TR ST R s
B R BT EEN AR TR, R
it LA W LI 0 55 I o AR S IO ik A
JE ARG B YR AT 200 T SERE 2l = N ) R
AHNIN (] A, T HAS e PR UEAR (R A %6
B, B TR SCARREAT B a5y Kt is E p
FHFA BRI R IR

A5 125 1 2 IR st B T SO T
R ICAS, I H AR 2 RGNS I, JF
HA R Z FAFAE— & R RD, B RS
(R 55300 ER IR TE e 5 2R 00, s 1 B AR
JEIRZARZE ARG (hierarchical multi-label text
classification, HMTC) [nlj@. &4 M3CA I 2KTT
RO EIN Z R R R, AR IR 7R
HIXESS, IRV SET 2 m .. Pk, T
SN 88 B BCUR LSO A 343 28 DA SARAIE
re RHER A, T SR IUE A B A 200 26T
%o ASCAPFPEMBIR Y — B JE TREFE 0% (matrix
factorization , MF ) FiE & N 1 £ 4 55 %% )
( attention-based multi-task learning approach ,
AMLA) ({751, BFrA MF-AMLA, AP HMTC
55, WBhIEE F 2 i R vE b 2 J2 4%
VR LRSOREAT 702K

1 t#HXIE

1.1 ZHREXARSE
ARSI HARE T B (NLP) Fi—

SMATSS, BAEREE I SCAR P H1) 3 BL e X
AT B SRS VR R B TR R
X, kb E WL (naive bayes). SRR =ML
(support vector machine, SVM). K #H 4RI 432
(K-nearest neighbor, KNN) FIBEHLARARSE, XLt
TIEAE e YL . R ) A, SRR 2. I
TER, RIS > I PRE R AT A A 48 0 2% A SO
I3 RAIBRT R » 1, SCARERAPHE M 2% (text
convolutional neural network, TextCNN) PIgE 4
PEJRAAH R, AERISCA Y R E AT A RO
TEIF B2 2% (recurrent neural network, RNN) U
F& T LR 3UE BE SORE . K RLIEZ (long
short-term memory, LSTM) [M&&PTar DLy =) KojE
BRSSP T A58 RNN B BETH 211 )
IR #IG (gated recurrent unit, GRU) UM
A LSTM ¥ Fh AR {4, G544 5 i ¥ . Transformer
() 1A 2 AL A Ak SR S ARG 1Y) 1) BN AR5 1
LSTM # H i B, 3Tk, GPT (generative
pre-training ) i Il %5 i i) & A A U210 BERT
(bidirectional encoder representations from trans-
formers) FHYIZRIE HAE ), MK RIH % NLP
RS RIR

EIRE A PRI AR EE 52, M
T BAARRE 00 RAT S5, ARSI o AT S A IR AOH
P, BAIAARET KA, Mgy
AMbR%. Tsoumakas 2! Mg bR 5 HE M0 715 9)
NP, R T, P Bk
&N TV TR 2 hRAE 00 2R n) AL g — A
AN HARZE RN, ARKHVEA Binary Re-
levance!"™), Random k-labelsets!'®!, Calibrated Label

Ranking!'", Label Power-set"™, %75 1% 2



- 105 -

BIERE 2022 5 2 #

VIEZNE €5 W NI/ TE SN P = NS L )
BB I e AR ) B, HAR AR
LR B, AR EA Rank-SVM!™
ML-KNNP,

T AEVE 2 SEBR ), SCAS S A8 ) SR04
R A A, RIS 2 A RO &R
10 B BEIR 43 2 45 b A T e R P P, i
Fh 2 b5%5 00 268 T HMTCP?, HMTC 43 284155,
FEIE A AR R R TE, R
T 2 AR 25 14 J2 R 4l AE) s Sk TR A 22 T 1 s
ANYRE IR, K HMTC 43 2K EE4L g 1 2 A
bR, G E SRR A&
(K hR 2521, i fn, Cesa-Bianchi %P4 T
Hierarchical SVM, X A{E A AR 2 M B0 Iy b 47
SVM %2235 5y—NA Rk, T = [a]
ST RO BT AT 26, AL T R T,
CIEFE/ N U0 R T P EINNE 1S S e |
et 5 R I SRR T L 10 4 R R, B, Vens
SRR Clus HMC, A B A e SFp 4k 24 484
JEURK G Z5H . Borges ZEPOUR I T — RT3
G N TR0 0 288 14 4% Jd D7 3205 00N )2 IR 485 4 v )
B 25 . AR, IR IX R G B TR
R 28 K 1) Jo 30 DX S B A 5 4, T 22 TR IR
SERAN R 2 G0 2 TR TR AR K 3R
12 ZEFFI

ZAT552%>) (multi-task learning, MTL) J& X
ZAMTLIERAY, FRAE ], ST AR
SR MTL VR A5, 0] AR s icdis i
HAE, B R R Db B A, A
B R AT DA A 5] S8 MTL [R] i 2% lE 2 A
FHORAE S5 1) 27 ) 1 R REREAI AT 55 2 [R] 1 G Ik
PR AT Iz A RE S . B, Liu 2527
FH 16 DA SCAGF FATS AT MTL, AHAL
THARS BERT T 7288 . MTL A 53
TP WS T R R S R P,
8 AEAN R 55 TR BE 2 L = BB, i fs A

BEH LN, AR IMEEZ AN TR 5
BRI AS R AT 55 A R AR5, (RS 50
() if il T 2 A TR R, YO AN A AR, i
AN [ 25 T 1) R B N IG5 H A ki 2
AT .

Zra UL EAHSCHESE, R T HMTC %,
RO R T MF-AMLA . 5 FE 2 fi#
(matrix factorization, MF) & — ) [d] i J8 #E 77
BIED, R V43 R B 40 A LA ST
MY Z R RFR . XH, A5 MF
B, 850 AT 53 J2 2 hR 28 (M LK IR, B
W XA R IRFR MR S R . R
ANE I3 JZ I 2 FR AT I TV R ) MTL, %
% 8 R 5 R AE LA S R R, XE AN
JERZ A RBR FR, 120 &2 RhR%
IO R, 5 ) R R RS P . MF
MMTL BCE 01K AL, AE& AT S5 [ BARE I
Hix, $ETHRBERINT 2 IR 2 hR 28 SCAR I 43 KRR

2 1RBVEH

MF-AMLA FR S5 mE 1 fros, F8W
Fo 3 TN UARIEE AN Z . AMLA 2.

i AMLAjZ I T,
\ -| -

R
' [ kA | [EishEn |
:::::::::::::::::::};};}}};;::::::;;;ééﬁ;;;E;;;;;;;;;:::
SRR E L o o888
E E Bfn o...o.'..o,,,oi
LXK BEREFE |

........................................................

% 1 MF-AMLA fi7H 45



i:m HRE5F%

*+ 106
21 XAERFRIEE A FHAA 2 o S B A A 2K «
X HMTC 1155, WK Text flZIRZ IR
. _J$ { %, W& Text R A%TT Dy =Pk _U(_eu/qk,z) =Pux €49,
(hierarchical multi-label, HML) , Text &/~ A (6)
Dy =49kg — ﬂ(_euzpw,k) =q,,tne,p,
t=(t,t,,, 1)) (D
Hoeh, i RFECARISEL o ARES § KUK, 23 AMLA R
HML %754 AMLA JZA & AL Transformer F
li:(llalz;“"lj) (2) MTL.

b, 0 =i e n) e fo )l 0 RR
! RS R R
22 AR

TESE TR IHLHI 248555 S 1 55— B
Bt O TAESCAR 43 J2 2 b 28 200 1) ) B /s 458
—, AR AERA (embedding) JZ s SCAFI
TIZZAREIRNEN, RIGTH MF 23898 30A
D& ZNINETTEN

RN JZXT ¢, R0 1 BEAT b, R it 77 00K
i ] Bert TRIZRABE RN SCAHATRAE R S, Hanh
HEE AN FH . ¢ 2T ANFEERRN
T=(T,T,, T), Hrh, TAGRN i &AM
AR, 2 NER RN L =L, L, L),
Hoif, [ ={E E,je o0, LA E 4%
INIERANZL)E R HRZE RN ]

AL ST RN 7 J2 22 b2 R G R R S -

§=(S,)e(T, L) 3

MF 5 E H ke 38 588 SCA R 53 J2 2 A 28 2001
Mokt s B, WHERE S, T HRFIL, KR
HpsH

F
Classification(T, L) =r,, = prg, = > p, . q4,; (4
~

Hrp, p, Mg, #AH0E. p,, Mg, T ETE
WSEL, p,, BEEE w ADNSURRIE kANEIAREE
MRFR, q LRk DNEIRENE [ DR
PREAEFII IR FR o

Loss,,; = Z (”wz -pla )2 (5)

(w,k)ekK

(1) Transformer

AICE S MF Z4 i SO RIR r,, AT
JERAEE,  SEHCH I SCARFIAR (1) A AR S X AR
BN A% J2 GO V) Transformer {50 2 % %
(encoder) AbZH.

REA G A4 0 S AR, 2R AVE R
(self-attention) BEHAIF 0t b 28 R . 1 BT R
TR, BN X B2 VR AR B 3 ARG«
Bl Q. K. (H V. GRS RERIIN:

KT
Attention (Q, K, V)= softmax[?/d— JV D
k

2B NPENKE 0 Ky VIR R Ak,
HATPATVE R IHRAE, PR 22 Sk 0 (8 HR 086,
PR TE R . 42 Sk = ML PR T
W, 49 200) 7 IRFIE R & H

ZH, B R HAREH R N> Transformer
(Rt et 2, AL 6 AN s,
Transformer J2 M) % o4 n A % 4E 0] &
(H,,H,,--,H), n NZENEHEH .

(2) MTL

MTL 5 7E I % J2 90 S B RS BRI
JARIRZEZ AIMBE R &R, &b B ER 2
P28 B 1 PR, AT MTL B, HAm A2
—J& Transformer JZ4 i IK) 22 AN 2 K RFAE 17
(H,H,,--H) , A XEATEREN
(attention) A H.,

h ..., =softmax(h_,. HT)H

L1757 avg (8)
h, = softrna>((H1H2T)Havg



107 -

BIERE 2022 5 2 #

Hr, H,, =avg(H,H,, -, H,). L, 2%—
XK Transformer JZ2%H IE X n & H, 524
1 H, T S (dot-product) VEE A,
Fe LT SR R 443588 MTL (1%
W on,, DUAERSE —8 MTL 1M,
R0 =0 B BT EE AR B DL EHE, &
JEAFBISCAS AT JZ AR MTL 4953 by 5., o 1E
% MTL #4Eh, % IE T R ERG
B, RS H,, R T2 RAER, g8 R
SR A Ry 1) S AT DASE G b SRINZ b 28 2K 5
I AVAH B ORI SOAH B 29 R o
=PI U/ A - 832 iH] Ty = T
24 MEEIY
BRI 2 AT 55 2 I X2 2
Bz, W IRIRE IR 5 AT 55 5 AT T4 i
AR TAES . RINHUR R TR B8 & A T
LA MVR R (E2E5NERT, BT
S HARN e, HREARR. ARSCHRE—F3)
AOTBCAR PR B R (1 7778, IR B S TR 555K
REMPT . BARRVEWN: IR e 25,
THE — IR & AR SR BB 5 D40 K bR EE
Lo, R AR T — e By WU a0
R RO, AT IS & AT 55400 % pR B o s
PR SR BB I LE AT By, AT AR Y g
B I 2 GE A FAR S IR . B EUR R ECN -
L=Y al <€)

Horp:
a, =max(1,yL/L)) (10)

N BN FEEA TATE 5 BUR RAEUAL T, y
el BE CBROAIY/N , N AESEHD, LA
TATS5 HIAE SR % R HL

L(p, q):—ip(x,)lg q(x;) an

Horby o p(x) WIS E SRR, q(x) N
FIIFR 2 IR o

3 RBERKRSH

31 BIE&ENAE

AR SCATE FH IR a4 oK B S R R IR T L
BEJFJE N TARTERF ) SCAS . BT TR SCA S I,
1o B L T R BRARFR S KR 2 A AR 2.
2 S8 SR AR S B b A O o L e ) AL B T
2, ARSCH 2/8 T, TRIETT 80%[H Skl bR%E
B AT T 22 N 2RAT 55, RTHIR 20%0H)
KRPREEAENIA R . kS, A 283 904 4%
PeVF LSO, IR PR EE Tl 186 Ao EAT
TS, 1930 7 NZHR TR (R 1 IR
B, — BN CHRIIRELE AT R 4. 5. 45, 49,
6. 83, 64 (SUARFRZE M WK 3D, Bl —Zkxs
RN KEW S Bl %, EH
W55 SRV S5 4 N0 . a0 Hs AR R4

IR IR PRAE 8:2 A ELBIRE LK 73 4 YT R 4R AN
BruEdk.

F1 RIFTHEXAES

AR KRNI T %A e, (HERgE AN
Wis Ixxxxxxxxxx, RESEEEARLE, —HEAHER
Jrazde, T HyREAEE AN &R AN, R
VFo EAALEE, W, BENEER Ixxxxxxxxxx

B2 (=290 FpENSs— (90 RESE— (=40 4
AN— (gD 4Rif— (18D ERRSG— N80
PN DRSS — (LD R

SR RRME: T 2019 SEITARAE BRI, FENXCEIR
B, CAMRRE AR, 7R ki !
SN EERIT TAE N R LT TR, IR A ORVEA 3]
WEEEEED , RRETCRK, IR

bR (90 Bk — (9 MR- (25 THl
ERW 4G — (NG GE M- (34 Dike
- OS890 AEFIEENEM - (B2 =5

®2 HEFHEAHXARBIRENKES

s 70% 80% 90% 100%
FRAEL 73 186 889 3692

®3 XARESH
BEH A % % =% W IR AR LR

e 186 4 5 45 49 6 83 64




i:m HRE5F%

+ 108 »

3.2 HEAE

DS A AN, S T A T PR ) 4
KRR, RICR X IR 7 KR % P
(Precision, P=TP/(TP+FP)). H[Z R (Recall,
R=TP/(TP+FN) ) LA eATI I FF I 1H F1
(F1=2PR/(P+R)) NP BRI ATVE
ro Horp, TP EUER], FP MEIER], FN hfE S,
3.3 ZWEH

N T VRS E R Z IR 2 RRZE ORI 538
B, ARSCHETAE 3.1 TR EER AR L T A
B MF-AMLA 5 5 B At 32 S 0 PEAN ANEE IR
. Hierarchical SVM. Clus HMC. GRU. TextCNN,
Berto Hij PIRIEIE THLARE 2 IR IRAREE 5y A,
Ji 3 PR TIREES M AR HTT

T 2TV AR, ARSI Top k
HER R VRN T, BVEE R R ) k& MR
P EMARS &y Lo AR Topls TopS Topl0
3RS, SIS, SRR P A
[ R IR LL AR 4, B8 F1 R0 L an &l 2 fir
Ne BEUOKRE, AL MF-AMLA R85, 1
d7, Hierarchical SVM 4 Clus HMC H IR F, K
KRR E2A WML, MR E, 52 MW,
MF-AMLA 7£ Topl. Top5+ Topl10 [¥) F1 {73l %
KL T 21.1%- 26.7%- 22.1%; GRU. TextCNN
H1 BERT MBI b SCAR G S0 WK FE 2 2] U7 ik,
L2 MItt, MF-AMLA # Topl. Top5. Topl0 [f]
F1 {5 A KEE M T 5.7% 4.8% 4.8%.

x4 BREWBHE P, BEIE RN
Top 1 Top 5 Top 10
P R P R P R

I

i

i

Hierarchical SVM  0.413 0.507 0.642 0.681 0.733 0.759
Clus HMC 0.449 0477 0.665 0.688 0.741 0.763
GRU 0.622 0.597 0.874 0.886 0.921 0.918
TextCNN 0.614 0.608 0.89 0.882 0.938 0.934
BERT 0.666 0.642 0926 0915 097 0.955

MF-AMLA 0.671 0.662 0.938 0.921 0.971 0.964

AL S 25 AR W], ASCHIRIE S MF Bkt
SR 2 2 ARSI R RS, T TR
RIRAERE ST, TF5 I\ AMLA B8R = 241452
IREHARZEIIRIG, RTF TR R 2
ARG R IVAES) o ATCHH (1) MF-AMLA #] LIAY
AR THEE FAT R LSO 2 J8R

1.0

0.8}
o
=
0.661
0.6}
—oe—Top 10
04L 1 1 1 1 1
Hierarchicl Clus GRU TextCNN BERT MF-ALMA
SVM HMC
K2 #EAF1EXLE
4 ZERIE

188 R BT LHSUARJE T2 IR 2 ARSI 3
A, HET— M3 T EME DRI L 1) 73 R
SR T BE TR0 A i R B8 ) 241555 2
(2 IR 2 b5y 3575 (MF-AMLA), 41 %Hz®
P U TR T BRSO AT IR PRSI A, T
T MF BEHUE SR SCA RN 5y 2 2 AR 2 18 UROR,
R, AP R R BT T 36T ) 2AT552
2, fiEYE HMTC o), i T e Lo 280
i M CE R SIS B iR IR RS B4k, X
e HRAA T B NI SN B R8s, MF-AMLA it
Top 5 73E5 R, A% IR AA I Padt e i F - $ v
BRI, S BB FH P e il R 75 JIRALR i
SRS ART HH IR IE A ZEAE 97% LA L, X2 AR Fis H
REI R R AL FR AR GETE 22.1% CF-H)—@ $EfeliE
T 58 s BEER 49 5D

ARA SR BT 22 SUA G FAT S5 IR 528,
LIRSS N I B 3o, M P S ot



* 109 »

BIERE 2022 5 2 #

KIAAS, 25 HA IICSE R BRI, pRagfi ]
FHRYRRs TR BRI b, SIS R 2 A
FMTRTHESN 2., PRdUEM I P R, 4 HIERAS
TS AR F B, X a9l 1R Y 2
AT BSWVERAIMT, SCRESSS T, s
AL SR B DOiRAE , BE AR 25 2 15
SHBE DA

Sk

[1] TUNG F C. Customer satisfaction, perceived value and cus-
tomer loyalty: the mobile services industry in China[J]. African
Journal of Business Management, 2013, 7(18): 1730-1737.

[2] LIN L, ZHU B, WANG Q, et al. A novel 5G core network ca-
pability exposure method for telecom operator[C]//Proceedings
of 2020 IEEE Intl Conf on Parallel & Distributed Processing
with Applications, Big Data & Cloud Computing, Sustainable
Computing & Communications, Social Computing & Network-
ing. Piscataway: IEEE Press, 2020: 1450-1454.

[3] WEHRMANN J, CERRI R, BARROS R. Hierarchical mul-
ti-label classification networks[C]//Proceedings of International
Conference on Machine Learning. [S.l.:s.n.], 2018: 5075-5084.

[4] KOWSARI, MEIMANDI J, HEIDARYSAFA, et al. Text classi-
fication algorithms: a survey[J]. Information, 2019, 10(4): 150.

[5] MINAEE S, KALCHBRENNER N, CAMBRIA E, et al. Deep
learning: based text classification[J]. ACM Computing Surveys,
2021, 54(3): 1-40.

[6] ZHANG Y, WALLACE B. A sensitivity analysis of (and practi-
tioners' guide to) convolutional neural networks for sentence
classification[J]. arXiv preprint arXiv:1510.03820, 2015.

[71 MIKOLOV T, KOMBRINK S, BURGET L, et al. Extensions of
recurrent neural network language model[C]//Proceedings of
2011 IEEE International Conference on Acoustics, Speech and
Signal Processing. Piscataway: IEEE Press, 2011: 5528-5531.

[8] SOCHERR, LIN C C-Y, NG AY, et al. Parsing natural scenes
and natural language with recursive neural networks[C]//Pro-
ceedings of the 28th International Conference on Machine
Learning.[S.1.:s.n.], 2011.

[9] HOCHREITER S, SCHMIDHUBER J. Long short-term mem-
ory[J]. Neural Computation, 1997, 9(8): 1735-1780.

[10] DEY R, SALEM F M. Gate-variants of Gated Recurrent Unit
(GRU) neural networks[C]//Proceedings of 2017 IEEE 60th In-
ternational Midwest Symposium on Circuits and Systems. Pis-
cataway: IEEE Press, 2017: 1597-1600.

[11] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all

you need[C]/Advances in neural information processing sys-

tems. [S.1.:s.n.], 2017: 5998-6008.

[12] RADFORD A, NARASIMHAN K, SALIMANS T, et al. Im-
proving language understanding with unsupervised learn-
ing[EB]. 2018.

[13] DEVLIN J, CHANG M-W, LEE K, et al. Bert: Pre-training of
deep bidirectional transformers for language understanding[J].
arXiv preprint arXiv:1810.04805, 2018.

[14] TSOUMAKAS G, KATAKIS I, VLAHAVAS 1. Mining mul-
ti-label data[M]//Data Mining and Knowledge Discovery
Handbook. Boston, MA: Springer US, 2009: 667-685.

[15] BOUTELL M R, LUO J B, SHEN X P, et al. Learning mul-
ti-label scene classification[J]. Pattern Recognition, 2004, 37(9):
1757-1771.

[16] TSOUMAKAS G, VLAHAVAS 1. Random k-labelsets: an en-
semble method for multilabel classification[C]/Machine
Learning: ECML.[S.1.:s.n.], 2007.

[17] FURNKRANZ J, HULLERMEIER E, LOZA MENCIA E, et al.
Multilabel classification via calibrated label ranking[J]. Ma-
chine Learning, 2008, 73(2): 133-153.

[18] MADJAROV G, KOCEV D, GJORGJEVIKJ D, et al. An ex-
tensive experimental comparison of methods for multi-label
learning[J]. Pattern Recognition, 2012, 45(9): 3084-3104.

[19] ELISSEEFF A, WESTON J. A kernel method for multi-labelled
classification[J]. Advances in neural information processing
systems, s.l.: The MIT Press, 2001(14): 681-687.

[20] ZHANG M L, ZHOU Z H. ML-KNN: a lazy learning approach
to multi-label learning[J]. Pattern Recognition, 2007, 40(7):
2038-2048.

[21] BI W, KWOK J T. Multilabel classification on tree-and
dag-structured hierarchies[C]//Proceedings of the 28th Interna-
tional Conference on Machine Learning, [S.1,:s.n.], 2011.

[22] GONG J B, TENG Z Y, TENG Q, et al. Hierarchical graph trans-
former-based deep learning model for large-scale multi-label text
classification[J]. IEEE Access, 2020(8): 30885-30896.

[23] VENS C, STRUYF J, SCHIETGAT L, et al. Decision trees for
hierarchical multi-label classification[J]. Machine Learning,
2008, 73(2): 185-214.

[24] CESA-BIANCHI N, GENTILE C, ZANIBONI L. Incremental
algorithms for hierarchical classification[J]. The Journal of
Machine Learning Research, 2006(7): 31-54.

[25] LEVATIC J, KOCEV D, DZEROSKI S. The importance of the

label hierarchy in hierarchical multi-label classification[J]. Journal

of Intelligent Information Systems, 2015, 45(2): 247-271.

BORGES H B, NIEVOLA J C. Multi-Label Hierarchical Clas-

sification using a Competitive Neural Network for protein func-

[26

)

tion prediction[C]//Proceedings of 2012 International Joint
Conference on Neural Networks (IJCNN). Piscataway: IEEE
Press, 2012: 1-8.



m ARE5F &

*+ 110 *

[27] CARUANA R. Multitask learning[J]. Machine learning, 1997,
28(1): 41-75.

[28] COLLOBERT R, WESTON 1J. A unified architecture for natural
language processing: deep neural networks with multitask learn-
ing[C]//Proceedings of the 25th international conference on Ma-
chine learning-ICML '08. New York: ACM Press, 2008: 160-167.

[29] LIU X D, HE P C, CHEN W Z, et al. Multi-task deep neural
networks for natural language understanding[C]//Proceedings of
the 57th Annual Meeting of the Association for Computational
Linguistics. Stroudsburg, PA, USA: Association for Computa-
tional Linguistics, 2019.

[30] EATON E, DESJARDINS M, LANE T. Modeling transfer
relationships between learning tasks for improved inductive
transfer[C]//Machine Learning and Knowledge Discovery in
Databases. [S.l.:s.n.], 2008.

[31] DUONG L, COHN T, BIRD S, et al. Low resource dependency
parsing: cross-lingual parameter sharing in a neural network
parser[C]//Proceedings of the 53rd Annual Meeting of the As-
sociation for Computational Linguistics and the 7th Internation-
al Joint Conference on Natural Language Processing (Volume 2:
Short Papers). Stroudsburg, PA, USA: Association for Compu-
tational Linguistics, 2015.

[32] YANG Y, HOSPEDALES T M. Trace norm regularised deep
multi-task learning[J]. arXiv preprint arXiv:1606.04038, 2016.

[33] BENNETT J, LANNING S. The netflix prize[C]//Proceedings
of KDD Cup and Workshop. New York: ACM Press, 2007: 35.

({E&E R

RE (1989- ), 5, WiERHE (hED 17
PR R EAS N LR R 5200 Sl 5 25 5 Y
MEERIMHATN, FEBR I WA
NLP. 4R, AlOps. #E#7%%.

PR (1994 ), 55, L, WiERHE (M
O A R Al A A TR e SR 00 s Ak TR
Ui, EEERFSTIT IR A NLP. AIOps.

HEM (1987- ), B, WERE (FEiD
HBR A TG N T e seit = 50k TR,
EEHFSTIT I NLP. AlOps. 4R,

BRAA (1984— ), Ui, W, hEBIEEFERIREA R
ARBARER, REBF) Al S5/ R8BI LR L
PEsf it N, EBWTFUTT W AR . B RETES . A
KIS IS o

RTBEAF (1980— ), B, filit, WAERML (hED HRARE
AT =Bl BRASER, EEWR AN
WEMSE N TR,

SCEE (1980- ), 4, fid, WAFRHL ChED ARA M
AN TR RESEI 2 I SERN K, IS o) A R L5
. NTERE Bullapbs g,

RXPARE (1981- ), T, L, WAEAHL ChED HRARE
FERARTE . W ERE, EERIT AR ERE . AT
BE Bdaktas. BB BIH S B



