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(R FITEE ) TR AT RE AL S AT L 4328 SR IBGE A
OCEE B R OCHZE , RS HLAY NS IRIE N 2, 15
SEEXMTER) R SUF BRI E T — AT E ]

TRk B R T 2k BERT ( bidirectional
encoder representation from transformers ) f5 7 f%) $#2
Hi2 A ARIE AL B R AT BB B, BERT £
R T RUA] ) Transformer 1E A RRAE$EHES | M 6E
WERTE BT AREF AN 2Tl 5
b, B FER 2 21 1 R I AR B A BN P A2 a0 TR
IR, SR i e T B s 43 B A A AN 14 () A
ifif RoBERTa-WWM #4110 £ BERT 452 7 (1) g 3k Fi
AR T R BRI SR | 2 I 2R R R
[ batch size, 85| A T SN  SCA %S, tb BERT
BEAVEE 4f- 3 4 T B T AT 550 PR, A SCHE LA Ro-
BERTa-WWM 2 54 Jy JE At T 5T, 52 8L R 1 #0
RS B FAE 55 . FERGEERE B a5l AT
Focal loss MLl , fiff £k 22 43 24 b 048 A Y- Ml 14 [m) ot
R A RS E MM BE

T SRS FAT 55 A OB 7 9 b | 32 %2
H A2 SR G ) rh A SERE S, TR B0 I 1 7
ik R SIbRAEEH, BILSTM+CRF Sl # 200
BN AR R o L) TSTM B B 4 Hiufefi 412 7 371 o
RSO B B AR O R 1 8 SRR R ALY

r%E B #5:2023-02-20
HEEUTH . BR ARPEEILE I H (61806170)

MEkERERD A

(CRF) AT LUK Ry B A , b O s AN & BR A AR R 25
W 5, F5 A RoBERTa-WWM #5505 R Ui Y 3¢
N, B AR ) R R R B, Z% b, 8% R RoBERTa-
WWM-BiLSTM-CRF A 58 iliiE SRS 71155

H SR8 T AL B ULIAT 55 SCAR I 28 R BIbRTE
F ol SCi " 2 R ATl 3 5 52 b gl S SCAR
S RATSS , BN LA BUR P AN AR AT 55 i1 I 7S
BOARITRALEE 3 D155, MITEAESEH HARIE 5 L.
B TR 2 AT 55 I — R USR] 74155 2t DI 25
LGS G 07 Aok SE AR BB G  AESEPRIIE &
Feikh, BN AT AR5 RE SURE S 3 A>F A1 55
IFAESE AL Hod — A~ AT 45 1 100 25 AR 7T B
S H A FAE S5 A B AR, PR UL, 2 Joint-Ro-
BERTa-WWM #5278 4 2 R A7l R0 A SR 3
FEMATHE A 242 Ak AT 55 Z IR S | 4 A
FIZEA TRINEE T

g 2B % BERT X AEJE T Transformer fY 7
YIGEAR fFAESHREN 2 BALEE THE A
b IR, PRI, AR SO AR ) TR % O
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UG AR 58 8 0 R T AL AE B 4k v 14 4%
ST NS, TN 3 2R 8 42 S 3 AL 135 o BRI 25
B, Zad He T HUNBAR 9 XHE R G Gt xHE R
GERIAR XS R G5 3 AN B R BN XS REE
LI MR XELAS AN AE 7R 5t b RHEPLAS
N3 3 26 (A TUHLER A (QA robot) | PRIEIZYHL &5
A (chat robot) FIME 45 AUAL#E A (task robot) .

(R 2RI g N FE 28— ] — 24 e X, HLAF A TE
fEATT FH P 4t ) Tel S 5 A N TR 48 R DG Y
IEWESRIPKE R MG R P, Hod R R & 302
MY, 5 BT SCMIETC G, TR AL A 2L
T 2 P AR IR SR o &l AR M R R S
FHP AT B3l BN 45 77 A R B /N oK AR TR
TP XTI AL AR A, A5 55 BUAIL 28 AT Al e B 2 4% 1
55K, — R B RALEE A T e H Pk B
P DTTIT 7 A Z2 50 % i 388 o A X 378 v AN i 8 i ]
P EEISERUH P BIER . X R ARERE S
TUFE R ARYE b3 X5 I A AR P T — R
5 Hbr, AR5 AUBLES AT BT L 0 A0 R RS
R SEREY Sin ' R A Cortana (/N 17

H AT, AR5 RO IE LA A 12 fd A [A] 403
I ZAYse, A IRATL  BEIPAT I AT AR S 4
AT o AR5 B IS PLAE 0y I RE 8 A5 B A
AT 7 (PR T A B R, LA S A, B AT L
HEHLESE T oG R RS BRI S 55, R
TS Wk R v, Sini 75 228 XML 3 918 5 T BT
PO, FEAR AR 45 SR A T S I ) S0 R S
WS 3 ASFA155, B PR 40 90 000 45 SR Al o AR . B 47
Ry R BIAIL 3 58 O IRAT: 55 . AL 3% 5, 4 3
(RSRLKS FH T3 v i 7k 0 R e IR PILER N, IRt
EARY A T 3 ZEALHE T B Al AR R SO
B3 3 ANFAES . B AT ) T A SO 7
RGN 1 R,

K1 TEFHRED
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1.2 RoBERTa-WWM #&Z!

BERT #8841 Il Z5 aok 78 3 240 35 #6515 A A
(mask language model, MLM ) Fll N —&] Fiijll ( next sen-
tence prediction, NSP) P EH ZAL5, Hp iSiE S
A (1) J B R B AL 35 B A7 51 H 15% 1) Token , 7E

B 2RI Token 1, LA 80% A HER FFRIC [ MASK ]
s 5 G Token, DL 10% AU 20K 5 IR Token %5 4
MBEHL Token , LLFI Ay 10% HYREFARAEFA Token , 3%
BERT UK K H2 A A f 32 AL RE 7 1M NSP EZH T
FNWTIAN A T 2Z (8] (/) 5 2, %) H R 1E 5 #HE B (natural
language inference, NLI) X Ff [ T JiE 4T 55 AL 1) 2 G
BER

%f H BERT #%%  RoBERTa 45 75 (%) kg ik = 352 {4 f
TE:(1) RoBERTa BIAIFZ R T NSP 155, R H Full-
Sentences /72X, AT LI — i 5% 22 s SC 3 Hp o 22 41l U )
T BRI AT S 5 TA0R, (2) BERT
FERLR H 1Y /2 Character 2871 (1457715 %) 4 i ( byte-pair
encoding, BPE) , 113 K/MY 4730 KB; 1fif RoBERTa 15
RUR T Byte 2% 51 f 7715 %t 4 A5, 1] & K /NSO KB Z2
4, o BERT #1138 KT 70% , (3) BERT A H
FEEHE TR BRI ] AT — R AR | 75 2] — S RS
RS BRI R mask 7 & HBAH[E] 5 A 2 2]
AR H B B — 5 1T RoBERTa A5 A % FH 36 75 5
T B T A5 R A\ —AN 7 371 B AR 23 B AL mask AN (]
[ Token , IT LAPR AR TR 740 3 1 AN [] 9 FEE L) G s, ¢
IR TE F RAE, (4) RoBERTa A5 7 2 R H
K batch size |5 Z I ZREHE AUl 245 38, 5 BERT
BRIP4 3 i LA b 4 AN J7 I B9 2k, RoBERTa
B AE H AR5 5 PR 3L E DU X RACE, GLUE A1
SQuAD H1iA%| T SOTA,

1M RoBERTa-WWM H 5f J& ¥ RoBERTa #5254 )
Feht I, >R 418 #5659 ( whole word masking, WWM) 7K
W, AESCCAS SR LA SR W T g s Al — > i)
AR A mask, TR B WWM SEm ml DL 3 A4~
T B AR B mask , XAFE REHY 55 SCAR I RN AR

TERRIZER | RoBERTa-WWM FEEIZ% K T BERT
FRAIAHE St 12 B XUn) Transformer ZH %, #4G 3CA
WA CH W= {w, ,w, w0, , -, w, | T BRI ACHIZ
A ) B s A E AL, H E= e e, e,
e, | BRI IR T= 11,y 85,00, 1 R
7~o RoBERTa-WWM HRAIZEF AN 1 s

12 Transformer  * <

R AE - Le
A ]

E 1 RoBERTa-WWM #RILE+ 5]

2
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1.3 BIiLSTM-CRF #&%!

EIAHHZ ] 2% ( recurrent neural network , RNN) &
— R A B S (A 2 o 450 R A
HR N AR SR SUE R (HR  ZESEBRI I RNN
PR BT HE S BB E RV E B R 8, X
AN, Hochreiter 4520 7€ 1997 4EHEH T K A H1iE4Z
(long short-term memory , LSTM ) 2548 &, LSTM 1K
RNN B —FhAZ 44 3 5 7E B2 A CAZ ST AT 145
il ge sty R KICIZRE T . 75 LSTM | 4
ANEEWMZITCEA =K1, 700 s T (f) A
(i) Mg (o,) . LSTM FUBATCEERI AR 2 FF s .

2 LSTM Hnssi A

TE LSTM w35 — 20 THR BT ], B e 25 AR
5B, WETTH b, Flx, L PEAR 05 38 5 sigmoid PRI
BOtEs i EIES ¢ M, BUST TR T .

fi=o(Wx[h,_,,x ]+b,)

9 e ECAZMAE B T sigmoid PRIAIIR
TE T B i, , PR tanh PRECBEE— N8 A9 %
Bl R C,, I A B 2R 2 b, % 400
REHATIRRS] €, BRI .

i,=0(W,x[h,_, ,x,1+b,)
a =tanh( W.x[h, ,,x,]+b.)
C,=fxC,_ +i,xC,

55 =0 BT YT I 20 Y B2 RS R U e
Aok, 1 S sigmoid BRI 2 B A 2T IR S
ER ST o, , FHIT ] tanh pRAAL BEMH 22 5TIRAS, /5 5
I AR R S RO AT AR 2 S /T 20 A% s ko 55 =200
THEAE .

o,=a (W, x[h,_, ,x,]+b,)
h,=o0,xtanh(C,)

T FEE AL Fukada™" 42 1 7 X i) K 5 W10 42
( bi-directional long short-term memory, BiLSTM) [% 2%
ME TS b AR UL ) 9 SCHRME . BiLSTM 54 iy
] LSTM A5 ] LSTM 20 A%, AH 4% F B ) LSTM, ‘& 1]
DABRAS BN o2 B 1R S0k A E . {HJ2 BiLSTM A
TP 1 A 5 TR R 48 22 ] 1Y) 24 SRR G 3%, 7T
SR TCRUN T A, A B Y SR Sk % < B -
MAE“1=" ) F B IR W2 “B-"8“0" . Ry T fif ok

XA ], AERIRL S | A S4B MLY% ( condition random
field, CRF) &1 S BILSTM #5515 fity i H s in 24 ok 56
RS P S IE# T, CRF M Lafferty % F
2001 AF4 Y, 45 B KRB AR A B ZR B I A A )
SOTER A BREAT S R ILR . 1E CRF 1, % T 48
EFATI x= (x,,2,,+,x,) , BIFS] y=Cy,,y,,
ey, BIARSY
S(X,Y)= -ioA)'iJiH +i1pi,)‘i

i, P o4 BILSTM B4, A N E R BUERE A, N
P& i R BINRAS j 8, dE—20 T F 8 Y A
HIAER .

SN

> S(X,Y)

Xorh Y R BLSL AR TS Y, o5 T W RERAR
WA, &5, M Viterbi B F40 00 A v hi8 &
ERY.

P(YIX)=

Y* =argmax(S(X,Y))
25 I, 7F BiLSTM F27 )5 $2: A S5 A4 B AL 7 vT LA AR
WERR LRI — A S T 25 5 453 2 R i e 91
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2.1 Joint-RoBERTa-WWM Bt & 1& 5!

BRSBTS AT 55 AR STt & SUAR
Ay ), AR SCKE ) RoBERTa-WWM A5 15 it %)
WeAT 55 HEAT RO SR S0, Y 1 ) s g A2 SOA T
w) i g it i R [ CLS ] h4) [ SEP 7 Y4
¥, “[CLS]”#r&He 281 Encoder Y [a] & F i, 4
1 Pooler Ji5 LA 2 /) - 1) [n] 2 e AE , B 5 8 1 soft-
max PRI AT DL S I SCAR 3 2841 55, i ) i s 1
BRI,

TESZ S A v A R, B5CH A vh %) 35 1 2 501 o A A
HORIL), SEWRI AR E M 2s . L, 7EAb # &
BB M P 3K P A4S 22 43 28 FAE 55 B, 51 A Focal
loss" ™ HLA , 18 1ot e itk 403 2 B B0 e I B 90 /L () 26
S BXRE, BEAN R M K 4 19 R dn oA, RE A AU
BRI RE . Focal loss 4228 U #6125 PR %K ( CE loss)
FARE A RRAS , f B Y — 0 2828 SO 2R R BN T

_[ls(p)  ify=1
CE(p,y)= {—lg(l—p) otherwise
HEFR AT

CE(p)=-1e(p) p, :{1 —-p otherwise
FEXTE AN 5 0] R, A% 58 19 8075 J2& a-balanced
CE, BI7E CE loss RIS MANE R EL oo, LA ISR - M5 25 2%
IR A GO . Horb Bl 5D 1251 o BOR, T AL
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WEZEN a #/, a-balanced CE FIFERUT .
CE(p,)=-alg(p,)

{HJZ  a-balanced CE H A7 T AN [R] 28 551 X F 455 71
[ISEIR BTG X 25 Gy BEAS RN REREAS | 1T g B0
Gy REA 3 GoB0 E TIT R AR 52 Wi A e %) ) L, PR BB,
TERAIF 5] A Focal loss, LA TE S i 4% 28 3 43 4 1 [
BF, IS PRI HERE AT loss AOSZIN , 1155 25 Sy A A 11 J 22
P, Focal loss FREUFER .

FL(p,)=—e,(1-p,)"1g(p,)
Hrdr(1-p, ) ERTHET,y #6] THEAEE R T R

W SR FE AT 55 AR it b 2 P 81 b 3R] A8, 4R S
#4108 F§ RoBERTa-WWM-BiLSTM-CRF #5552 % 4T
%, EER FE 0 3 2. H 58, #E RoOBERTa-WWM
2 KR IR A SCAR T AT e 40 o 1) 1 HOR 7 BiL-
STM JZ 1, RoBERTa-WWM JZ2 4 i) 1 4y 1 B4 A% 2
A P SCfE S i, 78 CRF 2 3l it fin
2 TR 25 [B] A AR5 5 22 PR T 4K B A58 1 oL &
PAT A RRALF

TESEBR A SCARTE SO R R Al R A
T 3 A FALS IR RIS 0, =35 Z [ A7 7R 3
[ SRIeE , Fe — A4 55 AT BEXT 53 Ah AN T4 55 1
PO A = A — e B se . Rk, $2 Y Joint-RoBER-
Ta-WWM BeA A R FH 24T 45 2% >J ( multitask learn-
ing) 720K 3 NTFAL S A TER G 24 ) lad fe/ME 3
ATFAL S5 (0 0 Sk i 57 G5 — I B S 2 i B, 45
L'(0) .L"(0) .L°(0) 533 2 BRG] A7k o A
SUREICTE 3 55 145 0% R B, DI B 461 2K eR A

L(0)=L"(0)+L"(0)+L°(0)

Joint-RoBERTa-WWM AR ZE/ AN 3 PR .

SRR

L]

RoBERTa-WWM

F G o [ g
T L3 3 T T 3

|[cls]||7ﬁ||%||@||m||ngl

%3  Joint-RoBERTa-WWM I 45 250 25 447 [&]

2.2  Joint-RoBERTa-WWM-of-Theseus [EZZEE & 1Ry

H A, 5T Transformer AU AR E 28 545 T
FIAR T & A 3 A2 I i s i, B BF TR
BSOS T e AT B SR R,
ITE4E TEE T EE A S8, S 2O A I
HACRART , ™ E RS 1 BEARLTE A 77 B 05 b i W
Xu C ZEM 3 BERT-of-Theseus , 33 42— 3% T4 B
BRI R vk, M ARG AR IR X
T3 BEAEX WA B AT T 4 i ] D ORI 4 A5 R ) 245
F 500 A RS B AT SR AR AL, 8 8 A T 4 o 78 B o 4
BERT-of-Theseus [k 4 J5 1% 7] LUK J5UAR 9 12 )2 BERT
HOMAEAY P= {prd, ,prd, , -, prd,, | , K4E—> 6 )2
B2 AR S= { sce, , sce, , ++0, sceg | =R NIV 5T
BT EL:

(i) 5 — B B o 2k R R B B
prd, B AN 22 AR sce, . #5 | MBI
H A i RoR oy, W BOMBAL S i+ 1 MR A 11
GO

Vi =prd;(y,)
XEFA i+ 1 AR 8 A7 55 M) o A SR — A Bl
PUVEE r,,  SRAEHER N p, ANF
r;,; ~Bernoulli(p)
UVER i+ 1 AR 22 AR RO i e 2t A
Yiet =Tuy *sce,(y,) +(1-ry, ) * prd,(y;)
Horpr s FoRfoT R AR,
B BRI LR AN 4 R

B 2

prd. I:l ¥y

7]
o
o

prd

|

scc,

prd|

WAR
K4 S prBog s A
(i) % ZFrBoe = A S | B oA, 1k ik A
A 2 U | i 0L A B S,
S={scc, ,scc, , - ,scc4 |

Yin =sce,(y;)
BB 5 s
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WHE

LR 3.3 RWBHETAER

T e SIS Adam D F28 s 15 9 B SCAR K
f 12823134 0. 00002 ; RoBERTa-WWM JZ % 12

(s B B2 AN R 768 5 I B I A R4S BL ] i
i Dropout Hf1K 0. 5 K3k 40145 5 SR (i 52 2 BRSO B

] [see HRESE  E Warmpu HBH0. 1; 7EHEFT Theseus B4

A, AR B M R 0. 5, SEEe P B A SN

[ IS e 1= 7 ]

2t L BB B, B prd, BEHER H 4 1L/
sce B SCREZIMBLTY P 4 R 46 B — > BB /N 2
RS S fE Bl Theseus JE 45 1Y LA | Joint-RoBERTa-
WWM BEHIZE 5 A [8) 0 5 b AT R 4 J5 , (B A4 B 1 A%
SCATHE Y Joint-RoBERTa-WWM-of-Theseus 1 % |
MR AR B TN R (AR R T A b il 55 TR
PR

3 g

3.1 SLIGIREE

SIS A BE AT . Windows10 #: 7E &R 48, Ryzen 5
5600X@3.70 GHz CPU,NVIDIA GeForce RTX 3070 &
R,16 GBIAF, J4h, S8R F Python 4 i & Al
Tensorflow VRFE: > HE LSBT AR 2L
3.2 SEIGHEUES

PAFER BE B BB FL SO TR Rt 5, s 1 35
Scrapy HEZLTCHUW LR - 65 4 4~k 3k 9865 AT b
Bl IR AR T 3075 2R SCASTERME SR B 46
FERRSE T A 4 Mk 14 AR SRR 22 4
FEOL G AT AP B TR R 22 00 AT 55 U A
BTSSR ICIL, [ 6 7R T ANIA
EEERIRE TR XS E . BT AR 2
B Z R AR 2R, PRI, 7R A DI A 7
PRSI 0 AT AN A (R b A

- BRE14-31

HE13~115 "

BEE12~103 ~BEL~507

L1530 EE2~108
BE3~27

/ ZRl4~70

B E10~330— \ #HE5~432
EE9-~45 BE6-19
EE7-157

HES-601
E6 #HREESMEL

%2 Wi,
®2 BEREE

SRR ZHUH
R A RES Adam
RIUARKE 128
() GiAe TS 0.00002
RoBERTa-WWM [ J2 K /)y 768
LSTM F&3#t)2 K/ 128
Dropout 4] 0.5
Warmup ] 0.1
(e =Y RS 0.5

FESE T SR F, AEAVE ABBL R PR 4R AR, (6] I
R A MR B Fy ) R SRR B
PUI ARG ANE SO FE 3 4> AR5/ F, (8, 0
AR A ) F,.

Fl+F?+F}
T3

3.4 TLWERELSR

SEU ¥4 Joint-RoBERTa-WWM 5% %1 Fl Joint-BERT
FERIYEAT HL#E, 3T L T Joint-RoBERTa-WWM #5558 75
{diF] CE loss . a-balanced CE . Focal loss Z& A [E] i i1 2
PREA ()R ILIE OL , IERH T Joint-RoBERTa-WWM #5171
i FH Focal loss fiff tR B0 AS -7 [n) (85 B f 3, BB AR
AU L SE g a5 a2 3 FiR

F3 BB SRER AR

i F,
Joint-BERT 96.38
Joint-RoBERTa-WWM+CE loss 96. 60
Joint-RoBERTa-WWM +a-balanced CE 96. 80
Joint-RoBERTa-WWM+Focal loss ( A% (A ) 97.06

AN, SEE ¥4 Joint-RoBERTa-WWM-of-Theseus 5
AY  Joint-RoBERTa-WWM #5133 47 X tb, iiF B 28 i
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Theseus J7 75 FE4f , 7T LA A W it JoKG BE  HiT42
T, R i vy RO St 5 B HC A A PR AR L
UF A SEFBOAR 55 . Ry 1AL LA 77 R RS A
BTGB, 5296 48 1 Flask HEZ2 53 511K > 45 AL 1 1
AT E I M 900 A5 AN W) SCAS Y S I F I 42 113 oK
SR IR A A SR PP A AR o, X L A58 28 ) ot
W XA ANR 4 PR, Gk SER I IE A B, 8 it
Theseus J7 75 FE45 5 WA 455 AU $50 00 3 2 AT DA 4 v &2
FEARHTY2. 3345 , AT S BR A= 7 $1 45 v i IO
L T Ak,

F4 BRGS0 BER b

TR F, Toum ki
Joint-RoBERTa-WWM 97.06 1.00X
Joint-RoBERTa-WWM-of-Theseus 96.79 2.33X

4 LERIE

FEAE S5 BUXPIE LS AR 5 T 82 T Joint-
RoBERTa-WWM-of-Theseus 48 B¢ AR 28R 7
537 FERTRITFAE 55 2 (R W AH s i K R ATk
PO RIS 3 A4 55 AT G2 2T U 25 3L
W AEZHETAE S HEIA T Focal loss HLHI, i it 461
I BRI ARAR R A DRI 53 A AN ST TR0 B 53 ok, SR
Theseus J7 PORARRIFEAT 4 , AR LIAR /N ARG 2 it
I AR AT SR T S R, R R v T AR AR
FPEEREE T IR 55 BB 1. S5 8 3K B, Joint-RoBERTa-
WWM-of-Theseus 4 B¢ A 55 781 A AT 55 RIS iE HL A8 A
(5 AR AL T R A A SR R
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Focal Loss for Dense Object Detection[ C ]. Pro-

Research on Multi-task Jointing Model for Task Chat Robot

GAO Zuoyuan, TAO Hongcai
(School of Computing & Artificial Intelligence, Southwest Jiaotong University, Chengdu 611756, China)

Abstract ; In the process of building a task-oriented chatbot, it is generally necessary to execute several subtasks of Natu-
ral Language Processing. And the traditional training method is to integrate each subtask after training independently,
which will ignore the relevance between different subtasks and limit the predictive power of the model. This paper propo-
ses a compressed jointed model, i. e., Joint-RoBERTa-WWM-of-Theseus. On the one hand, intention classification,
domain classification and semantic slot filling are jointly trained through multi-task joint learning and training. And the
focal loss mechanism is introduced to the multi-class classification subtask to solve the problem of data distribution imbal-
ance. On the other hand, the model is compressed by means of Theseus compression method, which greatly improves the
prediction speed of the model and improves the applicability and the real-time in the production environment with a slight
loss of accuracy.

Keywords : RoOBERTa-WWM model ; multi-task joint learning ; Theseus compression ; Focal loss



