skl, XA, HIERE, &oih

IRA:

sk, XU H, EIERE, Zoth. TRRIERMPUBERR[J]. ®HR% 7k, 2024, 19(4): 974-982.

ZHANG Kai, LIU Yue, QIN Zhengchu, et al. Knowledge tracing model via exercise transfer
representation[J]. CAAI Transactions on Intelligent Systems, 2024, 19(4): 974-982.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202302002

YR RERRGER H HoAth SCEE
FEF B T AT R 2 2] 19 A pexi il 15 155

Apex frame microexpression recognition based on dual attention model and transfer learning

FIRE RG24 2021, 16(6): 1015-1020  https://dx.doi.org/10.11992/tis.202010031
22 SR 48R DX IR IE Rl 1 R0 vk

Image recognition method based on multi—perceptual interest region feature fusion

IRE R G5 2AR. 2021, 16(2): 263-270  https:/dx.doi.org/10.11992/tis.201906032
N e UNIVSIASS R AISRILE B = R7 R

Possibility—matching based knowledge transfer prototype clustering algorithm
BHEZRG2FR. 2020, 15(5): 978-989  hitps://dx.doi.org/10.11992/tis.201810028

ST TR IRl B R B R A T 1

An image caption generation method based on attention fusion

BIRERGEA. 2020, 15(4): 740-749  https:/dx.doi.org/10.11992/tis.201910039
Tl R o ) IR ZE I 45 B4 B R 12 8T 8

A skin diseases diagnosis method combining transfer learning and neural networks

BHER G AR, 2020, 15(3): 452-459  https://dx.doi.org/10.11992/tis.201811015
HHGE RS A IR RSBk S HAE SRR 3 B i 1

A maximum entropy clustering algorithm based on knowledge transfer and its application to texture image segmentation

BHERG AR 2017, 12(2): 179-187  hitps:/dx.doi.org/10.11992/tis.201603005


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202302002
https://dx.doi.org/10.11992/tis.202010031
https://dx.doi.org/10.11992/tis.201906032
https://dx.doi.org/10.11992/tis.201810028
https://dx.doi.org/10.11992/tis.201910039
https://dx.doi.org/10.11992/tis.201811015
https://dx.doi.org/10.11992/tis.201603005

5519 B4 4 1 B OoRE R & % it Vol.19 No.4
2024 4£ 7 H CAAI Transactions on Intelligent Systems Jul. 2024

DOI: 10.11992/tis.202302002
W & H BR 2 htps://link.cnki.net/urlid/23.1538.TP.20240313.1615.013

T RAERYFIRIE ER R B

R, XA, FIEHE RSl
(K K5 HEAFFF IR, #Hab 3) M 434023)

O OE X 2 ACNHGE B AR SRR B R T R RE A A AR RRE, SRR ISR E P
25 S B AR X — PR PR ARAE, (B FRAF TR ol A b H A R R B A 1), AR SCHR B AL R AE 0 R B
TR, AERR B M SRR Ty I, SR I AL R U B A& BE S S AR R A i, R
FRRE AL 3 T8 3 2 7 DL il A g sk R 2 A B R AR R s AR AT A st s T, o T BR AL i ) i
Br s, RAR R H TR, LIk > 3 Rk E BRI, LRI, 5 6 FifH CRI A
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Knowledge tracing model via exercise transfer representation
ZHANG Kai, LIU Yue, QIN Zhengchu, QIN Xinyi
(School of Computer Science, Yangtze University, Jingzhou 434023, China)

Abstract: In most knowledge tracing research, the representation of questions typically relies solely on explicit features
such as the concepts contained within the questions, neglecting the implicit feature of the emphasis level on concepts
and failing to characterize the degree of question transfer during the transfer process. This paper presents a knowledge
tracing model via exercise transfer representation. In terms of the representation of the focus of the exercise, the addit-
ive attention mechanism is used to extract the focus of each concept in the exercise. In terms of exercise transfer, the
multi-angle transfer degree of historical exercises is modeled by fusion of similarity and channel attention mechanism.
In terms of transfer forgetting, a threshold mechanism is used to model the forgetting process of learning transfer. Fi-
nally, the exercise transfer representation is obtained to predict the learner’s future answering performance. Experiment-
al results show that the proposed model outperforms six benchmark models across three real datasets, particularly excel-
ling on the ASSISTments 2012 dataset with improvements ranging from 3.5% to 20.1% for area under the curve (AUC)
and 2.3% to 18.5% for accuracy (ACC). The interpretability aspect is enhanced through graphical visualization of the
question transfer representation generation pathway. The internal mechanisms of learning transfer modeled in this paper
provide valuable insights for the design of knowledge tracing models.

Keywords: knowledge tracing; learning transfer mechanism; exercise representation; exercise transfer; sequence model;

answer prediction; attention mechanism; threshold mechanism
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Brey 2] v, B o 2 5  HURES R Al g 58 4 4
[F], 40 2R 27 2] 35 JCik A5 BB X PR ) 02 Sy, H
ERUR BT e B . T A i 2 B
(), AR [ 2% 2] 3 4 B R URES, ol TH
ERPE IR A S R, i
FERXCPP G SR BR B 2 s i A, AR B R 3
BEM 2 21 500, anis B S L VRSB D0 RN 25 R )
B B[] S5 A A i A, RS 2% o) 3 T UIRES, T
W27 2] B AR BRI, &5 B e s $E it
MRS 22 ) SR R o

U R0 B BR A A 2 B L T RR R A R
*ﬁﬂm(hidden Markov model, HMM) {9 D1 - 3r 701
55@%*%@[4](Bayesian knowledge tracing, BKT) Az H:
4 fift BF-BKT"(behavior-forgetting Bayesian know-
ledge tracing) 55 . J5 2L ik F B TR AR
0 R B 0 B (deep knowledge tracing,
DKT). 2h 25 & {41012 ™M %5 ") (dynamic key-value
memory networks, DKVMN) £ H 4E fff DK VMN-
BORUTA™ MSKT", DKVMN-GBRT"" fI DK-
VMN-DT! 45 - i 1 B A5 4 453
KRR T EE R HEZNEH . AR E AT R AR
H BRI T8 B A r 8 A5 PR,
AT X S A RS A RE H . 5
—J7 i, TR s HE A AR R £
BB HER, T RUE AR A o SR DAAE (A A
GEAURI IR BE RS R A B () k4 D Reds 2% > i R 25
SR S A T UIRAS v, IR AR R A 21 Iy s
A YRS H 05 ) TR R, U X AT
G INIIERE SN

T IR ML R AR S IR RS, AR SCHR
H i % R AE 0 PGB B A A (knowledge tracing
model via exercise transfer representation, ETKT), M
o) IR B RO R, B —, i
Ik 2 T AL R BOEE AR R E A B
() B, R A B MRS A, AT AR
2 H PSR ERE, 2, M
AEARLPE v ML A5 g sk s H 5 Y it © Y AH
RURE, B 3R AEABLURE #% A6y by s R H 21 > /i &
()3 RS 7R 2 5 o HH 38 18 T 2 0 AL A AR T RS Y 4
Jro A7 L, AR ECTE) B B X 3 F% 42 Jmy 1Y 52 M A
55 =, A0 TT R AL ) AR s A R, e A SR A
H7EIE 5 v R AL, 01 M T 2 > 35 K R 1 2
SR,

1 xR A K T1E

1.1 FEHMWE
DKT $ R B RLAL 5| AR B B 408, A R

P 2 % 26 (recurrent neural network, RNN) 7£—
BB A T Dy e E B Y AT E B RS T
. {H DKT {CK & B4 & iy sk 1 i H
R, BEZA T 25 A [RIARE & ) AN [a) 2 H [a] i) 22
5, WA IR — B8 HERZ M SR
Ji B2 1) R HGE B AR R 25 281 AH [RIHE A 1Y AN ]
Hi#tAT 17X, %08 T8 H A& 8 2D HEE X
HiF#r5em, IDKT! Y(interpretable DKT) |
A H S5 Y DR DAL R H LI AE Bk R AE Y T
SIS VI Rt I W SRR E 2 o)
AT H A TR GIKT[IS](graph-based
knowledge tracing) % JE 2|81 H 4 & 09 2 HE &
Xt 1 0, ) P 1 4 B R 22 16 2% ) (graph con-
volutional network, GCN) & H & H AL & £
AR, SRS N AR B A2 8 RORE A& 0 R
fE, X8R AT T F R A FRAE, Liv %" 5@ 5
P H SR B H M RICR . BES A
KZR M A B, R P28 I 2 31 2545 318 3 3%
fiE o B RBEAY Y AR 5 S 78 T DA R £ B2 A
BESRIEH . H e RS 2R —EE H
rh S Y T AR T A B AR R A A, S5 |
—IE 8 HFH RSB oy — s B, B
XA TR H P i B S E AR IR A —E S A
AR, R B RER AR B X 43 B A i 25 25
HEENER
12 @HIE®

DKT-CF"*(DKT collaborative filtering) FI| Fi &
FERTRY R B R D Re s H i B B e T
it FE, ATCKT!"”(temporal convolutional knowledge
tracing with attention mechanism) {5 JH B[] %5 FH XA
2 B0 i 95 H 3T % . AKT™(contex-aware know-
ledge tracing) 7F i [B] 5 R 28 iy LAl B T 3
BHLE e A T T R .
NIRRT IR AR [E A Y s D Re 2o 3R
N TREHTRERE, (BTN D8 E 2
HT A H )G R B R S5 X 1, 200 T SE Pl i
i H BT ARG B2 R EBREIFA—E
564 AH [R]85 3k SEBIF 5 AR R BE I A X534 [F]
Py s 8 H BB B R EE
13 EIBES

VI 22 FIGE BRI 2% ) 3 B8 0 72 v A9 5
P4 4T T 24, DKT+orgetting” 7F DKT [ 3
filt AT AR R B B R] ) B A < E B (]
B R D S 2k 2] OB R AR, T TR B AR AL 1Y
A D RE AR T 5 R4 . DKVMN i i ic 124
I BIL A T4 I v i o R S . LFKRT™Y
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(learning and forgetting behavior modeling for know-
ledge tracing) fif FHl 2 >J % H &2 27 > AR A& 1y 1) o g
[ | A o o M R OB I 2 R I o s 1] L
PWERE R IPOL I FIE S YR 3B h: Ik
T B R T IR U U BR B TON-
KT(temporal convolutional network knowledge tra-
cing), AR ] 2 Fh 28 B A M5 Bk KR 2 2 1)
BRAT N, A o 2 ] A A ()RR RS IR ] )
B A 4088 1 Fy k] ] e LA B Py sl A 25 A H Y IR
¥, Pandey 25U R T — B T 0 R IR A
R AEGE BE LAY RKT(relation knowledge
tracing), i o) # 7. 5 B R A A% pRUBCEE I T 3 A
PR MR B . Gan 2T R T — B R A AR
5 KTM-DLF(knowledge tracing machine by model-
ing cognitive item difficulty and learning and forget-
ting), K¢ AH [ A e 5] o 1o 1) A [] et 3 (] g e 1) 0
A 408 52 ] o I 1] A7 Shg A 352 R IR R, B
FAME S By I BB, Ry AT REMEOR . R
R AU P AR A 2 2T 2 R R FUIR S, AL RE ik 3 A
DL A28 3R, 2000 1 X g5t AL a2 1) A

2 AEEHRA mRBEEER

2.1 [EEENX

X HHGE R &, HAT 55 208 o H A
A5 B ME A AR R AR LR H ()3 i R R A R
RO e NN TR R E=2 s o (v =8 T i bR
%P(rthhq%'” G157, o) o /ﬂ\: ':F'tjil i’lﬁﬁlﬁzu s
qi(1 <i<SONH¥JEAEBWEH, n(1 <i <t XN
BB R . BEIEOT, rn=0RREH, n=13%
TR

________________________

___________________

:’fi@ﬁ@\ o ; I
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o @/@}w_ AR |
o QY | g i
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22 REEBA
ATSCAE U E | WS | 28 R[] B ) A R
TSRV E B A, Sk L8 H SRS RAE
iC 8 H ¢, one-hot Zif% 4 O(g,) € RY, Hi A
K B W, e RMHH T 15 21 8 H 19 ik A 0] 5t q, € R,
LKoRH
q,=W,x0(q)
A NEH BEL d B H i AYERE
1CHE& ¢, one-hot 4 i O(c;) € R™, Hig A
J B W. € R AH e 15 I HE & 1 ik A 1] Fte; € R,
LR H
¢, =W'xO(c)
K MBS BB, ARSI AGERE
4 D s R H B Y A E )25 R A] B[R] S L
k., 128 R ) B R ] 4, 25 AR S 1Y) one-hot Zif5 Ry
O(i,;) € R™, 5 fix NHEFEW, € R™HH e 15 2] A 7]
i, € R, W R
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Ao PO B LA A0 28 1) B 1) ) S 4k, d 28
7L ] o s ] e A R
23 HRBIEZR
L H R R AR AHGE SR AR ETKT 1Y%k
R anpE 1 R . EEA S ARG, 435S H
M AL | T FEALE RAL | TS RAE @ H T
P RAE AU . B H M8 R AR DL H P
1) 75 5% 0] B T B o AR H RAE 5 1E B A E RAL
HRL Dy s H B YR E R R RS
FAEF BB S HLE A 8 H B R ARG 1T
4 AT R A% 35t s 2 i X 5 T 000 A Bl 3 1 K S 3
1812 M 46 % (long short-term memory, LSTM) % 7
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Fig. 1 Model architecture
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23.1 B MERAE

TR BRI 8 H rh A 2 7 S0 B R R
FRTRN G o AR TS B 50, A3 A H A A&
g H AR B T AR SE AR . Filan, & ) F AR
TR AL I L Wk | Ak 3 M
263.689%109.261 x 116.452+1 -0, it SR % 85 H &
BT EERLIX — W& KPS 5 B 7
AR A DLTE AL Ge B B R BB 3R, 3 BLAS SOl
FHAME A& 75 Z AN R s 8 B b AS [R) A & 1 25 220
R, M R R U B X A A A A L H
H ) 25 SN R K

AN A H A& ISR E, L
H q A SRS C,, VRS H M R AE
%A o A3 I 0 R LR R
Xof A o DA AR O A ) 5 S A, HLAA D,
¥ g € RV I B HH FEW, e RPMYT T Q e R™M
QB H AU B Y ME 5 B 1Y XA RN C, € ROV L
S E R AR R, R E RS A A 1) R T
LA, o AR BIWORIWC,, Horh W e RY
Ry Fe B L AR A

PHEWQRWC 52| [WQIWC,] € R*M | FFIH:
ESH N i a € RWE SRS 38 3 T BRER Leaky-
ReLu 753 e e R™M KRRy

e = LeakyReLu(a"([W¢q||WC,]))

K eeRNER R i &, R EES
C, g — X 8 H g ) E 2P, B2 R 3R
HEHDZMEERBEE . fWillexid
softmax i 1% PR &I 5T 15 2] 8 H ¢ X HE & 45 5 C, P
RPN H L Es =o(e), se R,

¥ s 5 2R ME S A C e RHATRAE B INAUS
PR & R, 5 i A BE W, e R™HH 3 15 %]
W, C"s?, BV H gt & /) 43 HE & 0 ik A 3RR o
B A FEW,, € R 5 g M3 J5 13 B W,,q, B H
gk A RN LR SRR 5 H RRAME
i, 38 i sigmoid i BRI AT B AlA A WA A B 4%
B8 H R ik g € R

g =0cW,C's"+W,q)

232 EBREEAE

2R SRV BTG Ty LR E ) SRS E
IR A AR fRf o 3K POk 200 T 2 ) i # it
P b 2 YR A ) ML e, AT RS R R R AR
o N, JishEE 1 2263.6%109.2%116.2+26.2—
ORI L H 2 B R—NEIE R, %] H
V25 4 i BB H 12,56 X 251 x 121 + 18 — 12 {4 i fige, ]
WASGNT LA | #1728, A 1w
ERRELEME 2 iR REE S, LiRiE

PRt BE 1Y 22 S A AL G v R A s

>R P B L, LA DR BT 22 i A i 7
5 YA A R p Dy s B H o B,
AP H g, € R™, FIl Py S H PR LA
Q, € R™, I AR SZ AN RE THA Fal s s A H A5
Q) FE T HA T F B2 AT H g, 1T AL

_ _4 O
@ = 08 Q) =100 |
S @y € RIS, (g8 10 g, 104 JE 10000 4 1

0,175,

SR, ACRIHAE EAE R, A % R HER
F14) [i) B BSF 1), T B 2 Z20 9L IR ) o 5 A ok R Y R
Wi o 38 NG BN, I RS 23 Bl 2 I I BT[] 5 e
Dy s A H 5 Y i (R] R R R, A 2] 3
HEPRERZ], WA 5 7% . AL R 8
SERESS =W I K B e =AY DL DS W i
H4E G 0,1 i 8 H q, 1 8] bR B [6]1,, e R™F5 4L
kg XoF 3 M) B AR AL g, € R

gy = o(ReLu(W, I, + b, )W, +b,,)

K g BER RN, Hhw, eR™ |
W, e R™TJg SRS 5, b, b, € RXT by fi B 301, 7
¥t g, 28 ik softmax 5 — 1k, 15 2| Iy 52 8 H 4 5 0, %
T[] o B[] 1) >4 15 2 H g, 1) 32 B AL By = o (8un)s
B[,h GRIXFO
233 EHEERAE

T SR RIE T 25 S B X 22 S BN
FEALH A, R B B b ) F 2T, Hok
RAFFE2E T B . DA 2450
PP 20 35 W LIRS A e B 13 S ML A 45
B, R BEE RS RIHLA B AT B XS b1
R, AN ) TR T B 52 B 35 T AL o A A
L, AR BT AL A R, FL A A 55 45 1l 5
Gy FIBEBEFRR 43, AnlEl 2 FirR o

B2 IRALHZH
Fig.2 Gate mechanism structure
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0, =0(W;0,+b) tanh(W.Q, +b)
Krp: @y e ROTHy Iy 58 HAE G X /i H ¢, 2858
I ST B RAE, W, W, € R&Ch T 417
PCEFE I, by, by, € RO B0,
234 BB EAHERAE
i i @, FB T Qo3 HINVE I AUNERAE, K 5 i
TP
hi =W, Q/a;, +Wa.q;
B =W, QB! +Ws.q,
K AW, W, € R Wy Wy, € R™OR T BN LR 1AL
A, Prhe R, W B RS B8 E TR
FfiFx, e RV g 1 H 3B B RAE IR ALESE
x, = ReLu([h" || K/1"W, + b))
K. W, e RV TG ELYN LR ) B JE BF , by € R™
9
2.3.5 TR A
H 2% 0 45 R 0 2 A 1 2 S RS R AN TR
HRAE SCHK [30], Jof 2 gl e i Ak Ry S x, e RPM
A 5 AR ] A 2 ) £, PR H G B R AEx, e RDY
A R, P8 LSTM A% AT fa, € RV,
FoRH
- {[Ollxt], r=1
[x 0], r.=0
A IR 2 SRR, o = DA
t— LI 200 285 B0 TE 1, riey = O R 2 26 AR 1 — LN 200 255
R, Fra, VB LSTM A9 A5 21 1500 45 Sy, , B
y, = LSTM(a,)
24 KRS
AR S A SUIH A5 % R EROR /s Ak T
Y MV EL SEAR 28 r 2 0] 1Y) 25 S 1k o 28 SCH R ok Al
YT 255 2] 0 R 2 A 5 B SE A A 1Y) 25 1
o BRI S H LR R B, 58
SRR BRIV, 2 A A 380 A gl B T . 28 AR
PR RO BAR R IR AR
L==3 (rIny,+(1-r)In(l-y)

A SRR RO ™ pR B, TR AE DI R0 7R
w0 P E T R 1 A B AR /ML, DA T 8 A A 7
AE 5 S A b T~ ) 25 O R B AR AR L

3 EBERE MM

3.1 XWiIEE
3.1 4eiRiEREHIE R

N T YGRS SCRRY A 3, 2640 5 7 ASS-
1STments2009" ' (ASSIST09) . ASSISTments2012
(ASSIST12)"™ |, EdNet™ % 3 A~ TF 1 1R 36 15 %

Pt B b T PRSI .

ASSIST09 F1 ASSIST12 J& ASSISTments 7F £k
7 15 WA Y 28 I SR, EdNet of A 921
7RG Santa, 1A 3 MUK A T
HELBERIFFHREMZLEHE, KTk
T RS A DA R S H D %, S AT SO AR
ARG H SR TEAIC 3, X AL HE 7 A2 0 R E [A]A
F8 1] 25 19 0 A A% [ A iy 5 25 B A 2, e Ab, ik
W T R GRS A A [ 2 SR B A0 R i DL B R
XoF X 48 S A o PR E AT RS A TR B
AFRWMPLRE W2, RIHETRXINE
SRR AR R FEAE B

®1 HEERER

Table 1 Datasets information

HlRdE EIERC halwR MR A
ASSIST09 3841 190320 15911 123
ASSISTI2 27405 1867167 47104 265

EdNet 5000 222141 13169 188

312 IR E

2SI BTS2 36 % 45 M 2.30 GHz 19 Intel(R)
Core(TM) i5-8300H CPU, Bt % NVIDIA GeForce
GTX 1060 &+, Bl'® T 16 GB BN 1F. 7 Win-
dos10 #:1E R G 58 1, >k H Python 3.7 i 215
7, PyTorch 1.9.0 W E 2= JHESE . by 58 70 I
GPU sl VR FE 2% 2] Y 2533 72, /] T CUDA 11.0
A

YIZRHAT, 78 B EE 4 Hof 70% 185 ) 43
RN, 30% B s R 0 5 o 7E Y Zhad
B, bR Adam TEAL S, WIR > R E
7 0.01, ZEHIWI R AN, DA .
3.1.3 AfreARA

h T B UEZ AR R B A RO, AR AE 3 AN
TF Y 0K 38 B K5 4 ASSIST09, ASSISTI2, Ed-
Net |5 BKT.DKT.DKVMN, AKT. GIKT,
IDKT #6550 E 6 I HEA T X% HE S 86

PERE IR I R 7E T BKT #iE B B X
FRIAE T 222 H 9 APLIR AP ; DKT fi | RNN
H 8 48 HIL ] 2 0L L AR A E #8 4k F s DKVMN fifi
B AR IO 28 I 4 AR B a8t s s AKT i
TR I IHLEI AR BUREAS Dy s 8 H #2415 H R
a5 GIKT 38 i 5] i 28 W 28 8t 5 32 #8 b A7
HEBMRM; IDKTHAR TR EEESH L
AR Y HT R H AR AR
32 MHRELEE

R T SR UEAS SO A RO, R AR SO
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44 i) BKT. DKT. DKVMN, AKT, GIKT
IDKT 2555 Y 1 4745 7 (1 il 26 17 A (area under
the curve, AUC) FIHERA R (accuracy, ACC) {EXT b .

AUC 32 30 FrfiE #1 £8 (receiver operator
characteristic curve, ROC) T 5 Ak By filh 8l 1 %) a1 £,
3% A T AR BBV B #E 0.5~1, AN 2R AUC M{E

0.5, 1t B AR 2 BEAL PO AR Y, AUC {RLB g U 58
WIS 0 T 1 A AT, AUC {88 D] 33 B 33000
REML2Z . ACC SWHERG A, R IE A FI 45 53 5 fr Ay
TN 25 B E 43 e, ACC BYME R, 1d A5 A 15
N0 £ RS T 5 ACC AR/, D] S5 P A R 000 1 e
ANHER o SEHXF g R AR 2 B .

%2 #EE AUC/ACC XLt
Table 2 Model AUC/ACC comparison

fm ASSIST09 ASSISTI12 EdNet
AUC ACC AUC ACC AUC ACC
BKT 0.657 0.611 0.620 0.596 0.602 0.593
DKT 0.756 0.653 0.728 0.708 0.682 0.673
DKVMN 0.755 0.726 0.728 0.703 0.696 0.684
AKT 0.789 0.714 0.772 0.752 0.731 0.713
GIKT 0.789 0.742 0.775 0.747 0.752 0.716
IDKT 0.779 0.751 0.786 0.758 0.744 0.717
ETKT 0.816 0.807 0.821 0.781 0.753 0.728
2 2 WXF HE AR R AT A S HE SR A R RIR FE AR F R M Wil B i R AR 4 . S0 a5 R
B, (R ERA T IDKT 78 ASSIST09. ASSIST-  AUC {E X L fnE 3 Fis .,

12 F1 EdNet £t #i 4 ) AUC fH3iA 5] T 0.779.
0.786 F1 0.744, J& XT Lb 53 # rp A iy, R AR R I R
U, 3K W AR T HA XS Lh LAY IDKT $fiik 1
Py s H AL ) 22 BEAS T S ji s H e A AR
fEH . AKT fl GIKT 7F 2454 Ltk pe e Bl
BORERR, BRI Dy s 8 H A ) 2 AT
MG H A IR R AR AL, (HAE E iR AT
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Table 3 Impact of different data on model performance
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Fig. 3 Tracing exercise and learning transfer
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