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Abstract

Knowledge tracing aims to track the transformation of learners’ knowledge states during the learning process, thereby
enhancing learners’ learning efficiency. Recently, due to its significant importance in education, knowledge tracing has
attracted considerable attention from researchers. However, deep learning-based knowledge tracing models primarily
focus on achieving high accuracy in predicting learners’ performance, but they significantly lack interpretability.
Balancing the interpretability of knowledge tracing models while enhancing their performance remains a challenge.
Based on this, a meticulously designed, high-performance, interpretable knowledge tracing model TIKT, was firstly
proposed using item response theory (IRT) and Transformer. Subsequently, a fine-tuned pretrained model to predict the

implicit difficulty levels of question texts to enhance data-side interpretability was used, and incorporated these
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difficulty levels into a contrastive learning framework to boost the overall performance of the knowledge tracing model.

Experiments conducted on three real-world benchmark datasets conclusively demonstrate that our proposed model

achieves improvements in both interpretability and performance relative to other models.
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REJTIE, I R MR AR T M. BAR,
TIKT b 5 1 A8 A2 56 42 3 W FA AT R RE 1
R 2R A A AR, TIKT ff AR ML AT
ke (1) A REEAAE AR, X AT
A2 I T2 AR B R AP B AR EON 2 &/
PR EREAE ; (2) XA E %5 45k
YL B . BRIk, AR
TEAC T PR R ME B, X 7522 AR R IR
[ 25 ()

3.5 REIMEELL S

IR HE T 34 B A A R PR A A% A
WUE BT R R B, R2 R T /A
BRI PR RE R BN, Hp R EsE T M
PRARHE o TIKT Hoxd bl 2 37 5 He 2R\ i
CTTIFHMWE B MEESERSH, W
TIKT-LLM % 78 78 X5 b 2% 3] 5 B o feff
Bert 8 B WU (98 H WE SR B4, BT
ASSISTO09 5 ASSIST12 k= 8 H S A%
P&, Rt TIKT-LLM o 78 13X 3 A % s 5
HEFTSLEG . M2 AMER Y, TIKT 34
Him ik ER RS R R, X RS
P& A AHE B  BE R e 4 T
R A6 &% B AT 6 5t B g9 MIKT 8 3,
TIKT 78 3408 46 L & e br 3 A 1.
A, TR A AR S B 1 MIK T 75
BLR AL B, JEATREAR, JIZR1E., R

R2 REUIRELER

M, F-T Transformer Z2f 19 TIKT &
R A WLE BE R i Ab B EE A N, 7R
PRUEERET [RIBS, I 0E KA. 7R
XES3G5M |, MIKT foE8 A+ 22, 1
TIKT 3£ 3 & 6 5 f£ ASSIST09 il
ASSISTI12 E, M# T MIKT, TIKT K
AUC BT+ T 0.68% 1 0.7%, T RMSE
3B R T 0.001 15 0.005 3; #H&TF
AKT, AUC 3 7l#F T 4.36% 1 0.82%;
% T CLAKT, AUC 438145 T 3.29%
Ml 0.63%., fF XES3G5M L, H #& T
TIKT, T TIKT-LLM f82E i 55 1t 7
B ME B AE , AT B AP ML IX 4324 3] 5 BB
[a] %5 () |8, 4k AR AUC #5 bR b B T
0.18%, BRI T IEHARTIMMESR, H
HXF RMSE AR TT kA /N, SRR
AR, XFEW, HETCTT, MiAER
Bert 1% 5 §8 55 7 R 43 A7 8 H SCAR P 2,
FEHE TN A MEFE S, [, Bert##
TR A T 45 S RE BRI Sl TIKT #y 45 5%
fE Rt S

3.6 HFEASCIR

THERSLIR S5 R IR 3. O T IRUER Ha
SRR 7 A OME JE S e O TIKT AR
HISZIR, ASCHOEE T MO Fo 22 3] B B % B
L R S5 2 DA R B e S ST AR B S Y

e E =t AKT CL4KT MIKT TIKT TIKT-LLM
AUC 0.746 1 0.756 & 0.7829 0.7897 -
ASSIST09
RMSE 0.440 3 0.435 2 0.4155 0.4144 -
AUC 0.749 3 0.751 2 0.7505 0.7575 -
ASSIST12
RMSE 0.424 7 0.4152 0.4172 0.4119 -
AUC 0.862 1 0.858 1 0.7878 0.8827 0.8845
XES3G5M
RMSE 0.325 1 0.326 9 0.3768 0.3120 0.3114
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+®3 HRLSCIGMERELLER
Kfate FEkR ASSIST09 ASSIST12 XES3GHM
AUC 0.7838 0.7564 0.8825
TIKT(\Diff)
RMSE 0.4151 0.4123 0.3101
AUC 0.7821 0.7543 0.8812
TIKTNCL)
RMSE 0.4166 0.4137 0.3127
LW, TIKTO) LR RIS WA, Hr x4 )IERANL
Diff /R HMEFEZEEY, CLERNH AR epoch P21 T ] /min
N . HARE
3. FIMAERFEW, B R JUI R —
SRR B (R B LA 2540 . TR -
. n . " ASSIST09 0.034 0.074 1.573 0.102
I He 2 S R et 2 T I 0 I E S
N . ” ASSIST12 0.325 0.692 5.336 0.742
R M A W A e T e LR B I 1 0
XES3GHM 0.393 1.127 11.514 1.412

BB ZE. SiAR2WUEH, BERXHE
SRR A TIKT PR agth It T 3 M se it
KT AL, 33 3 B A SCHRE H P i J7 it 00
BRI UHAT W AR RERE ST, [R] I AT 4
R R

3.7 NEkE 1R A 2 53 4T

YIRS R BAK L R 4. 2 7 Bkl
ZrifTE], ARSCRE Y Zk epoch 2100, 4
W TR epoch AT (A], M4
R PAIA R A, MIKT B epoch B[]k
T AR B Ze ko X A T MIKT &
BT —/REWI 2, 8= 740
FEECHEAIRE ST, T AKT., CL4KT 5 TIKT
M EEF Transformer 2244, GEHITALEEZL
W, TR R T T ZRE R, T
CLAKT H TIKT 5| AN TX A 5k, fE
AN GRS AR KT & By AR T B

4 SHiE

AL B MERE A I /L, T8 Bert

T TR A H SCAC A 25 HR R A A M
SO, WA T HUR AT R, R EET
Transformer ZEH4 (1 5 1 fE 7T M B KT 488
B, R AR TR R A3 D A M T
HESFHREAHN, IRT R T X /A
MR S ETON 2> 25 IR [ 5 A . gt
— IR PERE, ARSCHI AN A Ty
B, I Bert SRS A4 80 H M S| A
W PERB ARSI SE A r e 45 IR R,
ASCHE Y TIKT #5878 B ] MR /e

AR, AR Eae R, AT AR
RS IG 4 BL I, Bert S GEAG B0 18 H
M B S BEAT RO, I L5 R A e
il VT A E B — B, ARk M G R AR
T2 LA TR AN R FR RS M S8 H
MERE R FR, I H SOR E R BNE BT
AN R HUR MR, e S F AL
AW S, [N, 205> HEEEZ
VR R B03% S8 H IS 15 1 D PR A ST
R, I E SRS EE A
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