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Graph Attention Deep Knowledge Tracing Model Integrated with IRT

DONG Yongfeng'** ,HUANG Gang"**,XUE Wanruo' and LI Linhao'**
1 School of Artifcial Intelligence, Hebei University of Technology, Tianjin 300401, China
2 Hebei Key Laboratory of Big Data Computing, Tianjin 300401, China

3 Hebei Engineering Research Center of Data-Driven Industrial Intelligent, Tianjin 300401, China

Abstract Knowledge tracing aims to trace students’ knowledge state(the degree of knowledge) based on their historical answer
performance in real time and predict their future answer performance. The current research only explores the direct influence of
the question or concept itself on the performance of students’ answering questions, while often ignores the indirect influence of
the deep-level information in the questions and the concepts contained on the performance of students’ answering questions. In
order to make better use of these deep-level information, a graph attention deep knowledge tracing model integrated with IRT
(GAKT-IRT) is proposed, which integrates item response theory (IRT). The graph attention network is applied to the field of
knowledge tracing and uses IRT to increase the interpretability of the model. First,obtain the deep-level feature representation of
the problem through the graph attention network layer. Next, model students’ knowledge state based on their historical answer
sequence that combines the in-depth information. Then,use IRT to predict students’ future answer performance. Results of com-
parative experiments on 6 open real online education datasets prove that the GAKT-IRT model can better complete the knowledge
tracing task and has obvious advantages in predicting the future performance of students in answering questions.

Keywords Knowledge tracing,Graph attention network,Item response theory,Deep learning, Interpretability
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4.1 BEE

ARSCHE 6 A2 T RS AR 1 I3 A AL 9 Pk B« ASS09-up,
ASSIST2012, statics2011, synthetic, AICFE-math, AICFE-
phy. BRMSIFE L WE 1 g, Hd “Stu”“Qes”“Con”
“Res” 73 AT 5 A i | ) REURCAE AL S 280 i 2 2 28 AR
P B,

F1 BEENRIFEL

Table 1  Statistics of datasets
Dataset Stu Qes Con Res
ASS09-up 4151 16891 110 325637
ASSIST2012 27405 47104 265 1867167
statics2011 333 1223 98 189297
synthetic 2000 50 5 200000
AICFE-math 2445 617 44 616462
AICFE-phy 964 483 54 501031

ASS09-up % #% 42 2 ASSISTments fE & 5 F & 1F
2009—2010 4E Fr e R 1Y . HBOHE rh A7 A R A a0 SR A
VOB = HEMER B ZE KM T YA R AP, AS-
SIST2012 ¥t 4 4 42 ASSISTments 7E 2% & 5 % & 16 2012 4¢
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Fig. 2 AUC results of models on all datasets
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Table 2 Average AUC results of models on all datasets

DKT
0.7696

KTM
0.7618

TCN
0.8017

LFKT DKVMN  GAKT-IRT
0.8065 0.8064 0.8360

AUC
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Table 3 Comparison of training time efficiency of each model
CHAT o s)
DKT  KTM  TCN  LFKT DKVMN GAKT-IRT
Time  29.65 6.83 28. 87 48.32 14.57 32.22
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Table 4 AUC results of different graph structures

g OF

Dataset GAKT-IRT-S  GAKT-IRT-Q GAKT-IRT
ASS09-up 0.8268 0.8316 0.8375
ASSIST2012 0.7582 0.7734 0.7821
statics2011 0.8354 0.8315 0.8461
synthetic 0.8148 0.8296 0.8398
AICFE-math 0.8594 0.8627 0.8749
AICFE-phy 0.8187 0.8239 0.8356
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Table 5 AUC results of different graph attention network layers
Layers ASS09-up ASSIST2012 statics2011 synthetic AICFE-math AICFE-phy
1 0.8315 0.7761 0.8385 0.8247 0.8613 0.8316
2 0.8345 0.7784 0.8420 0.8362 0.8653 0.8348
3 0.8375 0.7821 0.8461 0.8398 0.8749 0.8356
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Fig. 3 Results of clustering all concepts on ASS09-up dataset
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Fig. 4 Results of clustering some problems on ASS09-up dataset
IRT R EH 2

ZHEWRII WX TEANA A SFEEXLEE . LE
PGB B bR 22— A SCEE R A IRT eR
WS E .0 F g X2 E MR T AT AL AR, A T UM A
IRT B REAE %] 2 A 1 B T3 #E 4712 Wi, A 5 N ASS09-up %
I 4 T BE LA HR — > [R] T A SRS A8 1500 27 £ T Ay [m] 2% 32 1)
BAE N 0. 3D K 4T IRT #iderh 3 NS HUE A 47125k
REJTRII WY, o5 25 T X — A58 IR, 3 A~ 2 500wl WL Ak 45
AR 5 TR . B AR AR R R B S B 2 A RRAE T B L Gl Ak
5 2 7R B AN RRAE X B 19 S 80001

4.7

Parameter values

0 25 50 75 100 125 150 175 200

Feature index

K5 ASS09-up B4 bR B TR 670 2 % i vl 44k 25 2R
Fig.5 Visualization results of IRT model parameters of a problem

on ASS09-up dataset
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