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# E iR 32 (Knowledge Tracing, KD AREF I HFE - FIAHMAG A L LMLk ME L RS, JFAMNAL X
KRB LGN, R REIRMTEZAFIETAFINARTA L BT it Z e X &, EF R, K TR
HEBN IR ERSTERAT —RBE RAASEFERFIF AR EZAWDSALERLR. ZRTFI HmnEE
ARPHEGXRBEEL, FHERZNE A FTHREEK, 4L LA, R ERESKE LS I % Eir 5 B Transfor-
mer#) %o 1% i 32 £ A (Graph Transformer Knowledge Tracing, GTKT), # &, A BRB I X F IR LA F WEF I ZH AT
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GTKT:Knowledge Tracing Model Integrating Connectivism Learning and Multi-layer Temporal
Graph Transformer

LI Jiahao' , JING Junchang',XU Qian' and LIU Dong'**
1 School of Computer andInformation Engineering, Henan Normal University, Xinxiang, Henan 453007, China

2 Key Laboratory of Educational Artificial Intelligence and Personalized Learning of Henan Province, Xinxiang, Henan 453007, China

Abstract Knowledge Tracing(KT) aims to model learners” knowledge states based on their historical exercise records and pre-
dict their future performance. Traditional KT research primarily focuses on modeling learners’ behavioral sequences while over-
looking the topological structure among knowledge concepts. Although recent methods using static knowledge graphs have shown
progress,they fail to adequately capture the dynamic graph-structured relationships among learners, questions, and knowledge
concepts, thereby ignoring potential correlations in the knowledge acquisition process and limiting model generalizability and in-
terpretability. To address these limitations,this paper proposes a Graph Transformer Knowledge Tracing(GTKT) model that in-
tegrates connectivism learning theory with a multi-layer temporal graph Transformer. Firstly, guided by connectivism learning
theory.it constructs temporal learner subgraphs to represent historical exercise sequences, proposing a time-aware hierarchical
subgraph sampling strategy and a neighbor co-occurrence encoder to discover latent node relationships. Secondly. based on lear-
ning and forgetting theories,it designs a multi-band temporal encoder to capture temporal characteristics in learning behaviors and
builds a multi-feature fusion module integrating learner-question-knowledge concepts interactions. Thirdly, it develops a multi-
layer temporal graph Transformer module for dynamic knowledge state modeling and prediction. Experimental results on six pub-
lic datasets demonstrate that GTKT outperforms mainstream knowledge tracing models in predicting learner performance.

Keywords Knowledge tracing,Connectivism learning . Educational theory.Graph Transformer,Multi-features fusion
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Fig. 2 GTKT:knowledge tracing combining connectivism learning and multi-layer temporal graph transformer
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MYTE 2009 — 2010 “# 4 [ % ) F & ML s, R JU T skill-buil-
der Wi,

2) ASSISTment2012% . A ASSISTment # 7 - & Wi 5 %
FITE 2012— 2013 2245 [ 24 2] 28 0 5%

3) ASSISTment2017% : iZ ¥ ¥l 4E >k H T 2017 ASSIST-
ments Longitudinal Data Mining & 3§ , H: 4 & 2 2% 2 & 77 4
TR, DA% EER —-RE L#FIT2RERESE
AN

4)Junyi” VB H 2015 4E 3 F Khan Academy & fii 19 T i
RS H B Junyi Academy HLF 22 2 F &, 4 & B 40 49 [a]
H & 2B H T junyi ProblemlLog original. csv fRAS .

5) Algebra2005” : £ KDDcup 2010 2 & 4 12 98 $k 5%
M AE T 2005—2006 42 27 6Bk R A A 12,

6) Algebra2006® . 7£ KDDcup 2010 # 7 $UHE 42 #8 Pk ik I
1T 2006 —2007 A5 2 F XA KR R A Rl

£2 BRRSIEL

Table 2 Dataset statistical information

i %5 % il 138 .
B s - ws EAEAR
ASSISTment2009 4217 26688 123 346 860
ASSISTment2012 27485 53065 265 2711813
ASSISTment2017 1700 3200 102 9428000
Junyi 721 191874 48 25853987
Algebra2005 574 1084 138 809694
Algebra2006 1840 549165 1701 2289726

B 4 THOAL BT T N T A RO A R 81 2 1 Y L
W B A R 23 S I R 30k A R U L 0 R 2 ) 4R IR
T H WA B () RV S B bR, e R R R B AR 4R 2
V] VE Ay ) TR, 56 B ] 27 () 0 E R VR A AR 28, S I R 5 1 o
SEHEAWH . MR T RS By A T sk [ BR T B
LIPS T B & gk .

1 F Algebra2005 1 Algebra2006 H1 {2 {4 #i 2% 2] 2 [a]
B ID B 5 B, i & FH 5 Bt “ problem _name” £ “step _
name” 3 [7] 7, P 0 IE 28 40 HE 2 G E — AR PRAE R KR o

& M) R
5.2 H&ER

S AHEATAE GTKT 891 AR A SO IR DLT Sk 2 i A 47
XFEE o 7 3 Mk AR B L AR SCFE B B T GTKT 19 4%

D https://sites. google. com/site/assistmentsdata/home/assistment-2009 —2010-data/skillbuilder-data-2009 — 2010

2 https://sites. google. com/site/assistmentsdata/home/2012-13-school-data-withaffect

® https://sites. google. com/view/assistmentsdatamining/dataset

D https://psledatashop. web. cmu. edu/DatasetInfo?datasetld=1198

» https://psledatashop. web. cmu. edu/KDDCup/Download?datasetld=1
® https://psledatashop. web. cmu. edu/KDDCup/Download?datasetld=2
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TE VBT I ER 0 T W B BT O LA AT AR S SRR, 7R S SCE N
AR T B B O BT T PR GE LY RQ4 MR .

X5 T VE Al A0 IH G R BB R A AR SO AUC
ACC 1E 1Al 150 0 P BB 9 98 A5 . AUC # e Ly ROC £k
5 A br i BBl ARG T B, 0. 5 B AUC {5 3% Bl HLAE D 3K 25 A4
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R W S, BRIV IE B T 45 S o A A SR A L B ACC fH
3 W AR LA 458 g 1 T 4
5.4 XWHERSHW

N T PP GTKT (A R0 ARG 200 25 SR 2 5 A In) i,

RQL:GTKT #E WM AT 55 1= J& 5 08 F 5 5 ik 14 0 LG8 B
7

R T VTG 0B B AR A Y RO L AR 2 3D 3 R SR R BT
AT S5 b GTKT M8 5 i 7 /Y SR LR A AT T LA, iF
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Table 3 Performance comparison of GTKT with other knowledge tracing methods
| ASSISTment2009 ASSISTment2012 ASSISTment2017 Junyi Algebra2005 Algebra2006
mode AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC
DKT 0.5713 0.6596 0.6342 0.7798 0.7028 0.6058 0.5874 0.8352 0.6439 0.8459 0.6731 0.8581
AKT 0.5915 0.6733 0.6430 0.7899 0.7348 0.6579 0.6688 0.8321 0.6561 0.8506 0.6711 0.8344
LPKT 0.6078 0.6253 0.6084 0.7228 0.6355 0.5715 0.6058 0.8409 0.6344 0.7958 0.6109 0.8698
QIKT 0.5965 0.6611 0.6288 0.7856 0.6572 0.5945 0.5924 0.8399 0.6547 0.8530 0.6615 0.8565
SimpleKT 0.6256 0.7192 0.6694 0.7875 0.7465 0.6247 0.6487 0.8092 0.6569 0.8540 0.6812 0.8309
GKT 0.6266 0.7090 0.6861 0.7733 0.7283 0.6298 0.6294 0.8194 0.6723 0.8212 0.6655 0.8398
SGKT 0.6048 0.6476 0.6472 0.7606 0.7364 0.6374 0.6114 0.8334 0.6398 0.8021 0.6532 0.8091
DGEKT 0.6193 0.6618 0.6384 0.7770 0.6858 0.6060 0.6378 0.8226 0.6372 0.8452 0.6615 0.8322
EKMFKT 0.6198 0.6358 0.6738 0.7133 0.7243 0.6286 0.6169 0.8341 0.6318 0.7956 0.6137 0.8706
GAKT-IRT 0.6133 0.6514 0.6465 0.7302 0.6974 0.6123 0.6268 0.8357 0.6268 0.8357 0.6094 0.8669
DyGKT 0.6252 0.6327 0.6494 0.7685 0.7672 0.6471 0.6261 0.8419 0.6642 0.8078 0.6162 0.8718
GTKT 0.7164 0.7456 0.7385 0.7980 0.7747 0.7044 0.7361 0.8522 0.7312 0.8623 0.7288 0.8796
ey 6.86% UE T GTKT st A2 ) 2 11 UR Bb o 2 2
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# 4 AFZEHE Transformer 1240 FIEEA epoch Yl Zri ]

Table 4 Parameters and training time per epoch of graph

Transformers with different layers

B % S5 E & A~ epoch I % i 5] /s
Layer=1 0.962x10° 202.9
Layer=2 1.719X 108 347.2
Layer=3 2.475%10° 465. 6

AUEL AL RS 32, SEEEMK A 157 45, Il 4k
B3R 25 1.3 5. AUC fl ACC ¥ ANFBEH K, XEH
IR B ARSI AT X B 24 19 £ )2 & Transformer 4543, (A 1
BT AR E AT 9 FE P, HL A Sk P R R T IE W1 X Rh

B H L E N,

RQ2:GTKT # ™ ELH iy 15 1 J2 75 S A58 B 1) 4 i A T A
FetE 42 T

o T A% R, EEX GTKT ds K iy 3 4N 5 43 3
PEAT T I Bl S 56 B8 5F 22 95045 I I 4 A 2% (MTE) 88— 4% 3%
2 (UL) R E Rl & 1T (FFG) 8 GTKT A 2 tt, H
Tk — 25 B UE [ A T Rl S 50 B v B L TR R AT T B AR
FE AT B A S Bl IR Lk 6 AR LIS T AR
AR P RE L A5 RN R 5 BT A, w/o (R KBR T A, &
PEAE SR LIOHLIAR SR R 45 R LU T R 2R AR i .

SR E BEAR T B SR A SRR AT T R ¢ KR
W BEMAKE N 0,01 4% GTKT 5844 Eiyg 4
TR AT T LR S RN 5 A, x RN AR A T R A
B T 4T B E MK (p<<0.01),

F 5 GTKT i h 9 50 M ik Lb 4 (R T FC X o A3, 35 M7k 0. 0D
Table 5 Performance comparison of GTKT ablation experiment(using paired t-test at 0. 01 significance level)
model ASSISTment2009 ASSISTment2012 ASSISTment2017 Junyi Algebra2005 Algebra2006
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC
w/o MTE 0.6534" 0.7482 0.6485* 0.7334* 0.7045% 0.7032 0.7031" 0.8227* 0.7077* 0.8338* 0.6559* 0.8310%
w/o UL 0.6432" 0.6639" 0.6483" 0.7121" 0.6342" 0.7037 0.6439" 0.7824%* 0.6419* 0.8101" 0.6661" 0.8321"*
w/o FFG 0.6209* 0.6537* 0.6112* 0.6983" 0.6639" 0.7045 0.6121* 0.8201* 0.6213* 0.7913* 0.6439* 0.8166"
w/o M&U  0.6323* 0.6598* 0.6543* 0.7349" 0,6434*  0.7012 0.6188* 0.7983* 0.6491* 0.8122* 0.6451* 0.8008%
w/o M&F 0.6398" 0.6748* 0.6584" ,7337" 0.6129* 0.6811" 0.6309" 0.7831" 0.6441" 0.8091" 0.7104 0.7941"
w/o U&&F 0.6012* 0.6232% 0.6345* 0.7328* 0.5626%* 0.6721* 0.6232* 0.7992* 0.6296* 0.7997* 0.6369* 0.8339"
GTKT 0.7164 0.7456 0.7385 0.7980 0.7747 0.7044 0.7361 0.8522 0.7312 0.8623 0.7288 0.8796
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e TR AR R I AZ O 424 76 HHGE B E R HR AR, R
[&] Transformer 5 F1HHIE B o % JHAY 4 FhA% .0 484 LSTM,
Transformer, AKT-Attention, GRU, 4} 5l & 7% 4 GTKT-L,
GTKT-T,GTKT-A,GTKT-G, *tF Ik &l 454 i 2% 0 48
¥4 . 2 B 5T T AR 0 e DM AR 15 1, O T4k 38 1) B4 4 o
PR AR TR 2 20 35 (0] R b 4 AR RO A R R P AT SR
DA S8 R A ) 4 4 455780 . S B0KE GTKT Hf 9 4% 0 48 4
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# 6 GTKT HEHAZ O 4 MR L5
Table 6 Performance comparison of GTKT replaced core architecture
el ASSISTment2009 ASSISTment2012 ASSISTment2017 Junyi Algebra2005 Algebra2006
mode
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC

GTKT-L 0.5384 0.6397 0.6328 0.6263 0.6348 0.7168 0.6093 0.7583 0.5958 0.8063 0.5676 0.8143
GTKT-T 0.6454 0.7052 0.7096 0.6594 0.7392 0.6564 0.6839 0.8078 0.6719 0.8237 0.6898 0.8391
GTKT-A 0.6658 0.7389 0.7230 0.7459 0.7548 0.6519 0.7588 0.7921 0.7050 0.8161 0.7011 0.8304
GTKT-G 0.5426 0.6394 0.6261 0.7183 0.6283 0.6204 0.6294 0.7809 0.6623 0.7813 0.6455 0.8029

GTKT 0.7164 0.7456 0.7385 0.7980 0.7747 0.7044 0.7361 0.8522 0.7312 0.8623 0.7288 0.8796
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