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Attention Based Concept Enhanced Cognitive Diagnosis

YUAN Dongxue, SUN Quansen and FU Peng

School of Computer Science and Engineering, Nanjing University of Science and Technology,Nanjing 210000, China

Abstract Cognitive diagnosis is a fundamental problem in intelligent education systems, which aims to evaluate the mastery le-
vels of students on different knowledge concepts. Although the performance current deep learning-based cognitive diagnostic me-
thods has improved greatly compared with traditional methods, they cannot fully exploit the potential correlation between con-
cepts. To this end, this paper proposes an attention-based concept enhanced cognitive diagnosis (ACECD) model to obtain more
accurate cognitive diagnostic results by modeling the relationship between related concepts. Specifically, we first project students,
exercises,and concepts to factor vectors to perform complex interactions,and then feed the concept factors into a self-attention
network to capture the implicit correlations that exist between concepts,and concept factor vector can be enhanced with the cap-
tured implicit relation. Finally,the enhanced concept factors are interacted with the student factor and the practice factor,and the
interacted results are input into the diagnosis module to get the final diagnosis result. In addition,we also use the interaction be-
tween the practice factor and the concept factor to correct the bias of the manually-labeled Q matrix. The proposed model is com-
pared with other methods on two real-world datasets,and the experimental results show that the ACECD model effectively im-
proves the diagnostic results.

Keywords Attention.Cognitive diagnosis.Neural network
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4.1 HW\EHR

St T WA O AR A R R 4L & B o
ASSIST Fl Junyi, ASSIST(ASSISTments 2009—2010 “skill
builder”) & i ASSISTments 7 £ i % 2 4852 Uit 48 B9 A T
BIGE . ERMT 4000 RAEAE 17000 ZH % LK
324000 2 MIZ, AW T 123 MFRM &, Junyi &
KEEXHT TG Junyi 22BN ATFBIEE £ 4T 10000
AN AETE 800 2B 452 1Y 353000 LYKk I, i) s T
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Ak B, AR FH2E A5 — AR SE IR Tt . BRILZ AN R T ARIE
RS R 5 0 2R ) R AT IS WO M IR A AR OR R
15 M2 s . UNZRAE IR 2R T8+ 2 ARl 43 X,
F 1N T HABIRE N R ITE L

F 1 OBIREMNG R

Table 1  Statistics of datasets
Statistics Junyi ASSIST
Students 10000 4163
Exercises 835 17746
Knowledge concepts 835 123
Response records 353835 324572
Knowledge concepts per exercise 1.00 1.19
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Table 2 Experimental results of student performance prediction

LA 2 60
ASSIST Junyi

Methods
ACCH AUC* RMSEy ACCH AUC* RMSE vy
IRT 64. 26 69.83 46.59 67.60 77.50 42.68
MIRT 71.70 74.94 45,17 75.13 79.89 41.17
MF 67.12 76.45 44.51 68. 34 76. 44 43.73
NCD 73.14 75.94 43.08 74.43 79.09 41.72

ACECD 73.34 76.98 42.37 77.03 82.45 39.85

4.3.2 K@%

TEF A EUE 5 L8 1T T ACECD BB, I 1 55 I 4 35
BB AL BEAT XS L L LT AR A 1 5 LA R TE Q R [ X
BEORUPERE RIS . R 3 . ACECD+ q {UR B R 5 & IE
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Table 3 Results of ablation testing on our model
CHLAL - 20D
Methods ASSIST Junyi
ACCH AUCA RMSE v ACCH AUC*A RMSEy

ACECD 73.34 76.98 42.37 77.03 82.45 39.85
ACECD+q 73.20 76.29 42. 86 76.02 81.27 41.10
ACECD+ce 73.28 76.73 42.46 76.76 81.94 40. 24
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WA A, R A AR A h S A B il T Pl TR R T ML A i T Ok 1Y A
AR K2 R RS OC R PO AL 0 F E S B B
W7 2 T g A M T 2 A e 2 ) RS AN TR R
Frid 1 Q KE BT REAFAE — 2 AN AR 25, H A 2 20 AR O A g
AT RE 43 U R R AR T IORE N A AR R 2 ) B S T
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Fig. 3 DOA results of models
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