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Knowledge Tracing

FERPN 7 70— F

« Bayesian Knowledge Tracing (BKT)
 |tem Response Theory (IRT)

TA—T 72—V 770 —F

« Deep Knowledge Tracing (DKT)
« Dynamic Key-Value Memory Network (DKVMN)
 Deep-IRT




Knowledge Tracing
IEH &J0IEH  Item Response Theory (IRT)
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=</l 7IRT(HM-IRT) [325.2020]

IBEMESF, AR HEE BEE : Knowledge Tracing® 7z % dSliding WindowkEh <)L~
IRT, EFBEHRBEFESFHNEGE D, VolJ103, No.12, pp.894-905 (2020)
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=1, <)L 3 7IRT(HM-IRT) [$£5,2020]

IBWEF, AR, P EE : Knowledge Tracing® 7z D Sliding WindowBEn <)L 37
IRT, EFBEHRBEFESFHNEGE D, VolJ103, No.12, pp.894-905 (2020)
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HogF

IRT
Martin

DIR

TIRT

BKT

IBKT

LHMM

DKT

Maomi Ueno, Yoshimitsu Miyazawa: IRT-Based Adaptive Hints to Scaffold Learning in Programming, |EEE
Transactions on Learning Technologies, IEEE computer Society, Vol.11, Issue 4, 415-428 (2018)

A,D,Martin and K,Quinn.:Dynamic ldeal Point Estimation via Markov Chain Monte Carlo for the
U.S.Supreme Court,1953-1999, Political Analysis,Volume 10, Issue 2,pp.134-153,2002.

X,Wang, J,0,Berger and D,Burdick. : Bayesian analysis of dynamic item response models in
educational testing,The Annals of Applied Statistics 2013, Vol. 7, No. 1, 126-153,2013.

K.H.Wilson,Y.Karklin,B.Han,C.Ekanadham,“Back to the basics: Bayesian extensions of IRT
outperform neural networks for proficiency estimation”, Educational Data Mining,vol.2, 2016

A.T. Corbett and J.R. Anderson, "Knowledge tracing: Modeling the acquisition of procedural
knowledge, "User Modeling and User-Adapted Interaction, vol. 4, no. 4, pp. 253-278(1995)

Yudelson.M, Koedinger.K, G.J. Gordon,” Individualized Bayesian Knowledge Tracing
Models,” Articial Intelligence in Education 2013, Springer, pp.171-180,(2013)

Pelanek,R . : Conceptual Issues in Mastery Criteria: Differentiating Uncertainty and Degrees of
Knowledge. Articial Intelligence in Education, pp. 450-461 (2018).

C.Piech,).Bassen,, S.Ganguli,"Deep Knowledge Tracing”, Advances in Neural Information
Processing Systems 28 (NIPS),2015



FEHE ORI F AR E LEE Accuracy
B R 51 IRT
W4 | EME | HMIRT| IRT |Martin| DIR | TIRT | BKT | IBKT |LHMM| DKT
“7;?5 60.4% | 0.747 |0.696| 0.656 | 0.688 | 0.758 | 0.647 | 0.641 | 0.642 | 0.702
75'7;;*; 65.8% | 0.773 |0.712] 0.707 | 0.725 | 0.736 | 0.696 | 0.712 | 0.696 | 0.645
"‘%*%;;"% 81.2% | 0.875 |0.846| 0.854 | 0.854 | 0.85 | 0.836 | 0.813 | 0.831 | 0.833
asrs | 453% | 0.746 0.732]0.734 | 0.738 | 0.682 | 0.619 | 0.624 | 0.624 | 0.516
Agg(I)Sng(w)el%t)s 62.8% | 0.753 |0.701| 0.694 | 0.65 | 0.707 | 0.686 | 0.688 | 0.661 | 0.687




IRT, FRIIRTORE=

1. RISORPTIRILE, FFEEOR
Y7 IRELTWS

N
AT
=T

I &AL T R LY

2. B CIEBICEYIRTZEICIEESTE AW

3. BE DA X IEDBERMY (ZRTDEEN) 2ZR LITC
RIS TR TE A




Deep-IRT [18, KT, HEFF]
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Deep-IRT [18, KT, HEEF]
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Deep-IRT [18, KT, HEFF]

HOB T

|RT Maomi Ueno, Yoshimitsu Miyazawa: IRT-Based Adaptive Hints to Scaffold Learning in Programming, |EEE
Transactions on Learning Technologies, IEEE computer Society, Vol.11, Issue 4, 415-428 (2018)

DKT C.Piech,J.Bassen, S.Ganguli,"Deep Knowledge Tracing”, Advances in Neural Information
Processing Systems 28 (NIPS),2015

D KVM N [4]). Zhang, X. Shi, I. King, and D.-Y. Yeung, “Dynamic key-value memory network for knowledge tracing,”
Proceedings of the 26th International Conference on World Wide Web, pp.765-774, WWW "17,International World
Wide Web Conferences SteeringCommittee, Republic and Canton of Geneva, CHE,2017.

Yeu ng [5]C. Yeung, “Deep-irt: Make deep learning based knowledge tracing explainable using item response
theory,” Proceedings of the 12th International Conference on Educational Data Mining, EDM, 2019.

IDRT 7I<—F }I'?L\,ff B EE  EEYEICLDT X MBS : Item Deep Response Theory, BFIEHRBEF S
w3 Es D, Vol.J103, NO4 pp.314-329(2020)




4 313 ‘Hil¥E =
FEBEDORAMDIEANDRIGFHFEE

IRT DKT DKVMN Yeung IDRT Deep-IRT

item item skill item skill item skill item item skill itemé&skill

Acc | 0.72 0.765 0.759 0.637 0.763 0.683 0.768 0.71 |0.711 0.768  0.765
ASSIST2009 | AUC| 0.785 0.8 0.781 0.659 0.807 0.71 0.806 0.77 | 0.75 0.818  0.810
F1 | 0.636 0.713 0.697 0.602 0.714 0.647 0.718 0.613 | 0.651 0.725  0.722
Acc | N/A N/A 0.754 N/A 0.732 N/A 0.727 N/A | N/A 0.752  0.752
ASSIST2015 | AUC| N/A N/A 0.73 N/A 0.749 N/A 0.747 N/A | N/A 0.751 0.751
F1 | NJ/A N/A 0433 N/A 0.541 N/A 054 N/A | N/A 0.543  0.543
Acc | 0.816 0.769 0.777 0.805 0.78 0.817 0.787 0.81 |0.819 0.789  0.822
Statics2011 | AUC | 0.819 0.666 0.652 0.819 0.721 0.822 0.722 0.823 |0.821 0.721  0.821
F1 | 0.581 0.483 0.461 0.679 0.521 0.681 0.526 0.585 |0.679 0.522  0.69
Acc | 0.733 0.777 0.784 0.76 0.773 0.779 0.792 0.72 | 0.78 0.786  0.802
KDDcup | AUC |0.614 0.549 0.538 0.565 0.594 0.561 0.588 0.61 | 0.57 0.588  0.601
F1 |0.522 0.439 0.439 0.464 0.439 0.447 0.455 0.501 | 0.455 0.469  0.478
Acc | 0.768 0.771 N/A 0.745 N/A 0.765 N/A 0.760 | 0.773 N/A [ 0.793 )
Average item | AUC | 0.760 0.707 N/A 0.713 N/A 0.727 N/A 0.753 [0.739 N/A | 0.761
F1 | 0.636 0.598 N/A 0.631 N/A 0.639 N/A 0.625 |0.641 N/A | 0.668
Acc | N/A NJ/A 0.769 N/A 0762 N/A 0.769 N/A | N/A 0.774 | 0.785
Average skill | AUC| N/A N/A 0.675 N/A 0.718 N/A 0.716 N/A | N/A 0.720 | 0.746

F1_| N/A N/A 0508 N/A 0554 N/A 0560 N/A | N/A 0.565 | 0.608
N
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AT LDOPE

Programming Test

IProgramming Code IAnswer

Answer the final values of a, b, and ¢ after L . L ) L Eﬂl}kb}i "E‘:Ej_-“)l/
the program runs. X E

2 EE | HEREE | TEY bk

[ .

public class Questionl_2 |

public static void main(String args[]){

Hintl

W N =

nta = e 5 Z0NTEECEETS
A ADT/ICCT I B
n = 4, U S
S [ inte -6 T 2=
6
- ++
! c=a+axhb; Hint2:ic=2+2%*4;c=2+8;c=10; Increment
8 b =c¢c/ a; Hint3:b=6/2b=3; ++ : Increment P(uj —_ klei)
S a = b; Hintd:a=a+b;a=2+4;a=6; at++; = a=a+l;

10 ?++; 1

o Code aza+1 =

12| 1 _ =54 1; 1+ exp(—a;@; + bja—
inta=5; :=6;+ ' p( JY1 j(k 1))

a++; . 1
1+ exp(—ajei + bjk)

- top
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ESTIEES

p=0.8

WERE B 14
EHFAL &:;g‘)
E%TA 3(334)
RERRTAN 7o

p=0.65
16
1.69

(2.44)

34.8%*
(2.13)

20.8
(2.27)

p=0.5

18
1.78
(2.44)

40.0
(3.15)

23.0
(2.18)

EY &L

15
1.33
(1.89)

36.5*
(2.22)

20.6
(1.81)

129 2R«
12
2.17
(1.40)

34.8%*
(2.44)

20.6
(1.81)
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£TOEVH
18
2.72
(2.23)

30.9**
(4.92)

20.8
(5.41)
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0.3

Average estimated abilities
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B =/aZ7IRT(HMIRT) [1£5,2019]zRAW7=t > FFE

IRMEF, NNOR R BEER Y4 7FIVv I 7 EAXY NDEOOENTILIATIRTETIL,
EFIBERBEF=HXEE D, Vol.J102-D, No.2, pp.79-92 (2019)

« FEEANFEICIEEFETSETICHRATIEY MZET A

FRRE 2 ARE3  FRRE4  FRRES FRRE6 FRET7 ARE8 FRRE9 EReE 10
HM-IRT | 52.7% 63.9% 46.9% 50.9% 68.8% 55.7% 62.7% 48.3% 57.2%
IRT 40.5% 59.9% 455% 44.9% 66.1% 52.4% 52.5% 46.9% 54.7%
Ahed 11 FRRE 12 FRRE 13 #FeE 14 FRRE 15 #FRE 16 FReE 17 FRrE 18| ¥y

HM-IRT | 49.3% 79.7% 83.5% 87.6% 50.5% 96.0% 91.6% 69.2% | 65.6%
IRT 40.3% 67.5% 82.9% 87.6% 49.7% 849% 90.7% 69.1% | 61.0%
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