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Abstract Knowledge tracing, the time varying extension of item response theory (IRT), is a task to trace learner’s
latent skill states to predict whether the learner can answer a new question correctly. Due to its educational domain,
knowledge tracing needs high interpretability of its prediction and explainability of its result. As for explainability,
explanation with human interpretable skills is necessary, which are usually given as conjunctive conditions. Such a
model is called a non-compensatory model in multi-dimensional IRT and explanation using non-compensatory item
response model is desired. To realize an interpretable and explainable knowledge tracing, we propose a probabilistic
model based on non-compensatory item response model combined with a linear dynamical system. Since it results
in a complicated posterior on the skill states of the learners, we approximate it using a local variational distribution.
We also show that our posterior adequately approximates the true posterior in artificial data, and our prediction
performance is better than two popular deep learning based knowledge tracing in ASSISTment Data.
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ThH5. WHDPRKRE D, 2PERREEMENESN0 &

%% ERRDBIENTES,
W, EMEIOZERNT A =R & OREMIZDVWTHERS.
EMRDZES 85 A — X DAk %

ln/a (@i,k(Zak — bik)) P(2a,k)d2a,k
> 1n/U(é“k)exp{*)\(ik)a?,k(za,k — bik)?

+%ai,k(za,k —bik) — %ﬁk + )\(fk)&%}

1 1 2
(2o — d
\/@ exp ( 207 (Za,k — Ma k) ) Za,k

(= Ibs (&) (29)

DEL%R & IZO2VWTHRKIELTEZIZE->TIIT>. 22 TH
IEH I ANHDORDOEE LT WA, 1L 5
52 THEAVEHETE,

Ib3 (&) = Ino (&) — %ln (A(&c)aik + %Qﬁk)

—M(ér)ai kbl y — %fk + MEr)ER

2X\(&k)ai kbik + 3aik + Makdk
4)\(5]@)0,?’]C + 2¢k

—+ const

2755, L, ¢p = & &L 5106 HLTHS
k
35,
Olbs NEair o 22 1
DEx =(1-0(&)) - 752 - A (gk)ai,kbi,k ~3

N (E)EE + 2M(ER)ER + %A'(gk)aik (261 - 22)

»Eons. 277U,

S =
Sy =

55, AETHMOMNKRE 72720, ANIEMI L FERIZ 2 08
BREEZHAWT, MNP0 Lk5 & 2ROBIENTES.

4. = BR

ARETI, 328 THELZBFRA Y ZEBITED & A
L —=UMNESEPENE0EALT—RIZE DR, RIT AS-
SISTments Data % Fi\\ 7z TR E O EEAE RIZOWTRT.

4.1. & *XvE—T0EM

RBER OIH B IRAETVIZ BT 2 REEEE RitA 7 2R
L3 THRONIEMERLMA (& AvE—Y) LHOHE
Dk ANTT =22k 0 g 5. MEE OGN L, ASIEfE 2
ERMZNEN 2 DOBEDHRERT.

£9, B 6 XA ERU O REEBIED AT ZEIZ DWW T DR
Z2RYT. M6a LM 6biE, ®2REE (EXOR) & HATHMH

2 (&)ag pbik + 25 + ma kg
2)\(&)“?,19 + ok
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—— posterior
8 —— apx_posterior

T

—— likelihood
—— apx_likelihood

—— posterior
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&
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(b)
6: IO 77 2GR &R 400 A

(KR D) 2352 570D, REBIEORFTH 7 AL (AKX
DFE) L EOHRENM (HRIOTR) LBl FHEns (GROE) 2mR
LTW5. REREHIZp(y=0|2) =1—0(21 —3.0)0(22 — 5.0)
Thd. EHERZ L, REBRBPREIAMAETRAATY A
T, BTV AELPRENT NS I LAgnd. £
7z, FRIDAOHLOARAMEERT 5 A TIEFIMIAL
[F U2 % RERBON Y ZEE R > TWa., ARERS L,
EMEEDMNEDOEENMiIE BB L ZRATVWE I ENAT
s, FuiEIEIEFEL VAT, 2BULENHEL TW5.
ik, BEEEE TP IADRMTHASHIDL SR
e 22 enEZSNS.

WIZ K 7 1 B O R EBEB O A 2GR DR ERT.
HMORFEAEMRA L FAETH L. BEBEKIE ply = 12) =
o(z1 —3.0)0(2.0(z2 — 5.0)) TH 5. EMERZ L, HFiNH
I U CRERBDEART T ZAEMENT WS Z 0D,
F 72 IR D 7 ZGERUIBIRIC T LITAT D 728, H 7 A534H
DOifjid 2 EIER L WATICRD. A% RS LIEUESENMGNE
DEBOHZIFIFEMIEMUTET WS Z 2005, EMFRHE
OSBRI OEM & D HEIEHETH S Z L B30 5.

4.2. FHHKE

2009-2010 ASSISTment Data (Skill Builder) [14] % 3\ %
kS E DEERZ 4T > 72, ASSISTment Data 1%, £fEd e 7 —
SV VAT L ERAWCTHEEE RV IZRERSIO E#RD T —
ZRTHY, MEIZHLUTERDOAF VX IBNEINTWS.
Skill Builder ¥ — X1, AFLZ2EXKTHI e 2HKBE LD
DT, 3MEEREA FM LRV FEENET TER\W. Skill
Builder T—X D 5%, Ak 2D 10 LU EDFENT WS
BIZET 207K, 1—YH 4,106, MEE 9,151, AF
V106 DT =Xty bR L. HRFEE LT, BEY

—— likelihood
°1 — apx_likelihood
—— prior

°1 —— posterior
—— apx_posterior

(a)

—— likelihood
°1 — apx_likelihood
—— prior

°] —— posterior
—— apx_posterior

-2
-2 o 2 4 6 8

-2
-2 o 2

(b)

& 7: EfRND H 7 ZSEBLE T E S S A
# 1. TR0k RE

Fik R IR F ff
T | 0.763 £ 0.005 | 0.827 + 0.004 | 0.794 + 0.004
DKT | 0.743 4 0.004 | 0.892 4 0.006 | 0.811 4 0.003
DKVMN | 0.748 4 0.004 | 0.838 & 0.024 | 0.790 £ 0.010
# 2. RIEMFRORER

Fik WBER R F f
TEFE | 0.609 £0.013 | 0.510 £ 0.010 | 0.555 4+ 0.011
DKT | 0.667 4 0.015 | 0.413 4 0.026 | 0.510 =% 0.024
DKVMN | 0.601 & 0.017 | 0.461 £ 0.035 | 0.521 = 0.020

BR—AD DKT[7], DKVMN [8] %\ /=, FHllild 5 2EI%
EWEZHAWTITY, EfFHlE AERFHNIZOWTHEEGE,
MK, FEZHEH LU=, £/ DKT Tid n_hidden /85 X —
£ % {50,100,200} OHFTHRERWVE D %Z#ERL, DKVMN
¥ memory_size & (q_embed_ dim, qa_embed_ dim) (Z2\
T, {20,50,100}, {(50,100), (100,200)} ®Z'V v K CbHW
EDOEERU. SRER 1L R 2IENFIRT. EMFHI
Tk, DKT %> RWFHZ2RL, REMTHITIKIREF
EPRBBWEFHEZR L. oHEEZS L, REMTFRIOMN
FEDR WD, ZEEADAY v bBRKREW, F72, EFETH
EAREEMPHOMRE FEZ2X 8 ITRT. REMIZIXRETEDL
DKT, DKVMN 2 U CHEWF 2 RLTWE Z LN 5.

5. B EWH R

ETINRIRAGER AT A "Ry ZJZABDF Ly I ML —
VT AR DOVWTHERS, £T, 1 DOAFIVERSY
BLEBDAFNVERSIGEEIIRELI NP, BEROAFLE
WO IGE, TOIABWEBRLEZAFIVR I 2RHT 5 ke %
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MR TH > THEBRERZ I RD D Z L IFTERWZD,
EP % AW CHEMEE A0 AT 5. [21) T, FLyY
M=V T % TFUYNRRELTERMET B, Zho DSk
&, ANEPERLUZMEE AFIVOFEREBEE LWz
P ELPR YA N DY I i D FHAME 1R

6. ¥ & ®

AfFETIE, FEMEROEBIGEET VERDHRETIVIC
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BRI L, FEET O £ BB E RN 270 2R
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