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Deep-IRT with independent student and item networks
Emiko TSUTSUMI®) | Ryo KINOSHITA) | and Maomi UENOT®)

HOFEL EE, ATHESH TR RYYHERT — 2 0%, PHRRBIIBI2¥EEOATILOY
RFEZ HEIRICHIR L, RAOHEANDOKEFH %175 Knowledge Tracing (KT) MWEHINTW5. Ik
WD KT F1ETH S Deep-IRT 1, FEFORESMECHEFEE L W o 2RIRATGER T A -2 25, HHEE
BEIGFMEITS Z e WESINTNS. LML, Deep-IRT EA—AFVNOEHZFHLFELTE D, F
THEEMEDTEH O IHRIET 2 L WO L H D, D728, JHARMED R 2541 1L BE E X0 1E H K
DFFRPNHETH 5. KR TIE, Deep-IRT (2B 25357 A =X ORI E ED, &0 EkEE R 6 TR % A
EL T 2H727% Deep-IRT 2% T 5. BAMIZIEK, FHEOHHANOKIGE ZDOMNLRFEHEE XY N7 —72
CHEHFRY b= TRIL, HARECKREETICHENME2HET2ETVEIRET S, SOIRETETIR
HHEZAFNVORFOREEZR LS FRZTS. FHEERTIEINET KT ITHVWSNTEZMEFEL
REFEOKIS TR E IR Z 7\, RBEFEOGMM & @VRREZRT.
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KT OfFNARFLE LT, Bayesian Knowledge
Tracing (BKT) %51 TWw3 [1]. BKT idfEn~
VATETIVIZHEDWT, FEEDTEMRYRI L
HEFR (AF) 2H8BLTWE0E 2{HTHEL, XK
HMOEEND KRG T %E4TS . BKT FEEbk~ 2k
RFEVPHEAEINTVED, ZAF )L OBEERED 2 {#
TRINDDIZAFINOEMELA 2 RWITKEL T
5T EIRTER[8]~[11],[13],[23], [24]. F7=, &
TV OWSTIEEE LT WD 72D AF )L OBEGRMEE
EBRU-EMEREZITI BN TERVEELDH -
7. ZOMEEMRIRT 5720, BEFEEHVWE KT
F L LT Deep Knowledge Tracing (DKT) %32
FEINTW3[7]. DKT & Long-short term memory
(LSTM) [25] Z AW THEEED A X)L OEPREE &
WU, PRHEOKHEEANOKGE FHTEETVTH
%. DKT TiZ LSTM ORNEIZETDAFILOER
REVPEMHEINT VWD L ARLTED, BKT Fik
i U TR PR ES W Z LB RE TN T NS,

—7iT, TOHRDIAFETIE, —RIFEEDRIIHE
EFINE UTHHAT NS IEHE KIS (Item Response
Theory; IRT) [26] #* KT FiE& LTHWSNS LS
2707, IRT 3FEEFEDOREIINT A —X LIHE DK
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BT A — R EMPNUTHEEL, SHEHBEIIHT 2%H
HOEEHRZ TN 2RRAGEEOESNET LV TH
5. IRT DEENI/NN T A —RILEHETRIND =D
BKT & 0 KRB EWN. £/, Wilson 5I1E IRT @
BGTHMEEH DKT % EF3 Z & &25R LT3 [27).
oI, WRIZBEET — X ~OHMDD, FH
HWRIZB T2 ZEEORNMEELREN LI 7ERIZ
- THERFIZ/LEE BN~ )L 3 7 IRT 2R
FEINTW3[2],[27]~[31]. 2N 5DFEIFIRT &
BKT O —#ftFiETH Y, KT FEELTHWS Z
LT, EREFEEERAWE KT FiE & 0 Sk SR e
WEFF> ZeRINTWS[27],[31]. L L, IRT
FHECTREHORBFFMIEZKEL TWSD, FAU
HEIZHE DR U OZPEIT#EETERY. 56
IZ BKT & RERRICERD 2 %)) OBERM % 5 58 U - 88
IHEERITS 221X TER W,

EAETI, EEEEERWHi7- KT Fike LT
Trvyarve At Ry U —2 %MW Dynamic
Key-Value Memory Network (DKVMN) 2Mgg 1
TW3 [4. DKVMN @3ARICEREZREFET 2720
® Memory Network % € F ARG Z 212k D,
DKT & 0 ;G FHNEE D &<, @FH LW
ZEDMMEINTWS., UL, DKVMN Ti3%EH
ZOBRIDPBNEBITFNIERINTEY, £AF)
B PRNEAMIRT 2 Z e L. £/, H
HOWEEE %2FT /85 A —ZAMFELE LRV Y, HE
EE D FRFRIVEAME N &\ o 72T D 5.

DKVMN IZ5F 385 A — X QIR Z 1 L X
72 Pk LT DKVMN & IRT %#lAEHHE 72 Deep-
IRT HMEEINT WS [5]. Deep-IRT 1358 Db
NT A — ZTHEEEE %G5S 572912 DKVMN
ICENERBMTAZ T, FHEERZEE TR
{, ETIVOMFMEE2m EXE2 ZeAHEINTHL
5. LU, Deep-IRT THE XN HEJIEIZIHE D
FEICIRFELTE Y, RA—AFVHNOLTOIEHM?E
BThdLIRELTWSZdIZ, Rx2WHEL2H D
HE» S DRENHEMEIEF —RE ETHET 2 Z &
U, /EoT, BEN/ST A =R PHIEE S A —&
DREFRME IR D IRT (ZEBE U THIFD D 5.

—%, AFSIEEEE L IRT 2 W EET
)V Ttem Deep Response Theory (IDRT) Zf2% L T
W53 [32]. IDRT 3N L2ZEEHERY v T —2 2IH
HAxv b7 =212 & o> THI S, HEREIZERFE
FTIFHEORNMEEZMETE 5. FMiFEEBR TILAE

2

HEEME DG & SUS FRFEE A E W Z EBRENT
W5, UL»L, IDRT Id8EH DRRAIZ L EFE L T
Wi\ 8, FEBRETORNEMERETER .

IS OMEE RIS 272012, KRG TIIEEHD
HERAIA L2 KRBT 228 E Ry b7 — 2 LN 7RIH
Hxy N7 =212 & 0 EEZEOHEANDK)EE FHIT
DHI-RETNVERET S, BEFERIEEZEORD
DRE S 2HE ORMEITKZE T, EEOAF Iz
THELRTTDEEN 2 EBTES. £, fEhHllEET
LTHB%RICIRT ETFNLVDRESI ST A —KX R |k
L FARRDIRIRATTRE L 72 5 [33]. Thbb, REE
T, IRT & [AEOMIRN: 2 Deep-IRT & S DH
WELRISTHZEBTE 5.

X 512, 7D Deep-KT Fik (DKT, DKVMN,
Deep-IRT) TR UAF L ZBEL T HHHIZETE
BHeAanLTEY, KEHORMEOEWE KL TV
BV EHRKIETFHZ LI EIRKFE LT WS,
FITC, MEFECTREL L ZOEBICKERAF))
DR OFRHEZR L 7 KIE Pl %175 .

AWFgE T, REFIL L PHETFIE (RT, IDRT,
DKT, DKVMN, Deep-IRT) % JH\\T2EE#H D Kt
THKEE OB EZ T, REFIEOEIMERT. X
512, WEFHEDOREN NS A —&, WHENS A —&
WEWFRIRME A2 D2 2 2RT.

2. BEFE

2.1 Item Response Theory

THH K EEEE (Item Response Theory; IRT) [26]
BAK, TAMT—XDEHOOWEETNVD—DTH
B0, EETIRREOEET — 206 FHEHEDRNE
CHEHDOEMEN T A =22 HEL, RHMDOEHEAANDK
oz FHIT 2 KT FEELTHYWLONS K51 ->T
W3 [27],[30], [31].

ZITIR & RINR 2 857X =TT 1y
27 € 7 ) (2-Parameter Logistic Model; 2PLM) (Z
DWTHHT S, 2HBO VAT« v 7ETILTIE
BEJIME 0; € (—o0,00) DFEE « BIHE jIZIEE TS
R 2R TES.

P;(0;) !

TirenCa@ -y Y

22T, aj €[0,00) RIEH j DHMBIIAT A — &,
b; € (—00,00) IXIEHE j OREE /AT A — X LIEEN
BZIHENTA—RTHD. FHENR IRT TIEFEE
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MTOEEEORNIZEEIETH 572, HIIDRR
FEAIZR T T2,

2.2 Deep Knowledge Tracing

DKT 3@ ED¥ET — X L RMEEZFHL, Long
short-term memory (LSTM) [25] Z FHHWTIHHEHAND
KtZE P9 25 [7]. DKT TIEAFI)VE QMM K
EENTWARNZD, EEEDAFNVOEGIREEZ S
Yot DR CTRETE 5. LML, DKT 2T
DAFINIHN T 2 FIPREE B —DRNEHN 2 hL
THRET 27720, FEAFVEEOREZRB L1 %K
WEaZLETER .

2.3 Dynamic Key-Value Memory Net-

work

AR, #7727 KT FiEE U THEAFILVOYEIREE
%1179 5 Memory Network % fi\ 7z DKVMN %%
REINTWVWS[4]. DKVMN Tk N HOEHER X
ValffELTED, REHE EBIEAFNVOREREE key
memory M* € RN* ({7 L, Wikt OEEBIEA
FVIZHT BHES % value memory MY € RV*? |z
BETE (K1), 22T, di, di EFa—=vI R
A—RTHD. £/, j BHOHHEIZ j BHOEZED
AH 1, MOEHEL 0 D one-hot vector ¢; € R T
BU, KRRt DAN ¢ (2T 2 KInFHIZIRD LS
1795.

FU®OIZ, X (2) TATI g POERINBIIHENRY
ML B BT, Wt CRETAEE L | HHO
BEAFIVOBEBHEORTEZRT T TV Yavwy &
AT 5.

ng) _ W(ﬂl)q]_ + ,7.(/31)7 (2)

wy = Softmazx (Mlk,BY)) (3)
22T, MFi¥key memory @l fTHZRT. 7425,
AL TE W, m BZThEFh=a—FVry b7 —
JDEBNTA—=LR, NATANTA—=RETS.

Iz, 7T vy ayzHANT value memory DEA
FERDPSFEE~Y L oW 23, BY Lila
AbEs TRt DHEH j ~NOIEEHER p,; Z&
AN

01" = wa (M)" (4)

60 = tanh (W 00", 8] + ) (5)

|
-1 Dej
(t.J)
w0 e
Mty Mk Pej
Z(D
q; ﬁij) DKVMN Deep-IRT
1 DKVMN, Deep-IRT %
pﬁ:JOV@@”+#w) (6)

2T, My, MY o 1iTHERL, [ &R
MLOKEGERT. £72, o) BV 2 EA REEET
F. DKVMN @G @WK FRKEEZ R Z AR5
NTWBH, DKT LFRKIZEEZEDREN T A —&
PEARPEL T A =R & B RN, AN
RN E WS B ERH T TW S [5].

2.4 Deep-IRT

B O KT FiETIE, DKT ¥ DKVMN 085 A —
X DRI REN 2 1 EXE/2FiEkE LT, DKVMN &
IRT % #AGHE 7z Deep-IRT BEEI N T W5 [5].
Deep-IRT (3 DKVMN (ZENfE 2B L, fRERATHE
BREEIN T A =R L IHEARBE NS A —22F 515
kS IEEHENEEFLTHS (K1), BIEMIZIE,
RO &S ICHift THE j 2E T 5 & EORESMHE
o) LIH j OREEE Y % DKVMN Ok (2) &
(5) ZFWTHHT 5.

Gét’j) = tanh (W”«”@é“ + T(e?’)) , (7)

B9 — tanh (sz)mj) n T<ﬁ2>) . @®)
INEMNT, KOS ITIEEHEEZRDS.

mj:a(ao*%“”fﬁyv (9)

FHEORIE MY ZEMfEhTwd eEZLN
%73, Deep-IRT CIHEHHEADTTY>¥ay w %
b iz MY OREAEHDS 05 2FHFELTWS
b, 85N3REIEMNEE ORHEICKELTVD. £
7z, 0 BEET BB, FEERT MV EHARY
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MVOWAEANTE Y, sehfde WY E2 oREd 5
ZEMTETVRY., ZD72®, Deep-IRT XA ]
BRI A—RERD—/T, ZTOMHMEETITR
WEWz 5.

2.5 Item Deep Response Theory

ARFS (2020) 1FHEEFE L IRT 2 W27 A M
fr& U T Item Deep Response Theory (IDRT) % #2
ELTW5 [32]. IDRT WM LZHE XY b7 —2
LEEBFEXY VT EHVDE I TEHVWEEIHEED
BN e Kb THlREZ R L TWa. L L, IDRT
IZRESI DR RN EE L TWRW=, FEiEk
TORNEMERITER\. £z, IRT L FEKICHE
BOZFNVORBEEEB LU LRIHEEZTI L
TEW.

3. REF &

MZETIE, FHHEETO¥EEEORIETHZ4TS
KT FiE& UTIRT & EEEEFEEZHALEZ. K
HETIZ ST A — X ORI & SR 7 5Tl % 1
ST 572902, Deep-IRT & IDRT OF# % fAE D
, BEIORRIE(ERHT 2¥EERY NT—7
EMSTRIEEH XY N =21 D FEEBEDOEHAANDK
6% TR 2727 Deep-IRT 28K T 5. IEEET
WALERFH OB R E S EE ORIk EZE 3, &
BDOAXIVIZET B RTDREN 2 KRBT 5 Z 23]
HEThd. Io17, BFOBREFEHFIETIZRAUAF
NEBELTHEAZETHEL AR LTWSE D,
HBEHORFEDOEWAKBENTE ST, KGFHl%
PILIRBFEKME R >T WS, FIT, IBEETFILT
IRE T HIEE & T OHEPBE L T 5 A X IVOER
EADEL, NAOREEZET 5 & TRIGT K
EomExE Y.

REETVOMEN 2K 2 I2RT. BETTIVIE
FPFEZXY NT—=2, HEHXY T =2 D 2 DDA
Liz=a—Sxy 7= ofEREIns. ¥4
FHAxw N7 =221 DKVMN L FEEDAEY 2 v b
U—JBEEREAWTE Y, HEXY MU =2 TIIMREE
THHHEZDHEBBEL T EAFLVONSZ2 AT
L, HEOR#EAH T 5.

REETNTE, 2L ORAtIZB5HE j
ANDIEEMRZRDFIETRD S, 26, NFTIEA
GO DFEE | ORTIIEWT S, FHEHEL Y b
7 —2TIXIDRT IZEDE, UTOX S ICHEE=a—
IRy T =2 EFEL, HE jICRET BBOR

4

. student network
M4
My
Mk Ll -
- )
&N gt "
N 0, 0
Mty
= o0
] ] item network Dtj
—> — —
i ) ) ()]
qj_ﬁl _BZ — Bitem |
ﬁ(ﬁ
— — —
1 Lol |, 0
sy Ly L Bskin
M2 BERETIV
it ) BT 5.
N
agu>::§ My, (10)
=1

6" = tanh (ka)e;:_,jl) n ka)) (11)

ZIT, kidk={2,3,--- ,n} THD. FEHEXY b
=7 DEHR n 3ET - RICEDOWTREEERET
%. IDRT TR OV L =a—F 3%y b7 =2 &M
THEHELTWSD, BEE TN TIEIFRNT— 2ot
659 5728 value memory DfEIZIEDINWTHEIT 5.
51T, B’EET IV T Deep-IRT &£ D, X (3)
TROSNBT T VY a v w & 6\ OFEIZA
RN LT, HNTA—& 00T % RET BIEH j
LRNLITRD B ZEWTES. LizhoT, ABIET
X 0D BFEEFORNRY ML ERRT. IR
EETIVTH B4 IRT [33] 181 B RESME & [FIkk
IR ATRE T 5.

Wiz, EHZ v 7 —2CHEH j OmEE 5 &
ZOHECRERAFVOREE 57, 2Kk, Ih
5OMZERET BBOWEE L35, 8, EnfED

item

Za—=IN2xYy NI I TUTDOLDITHETS.
ng) _ W(/J’l)qj + 7 (12)
BY) = tanh (W(ﬁ’“)ﬁz(ffl n T(ﬂm) (13)
/8(;‘,7) _ W(ﬂ")ﬁfﬁ) + 7(Bn) (14)

FRIC, HH j ICBERAFIVICHL T 2HEDOAN
1, OBEHEZ0 DT ML s; € RS 225 57, %G
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"Y5.
’Yij) — W('n)sj 4+ 70 (15)
'y,(cj) = tanh (W(Wk)vl(cjjl + T<’Yk)> (16)
Bii)i” — W(vn),y;j) 4 7 0m) (17)

HHAxY N7 =27 OEBIZFEE Ry N7 — 7 LAk
k=123, ,n} BOEF—RIZHE IV THRHME
EWET S, EEET I E Deep-IRT OFESIL, &
HHEDREINRT A — R EWPE T A — X DP5ERITH
HMXNTWEZETHD. ZT& W FHEOR
TEAEAHIE H ORI HRAFE S, fEE & R O IR
MWE BT 5 Z RN G,

B8, RESIE & INHERE D %0 & IEEMER % 7
T 5.

Dty =0 (gglt’j) —( ftje)m + Bii)ill)) (18)

REETIVTHEHETOEBNRT A=K, N TANRT
A — & & key memory, value memory D& EHFE% J
NTCHERIZFEET S, BFRNICE, FEZEOERDOK
oy (EE=1, #%&=0) 2HVTUTFOIZRATY
M= 2R/METBEDIZRTDONRTA—REH
9 5.

0==" (yelogpe; + (1 - ys) log(1 — piy))
t
(19)
BEETFTNVIEETDNT A —=RIZDOWTH TTREIC &%
FrEnTsy, HENAEEZHWTEDIZNT A —
REWETDLIEMNTESL, NSA—XBEHFDO=DIT

Rt DAN qj LEBONKIG y; &2 H L ITHDIAANR
2 NV BEET 5.
0,q; =1
¢ = {[ QJ] Yj (20)
[g;,0] y; =0

ZIZT, 0 RHHEHEET 0 2UWAREZRT MLTHS.
BB, ¢; £ 7TV v ayw (R (3) &6 &I value
memory M} ZHHT 5.

21
22

vy =W +71° (21)

e. = o(We; +71°) (22)

a; = tanh(W%, +1%) (23)
M&H)l =M ® (1 —wue:) (24)
(25)

M1y = M(thrl)l +wua, 25

et 1EZNFE TD value memory D% & DIREERT
UTELSPHIIL, ap (3R ORGSR Z & ORIk
THPHIEHL T WB L AT 5.

4. TRIREEFE

ARFETIE, ZHF T Knowledge Tracing {2 &
NTELREMZTFHE (IRT,IDRT, DKT, DKVMN,
Deep-IRT) & fREFHEEZHWTHEEZFEO K FH %
75, BARINZIE, 10 7380128 2G0T % D T g
F—REJMT— &, WMiEF—&, T —XIZHE
U, T —%, BT — X P oLz RT A =&
ERALCHHET — X ORI FHZEFTS. FHKEED
FALERE & LT Accuracy(—##l&), AUC 227,
FlEZRET 5.

REEBRTIE, AV 71 VEEY AT ATIEINZR
Bl5— &4 v b ASSIST2009%", ASSIST2015"2,
Statics2011%®, KDDcup™ % i\ 5. ¥ F—X
OMEER1IIRT. E¥FET—XICEFHEOK
IS y; = {1,0}, MRELZHBES L AFIN XTI
BEXNTWa. EEF—RIZEBE T L ABERDK
ELHERDZEPHEINTWVS 5], AHIETIET —
RO &MTF 272012, SfTH% 5] Tlibhiz%
Bt e ARRIZ, ANT2%EF— 20 LR E2 %84
1 ANIZD&E 200 HHE & U7z, R OSEHREBIZ AN
T—2 O ER%E 200 HH & U72BE IR EHEVREL
EEAROTFHEE RS, A=A KIZ 10 AT
D¥EEDPME L -HEBOHEGERL, HEHNRT A —
AP T— R oHEEINEZEEERT. 2720,
ASSIST2015 F—RIZIFAF L OERLMEETNTS
59, HAMRKHTER\W=HHE 1 DEEAK L fERE
RURER 2 TIEN/A KT 5.

ATHZEIZ 51T 5 Deep-KT F (DKT,DKVMN, Deep-
IRT, EFiL) T, IRT Tk & RCEE AN KE
EANMEE T 554, Piech 5 [7] X ABRIZEAFIL
ANDORINE AT LT B5EOM GO FHIRE 2 BHT
5. ZAXNVANTIRELAFILOTRTOEH % %M
EAHRRL, HBORHELT NI A -2 %2HD. 727201,

(#£1) : https://sites.google.com/site/assistmentsdata/home/
assistment-2009-2010-data

(J£2) : https://sites.google.com/site/assistmentsdata/home/2015-
assistments-skill-builder-data

(##:3) : https://pslcdatashop.web.cmu.edu/DatasetInfo
?datasetId=507

(74) : https://pslcdatashop.web.cmu.edu/KDDCup/

downloads.jsp
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HoAxz A1 U, REFHEIIMELUZHE & ZDIH
HIZNGEINAXFIVORSDOEHRE AL T S, *
72, ASSIST2015 F— RIZIZAFILDOBHRL IS EN
TEST, HEHPKHTER WD Deep-KT FiED
AITEA L 72,

ZIT, BEFHRIBVWTEEE - HBELXY bU—
7 DR e ZLT 46D ASSIST2009 TD K
IEFHREEK 3 IZRT. I3 &hn=201&
WIZHRAKDTFHKEEL2R DD, M FOERBRTIZET
n=2&L7%. BhEOWTLHE L DKVMN, Deep-
IRT, $REFIED A€V QWL N 1FHAT7H5E & Mk
12 {5,10,20,50,100} 5 5 ZEMFE % A\ C iwidifE %
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#1 F—&tv b0

Dataset FRER AXVE HER EER SR AN-ZF
ASSIST2009 3,776 111 26,587 68.0% 70.8 55.2%
ASSIST2015 19,840 100 N/A  73.2% 34.2 12.6%
Statics2011 229 41 1,095 77.7% 180.9 2.6%

KDDcup 820 43 476 78.3% 11.9 57.8%

* 2 FHEORISTHREE
IRT DKT DKVMN Deep-IRT  IDRT REFIE
item item skill item  skill item skill item item skill  itemd&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 | NJA N/A 0433 N/A 0541 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 0639 N/A 0.625 |0.641 N/A 0.668

Acc | N/A N/A 0.769 N/A 0.762 N/A 0769 N/A | N/A 0.774 0.785

Average_skill | AUC | N/JA N/A 0.675 N/A 0.718 N/A 0.716 N/A | N/A 0.720 0.746
F1 | NJA N/A 0.508 N/A 0554 N/A 0.560 N/A | N/A 0.565 0.608

WRE LTz [B]. A€ DIRTCHLSNDIHEST REF 2 —
SV INT A= RIXSEATIHGE (4], (5] TR S - fE
AW,

AIZEFEEHCTIT — XTI A—X %
HELZBO/nAazy brEe— (X (19) 2R7.
IDRT 3&FE T —RXIZEWTCHHDODAZ A& L7z
72, MOFELIY T —XBEBDRNZ ITEEI N
72\, Proposed linput 3L FED S BIHE £ 721k
AXNDHDIEHRZ AJ1L U, Proposed IIHH & A%
NOERE A& U856 %2K T, Ml Loss &7 1
ATV hBEYE—, #lllO epoch IZFH MK ERT. 7
7 7ORR L EH T — X34 TOFIET Proposed
NTEHZZNTWVBIGITHE— U7z,

4 &0, HAZZIEZAFLVDOAEZ AL UTRE
F7£13 DeepIRT L IZIFRBEOINK DR X 2R L, IH
HEAXNE AT URETFHERIMFEL DNV
ZUALY POE—IZRIPORLTWS Z e 3bh 5.
Ins &y, HHEAFLVEATILTHI LIZLD A
T A= RWEMENH ELTVWBEZ Db h5s.

WIZ, 100 MO¥ED S B, MIET —XIZET 5
AUC A2 7B EWRE DT A =X &2 HWTHE
fli7— 2O FHAEFTS. FRKEOLKRER%
£ 2 1ZRT. RFD Average_item IXIHHE A A3
BRT— Xty NIB 2 TFHKEDEEETH D,

Average_skill I 2 X )VATIDHEERT— X &y MZ
BB PHBEO RSB THD. £2 LHVWTHDF
BEIZBOWTHE TR TOEETHE L AFILVONSD
W E AN 2 UBREFELS - &b E WG T
EAERRUZ. REFIRIIEFEFIETH S IDRT OFH|
HEZ LE->TEY, RRFIETVICHERT 522 T
RIS FHlzR ETEeEZ NS,

ASSIST2009, Statics2011, KDDcup iZEWTIE,
Deep-KT FIEIFAF VAT LIHE AT O FHIKEEIZ
#Z»MH Y, DKT, DKVMN, Deep-IRT, #2LTFHED
WIENH FAEORHERLTVWS., AFIVDOADAN
TIFEAFNVHNOTANTOEE ZEfie AR LTS/
O, HHORHED R 25 EIIREEE T A — X% IE
UL ERETETS, FHIBEMET L CWAAREMLH
5. —J, HHANIZEE Z L ICNEE T A -2 %
WeEd 5728, THHORREN RS 561 &\ F
EERTEFEZOND. {EoT, AFINASEHEA
HDEDL SDDOATIFZLEE DRI & > TRIGFHM
WENZE LR VAR SV, D0, REFHRE
HEHEZAFVORG DRk 2ERET 5 Z & T, LT
HIKEEE 27503 BIGE THMA 2T — ZITHEB S G
THVRTETHD L EXD.

HEHAAORERICERHT 2 2, REFETIE Acc
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& Fl OFEETHRDS EWHEZ R LD, AUC I
IRT »3E WS % R U7z, F#Z KDDcup Tl IRT %
AUC® FLEIZDWTEWHEEEZ/RLTWS. KDD-
cup WIEEHRDHL, KNSRI OHET—XTHY,
X 5 IEHE OVIRER IR DR, 2ok
75, Deep-KT FikiZ IRT IZHARNTKIDHED &4
BT — 2T/ TH L ARENENEH S, AFIVATOE
KFETRTRTOEEIZB W TEAFZD Deep-KT F
BEOEOWTPHBE 2R U2, AETILIE, o0
VEBEERAY h—TU =0 REALDIT, kD
Deep-IRT (ZHEARTI/NT A — XA KIEIZIEML T W
L. Ty ALDHETIDON—IVIZHREZIE, FHRIKEE D
ETBZEEHFRPE UNBRWY, B, EEYET
TLRERAY N7 — 7 2R T 5 Z L TTHNEE 2 L
TE 2 Z ENHERMIZIIA I NTE TV [34],[35)].
BEFHRIINSOMEIZL > TFANELsE ETE
T fRIRTE 5.

5. fRIRMEOFTHER

5.1 BES/8T % —9 OFHiRER

5.1.1 BEH/8T A — X DHEEAE LR

BT, REFIRIZBEFETIE L R L Tk E
NEWZ L2 RUEZ., AHiTIE, EF—XE2HAVTHE
EFETHE U RS RITORES 85 A — X DVE\WMiE
%2> & %KY, Yeung[5] Tld Deep-IRT %
FAWTHRE L& AXIVIZE T 2 RENEER &2 D0
U, TOfFEOEmETE2FRLTWS. LrL, S
IZ& > TRABE N Deep-IRT D7 HZ I LT—RT
KL ORENEHB LN TE T, X TREN
T AF VTG U R A2 BETE RN, 207k
b, KERTIE, R (7) TESNDB 0 20T
HF1 U724 % Deep-IRT (25 1F B LIRITLD AFILDHE
TR LT 5. —F, REFETEHEELAF VO
MAEZANT—Re 52T, KHEAIMBE L
EDLRITDAF NV DREIMEHRB 2 RGIHET S Z
EMTED.
FT—RIIBIBFHAER T, FEHEOEORE
AR D572\, HETIVTHRE L 7= RE Il
ZABULL TR T 5. ARERRTIX, ASSIST2009 @
T— RS EITIE 5] THEHINTNVWS 4 DDAF
WVIZBE S 2THE O AZ MM U EBET — X 2B
U, 4IRTTDEEHNTRA—=ZRZ MLV ELDETILE
ZEU. HHFEEZHO 30 HEHICHT B RIET —X
EHWTIREFEL Deep-IRT THERE L 72 RS fEHER

8

EENENM 5, X 61R3. M A A ERELL
7= HE ORI, G EEOHEANDKG, #f
IEHEZRL, AICEDIFEFEPEG I E2RL
TWa. X5, X6 0D thetal ~thetad IZZNZN[F L
AFNORESIfEZ R

540, MEFEDBNNATIA-XIIUTFTDOLS
IZfRRTE 5.

(1) 1~3 HHIE"ordering fractions"®d A F )L (T
MIGT HHEEPHEINTE D, ZFHENEET L
RESMED M EL, BRET 2 LTI 52 L5, thetal
i%"ordering fractions"IZx 3 2 HEMEZFKT.

(2) 6~17 HH IX"equation solving two or few
steps' D A F KL T HIHEMEI N T WS, #
BEPEET 2 LHNEPH EL, RETDHLETT
5Z 5, theta2 Id"equation solving two or few
steps" DA FIIZ T B HESIfEAE KT .

(3) 18~24 HHIX "finding percents" D A ¥ )LIZ
MInT HHAWPHEI N, ZFEHIZTRTCOEEIR
MELTWS. 2o DIHHIZH L T theta3 DEA
BRHPARESETLTVWBZ 25, thetad IX"finding
percents' D A F )T BREEE KT

(4) 4, 51HH& 25~30 HHI"equation solving
two or few steps"® A F I ET ATEHHEH M HEX
NTW5. thetad ZFEEMNFRE U7z 4, 5 HHTE
TU, EfiETEELAZ26~39HATLALTWS
&, "equation solving two or few steps"®d A F LT
WY BREJIMEE RS

PED &SI, MEFIEEZUGTAF VBT 51
NEHER & FHRFIZEHETE, SVWHREEZET 5. ##
RFEFEAF UM O Z EL TWaRWzd,
theta2 7% EF U TWAIHHE 6~17 (2 DWW T ik thetal,
theta3, thetad & EHLTW53. 2% b, flidRXF
AT G U2 HE ICRE L 72856 CTHRENEDOZ L
BELTWEZ NS, —1, 6 £, Deep-
IRT Tid"ordering fractions'®d & ¥ )L IZxt 3 5 HE
fili thetal 2MHHE 18~24 DTER L TW2A3, FEEE
1213 "finding percents" DI HIZHHE THEL TH D,
thetal D A F )L EFT B A[REM TRV, & 5ICIH
H 26~29 O TR IEENHENTWSIZEMEDH ST,
theta2 A DEEIEIME T L TWS. ZOHRERH»? S,
Deep-IRT DREFMEIXEEE D KIS T — X % EREIZK
MTEd, MINAREEMENZ 23095, £z, &
R REEE L\ N T2 DIZZE L 72 BE ST B H#EE 23T
ATBESLY, ZNHMNEHLI LTS,
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< - — thetal ~ equation solving more than two steps
--- theta2 + equation solving two or fewer steps
-+ theta3 ordering factions
- thetad - finding percents

o N

Proficiency Value 0

TResponse

4
I
T
0

T T T T T T T
0 5 10 15 20 25 30

task

B 5 REFHEICEITILUOCORENRTA—X

<~ —| — thetat + equation solving more than two steps
--- theta2 + equation solving two or few steps
co theta 3 ordering factions
<= thetad finding percents
~

Proficiency Value 6
0
I

. L.
(; flx 1‘0 1‘5 2‘0 2‘5 3‘0
task
¥ 6 Deep-IRT IZBFBLIRITDRESINT A —R

5.1.2 HESI/ST A — X DEHHELER FHED i % %

ARETIE 5.1.1 3= &[RRI ASSIST2009 DT — X % T; T
FAWTHERE L 728801785 A — X DRFMEIZ DO WTEET Ui = %Zyit, 0; = %Zef (26)
%. $REFHEYL Deep-IRT (2B 2811755 2 — 21 =1 "=
Ve BT 720, MUFOEARE L, 2% e o, - )
BE I, PEE I OPWERENS e {1, T}, p _ 7 2 (O — 00 — )
e t TOREH ¢ DRENE 007 % 0F L Rl T 5. \/T%_ ST (ot - 9})2\/% S (e —50)?

(1) BT —% & Ol : %8 i O&BS ¢ T (@)
DIIET — & yu(F&=1 - 3&=0) & fEHHERE 0!
DIIBIEE R, L W EOEIE R, g, R¥EE i 1
DIIET — &R DV, 6, 13 BB CHE X hi- i R= % S R (28)

i=1
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(2) BEIMEZE) : 2EE DRt — 105 ¢t~
DRENEZTNEDFEME H, & 228 EDVHE H.

T;
1 t pt—1
HV_E_1§:wi 0! (29)
t=2
1 I
H:TE}L (30)
i=1

(3) MANDE : #EBEETHESINALTZEE
DEESMED I S; & 2EEEZDFIES.

T;
1 ¢ a2
&_izprﬂ) (31)
t=1
1 I
S = 7}:& (32)
=1

(4) (AR : Bk ¢ THE S N7 2P BED
B DML S, ¥ 2R TOEHIE S . 50 1
HUA LB U2 EEOR Rt € {1,---,50} TDHE
THEDHER G ET 5.

I
@:%Eyf (33)
=1
! 1 - t 7\ 2
Se=7 > (0 -6 (34)
S/ _l_l 1 50 ,
= %;st (35)

(5) “FHMH : 2%FBEORENMEDTFLE 6.

IhoDfEEE R 3 ITR L.
K3 BESST A — X ORI

EFN Deep-IRT EETFiE
THBIRE R 0.390 0.613
REMEZE) H 0.298 0.190

fE A5 S 0.108 0.133

AR S”  0.140 0.208
SEHME 6 0.299 0.027

£3 &0, REFHEEIRIET — X LRIEHE OM
BIfREL R 5% Deep-IRT 12 L CTEWZ &2 5 5.1.1
FETHRAR Tz & 512 Deep-IRT & D BE 74 & fif D R AT
BEMEAY R,

F 72, RREFIEIE Deep-IRT & R U CTRESIMEZE)

10

H 2N L, [AARSES BRE V. KR TORE
FMEZEE) H DYNZ W Z 2 AIXRE I EANE R A S &
5ZERLTVS. ARSI S 3E&EFEHEOYY
BERETORAENBRERLTEY, HERRKEVIZEHE
FHEERS DR EWZ L 2E%k T 5. 2% 0, %
FHEDOBESMEIL Deep-IRT IZEEARTREPHTH B 25K
ELAHTEHEREIDODEVET LV THDEWVWR D, X
517, BEFERIEAMAE S BDREVWIENLE
HHEMOBEIMEE K<L TVWBEZ &2brs.
—7i, Deep-IRT TIIRENMEZEE H K&, il
AHADEH S FREL BNV LS RE S N/-HPHT
AMBRENABPREDPT VI PO, E. £z, A
AFIDER S AUNEWZ &2 5 ZEEMORESEDH
MAMEL, EFGEIHELORIETHEI T
BUMRRTES. X512, BENHEEMOTEHE 0 Tl
Deep-IRT PMERFIEL D EWEERZRLEZ. 2D
&, ZHETHWLTE & 512 Deep-IRT DRESIH#E
EMHITIREFRICHEBE LU CRLETH B I DM EL
TWVWBDhH L.

5.2 HEE/NT A—4 OFTHER

WIZ, RETFIEL Deep-IRT IZBWTHEEE NS
A— R DHEREE DI 21T S . AL TIHRBETIE
MIRT & FAFEOWHE NS A —RXOfFREEZEDZ L
ZHEELTWS 20, IRT OFTH 7% 2PLM (R
(1) CESWTUFONEDPSFEI Y I 2L —
VavT—RERAWTHNT 3.

0~ N(0,1), a~ LN(0,1), b~ N(0,1)

BIEEHOEDOWHERE & T U - R T A —XED
MEERREHTLI LR, WEE T X —XOHE
WEZIEKT 5. EOWNE#E L Deep-IRT % HWTHE
FEUNEEE T A —XOWAKEK 7(a) 12, ED
R CREFEZHVTHEE L NEEE NS X —
ZOWARER 7(b) ITRT. M7 &Y, REFEZ
Deep-IRT & FLik U T B O IR #1250 W il T R )
FTA—=REHELTND I e Dbh b, EBIZH 7(a)
OMBEFREIX 0.611 THBDITHL, B 7(b) O
fR#1% 0.886 £ K& LAl 57z, Deep-IRT DR HE
NT A =X OMBHREAME VDI, REHI T A—& L
REE T A — R EBRIZDETE TRV &N
FREZEEZONS. Thbb, REFRIIFEEEL
HHZZRIZHMT 22 2T, MIRMOE WIREE S
TA—RDWENHRIZR -T2 &2 E KT S, L
Mo T, WEFIEIXIRT & FAZEOMIMEOENHIE T
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DeepIRT
0
I
o

proposed
0
!
&
[
o
°

true_value

(a)Deep-IRT 12 & % IR #f A2 i

true_value

(b) SRETHEIC & B R e

7 HEEREEE RS A — & & EHOMH DO

FLTHB I ENRE NI,
6. & ¥ U

AT, Deep-IRT & IDRT DRz M AED
H, BBHDRRFIZ(AERIT2FEELXY VT -2
EHNIRIEE R Y N7 =212 & D EPEEDOHEANDK
5% FRTZETNERE L. REFERIIEEED
BE A DM 3 2 TEHH ORI RER S, BB A F )
IZBET LM DREN ZRHTE 5. I 617, WFEOD
Deep-KT FETIHRIUAF V2L EL T HHAITE
THBEEABLTED, SEHEHOREDE NP KX
NTWERDP 5 72H, IBEFIETIFEEB & AF VO
ORHEZER L K6 TH%EITS 22T, KInTHKE
ERmETEIERLUE.

REFEEIZODOMS REEAY b—T =7 2EA
U 7272 DI D Deep-IRT IZHARTIRT A —ZEH
KEEIZEAIL TWB, —fRIZ/S5 A — X OB T
HEEEZETIEI2MEELEGVEEISNED, I
EOMETEELRR Y N —2%2ilT5 22Tk
O PRI LT 5 2 D BRI S hTE T
W5 [34],[35). IEFEIZ AT A-ZEHMLTS
HOD, MNRFEEE - HBEAY N —2%2FHAHL,
OGP RN EEZIER & AFIVORG ORI % Z B
5Z¢T, YHERMELZEEZ NS, -,
BEFERIZEN ST A —R EREEE NS A —&IZDWN
TIRT L AEOEWERE%E $ 5, Deep-IRT &£ D &
g TH DI L B R L.

B DZETIE, Deep-KT TEIZIHE QWA %
ARAATEETEILIZED, AFVEXTENE LR
KTHRIEED Y AR % BFITIT S FiEHHH

FINTW5S[36). £/, HHONAZEET LI &
THAF ) EIHE OKIFBEROR R 2 & 0 @RI
WETES[37). Zh o OBRER REFHRITH AL
ik, RENOEVETIVIHERY 5 Z &3
AET®HB. X HIZ, Ueno and Miyazawa (2015, 2018)
Ze Y hE2ELEHEIZIBWT, KD IRT #HWTY
BHEZ Y M RRRUGEOESHEZ PIIL, ¥
BHENRE UG I EBEN AL 45 FHIES
MR 50% OREOL Y b ERRTETXT T4 75—
SV VAT AERBIFRLTVS [38], [39]. BEFEIE
ey PO FRETIVICHBITILRTE 5720, S5#&IF
REFIEE [38],[39] DV AT LIHEKL, FHEOR
ISFHREEEA EIRAT T T4 T IV TV R
TAERERBLUTVWE W,

B EE KW SE I JSPS B #F # JP19HO05663,
JP19K21751 Ok % %13 76 DT

X ik

[1] A.T. Corbett and J.R. Anderson, “Knowledge trac-
ing: Modeling the acquisition of procedural knowl-
edge,” User Modeling and User-Adapted Interaction,
vol.4, no.4, pp.253-278, Dec. 1994.

[2] R. Weng and D. Coad, “Real-time bayesian param-
eter estimation for item response models,” Bayesian
Analysis, vol.13, pp.115-137, 2017.

[38] W. Xiaojing, J.O. Berger, and D.S. Burdick,
“Bayesian analysis of dynamic item response mod-
els in educational testing,” The Annals of Applied
Statistics, vol.7, no.1, pp.126-153, 2013.

[4] J. Zhang, X. Shi, I. King, and D.-Y. Yeung, “Dy-
namic key-value memory network for knowledge trac-
ing,” Proceedings of the 26th International Confer-
ence on World Wide Web, pp.765-774, WWW ’17,

International World Wide Web Conferences Steering
Committee, Republic and Canton of Geneva, CHE,

11



EIE OB G225 X xxxx/xx Vol. Jxx—X No. xx

(10]

(11]

(12]

(13]

(14]

(15]

(16]

12

2017.

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

M. Khajah, R.V. Lindsey, and M.C. Mozer, “How
deep is knowledge tracing?,” ArXiv, vol.abs/1604.02416,
2016.

C. Piech, J. Bassen, J. Huang, S. Ganguli, M. Sa-
L.J. Guibas, and J. Sohl-Dickstein,

knowledge tracing,” Advances in Neural Informa-

hami, “Deep
tion Processing Systems 28, eds. by C. Cortes, N.D.
Lawrence, D.D. Lee, M. Sugiyama, and R. Garnett,
pp.-505-513, Curran Associates, Inc., 2015.

Z. Pardos and N. Heffernan, “N.t. modeling individ-
ualization in a bayesian networks implementation of
knowledge tracing,” In Proceedings of the 18th In-
ternational Conference on User Modeling, Adaption,
and Personalization, pp.255-266, 06 2010.

Z. Pardos and N. Heffernan, “Kt-idem: Introducing
item difficulty to the knowledge tracing model,” Pro-
ceedings of 19th International Conference on User
Modeling, Adaptation and Personalization (UMAP
2011), pp.243-254, 01 2011.

J. Lee and E. Brunskill, “The impact on individual-
izing student models on necessary practice opportu-
nities,” Proceedings of the Fifth International Con-
ference on Educational Data Mining, pp.118-125, 01
2012.

M.V. Yudelson, K.R. Koedinger, and G.J. Gordon,
“Individualized bayesian knowledge tracing mod-
els,” Artificial Intelligence in Education, pp.171-180,
Springer Berlin Heidelberg, Berlin, Heidelberg, 2013.
M. Khajah, Y. Huang, J. Gonzalez-Brenes, M. Mozer,
and P. Brusilovsky, “Integrating knowledge tracing
and item response theory: A tale of two frame-
works,” Personalization Approaches in Learning En-
vironments, vol.1181, 2014.

M.M. Khajah, R.M. Wing, R.V. Lindsey, and M.C.
Mozer, “Integrating latent-factor and knowledge-
tracing models to predict individual differences in
learning,” In submission, 2014.

Y. Gong, J. Beck, and N. Heffernan, “Comparing
knowledge tracing and performance factor analysis
by using multiple model fitting procedures,” Intel-
ligent Tutoring Systems, pp.35-44, Springer Berlin
Heidelberg, 2010.

R. Baker, A. Corbett, and V. Aleven, “More accu-
rate student modeling through contextual estimation
of slip and guess probabilities in bayesian knowledge
tracing,” Intelligent Tutoring Systems, pp.406-415,
Springer Berlin Heidelberg, 2008.

R.S. Baker and P.S. Inventado, “Educational data
mining and learning analytics,” Springer New York,
vol.14, pp.61-75, 2014.

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

M. Yudelson, O. Medvedeva, and R. Crowley, “A
multifactor approach to student model evaluation,”
User Model. User-Adapt. Interact., vol.18, pp.349—
382, 09 2008.

M. Ueno and K. Nagaoka, “Learning log database
and data mining system for e-learningéASon-line sta-
tistical outlier detection of irregular learning pro-
cesses,” Proceedings of the International Conference
on Advanced Learning,2002.

M. Ueno, “Data mining and text mining technolo-
gies for collaborative learning in an ilms" samurai",”
IEEE International Conference on Advanced Learn-
ing Technology,2004.

M. Ueno, “Animated agent to maintain learner’s at-
tention in e-learning,” E-Learn: World Conference on
E-Learning in Corporate, Government, Healthcare,
pp.194-201, 2004.

M. Ueno, “Online outlier detection system for learn-
ing time data in e-learning and its evaluation,” ro-
ceedings of the 7th TASTED International Conference
on Computers and Advanced Technology in Educa-
tion, pp.248-253, 2004.

M. Ueno, “Animated pedagogical agent based on de-
cision tree for e-learning,” Advanced Learning Tech-
nologies, 2005. ICALT 2005. Fifth IEEE Interna-
tional Conference, pp.188—-192, 2005.

R. Baker, A. Corbett, S. Gowda, A. Wagner, B. Ma-
claren, L. Kauffman, A. Mitchell, and S. Giguere,
“Contextual slip and prediction of student perfor-
mance after use of an intelligent tutor,” Proceedings
of the 18th Annual Conference on User Modeling,
Adaptation and Personalization, vol.6075, pp.52—63,
2010.

R. Pelanek,
ria: Differentiating uncertainty and degrees of knowl-

“Conceptual issues in mastery crite-

edge,” 19th International Conference on Artificial In-
telligence in Education, vol.1, pp.450-461, 06 2018.
H. Sepp and S. Jurgen, “Long short-term memory,”
Neural Computation, vol.14, pp.1735-1780, 1997.
F.B. Baker and S.H. Kim, Item Response Theory:
Parameter Estimation Techniques, Second Edition,
Statistics: A Series of Textbooks and Monographs,
Taylor & Francis, 2004.

K.H. Wilson, Y. Karklin, B. Han, and C. Ekanad-
ham, “Back to the basics: Bayesian extensions of irt
outperform neural networks for proficiency estima-
tion,” 9th International Conference on Educational
Data Mining, vol.1, pp.539-544, 06 2016.

A.D. Martin and K.M. Quinn, “Dynamic ideal point
estimation via markov chain monte carlo for the
u.s. supreme court, 1953-1999,” Political Analysis,
vol.10, pp.134-153, 2002.

C. Ekanadham and Y. Karklin, “T-skirt: Online esti-
mation of student proficiency in an adaptive learning
system,” CoRR, vol.abs/1702.04282, 2017.



S MNL A - JHE X v b U — 2 %% D Deep-IRT

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

RBET, FHHHE, MBEE, “X/4F3IvoT7EAA
Y hOEHOENTILI T irt ETIV,” BFEREREE
LHEE, vol.J102-D, pp.79-92, 02 2019.

PEHESE T, M ER, “Knowledge tracing D7z ® slid-
ing window NIV 3 7 irt, ” B EHBE P REOGE,
vol.J103-D, pp.894-905, Dec. 2020.

AT, MEEE, “R®EEEICEST A MR :
item deep response theory,” ¥ 1% H il {5 ¥ 2 X
%, vol.J103-D, pp.314-329, 2020.

T. Ackerman, “Unidimensional irt calibration of com-
pensatory and noncompensatory multidimensional
items,” Applied Psychological Measurement, vol.13,
pp.113-127, 06 1989.

J. Lee, L. Xiao, S. Schoenholz, Y. Bahri, J. Sohl-
Dickstein, and J. Pennington, “Wide neural networks
of any depth evolve as linear models under gradient
descent,” ArXiv, vol.abs/1902.06720,2019.

S. Goldt, M.S. Advani, A.M. Saxe, F. Krzakala, and
L. Zdeborova, “Dynamics of stochastic gradient de-
scent for two-layer neural networks in the teacher-
student setup,” NeurIPS 2019,2019.

H. Tong, Y. Zhou, and Z. Wang, “Exercise hierarchi-
cal feature enhanced knowledge tracing,” Artificial
Intelligence in Education — 21th International Con-
ference, AIED,, pp.324-328, 2020.

S. Yu, L. Qingwen, L. Qi, H. Zhenya, Y. Yu, C. En-
hong, D. Chris, W. Si, and H. Guoping, “Exercise-
enhanced sequential modeling for student perfor-
mance prediction,” Proceedings of 32nd AAAI Con-
ference on Articial Intelligence, pp.2435-2443, 2018.
M. Ueno and Y. Miyazawa, “Probability based scaf-
folding system with fading,” Artificial Intelligence in
Education — 17th International Conference, AIED,,
pp.237-246, 2015.

M. Ueno and Y. Miyazawa, “Irt-based adaptive hints
to scaffold learning in programming,” IEEE Transac-
tions on Learning Technologies, vol.11, pp.415-428,
Oct. 2018.

(xxxx 4F xx H xx HZA)

R ERET

2020 FEBSGBEE R LR BRI L%
RZERHE LT 7. A4, BRGEE
KPR T2 o R g L R
AFE, JEF.

AT R

2018 HEESGEIE KR BRI L
R ERIHIME T, FE, dX0EE
KRG R LA R R
A, (R,

wE EE  (ER)

1992 fEMH K2R F G E L ERME
7, 1994 FHE TR R FBRGHTY
WERHE 7. ML (L%). HETEKRY,
THEKXRY, REEMRIZRFZZET 2006
F LD BRGEREREYEIZ, 2013 F£&D
B, BIEICES.

13



Abstract Knowledge tracing, the task of tracking the knowledge state of each student over time, has
been assessed actively by artificial intelligence researchers. Recent reports describe that Deep-IRT provides
superior performance. Deep-IRT can express each student’s ability and the difficulty of each item. However,
its interpretability and applicability remain limited because it assumes that different items for the same skill
have the equivalent difficulty. To overcome those difficulties, this study proposes a novel Deep-IRT model,
which has two independent networks: a student network and an item network. Experiments demonstrate

that the proposed model outperforms the previous methods.
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