0 4 1

0
N K b T
i Ne G 3700 Q 7 B a T
A v T Ne i Ne ©0’
K \ i a” bud Ne i 6 sigmoid
soft max A T Ne i NeDI NA
a T [ = %0A T T Ne ' 0
© 3 G a A
T Ne i ’ ’
1
b b a T 0A 1 ~ I RT
" CDMm " h v a T MCMC &EM
A
MCMC G| RTCDM a T ( Lu, 2018, Pad7;, Zhan

201AMCNM nb STANCar peent201AGPI ummepn 08}y

a - 7 Q 0 B MCMC a T ~ MCMC
0 G a o  HGDI NA HAB MCMC &
T (Toryre2ANM@NC ap Ty 0
z° ¥0° MCcMC iy

G * A

EM 3 W | RTCDMa T (R. D.,Bb®R2; R. Darrel]l
, 1988; Torre, 2009PpTHO0OR1) (Chal mers, 2012; Ct
, 2020,; 2VMa20) EM R. D. BdoOBR)BAEM

EM T ° Ne (Schil | i2iD5) 3 (Huber 2004)



\ " MCEM (Meng 1996) F ous i

| RT ~p Cai (Z010) w b G I RT °~ y Cai @(2010)
03 Y b EM MHRMs ~ G n. EM G
(S. L. ,ZrRaord) a n. > mi biafch
v EM W & T W A~ EM b
n w W Ty Y EM 0 a a 1
o |k HGDI NA ~ Y EM a T ( Ma,
20 200)
0 “w  _ a - a T -
0 T Ne - . (Bl egi 2017) 3
a TN (C. ZhanxR19) 3 a 1 Ne a T
(Linded, 2016) » 0 ~ 1 Ne b vy 6  Y'E
MCM@® ~ , Q 0 " 47 a T - 3t EM
T Ne 6 MCMC (C. Zhamr® 191 Ne
a T A
™ 61 Ne G (Wu, 2020Ne T 1 Ne
h Te 4T N (Chg 2020, Hwi7; PRMmab;
Yamaguchi, u2c0h20;20/2aémag 3 0 Fo )
f Ne ~ bl ackxari ati onad ifnNeer @mme ti zed variati
inferehce) ~ | | RGE T i (Chen, 2017R01®ur iNatesan
, 2016,; 2MueDW W ~ Mi nka ( 2y0i0Na) H
DINA & T ~p a D "A 11 Ne (Blei 2017)
- a N Y “f7 .7 ¥V Fa Ne
v b A T N b TN 7 @

p" pytBi nghamdelddwaTdan 20p§)BcSal vat MU 6)

Qn - A TN b T Ne T h ‘
W £ 0" Wu (202Curi(2019) W a

( Ki ngma20amm a a T ‘ v M

M REI NFORCE ~®w Wu (202QGd¥ri(2019) X | RT

i \ - H Y G K \



"6 | RO

Wu (2020C0ri(2019) a
A
T Ne iz a T A W
Ne T Ne | RT N [ Ne I Ne CD M
A
2% Ne
2.1 *
T Ne A 1 Ne Ne AT Ne P w ELBO
" Evidence LoWwelE Bound
%, "KM 51 1incom 1 1ACH
e E ¥ Ne b Ne KL v
+,N 64 0D 1 TnCo6 %, "/
E T°n TN °~ 6l RT 0 (Kt No | o@al
A Ne scall @ e CDMn B By RYz2N & ~ 377 N
Ne (categorical 6diAstri bution)
2. 2
{ Ne 3 3 Ne Ne ~ 3 3 Ne N
X a wwn~a Ne w N %~ 1 uNn B N % A no* w
2w 3 Ne “w T yzE i D (Wingat2AR13)
23 pibda
Hui (201Fmai(2016) =11 Ne 20 probita
T Y Yamaguchi (202Q)2;020a ma:giuicNe i DI NA
MGDI NA & T A
a i 7!

24T Ne 36 Gi bbs vb



1 T% — ©%. 1 1°Quo | 11C%

22T Ne Y [ & I RB vy [ ¢l o®it |IRT
S H Ty 3 TPy (Or mer,o@TA10)
24 b4
T Ne Ranganéafhil®d) A Z (Chen, Naltle7rs)an
(2016) pedwarpdyro=u®w | RT TN & T A
T No a T W T NG N [
n%, " /M 5 n1TINCO TTIQ@m 111CH

tNe N aT U O pgo8 3

G [T Nea 3
T /g "1 IRCU T Te®Ry, 1 T1C &
T Ned
% % "R iiACa 1 n@Ry 1 11CH

Tm Robbins Momro ¢ n. A

TN N A
25 04
T Ne o5 n t a w o [ v T Ne
37y Fxv 1N (C. Zhan2®197
[ Ne 4T Ne ( Ki ngma2°07il Me) buNe @&
= £ ’ (Hor ni9gkkA) T Ne -
s Ne N U QuN UA T Ne ¢ 'E K FA
6 1
q 7 a “ i Tt oa ~ vy w [I4

nE%, "/ M 51 InCom 1 1nCo



W Y D a A
No & X 8D ‘R " oxXD” T 1d fz, 1%, /"
"
TRR%, " /Ml iRcom gl inG Tzt
a " 6| RTVIBO (Wu, 2B2®) & A
i a - W s Gumbel Sof{(thaxng 2AGumbel
Softmax X H U € % GumbNelT 0,0 v o
0 0 O O sof tfax [ £° 4, 0
——ljﬁTTT a ACDM ::" y HARD ~ Straight Througt

Gu mbSd f t"Aa x

2 REI NFORCE

REI NF OR:CE AREI NFORCE n
g%, " /M T TACO T TAGoM 1 1TiC6 n il incomd n 1 TACo
"6 i 37 @6 i A
T G . 3(Willia®me2) e Ty
zZ @ A
2.8 B ¥§ i
T Ne G Y 0 n

(Hof fmamR013; R a n2g0alnda)t h C T

Ay 3,

03’ RaBl ackwel ICoeaMobat es

(Rangana2@14)



E

~A
.11, 6
s

| RT
T®
1.2
.
DI NA

=
5

v A
5 ¥ Q (I) I~ i 0
Lo b QopH o T © P
i A
DI NA HGDI A
v A
PU J C p O Q pht i pht Q i p

Torre (2011)

oOws M Q- Q plmt Q Q p
Ts B 1 h | h BHh A
HO-DI NA !
P AD— h D'z 125wl ¢
S 0 AD— _ , 2 U W S—
T4 - A0 WA
.4 =
9 G pyrgoytorxXh £ ¢ REI NFORCECDM
a - G Gumbel Sof't max ¢ RaBl ackwel |l Azati on



w

T ou a - a a - \
®
L4
| RT A 1 ® Ne D™ mip”
LWu (2020)W A
| RT A i ® Ne &D  mHOA
A

DI NA AW a

BT

LT

Ne

Cul pepperGi(b2n0sl 5Y)

) phtssdm -~

)

W WMz 2 Wiwplphssp -

Ne

)

U]

Dwwameza Wiy M eEn

D' 2 129 /bhbm@® "~

HOGDI NA A

-

—Db

BO|

WMz 2 Wi ) e

3

.22 .

w

m‘ﬁ)v

S_

é

%
(|
| RT Ab Wu
TQ 2 A

Ne

)

v
Ta A
Cul pepperGi(Rsl 5)A
Ne —D" *h A
[ ! T
A

(20200 ~ & Ne

"Qw
0Q ®
w0 w

%0

D' 2z 125%/bM) -

, -
Ne ~ Ne

Ne

1

Hmit

Esh)



T Qw
0 o
No \ a
OOET o @
0 OOKI AQAEAC

1 00
O ME ib Bz "H > OOFEID Bz "H fb” "H A
W i \ v !
. .... BOOEI
O OE | —5

0 OOKHI AQREAC
t 00

TG mibatch A

® Ne 30 D7 o T Ne oD mm oD mm”
m T m b a st am (StanDevel opment Team, 2019
W i A

. : 1
1 1
2 i
i T Ne ® Ne "y i i 0A®D" o
G0 Y ® Ne i a (Baker200%4)

G = i a R T 16 = H ~ A



*EIIO8
lé
Ex

- — 1K
—> 111
S
3 DINA 1
JE
P

Y /\
:‘ (S22 H s

Y .

4 DINA 2
DI NA Aa Cul pepper (20cl5)
Q Qw
N o1 £0DA @
b T Ne H W Ne

Q Q0
n OECIiTNEA

® Ne b PN & A

HOGDI NA A Ne ® Ne bW i W
323
b7y A b-
Y A ~ v

>



324 [

L Frasdgrloma8) I RT #

3 2F 51 BOM |

VI BONVu , 2020 )7 No v G i Ne
a T Yy b VI BO
AVl BOs a  ° ¢ REI NFORCB M
a ~ VI BO ¢ CDM Ty c CDM
| RTT Ne AVI BO \ " -
W K A
| RTT & Ne AVI BO {8 -
{ B " A
AV 1 B Owu - u YA
3.3
3. 3L QAT
LSAT Thissen (1882)RT b v G
W ~ ALSAT" 1000 5 A
33.2 PI SA
Pl SAOECD 15 a a z E
Wu (2020) PI SA "R Ne519%34°183 i T

- 7 -

H

@n Y G 46061 °

@ “ 8% 7 15% A

b Ne
Gumbel
A 0

T

“flexmRT mi Bt

Soft max

73 238

690149009



3.3.3 ECPE

E CPIE i “examination for theErglrfitsHhicate
2922 ~ 28 3 - Feng(2014)Ta A
34
bw I RT 50 CDM 100
10m A
34.1 0

@ DY1 amdio” OD” mp” DY 1 AR QDY 1 ANV O

0 sk “OD 1o @D rﬁ&)‘;ifl*’;”&éﬁvo.,e.wﬁ
34.2
W ° ODY1 AN | DY1 A 4 Dwz 129%/blbm " | D

Wz 129/bbm” _ DT mpT _ D91 2w W 5A

K o'a Li (2020) ~“ODY1 anNm,i DY1 ai@®hd w

1 0 A0 0 {5 Ab v mip “O0O'H 1 w GOH w I "Q phissn”
]
M w G8QpH wl Qoplg) p 1 ¢H wOAO N mip ~ O'H N w

WOH w T Q pltfsy” N w "8Q p'H w I Q pif) p | w "6@Q p

"H w T "Q clofssy” T ¢ "H w OA w— —h—fB—" —D

Tmtm = "H w T it"H u” - " TA G
A

34. 3

90% A

(



35 £ 0

| RT h p fl ex3mierRBung20W0) (2020) VI BAO
BAE MMMHRM V1 BAO a R° MI RIT. 32CBal mer s,
20m|2)f 1 eAmi rt

CDM p R GDINASB.O E MA

36 t

CPUIntel (R) Xe o (RYyGHso |6dGA5 2 17

4
4. 1
G Y T Ne a T A a AUQG McClish, 1989)
No v Ne o 8:A2
4. 1. 106
wa | RT Ne A
1LSATT =
@ Ne
AUC 3 AUC 3
1 0. 86 232 4 0. &7 -58 6
i B 2 0. 88( 2197 0. 88¢ 555
5 0. 24 237 8 0. ®0 -59 7
2 0903 2180 0. 91 549

5 1. 0 -129 2 1. 0 -336




2PISA =

@ Ne
AUC 3 AUC 3
1 0. ® 560774 0@ 140155
y B 2 0.3 561264 0.3 140265
5 0. §3 562500 0 %3 140585
5 0860 534383 0860 133576
10 00894 -484108 0 894 -121123
1 2 " " @ Ne y y B TR
v A ¢ Ne LSATPI SA wF A
a b
| 10 -
200 -
B_
150
100
50 -
0_
5 PISA 10 1 4
.21 .
3ECPE =
AUC 3 AUC 3
DI NA N A 0. 79¢ 31417 0. 79¢ -7832
HOGDI NA 1 075 4 40633 0753 -10075




2 0. 74¢ 40752 0. 74¢ 10128
3 ' DI NA HGDI NA A ::7 1 Ne ECPE
" A
4. 2
T BBVA f Ne = Alf f N ~ B & o
| RT a ~"@&id_a _nq CDM a A T 7 RMSE
) 9 RMSE % A
42 .1 0
4" IRTT = RMSE
BBVI 0. 2403 0. 29403 0. DO NA 12
3a Al 0. 2402 0. 2B 0 EHOY N A 8
BAM 0 3DQ5 0. 3DQ4 0. DO NA 3.5
50 0
BBVI 0.38(0 0.38(0 0 05(0.006(0 16
44 Al 036004 0. 304 0. DO 0 EHOY 12
BEM 0. 406 102(0734 0. (4005 0. @96 8
BB/l 0.20003 0. 100 Q3 0. G5 0)0 NA 11
3a Al 0. 1902 0. XMP 0 qPDOY N A 8
BEAM 0 1D®02 0. 200% 0. @7 Q1 N A 11
100 C
VI 0.B7)0 0.(®30 0.05Q00 0.(0500 24
44 Al 0.32('0.28( 0.05(00.05¢(0 17
BAM 0.(B5)0 0.(08)% 0.04(0 0.04(0 1
5 IRTT = RMSE




BBVI 01 @ 3 000 1 24
Al 0 4100 2 0.0 6 01 24
1000 2 2a
VI BO 1. 2@} 0. 1DQ3 61
MHRM 0.(1®01 0. X 01 54
BBVI 017004 0. (®01 95
2000 3 2a Al 0. 4 03 0. & 01 34
MHR M 01 ®01}) 01 @ 1 12 6
BBV I 0.25(0. 0.07(0. 15
300( 5 2a Al 02801} 0. & 03 15 2
MHRM 0.@BGY 0. ZA 00 271
6 i IRTT = RMSE
5 (‘A’) (’:) ~
Al 0.0 @ .30 0.5 0.0 15
0. 3
MHRM 0. . 00 0. 08(0. 27 2
Al 0.8 020 007(0. 16
2 2a 0.5
MHRM 030(0. 0.08(0. 352
Al 0. 4. 05 0. 06 (0. 99
0.7
MHRM 0. §6. 03 0. 11(0. 27 0
Al 0. 30 40 0. 08(0. 99
0. 3
MHR M 0.25(0. 0. 08(0. 391
Al 0. %00 B 0. 5{ 00) 0 99
3 2a 0.5
MHR M 0. 6. 02 0. 06(0. 40 4
Al 0. &0 .10 0.1006) 0 145
0. 7
MHR M 094(0. 0.16(0. 30 3
7 X IRTT = RMSE
10 R 1k 1 2a Al 0009 0.0 1251




EM 0.4 001 1918

MHRM 0.18 0. 01 98 7 8
Al 0.1C 0 07 1450
3 2a
MHR M 0.23 0 05 1742 9
4 MHRM w MHRM W a T b ~a T 2
~ 5 BAEM 4w BAEM T 6 BT fl exmirt
[ T "1 Ne g v bugp N A 4 51 6 7
R " a 1 Ne nyr Y ¢ MHRM
ST a T Ne W nYr Y6 BAEM MHRM
S 3w a a 1 Ne W n5"p ¢ BAEM &4
a i N bt MHRM W ~ Y6 MHRM 5 VI BO
H T i g H | VI BO b | RT A
42 . NA A | VSREI NFORCE
8 1| VSREINFORCE
g S
REI NFORCE 0. 01 0. 02
1000
Gu mb el Sof 0. 16 0. 54
8 “Gumbel Saftmagx e DI NA -~ 73 V@
6 i Fvib v AUQA
1.0 A —————— —— REINFORGE
0.0020 1 Gumbe | Softmax
0.9 4 20000
0.8 0.0015 4 BO0OO
00-?_ 1% 4
= 2 00010 4 %70000
0.6
40000 -
051f 0.0005
. 50000
0.4 4 TRV,
T T T T T 0. 0000 T T T r 40000 L+ r r r r
Q 250 500 750 1000 0 250 500 750 1000 ] 250 500 750 1000
EIE EE EHE

6 I VSREINFORCE



42 .8l NA HODI NA
9DINAT = RMSE
"0 i . -
BBVI 0. qDOY 1 0. 005 2
50 0 Al 0. qDOY 1 0. 005 10
EM 0. DOY 1 0. 0N 2 0.2
BBVI 0. qDOY 1 0. D(. MO 5 2
1000 Al 0. DOY 1 0. (OS5 10
EM 0. DOY 1 0. D(. MO 2 0. 4
Al 0.003(0.0 0.007(0.0 15
10000
EM 0. 0080 Q02 0. 00®0 Q07 3
10HO-DINAT = RMSE
"0 i _ _ .
BBVI 0.01(0. 002(0. 0 Y902 0 Z2®)1 8
50 0 Al 0001(0. 002(0. 0 1202 0 291 1
EM 0001(0. 002(0. 015(0 0 35(0 0.3
BBVI O @DOYO O @DON1 0 qDQ2 0. 2305 36
1000 Al 0. D00 0 EDOP1 0 DPQY3 0 ZDQ5 31
EM 0. DOYO 0 EDOY1 0 DQY3 0 2305 0.5
Al 0.004(0 0 00®OO: 0. HQ2 01608 15
1000
EM 0.003(0 0 00®B0Y: 0. 01 0 q®03 4
9 10 T Ne CDM a T LEM W
¢ EM
42 . 4 DI NA
11 DINA 1 = RMSE



1000 25 0.02 0.04
3000 50 0.0 2 0.06
1000 75 0. 02 0.07

EM DI NA : 0¢ EM Y G
DI NA Y 3 v G MCMC ~0 MCMC T Ne
310 310 b ™ ya T Ne a T
A 7 e A
o 254 504 754
0.8 ’,” g ’,” B ,,”
W 0.6 /" {.er_ /" {.er_ /’,
& - = -~ == e
B g 4 7 | e i 7
0.2 ’»/ ~ ’//f ~ ,1”
’/ — AUC = 0.89 . — AUC = 0.87 ,/ — AUC = 0.87
e 0(]. 0 0|2 O.I4 0.|6 O.IS 1.0 0.0 O.IZ O.I4 0.|6 OIS 1.0 0.0 O.IZ O.I4 0.|6 OIS 1.0
PR PR A
AUC
42 . 5
| RT w500 wWw wa 90% AHGDI NA
W 500 90% A
12 IRT i e RMSE
BBVI 020(0.0¢C 0.12(0.0 120
1000
Al 5 0)0 017(0.0C¢C 0.12(0.0 80
10000 AIH0)0 0. qDOY 9 0. 007 007) 100
13 HO- DINA P e RMSE



0

’

BB/I 0. QL0000 0 G303 0. Q1 021 03 120
Lot Al 0. 0L 0O 0 @303 0. BO1 02 03 12 0
1000 Al 0. 00400 0 0(0.600: 0. G402 0. 20097 18 0

12 13 " 1 Ne 90% W G a
A
5 b
v v T Ne
a A 0 yi v v T Ne
Ty oz T Ne K
0 A G 9 T PAq - 9 "
Yy 0 Qf Ne a T L QMCMC a T M2z~ T Ne
z G Ty 7 0
A
| RT [ = % t hset at baeft a
® b 6 fl eXxmiyrt a 1 Ne 0 | RT ~ 3
Ta 1 Ne A CDM -
EM v a 1 Ne 0 CDM
N [ Ne N G N a GDI NA
EM A
T Ne z P W YW
F 3 " T TP
M "R CDM: RO, 3
RENFORCE "~ REI NFORCE ~ a CDM g
b T 1 Ne C D M %0 Nor mal i Zing
v Ne ~ b i Ne © y~ %o n o Ne ~

FIl ow



i 3 G p 0 n Y

T %% @ ’ 2T Ne n =i
MCMC EM: 3" y n =~ MCMQ i EM ~“p
i Hoa T G ’ - "ET Ne
Al G A
a

Baker, F. B., & Kim, &. (2004)./tem Response Theory: Parameter Estimation Techniques

Bingham, E., Chen, J. P., Jankowiak, M., Obermeyer, F., Pradhan, N., Karaletsos, T., . . . Goodman, N. D. (2019).
Pyro: deep universal probabilistic progamming. Journal of Machine Learning Research, &8), 973 978.

Blei, D. M., Kucukelbir, A., & McAuliffe, J. D. (2017). Variational Inference: A Review for Statistigiamsa/ of

the american statistical association, 11818), 859 877. doi:10.1080/0162459.2017.1285773

Bock, R. D., & Aitkin, M. (1982). Marginal maximum likelihood estimation of item parameteRsychometrika,

473), 369 369. doi:10.1007/BF02294168

Bock, R. D., Gibbons, R., & Muraki, E. (1988). Huaflormation Item Factor Analysis.applied psychological
measurement, 123), 261 280. doi:10.1177/014662168801200305

Cai, L. (2010). HighDimensional Exploratory Item Factor Analysis by a Metropolislastings RobbinsMonro
Algorithm. Psychometrika, 761), 33 57. doi:DOI 10.1007/s11336009- 9136- x

Carpenter, B., Gelman, A., Hoffman, M. D., Lee, D., Goodrich, B., Betancourt, M., . . . Riddell, A. (2017). Stan: A
Probabilistic Programming Languagejournal of statistical software, 76), 1- 32. doi:10.18637/JSS.V076.101
Chalmers, R. P. (2012). mirt: Multidimensional ltem Response Theory Package for the R Environmejaurnal

of statistical software, 46L), 1- 29. doi:10.18637/JSS.V048.106

Chen, L. (2017). Fast Item Response Theory (IRT) Analysis by using GPUs. Retrieved Iftgrs://on -

demand.gputechcanf.com/gtcdc/2017/presentation/dc7176- lei- chen- fast- item- response theory- irt-

model- estimation- by- using- gpus.pdf

Cho, A. E., Wang, C., Zhang, X., & Xu, G. J. (2020). Gaussian variational estimation for multidimensional item
response theory. British Journal of Mathematical & Statistical Psychology Retrieved from <Go to
ISI>://WOS:000577623600001

Chung, S., & Houts, C. (2020). flexMIRT: A Flexible Modeling Package for Multidimensional Item Response
Models. measurement interdisciplinary research & perspective, 1&1), 40 54.
doi:10.1080/15366367.2019.1693825

Culpepper, S. A. (2015). Bayesian Estimation of the DINA Model With Gibbs Samplidigurnal of Educational
and Behavioral Statistics, 48), 454 476. Retrieved from <Go to 1SI>://W0S:000363883900002

Curi, M, Converse, G. A., Hajewski, J., & Oliveira, S. (2019; 13 July 2019)./nterpretable Variational
Autoencoders for Cognitive Models.Paper presented at the 2019 International Joint Conference on Neural
Networks (IJCNN).

Feng, Y., Habing, B. T., & HuebneA. (2014). Parameter Estimation of the Reduced RUM Using the EM
Algorithm. applied psychological measurement, 3&), 137 150. doi:10.1177/0146621613502704

Fraser, C., & McDonald, R. P. (1988). NOHARM: Least Squares Item Factor Analysiéivariate behavoral
research, 28), 261 269. doi:10.1207/S15327906 MBR2302_9

Hoffman, M. D., Blei, D. M., Wang, C., & Paisley, J. (2013). Stochastic variational inferehddach. Learn. Res.,
14(1), 1303 1347.


https://on-demand.gputechconf.com/gtcdc/2017/presentation/dc7176-lei-chen-fast-item-response-theory-irt-model-estimation-by-using-gpus.pdf
https://on-demand.gputechconf.com/gtcdc/2017/presentation/dc7176-lei-chen-fast-item-response-theory-irt-model-estimation-by-using-gpus.pdf
https://on-demand.gputechconf.com/gtcdc/2017/presentation/dc7176-lei-chen-fast-item-response-theory-irt-model-estimation-by-using-gpus.pdf

Hornik, K., Stinchcombe, M., & White, H. (1989). Multilayfeedforward networks are universal approximators.
neural networks, £5), 359 366. doi:10.1016/08936080(89)900268

Huber, P., Ronchetti, E., & Victoridreser, M= P. (2004). Estimation of Generalized Linear Latent Variable
Models. journal of the royal satistical society series b statistical methodology, &6), 893 908.
doi:10.1111/J.14679868.2004.05627.X

Hui, F. K. C., Warton, D. I., Ormerod, J. T., Haapaniemi, V., & Taskinen, S. (2017). Variational Approximations
for Generalized Linear Latent Variabldlodels. Journal of Computational and Graphical Statistics, £b), 35
43. doi:10.1080/10618600.2016.1164708

Imai, K., Lo, J., & Olmsted, J. (2016). Fast Estimation of Ideal Points with Massive Datmrican political
science review, 11@), 631 656. doi10.1017/S000305541600037X

Jang, E., Gu, S., & Poole, B. (201Qategorical Reparameterization with GumbelSoftmax Paper presented
at the International Conference on Learning Representations.

Kingma, D. P., & Welling, M. (2014)Auto- Encoding VariationalBayes Paper presented at the International
Conference on Learning Representations.

Li, C., Ma, C., & Xu, G. (2020). Learning Large $@%atrix by Restricted Boltzmann Machines. In.

Linden, W. J. v. d. (2016). Handbook of Iltem Response Theory, Volume T®tatistical Tools. In.

Lu, J., Zhang, J., & Tao, J. (2018). Sliéébs sampling algorithm for estimating the parameters of a multilevel
item response model. Journal of Mathematical Psychology, §2  12-25.
doi:https://doi.org/10.1016/j.jmp.2017.10.005

Luo, Y., & Jiao, H. (2017). Using the Stan Program for Bayesian ltem Response Thefycational and
Psychological Measurement, A8), 384 408. doi:10.1177/0013164417693666

Ma, W., & Torre, J. d. I. (2020). GDINA: An R Package for Cognitive Diagnosis Modeljagrna/ of statistical
software, 931), 1 26. doi:10.18637/JSS.V093.114

McClish, D. K. (1989). Analyzing a portion of the ROC curveredical decision making, €), 190 195.
doi:10.1177/0272989X8900900307

Meng, X- L., & Schilling, S. (1996). Fitting Fulhformation Item Factor Models and an Empirical Investigation

of Bridge Sampling. journal of the american statistical association, 9435), 12541267.
doi:10.1080/01621459.1996.10476995

Minka, T. (2009). Automating Variational Inference for Statistics af¥hta Minin. /nvited talk at the 74th Annual
Meeting of the Psychometric Society (IMPS 2009)Retrieved from https://www.microsoft.com/en-

us/research/publication/automating- variational inference- statistics data- mining/

Natesan, P., Nandakumar, R., Minka, & Rubright, J. D. (2016). Bayesian Prior Choice in IRT Estimation Using
MCMC and Variational BayesFrontiers in Psychology, 7doi:ARTN 1422

10.3389/fpsyg.2016.01422

Ormerod, J. T., & Wand, M. P. (2010). Explaining Variational Approximatiottee american statistician, 642),
140- 153. doi:10.1198/TAST.2010.09058

Plummer, M. (2003). JAGS: A program for analysis of Bayesian graphical models using Gibbs sampling. In.

Ranganath, R., Gerrish, S., & Blei, D. M. (201&fack Box Variational InferencePaper pesented at the
International Conference on Atrtificial Intelligence and Statistics.

Salvatier, J., Wiecki, T. V., & Fonnesbeck, C. (2016). Probabilistic Programming in Python using PypEe3;
2.doi:10.7717/PEERLS.55

Schilling, S., & Bock, R. D. (20n5High- dimensional maximum marginal likelihood item factor analysis by
adaptive quadrature.psychometrika, 7@3), 533 555. doi:10.1007/S11336003- 1141- X
StanDevelopmentTeam. (2019). Cholesky Factors of Correlation Matrices.Stan Reference Manuaf{v2.18


https://doi.org/10.1016/j.jmp.2017.10.005
https://www.microsoft.com/en-us/research/publication/automating-variational-inference-statistics-data-mining/
https://www.microsoft.com/en-us/research/publication/automating-variational-inference-statistics-data-mining/

ed.).
Thissen, D. (1982). Marginal maximum likelihood estimation for the orparameter logistic model.
psychometrika, 472), 175 186. doi:10.1007/BF02296273
Torre, J. d. I. (2009). DINA Model and Parameter Estimation: A Didacfmurnal of educational ard behavioral
statistics, 341), 115 130. doi:10.3102/1076998607309474
Torre, J. d. I. (2011). The Generalized DINA Model Frameworfpsychometrika, 762), 179 199.
doi:10.1007/S11336011- 9207- 7
Torre, J. D. L., & Douglas, J. A. (2004). Higherder latent trait models for cognitive diagnosis.osychometrika,
6493), 333 353. doi:10.1007/BF02295640
Tran, D., Kucukelbir, A., Dieng, A. B., Rudolph, M. R., Liang, D., & Blei, D. M. (2016). Edward: A library for
probabilistic modeling, inference, and criticism. In.
Williams, R. J. (1992). Simple Statistical Gradiedllowing Algorithms for Connectionist Reinforcement
Learning.machine learning, &3), 229 256. doi:10.1007/BF00992696
Wingate, D., & Weber, T. (2013). Automated Variational Inference in Probabilistic Bramming. In.
Wu, M., Davis, R. L., Domingue, B. W., Piech, C., & Goodman, N. D. (2020). Variational Item Response Theory:
Fast, Accurate, and Expressive. In.
Yamaguchi, K. (2020). Variational Bayesian inference for the multiptéoice DINA model. behaviommetrika,
471), 159 187. doi:10.1007/S41237020- 00104 W
Yamaguchi, K., & Okada, K. (2020). Variational Bayes Inference for the DINA Modelrnal of Educational
and Behavioral Statistics, 45), 569 597. doi:doi: 10.3102/1076998620911934
Zhan, P., Jiao, H., Man, K., & Wang, L. (2019). Using JAGS for Bayesian Cognitive Diagnosis Modeling: A
Tutorial. Journal of Educational and Behavioral Statistics, Online Fird0i:10.3102/1076998619826040

S. (2019). Advances in Variational InferencéEEE Transactions
on Pattern Analysis and Machine Intelligence, 48), 2008 2026. doi:10.1109/TPAMI.2018.2889774
Zhang, S. L., Chen, Y. X,, & Liu, Y. (2020). An improved stochastic EM algorithm for lesgalefull- information
item factor analysis.British Journal of Mathematical & Statistical Psychology, (13, 44 71. Retrieved from
<Go to ISI>://W0S:000509696500003



