
 

 

ⅎ ԓ  
 

ף  

қ ҍ Ҭ  

 

 № ԍ ӟ̆ ѿ ֽ Ώ ף Ḃ ᵀ

Ȃ ԅ № № ҉ ̆ ԅ

ᴋ ȁ ᵬҹᾢ № ῏ ̆ ԍ sigmoid

softmax Ȃ № №DINA

҉ ᵀ ⌠ԅ ‰Ȃ ̆ № ꜛ ֲ

̆Ӟ ԍ ᶏ Ȃ 

῏  № ̕ ̕ ̕  

1  

ҍ Ҍ ᵀ Ȃ ̂IRT̃

̂CDM̃ ׂҺ ̆ ᵀ MCMC ȁEM

Ȃ 

MCMC ԍIRTCDM ᵀ (Lu, 2018; Luo, 2017; Zhan, 

2019)ȂMCMC ᴨל STAN(Carpenter, 2017)JAGS(Plummer, 2003)ᴆᶫ

ᶏ ̆ Ώ ף Ḃ MCMC ᵀ ̆ MCMC

ȁ ̆ᶛ HO-DINA ӊ∆Ḃ MCMC

ᵀ (Torre, 2004)ȂMCMC ȁῤ ̆ ץ

ⱬ̆ ׆ ₮ ̆MCMC ֓ ῒ ץ

ԍ ֟ Ȃ 

EM ѿ IRTCDM ᵀ (R. D. Bock, 1982; R. Darrell Bock

, 1988; Torre, 2009, 2011)̆ ғ ᴆ Ҭ ԅ (Chalmers, 2012; Chung

, 2020; Ma, 2020)Ȃ EM R. D. Bock (1982)BAEM̆

EM Ҭ № (Schilling, 2005)̆ ᵌ (Huber, 2004)̆
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̂MCEM̃ (Meng, 1996)̆ ֓ ₮ ҹԅ

IRT ̆ᵖCai (2010)₮҉ ᶭ Ҍ ԍ IRT ̆ Cai (2010)ץ

ԅ ץ ᵬ EM MHRMȂ ̆ ԍ ᴨ EM ԍ

(S. L. Zhang, 2020)̆ᵖ ֓ ᶏ ᴨ ̂mini batch̃ ⁞

̆ EM Ҋ ᵀ ҹ Ȃ ̆ EM ҍ

ף ⱳ ѿ ̆ ץ ץ EM ȁ ῖ̆

ᶛ ╠ HO-DINA ̆ ץ EM ᵀ (Ma, 

2020)Ȃ 

ֲ ҹ̆ ‗ Ҋ ᵀ ̆

ԅ № ̆ ׃ (Blei, 2017)̆ Ӟ

ᶏ № (C. Zhang, 2019)Ȃ Ӟ ᶏ № ᵀ

(Linden, 2016)Ȃ ᴆ ̆ № Ҍ ᵞ̆ץ ԍ Ἕץ

MCMCѿ ̆ ֽ Ώ ף ̆ ᵀ ̆ ҉ EM ̆

№ ԍMCMC (C. Zhang, 2019)̆ ץ №

ᵀ Ȃ 

╠῏ԍ № ԍ (Wu, 2020)̆ № №

Һ Ҭԍ ҉ № (Cho, 2020; Hui, 2017; Imai, 2016; 

Yamaguchi, 2020; Yamaguchi, 2020)̆ ԍ ӟ ғ ᴆ

№ ̂black box variational inferencẽҍ № (amortized variational 

inference)῏ ֽ̆ IRT ᵀ ῏ (Chen, 2017; Curi, 2019; Natesan

, 2016; Wu, 2020)̆CDM ѿ ̂Minka (2009)ץ № ӈ

DINA ᵀ ̆ᵖ ᶏ ᴰ Ȃ̃ ҉ № (Blei, 2017)

ꜚ № ̆ ѿ ғ̆ ץ ₮ №

̆ ҍ Ȃ № ҍ № ԍ

ᴆ̂ pyro(Bingham, 2019)ȁedward(Tran, 2016)pymc3(Salvatier, 2016)̃

Ώף ̆ Ȃ № ҍ № Ҭ Һ ̔

ѿ ₱ ̆Wu  (2020) Curi (2019) ᶭ

(Kingma, 2014)C̆DM ᵀ ֗ ̆ ̆ ╠

ӎ REINFORCE ̆ԋ Wu  (2020)Curi (2019) Ẋ IRT

̆ Ḥ ᵞԍᴋ
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̆҈ Wu  (2020)Curi (2019) ̆῏ԍIRT

Ȃ 

҉ ̆ № ΐ ⱬ ᵀ Ȃ ѿ

№ № IRT ̆ ҉ № № CDM҉

Ȃ 

2 №  

2.1 ⃰  

№ № № Ȃ № ₱ ҹELBO

̂Evidence Lower Bound̃̆ ΐᵣῈ  

%,"/ḳ ὂ ÌÏÇ ὴ ὀȟὂ ÌÏÇ ή ὂ  

ҩῈ № ҍ № KL ̆  

+,Ñ ὂᴁÐ ὂȿὀ   ÌÏÇ ὴ ὀ %,"/ 

҉ Ὲ Ҭ̆ה № ̆ ԍIRT ה̆ ʈȟʎ̆ʈ № local̆

ʎ № scalĕ ԍCDM̆ה Ð̆Ð ץ ᴿꜜ≠№ ̆Ӟ ץ №

№ (categorical distribution)Ȃ 

2.2  

№ ᵌ№ № ̆ ᵌ№ ̆

Ẋ ҹ̆ה № ҹÑ‰ ̆↕ ҹÑה БÑ‰ Ȃ ᴨ̔לѿ

ԅ ᵌ№ ̆ԋ ≠ץ ꜚ ᴰ (Wingate, 2013)Ȃ 

2.3 ҏ ⅎ  

Hui (2017)Imai (2016) ҉ № ԅ2 probit

ᵀ ̆Yamaguchi (2020); Yamaguchi (2020) ≠ ҉ № DINA

MC-DINA ᵀ Ȃ 

҉ № ᵌԍGibbs̆ Ҍ ̆ΐᵣ Ҋ 
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ÌÏÇ ‰ — ᶿ% ᶱ ÌÏÇ Ὢώȿ‰ ÌÏÇ ὴ‰  

҉ № ץ ⌠ IRT̆Ӟ ץ ⌠ ԍlogit₱ IRT

̂Ҥ ץ ᵌ ̆ᵖ ҹ (Ormerod, 2010)Ȃ̃ 

2.4 ⅎ  

№ Ranganath (2014)₮ Ȃ ≠ (Chen, 2017)Natesan 

(2016) ᴆedwardpyroԅѿ IRT № ᵀ Ȃ 

№ ᵀ ̆ѿ № ה ⌠ 

ᶯ%,"/ ὂ ᶯÌÏÇ Ñ ὂ ÌÏÇ Ἰὀȟὂ ÌÏÇ Ἱ ὂ  

№׆ Ñ ᾀҬ Ú̆ Ó ρ ς σ ȣ  3 

ԍ ⌠ № ᵌ  

ᶯ%,"/
ρ

3
ᶯÌÏÇ Ñ Ú ÌÏÇ ÐὀȟὂἻ ÌÏÇ Ἱ ὂἻ  

№   

‰ ‰ ”
ρ

Ὓ
ᶯÌÏÇ ή ᾀ ÌÏÇ ὴὀȟὂἻ ÌÏÇ Ἱ ὂἻ  

҉ Ҭʍ Robbins MonrŏҺ ԍ ᴨ Ȃ 

҉ № ה Ȃ 

2.5 ⅎ  

№ ⱷל Ҋ ᴪ ̆ ⌠ ̆ №

ӟ̆ ץ ₮ԅ № (C. Zhang, 2019)Ȃ ῖ

№ № (Kingma, 2014)̆ № ᵬҹ№

₱ ̆ ≠ ԅ ҆ (Hornik, 1989)Ȃ № ̆

ᵌ№ Ñ Ú ΏҹÑ ÚȂ № ԍ Ἕ ֲ ᴋⱵȂ 

2.6  

̆ ̆ ץ ᴪ ⌠Ҋ  

ᶯȟ%,"/ɳ ȟ ὂ ÌÏÇ ὴ ὀȟὂ ÌÏÇ ή ὂ  
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҉ ҹ ̆ ץ ̆ᶛ Ȃ 

№ ̆Ẋ ὂḐﬞ ‘ȟ„̆צפḐﬞ πȟρ̆↕ὂ ‭z „ ‘̆ ↕%,/"

ҹ 

ᶯȟȟ%,"/ ᶯÌÏÇ ὴ ὀȟὂ ᶯȟÌÏÇ ήȟ ‭z ‘ „  

ԍIRT̆ VIBO (Wu, 2020)Ḃ ԍ Ȃ 

̆ ѿ Gumbel Softmax(Jang, 2017)ȂGumbel 

Softmax Ẋ ԋ ὺ̆ ׆ ‰ Gumbel№ Ҭ Ὃ,Ὃ̆ ⱴ ⌠

ὺ ὺ Ὃȟὺ Ὃ ̆ softmax₱ ⌠ ≢̆ „ ὺ

Ⱦ

Ⱦ

ȂῒҬ† ȂCDM ҉ ץ HARD ̂Straight Through 

Gumbel-SoftmaxȂ̃ 

2.7 REINFORCE 

REINFORCEѿ ȂREINFORCE Ҋ 

ᶯȟ%,"/ ὂ ᶯÌÏÇ ή ὂÌÏÇ ὴ ὀȟὂ ÌÏÇ ή ὂ ᶯÌÏÇ ὴ ὀȟὂ ᶯÌÏÇ ή ὂ  

ԍ Ӟ̆ ԍ Ȃ ֲ

Ҭ ԍ ӟ(Williams, 1992)̆ ̆ᵖ ץ

⁞ ⱬᾥ Ȃ 

2.8 ᴮ ғ ⁯ 

№ ԍ ̆ ץ ԅ ᴨ ⁞

(Hoffman, 2013; Ranganath, 2014)̆ ᴨ ׆ Ҭ

Ȃҹԅ⁞ ̆ ԅ Rao-BlackwellizationControl Variates

⁞ (Ranganath, 2014)Ȃ 

ch
in

aX
iv

:2
02

00
9.

00
05

8v
2



 

 

3  

3.1  

Ὲ Ҭ Ҋ Ὥף Ҋ̆ Ὦף ̂ ̃ ώ̆ ῀ ̂ᵬ

Ȃ̃ 

3.1.1  

2-4 IRT Ȃ 

IRT ҊȂ 

ὖώ ὢ ὧ
Ὠ ὧ

ρ Ὡὼὴ ὢἩ ὦ
ȟπ ὧ Ὠ ρ 

҉ Ҭὢ Ȃ 

3.1.2  

DINA HO-DINA  

DINA ҊȂ 

PÙ ɻ Ç ρ Ó ȟπ Ὣ ρȟπ ί ρȟπ Ὣ ί ρ 

Torre (2011) 

0ώȿ‌ Ὢ Ὠ–ȟπ Ὢ ρȟπ Ὢ Ὠ ρ 

҉ Ҭʂ Б ɻ ȟ‌ ‌ ȟ‌ ȟȣȟ‌ Ȃ 

HO-DINA Ҋ 

P‌ ȿ—
ÅØÐ—‗ ‗

ρ ÅØÐ—‗ ‗
ȟ‌ ḐꜞᴢּוּיᴤּלЉЉּבὖὥȿ—  

҉ Ҭɻ ̂ ̃̆ ή ὗ ᾝ Ȃ 

3.2 ᵆ  

ף ԍpyropytorchΏ̆ ₱ ԍREINFORCĔֽ CDMҬ

̂ ԍGumbel Softmax̃̆ ⁞ ԍRao-BlackwellizationȂ
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ҹ ̆ ҹ ̆ 1ҩ Ȃ 

3.2.1 ⅎ  

ѿ IRT Ȃ ᾢ № ὼḐﬞ πȟρ̆ № ὼḐﬞ ‘ȟ„ Ȃ

ҍWu  (2020)ѿ Ȃ 

IRT Ȃ ᾢ № ὢḐﬞ πȟὍȂ № ὢḐﬞ ‘ȟ ̆  ᴋ

Ȃ 

DINA Ȃѿ Culpepper (2015)Gibbs ̆ ♪ ♪ ȟ♪ ȟȣȟ♪ ̆

♪ πȟπȟȢȢȢȟπ̆♪ ρȟπȟȢȢȢȟπ ̆ ҹὑ̆ ↕♪↓ Ҭ ςҩᾝ

̆ Ҭ♪׆ ♪ ̆♪ ḐּׂכּשׂשᴢᴍᴤּשׂשּׂבּיЉὴȟὴȟȢȢȢȟὴ ̆♪ ᾢ № ♪ Ḑ

ЉρȟρȟȢȢȢȟρשׂשּׂבּיᴢᴍᴤּכּשׂשּׂ ̆ ֽ ᵞ Ҭᶏ ̕ԋ

ᾢ № ‌ ḐꜞᴢּוּיᴤּלЉЉּבπȢῠ № ‌ ḐꜞᴢּוּיᴤּלЉЉּבὴ ̆

ֽ Ҭᶏ Ȃ  

HO-DINA Ȃ Culpepper (2015)Gibbs Ȃ ᾢ №

—Ḑﬞ πȟρ̆ № —Ḑﬞ ‘ȟ„ Ȃ ♪ ‌ ȟ‌ ȢȢȢȟ‌ ȟȢȢȢ̆ ↕ὴ

Б0‌ ȿ— ̆ ׆ ♪ ↓ Ҭ ♪ ̆ ♪ Ḑ

ЉὴȟὴȟȢȢȢȟὴשׂשּׂבּיᴢᴍᴤּכּשׂשּׂ Ȃ 

3.2.2 ⅎ  

ѿ IRT ȂҍWu  (2020)ѿ ᾢ̆ № ‰ № ̆ №

 

Ὤ Ὣώ  

‘ ύὬ ὦ 

ÌÏÇ„ ὡὬ ὦ 

҉ ҬὫ ₱ Ȃ 

 

 1 IRT  
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IRT Ȃ № local  

Ὤ Ὣώ  

‘ ύὬ ὦ 

№  

ÔÒÉÌὒᶻ ὡὬ ὦ 

ὒ ÔÒÉÌὒͅᶻ ÅØὴÄÉÁÇὒᶻ  

ɫ ὒὒ 

ÔÒÉÌף Ҋ҈ ᾝ ̆ÔÒÉÌͅף Ҋ҈ ᾝ ғҌ ᾝ Ȃ 

ѿ ῍֣ ̆ Ҋ 

ÔÒÉÌὒᶻ
ВÔÒÉÌὒᶻ

ὔ
 

ὒ ÔÒÉÌὒͅᶻ ÅØÐÄÉÁÇὒᶻ  

ɫ ὒὒ 

҉ Ҭὔ mini batch Ȃ 

ᾢ № ̆ ԅὢḐﬞ πȟὍ̆ № ῀ὢḐﬞ πȟɱ ὢḐﬞ πȟɱ ̆

ɱ ῏ ɱ̆ ҍ stanᴆ (StanDevelopmentTeam, 2019)Ȃᶏ

ɱ̆ ҹ ῏ Ȃ 

 

 2 ῗ  

№ ᾢ № ץ ῗ ȂὢḐﬞ πȟὍ

ᴇԍὒ ̆ ᾢץ № (Baker, 2004)̆ ῏

Ḡ ԅ ̆ ῏ ᵀ Ḡ ԅ Ḥ ῀Ȃ 
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 3 DINA 1 

 

 4 DINA 2 

DINA Ȃ Culpepper (2015)№  

Ὤ Ὣώ  

ὴ ÓÏÆÔÍÁØὬ  

ҍ № ԋ ѿ №  

Ὤ Ὣώ  

ὴ ÓÉÇÍÏÉÄὬ  

ᾢ № ҍ № ѿ Ȃ 

HO-DINA Ȃ № ᾢ № ҍѿ ѿ Ȃ 

3.2.3  

ᵬ ץ Ȃ Ҍ− ̆

ҹ Ȃ ῀ ̆ ṿҹ-1Ȃ 
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3.2.4 ⌡ 

ҍ Fraser (1988)ѿ IRT ≢ ̆flexmirtR mirtӞ

Ȃ 

3.2.5 ғVIBO ⌡ 

VIBO(Wu, 2020)ѿ № ̆ ԍ № ҍ №

ᵀ ץ ᵬ VIBOȂ 

ȂVIBOԍ ̆ ԍREINFORCÊ CDMᴪ Gumbel Softmax

̃̆ VIBO ԍCDM̆ ץ ԍCDMȂ 

IRT № ȂVIBO ҹ ̆

ҹᴋ Ȃ 

IRT ᾢ № ȂVIBO ᵝ ̆

ᵝ ῏ Ȃ 

ȂVIBOҹ ̆ ҹ Ȃ 

3.3  

3.3.1 LSAT 

LSAT Thissen (1982)ԍ IRT ᵬ ̆ ԍ ῀

ᴪ ῀ ȂLSAT̓̀ 1000̆5 Ȃ 

3.3.2 PISA 

PISAOECD 15 ȁ ȁ ⱬ ᴇ Ȃ

Wu  (2020) PISA ԋ̆ № 5̆19334ҩ 1̆83 ῒ̆Ҭ 73283

ҩῃ ҹ ̆ ̆ Ḡ 446051ҩ ̆ ֓ Ҭ 69014909

ҩ ̆ 85% ֽ̆ 15% Ȃ 
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3.3.3 ECPE 

ECPEῃ ӥ ̂examination for the certificate of proficiency in English̃̆

῍ 2922ҩ ̆28 ̆3 ̆ Feng (2014)Ҭᶏ Ȃ 

3.4  

Ҍⱴ ̆IRT 50̆ CDM 100̆

10ᴍ Ȃ 

3.4.1  

ὥ ḐּאָבּוּלπȢυȟσ ὦ̆Ḑﬞ πȟρ ὧ̆ḐּאָבּוּלπȢπυȟπȢς Ὠ̆ḐּאָבּוּלπȢψȟπȢωῠ ὥ

Ὧ ҉ ̆ὢḐﬞ πȟὍ ὢḐﬞ πȟ
ρ ὧέὶὶ
ὧέὶὶρ

 ̆ ὧέὶὶṿ0.3,0.50.7Ȃ 

3.4.2  

ѿ ̔ ὫḐּאָבּוּלπȟπȢσ̆ίḐּאָבּוּלπȟπȢσ̆ή ḐּׁשᴢּוּיᴤּלЉЉּבπȢῠ‌ Ḑ

‗πȢῠבЉЉּלᴤּוּיᴢּשּׁ Ḑﬞ πȟρ̆‗ ḐּאָבּוּלπȢυȟσ̆ ҹ5Ȃ 

ԋ ̔ Li (2020) Ὣ̆ ḐּאָבּוּלπȟπȢσ, ίḐּאָבּוּלπȟπȢσȟὗ ҹ

1

Ὅ
ὗ
ὗ
ȂὍ ὑ ᵝ Ȃὗ ᶰπȟρ ̆ὗᾝ Ҋ ҹ ὭȟὭᾝ ҹ 1̆ Ὥ ρȟςȟȢȢȢȟὑ̆

Ҋ ҹ ὭȟὭ ρᾝ ҹ 1̆ Ὥ ρȟςȟȢȢȢȟὑ ρ̆ ῒᵩᾝ ҹ0Ȃὗ ᶰπȟρ ̆ὗᾝ Ҋ ҹ

ὭȟὭᾝ ҹ 1̆ Ὥ ρȟςȟȢȢȢȟὑ̆ Ҋ ҹ ὭȟὭ ρᾝ ҹ 1̆ Ὥ ρȟςȟȢȢȢȟὑ ρ̆ Ҋ ҹ ὭȟὭ ρ

ᾝ ҹ 1̆ Ὥ ςȟσȟȢȢȢȟὑ̆ ῒᵩᾝ ҹ 0Ȃ ҹ— —ȟ—ȟȢȢȢ— ̆—Ḑ

ﬞ πȟɱ̆ɱ ԅ ᾝ ҹ 1̆ ῒזᾝ ҹ” ̆ ” πȢσȂ ֽ ԍ

Ȃ 

3.4.3  

90% Ȃ  
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3.5 ᴌ  

IRT Һ ᴆ flexmirt 3.6.2(Chung, 2020)Wu  (2020)VIBOȂ

BAEMȁMHRM VIBOȂֽ R MIRT 1.32.8 (Chalmers, 

ף(2012 flexmirtȂ 

CDM ᴆ R GDINA 2.8.0̆ EMȂ 

3.6 ᴌ  

CPU Intel(R) Xeon(R) Gold 5217 3.00GHz̆ῤ 64GȂ 

4  

4.1  

ԍ ֽ̆ ᶏ № ᵀ Ȃ ᶏ AUC (McClish, 1989)Ȃ

№ ̆ № ᶛ 8:2Ȃ 

4.1.1  

ԋ IRT № Ȃ 

 

 1 LSAT ᵆ  

ᾢ №   

  

AUC ᵌ  AUC ᵌ  

ᵝ  

1  0.863 -2324 0.870 -586 

2  0.880 -2197 0.889 -555 

5  0.944 -2378 0.950 -597 

῏  

2  0.903 -2180 0.911 -549 

5  1.0 -1292 1.0 -336 
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 2 PISA ᵆ  

ᾢ №   

  

AUC ᵌ  AUC ᵌ  

ᵝ  

1  0.832 -5607747 0.831 -1401557 

2  0.835 -5612647 0.835 -1402651 

5  0.835 -5625003 0.835 -1405852 

῏  

5  0.860 -5343834 0.860 -1335769 

10  0.894 -4841089 0.894 -1211230 

 

1 2 ̔̂ ѿ̃ᾢ № ҹ ῏ ᵝ ̂̕ ԋ̃

ᵞ Ȃ ᵣ҉̆ № LSATPISA҉ ҹ₮ Ȃ 

 

 5 PISA 10 ⅎ  

4.1.2  

 3 ECPE ᵆ  

  

  

AUC ᵌ  AUC ᵌ  

DINA NA 0.796 -31417 0.796 -7832 

HO-DINA 1  0.754 -40633 0.753 -10075 
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2  0.746 -40752 0.745 -10128 

 

3 ̔DINA HO-DINA Ȃ ᵣ҉̆ № ECPE҉

Ȃ 

4.2  

Ҭ̆BBVIף № ̆AIף № ̆ὥȁ ὦȁ ὧȁὨȁ ὼף

IRTҬ ̆Ὣȁ ίȁ ‗ȁ  ‗ף CDMҬ Ȃ Ҭ ף RMSE

̆ ῤ ף RMSE ‰ Ȃ 

4.2.1  

 4 ҅ IRT ᵆ RMSE 

   ὥ ὦ ὧ Ὠ ̂ ̃ 

500 

3  

BBVI 0.24(0.03) 0.24(0.03) 0.05(0.005) NA 12 

AI 0.24(0.02) 0.23(0.03) 0.05(0.004) NA 8 

BAEM 0.31(0.05) 0.33(0.04) 0.07(0.007) NA 3.5 

4  

BBVI 0.38(0.03) 0.38(0.05) 0.05(0.005) 0.06(0.005) 16 

AI 0.36(0.04) 0.35(0.04) 0.05(0.006) 0.04(0.005) 12 

BAEM 0.43(0.06) 1.02(0.74) 0.4(0.05) 0.04(0.06) 8 

1000 

3  

BBVI 0.20(0.03) 

0.19(0.02) 

0.19(0.02) 

0.19(0.03) 

0.18(0.02) 

0.25(0.04) 

0.05(0.008) 

0.05(0.007) 

0.07(0.01) 

NA 

NA 

NA 

11 

8 

11 

AI 

BAEM 

4  

VI 0.37(0.04) 0.33(0.05) 0.05(0.005) 0.05(0.005) 24 

AI 0.32(0.04) 0.28(0.03) 0.05(0.005) 0.05(0.005) 17 

BAEM 0.35(0.03) 0.68(0.64) 0.04(0.004) 0.04(0.003) 1 

 

 5 IRT ᵆ RMSE 

   ὥ ὦ ̂ ̃ 
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1000 2 2  

BBVI 016(0.02) 0.09(0.01) 24 

AI 0.14(0.02) 0.09(0.01) 24 

VIBO 1.29(0.11) 0.11(0.03) 61 

MHRM 0.13(0.01) 0.13(0.01) 54 

2000 3 2  

BBVI 0.17(0.04) 0.06(0.01) 95 

AI 0.14(0.02) 0.08(0.01) 34 

MHRM 0.13(0.01) 0.10(0.01) 126 

3000 5 2  

BBVI 0.25(0.03) 0.07(0.01) 115 

AI 0.28(0.01) 0.08(0.02) 152 

MHRM 0.34(0.07) 0.12(0.07) 271  

 

 6 ῗ IRT ᵆ RMSE 

 ῏    ὥ ὦ ̂ ̃ 

2 2  

0.3 

AI 0.09(0.03) 0.05(0.02) 15 

MHRM 0.12(0.00) 0.08(0.00) 272 

0.5 

AI 0.16(0.02) 0.07(0.03) 16 

MHRM 0.30(0.03) 0.08(0.03) 352 

0.7 

AI 0.22(0.05) 0.06(0.02) 99 

MHRM 0.55(0.03) 0.11(0.03) 270 

3 2  

0.3 

AI 0.13(0.04) 0.08(0.02) 99 

MHRM 0..25(0.04) 0.08(0.05) 391 

0.5 

AI 0.19(0.03) 0.05(0.00) 99 

MHRM 0.56(0.02) 0.06(0.02) 404 

0.7 

AI 0.36(0.01) 0.10(0.06) 145 

MHRM 0.94(0.04) 0.16(0.04) 303 

 

 7 Ҳ IRT ᵆ RMSE 

    ὥ ὦ ̂ ̃ 

100k 1k 1 2  AI 0.09 0.05 1251 
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EM 0.41 0.01 1918  

MHRM 0.18 0.01 9878 

3 2  

AI 0.10 0.07 1450 

MHRM 0.23 0.05 17429 

 

4 MHRM̆ ҹ MHRM ѿ Ҭ Ҍ ̂ ᵀ 2

̃̕ 5 BAEM̆ ҹBAEM Ҭ ԍ ̕ 6Ҭ flexmirtᴆ

ᵀ ̆ № ᶏ ῏ ᵬҹᾢ № Ȃ 4ȁ 5ȁ 6 7

̔̂ 1̃ ῏ ̆ № ᴨלғ ᵞԍ MHRM̕

̂2̃ Ҭ ̆ № ѿ ᴨלғ ᵞԍ BAEM MHRM̕

̂3̃ ѿ ̆ № ѿ ᴨ̆לᵖ ԍBAEM̂̕ 4̃

̆ № ҍMHRM ѿ ̆ ᵞԍMHRM̂̕ 5̃ VIBO

ԋ Ҭ ῒ ᶃ̆ ԅӊ╠ ̆VIBO Ҍ IRT Ȃ 

4.2.2 DINA Ӑ  VS REINFORCE 

 8  VS REINFORCE  

  g s 

1000 

REINFORCE 0.01 0.02 

Gumbel Softmax 0.16 0.54 

 

8 Ğumbel Softmaxץ ԍDINA ̆ 7Ӟ ԅ ҩ ̆

6 ₮ṿҍ ṿ AUCṿȂ 
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4.2.3 DINA HO-DINA  

 9 DINA ᵆ RMSE 

  Ὣ ί ̂ ̃ 

500 

BBVI 0.01(0.001) 0.03(0.005) 2 

AI 0.01(0.001) 0.03(0.005) 10 

EM 0.01(0.001) 0.03(0.002) 0.2 

1000 

BBVI 0.01(0.001) 0.02(0.005) 2 

AI 0.01(0.001) 0.02(0.005) 10 

EM 0.01(0.001) 0.02(0.002) 0.4 

10000 

AI 0.003(0.0003) 0.007(0.0009) 15 

EM 0.003(0.0002) 0.006(0.0007) 3 

 

 10 HO- DINA ᵆ RMSE 

  Ὣ ί ‗ ‗ ̂ ̃ 

500 

BBVI 0.01(0.001) 0.02(0.003) 0.14(0.02) 0.26(0.11) 8 

AI 0.01(0.001) 0.02(0.003) 0.12(0.02) 0.28(0.11) 11 

EM 0.01(0.001) 0.02(0.003) 0.15(0.02) 0.35(0.1) 0.3 

1000 

BBVI 0.01(0.000) 0.02(0.001) 0.09(0.02) 0.23(0.05) 36 

AI 0.01(0.000) 0.02(0.001) 0.09(0.03) 0.23(0.05) 31 

EM 0.01(0.000) 0.02(0.001) 0.09(0.03) 0.23(0.05) 0.5 

10000 

AI 0.004(0.000) 0.006(0.001) 0.05(0.02) 0.16(0.06) 15 

EM 0.003(0.000) 0.006(0.001) 0.03(0.01) 0.06(0.03) 4 

 

9 10 ̆ № CDM ҉ ᵀ ҍEM ѿ ̆ᵖ

ԍEMȂ 

4.2.4 DINA  

 11 DINA ᵆ RMSE 
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  Ὣ ί 

1000 25 0.02 0.04 

3000 50 0.02 0.06 

10000 75 0.02 0.07 

 

EM DINA ҉ ὕς ̆ EM ץ ԍ

DINĂץ ԅ ԍ MCMC ̆ MCMC №

3-10Ṑ̂ 3-10 Ҍ ̃̆ ᶏץ № ᵀ

Ȃ 7 ԅ Ȃ 

 

 

 7 AUC 

4.2.5  

IRT ҹ500̆ ҹѿ ԋ ̆ 90% ȂHO-DINA

ҹ500̆ 90% Ȃ 

 

 12 IRT ᵆ RMSE 

  ὥ ὦ ̂ ̃ 

1000 

BBVI 0.20(0.007) 0.12(0.004) 120 

AI(500) 0.17(0.005) 0.12(0.004) 80 

10000 AI(500) 0.09(0.009) 0.07(0.007) 100 
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  Ὣ ί ‗ ‗ ̂ ̃ 

1000 

BBVI 0.01(0.000) 0.03(0.003) 0.08(0.01) 0.22(0.03) 120 

AI 0.01(0.000) 0.03(0.003) 0.08(0.01) 0.22(0.03) 120 

10000 AI 0.004(0.000) 0.006(0.001) 0.04(0.02) 0.20(0.07) 180 

 

12 13 ̆ № 90% ᶭ Ḡ

Ȃ 

5 ҍ  

̆ ̆ № ҉

Ȃ ץ ῏ ̆ ԅ №

̆ ≠ץ ҆ № ᴋ

Ȃ ԍ ף ̆ᵖף ̆ ף

ץ Ώ № ᵀ ҍ ΏMCMC ᵀ ≢̆ №

ⱬ ԍ ̆ ץ ꜛ

Ȃ 

IRT ⌠ԅ ‰̂the state of the art̃̆

҉ ᾢ Ҍ ԍflexmirt̆ ץ ֲ ᶏ № IRT ̆Ӟ

Ҭᶏ № Ȃ CDM ֲ ̆

ֽ ҉ EM̆ ̆ ᶏ № CDM

̆ № ̆ ԍ ̆ ᶏ GDINA

EM Ȃ 

ԅ № ⱬ̆p ѿ֓ ѿ̆

₮ԅ ῏ ̆ ғ ̆p

ӎ ̕ԋ CDM҉ ̆ ҍ

REINFORCE ῏ ̂REINFORCE ̃̆ CDM҉ ᶏ

Ҍ ̆ № CDM҉ ̕҈ ‰ ̂Normalizing Flow̃

̆ № Ҍ № ̆ ץ ‰ ᴨ № ̆
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ῒ ԅ ԍ ̆p ᴨ ̆ ץ

Ҭ ‰ ̆ ҩ ̕ ԅ № ᴨ ̆ῒ

MCMC EM҉Ӟ ץ ᴨ ̆ MCMCץ EM ̆p

῏ ң ᵀ ԍ ̕ ̆ Ἕ №

AI ԍ Ȃ 
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