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A test theory based on deep learning: Deep Response Model
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In this article, Deep Response Model(DRM), a novel deep neural networks model for estimating student charac-
teristic parameters and predicting student’s response patterns is proposed. It consists of two independent neural
networks, Student Layer and Item Layer, combines their outputs and predict student’s response. Then, values of
the last student layer are considered as student parameters. It can estimate student parameters and predict their
responses with high accuracy even when it is difficult to calibrate item parameters.
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(c)
i,j (10)

y
(c)
i,j uij = c 1, 0

Adam

4.

Chainer∗1

5
300 ε β1 β2

[Kingma 14]
IRT 2PLM IRT

∗1 https://chainer.org/

2

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

1O3-J-12-02



θ N(0, 1), log a N(0, 1), b N(1, 0.4) (11)
N(μ, σ) μ σ

4.1

IRT

(RMSE) Pearson Kendall
RMSE

4.1.1
J K

I

k k − 1 k + 1

PLM
θ N(0, 1), log a N(0, 1), b N(1, 0.4) (12)

(12)

1) (12)

2)

3)k k

4.1.2

50 10

5

IRT 1

1
IRT

IRT
IRT

IRT

4.1.3

5
10 100

IRT 2
2 10 50

IRT
100 IRT

4.1.4

50 10
100

IRT
3

3 IRT
30

IRT

4.2

[Ueno 04]
"Samurai" (Samurai)

(CT)
Samurai 169 50

CT 1221 179

4.2.1

3

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

1O3-J-12-02



1:
RMSE Pearson Kendall RMSE Pearson Kendall

50
DRM 0.317 0.950 0.882

50
DRM 0.376 0.929 0.802

IRT 0.251 0.969 0.895 IRT 0.426 0.909 0.760

100
DRM 0.312 0.953 0.882

100
DRM 0.393 0.923 0.393

IRT 0.243 0.970 0.896 IRT 0.573 0.836 0.645

150
DRM 0.270 0.964 0.890

150
DRM 0.373 0.930 0.811

IRT 0.245 0.970 0.895 IRT 0.708 0.750 0.543

200
DRM 0.294 0.957 0.891

200
DRM 0.401 0.920 0.807

IRT 0.246 0.970 0.898 IRT 0.805 0.676 0.461

500
DRM 0.288 0.959 0.894

500
DRM 0.372 0.930 0.810

IRT 0.232 0.973 0.901 IRT 1.044 0.454 0.282

2:
RMSE Pearson Kendall

10
DRM 0.622 0.807 0.629
IRT 0.779 0.696 0.466

30
DRM 0.501 0.875 0.716
IRT 0.573 0.836 0.672

50
DRM 0.411 0.916 0.785
IRT 0.559 0.844 0.661

100
DRM 0.376 0.929 0.810
IRT 0.325 0.947 0.827

150
DRM 0.305 0.953 0.866
IRT 0.263 0.965 0.857

3:
RMSE Pearson Kendall

50
DRM 0.255 0.964 0.893
IRT 0.237 0.972 0.900

40
DRM 0.248 0.969 0.89
IRT 0.254 0.968 0.886

30
DRM 0.394 0.922 0.787
IRT 0.360 0.935 0.805

20
DRM 0.389 0.924 0.803
IRT 0.534 0.856 0.676

10
DRM 0.409 0.917 0.790
IRT 0.534 0.857 0.677

5
DRM 0.411 0.916 0.785
IRT 0.559 0.844 0.661

0
DRM 0.408 0.916 0.786
IRT 0.612 0.812 0.532
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4:
Samurai CT
DRM IRT DRM IRT

1% 77.16% 76.92% 68.39%∗ 67.66%
10% 77.53% 78.01% 70.01%∗∗ 69.30%
20% 77.48% 77.83% 68.72%∗∗ 68.34%
90% 71.71% 71.45% 59.89% 63.28%

∗p < .05, ∗ ∗ p < .01
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