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2. Deep SSL 2

Supervised learning part : Deep Neural Networks
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2. Deep SSL 2

Unsupervised learning part : DNN + GMM

v~ Multi(my, ..., TF)
2P| (v = k) ~ Ny, )

r=1,....,m
r=1,...,n
1 =1,...,n9
1 =1,...,n9
1 =1,...,np,
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2. Deep SSL 2

Semi-supervised learning procedure




A Bhe 24 24
(W.b.p, 3, m: D'\ D") = (=X} %I E 2 I
n K
1 Z Z I(y! = k)log (Softma.:z? ((h(l’) (xk: W, b)’WE:LH) + bgf’H)))
e
\ n K
—= Z lOg (Z ﬂ-k‘-.é (Z(L) (Xi Wa b) 2% E))
e k=1
\ m K
—= log (Z T (Z(L) (x4 W.b): .. E)) HIX| £ 3t 24 3t
s = =80 21 QE &%)
K
subject to Z?Tk = 1land A\, Ay > 0.
k=1
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« SGD(Stochastic Gradient Descent) 7|Hto| &1 2|
« Ex) RMSprop, ADAM, ...
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3. Deep GMM= 0| &

Semi-supervised learning 4 =9l

- KXot HhH 2 0| 238}10] semi-supervised learningS & [ 7| &2
supervised learningt H| w30 H-s0| LOtLt AT =X| =0l

v MNIST 0|O|E{ Al
* Train set : 30000 samples with labeled data and 20000 samples
without labeled data
» Test set : 20000 samples with labeled data
v Activation function : RelLU
v' Drop-out AlE X
v Optimizer : ADAM algorithm
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3. Deep GMM= 0| &

2% 21

Model
Structure

100-100-100

100-100-50

100-100
100-50
100

50

DNN DNN _SSL

Train Test Train Test
0.9947 0.9671 0.99973 0.9714
0.992333 0.9652 0.9991 0.9675
0.9928 0.9683 0.9994 0.9694
0.986433 0.9653 0.995933 0.9695
0.9816 0.9639 0.991533 0.9675
0.9675 0.9547 09771 0.9579
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3. Deep GMM= 0| 2%t A

2 2ut (F7t.)

« Convolutional neural networks= At&.

Model Conv_DNN Conv_DNN_SSL
Structure Train Test Train Test
[5,5,1,32]

[5,5,32,64] 1. 0.9908 0.996167 0.9914
100-100

GSSH( P



