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Classical NLP

Modeling Output

Dense Hidden Layer Output Units
Embedding

Image Source - blog.ayfien.com
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Neural

‘ 2 || The image
Network is “2”

AN _;_1,_::H',f'i/
16 x 16 = 256 ; >
Y What is needed is a m
Ink > 1 _
Noink »>-1 function ......

Input: output:
256-dim vector 10-dim vector
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Step1: MERE

Input

Layer1 Layer?2

Sigmoid Function
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Step1: HiEEE
Input Layer 1  Layer 2 Layer L  Output
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Step1: HaEIEB

Input Layer 1  Layer 2 Layer L  Output
/v 4= -‘\.‘ - ‘ -
xl R—-—?\ m i ';l ...... m pr— y]_
Probability:
» Softmax layer as the output layer m1>y;,>0

myy=1 Y2
Softmax Layer

0.88 3
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Step2: EXBIREAE

10
iy, 9) == ) Filny; <
i=1

14



Si5RIE —Te80IDNNS-8

. Step2: EXBIREHE Total Loss:
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Step3: HEIRNEET*
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Gradient Descent
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e ot
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- Step1: HIEIKE

ild( Activation/(

softplus, softsign, relu, tanh.
hard sigmoid, linear
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28x28

softplus, softsign, relu, tanh.
hard sigmoid, linear

AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA 1
500 : ° = sigmoid ﬂ'(ﬁ) = —
Jl—teon | S 1+e?
=—=RelU
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0 ~—————————-softplus= log(1 + €*)
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Step2: EX BIRHE

/] |

(b'

optimizer= ,
metrics=[ 1)

Several alternatives: https://keras.io/objectives/
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- Step3: HIIRMAEL*
Step 3.1: Configuration

» (Loss=

optimizer= :

metrics=] 1)

SGD, RMSprop, Adagrad, Adadelta, Adam, Adamax, Nadam

Step 3.2: Find the optimal network parameters

Training data LRI A 25 i IMEEEAN I 254 [Ftotal loss,
N (AT I ZREERE L) N 2 1 batch;
(Images) (d| |t5) \ L feir S
Sl |54 Mbatch (100/MFEAS) [total loss,

T4, #A60 1 batch, NI H60/K;
¥ I batch#5¢, N1-~epoch
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+ Step3: HIIRMBHET*

Smaller batch size means more updates in one epoch
* E.g. 50000 examples

* batch size = 1, 50000 updates in one epoch | 1665 | 1 epoch
batch size = 10. 5000 upndates in one epoch 175 10 epoch

Batch size =1 and 10, update the same
amount of times in the same period.

: Batch size = 10 is more stable, converge
§_ gg faster
= 4 17s GTX 980 on MNIST with
> e i 50000 training examples
g 1 1C 100 1000 10000

batch size
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