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Glossary

AXxo0on - aKCOH, OTPOCTOK MO KOTOPOMY MAYT HEPBHbIE
MMMY/IbCbl K HEPBHbIM K/JIETKAM.

Dendyrite - neHapuT, noayyaet HGOpPMaLUIO Yepes
CMHAnCbl OT aKCOHOB.

Synaptic gaps - CMHanTU4YecKkme paspbiBbl MeXAY
aKCOHaMN U AeHAPUTAMMW.

Refactory period - nepunog pedpakrepHocTn, MHTEpPBan,
B TEYEHME KOTOPOro Bo3byanmasa TKaHb He cnocobHa
reHepupoBaTb NOBTOPHbIN CUTHAN.

Axonal bifurcation - akcoHanbHaa budypkKauus,
pa3feneHmne akcoHa Ha 2 BETBM OAMHAKOBOIO AMAMETPA,
OTXOZALIME B CTOPOHbI NOA OANHAKOBLIMU YI/TaMM.
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Glossary

m Threshold box - noporosbi 610K, HEMPOH NonyyaeT
AAHHble OT APYrMX HEMPOHOB, ONpeaenaeT 3HayeHne
Ka*Kgoro Bxoda v AobaBnaeT 3TM 3HayeHus. Ecam obwmm
BXO/, BbllUe NOPOroBOW BENNYUHbI, TO BbIXOA, 6/10Ka paBeH
eAnHNLE, B NPOTUBHOM C/y4ae — HY/IO.

@ Cumulative influence - coBokynHoe BanAHMe
HECKO/IbKNX BXOJ0B HEMPOHA

= Synaptic weight - cnHanTnyeckum Bec, 8 buonormu
KUAKOCTb B CUHANTUYECKUX pPa3pblBax
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Glossary

m Magnitude of difference - nopagok senmumnHol

m Performance function - pyHKUMA OLEHKN KavecTBa
PaboTbl HEMPOHHOM CETU

= Computationally intractable - sbiuncammo cnoxxkHo

m Gradient ascent - rpageHTHOE BOCXOXAEHUE

m Chain Rule - npasnno anddepeHUnMpoBaHMA CNOXKHOMN

bYHKUNM
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Glossary

m Dot product - ckanapHoe npounsseneHme

m Deep neural nets - rnybokne HempoHHbIe CeTU, CeTb C
HECKO/IbKUMM CKPbITbIMM CNOAMU HEMPOHOB

m Convolutional neural network - ceepToyHan HeMpPoOHHanA ceTb

m Pooling - o6vegmHeHne,0aHa 13 ctagnii paboTbl CBEPTOYHOM
HEMPOHHOW ceTu

m Kernel - agpo, pyHKUMA NpUMeHAeMas K MMKCENAM HEKOTOPOTO
n3obparkeHus

m Vivinity - okpectHoCTH



Glossary

B Grid- cetka

m Back propogation - metog 0bpaTHOro pacnpocrpaHeHus
OLWNOKM

m Generalization - o6oueHune

@ Boltzmann machines- Buna pekyppeHTHbIX HEMPOHHDbIX
ceTeu

B Softmax- yHKUUA, KCEKUMAET» BEKTOP AENCTBUTE/IbHbIX
Be/IMYMH A0 BeKTopa c anemeHTammn ot 0 go 1

m Saddle points - cegnosblie TOUKM



Biological model

dendrites /

cell body /{ k’
/

terminal axon

1.All or non
2. Cumulative influence

3. Synaptic weight

Savostin, Martirosyan

synapse

4 Refractor period
5.Axonal bifurcation

6.Time patterns



Model inspired by our brain

input :
weights
0,1) summer threshold box

output

Z ] [ -7 -(0,1)

What we can model: What we don’t know how to model:
1. All or non — threshold box 4 .Refractor period

2. Cumulative influence - summer 5.Axonal bifurcation

3. Synaptic weight - weights 6.Time patterns
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Neural net as function
approximator

Our skull is like a “box full of neurons”, in fact it is better
to say “box full of weights and thresholds”
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Then output is a function of input vector, weight vector and threshold vector
z=f,wT)

When we will train neural net, all we are going be able to do is adjust w, T,
that’s why neural net is some kind of function approximator

We can figure out how good our neural net _ ”

is by using performance function P.
It compares the desired value and the actual J= 9(E) / \10
value




Complexity of cross
connected neural net

We can add multiple layers and make cross connections
between nodes.
Will it affect the complexity and this network can be growing
exponential?
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Complexity of cross
connected neural net
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Linear in depth

f =

/
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Demonstration
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Convolutional Neural
Networks
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INPUT [32x32x3] will hold the raw pixel values of the image, in this case an image
of width 32, height 32, and with three color channels R,G,B.
CONYV layer will compute the output of neurons that are connected to local

regions in the input, each computing a dot product between their weights and a

small region they are connected to in the input volume. This may result in volume
such as [32x32x12] if we decided to use 12 filters.
RELU layer will apply an elementwise activation function, such as
the max(0,x)max(0,x) thresholding at zero. This leaves the size of the volume 1°




Autocoding

X1 = 2 d; = x4
Xn — — Z, d2 = X5
Network has a tight bottleneck of a few neurons in the middle, forcing

it to create effective representations that compress the input into a low-

dimensional code that can be used by the decoder to reproduce the
original input.
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Final Layer |I
hidden

output

In the final layer, we want to associate a
probability with each output Y;. Through
sigmoid function, we can get a F;(X), how
can we get the probability? Just use the

formula:

F; (X)

Y = P(X) = 5 E )

So that we can get a probability for each
output, it’s a extension of sigmoid function.

Jiang Lei



Softmax

Softmax function is a formula like this:

exp (HL-T X)

K_ exp(6]x)

P(i) =

Through softmax, we can make P (i) belongs to range [0,1].In the
classification problem, 0 is the parameters we want to get to make
P(i) as big as possible. We have many ways to make P (i) belongs to
[0,1], why here we use exp()? Refer to logistic function, we can use this
function to make the positive result tend to 1 and make the negative
result tend to 0.
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Question

What the relation between softmax and sigmoid function?

In fact, softmax is a generalization of the logistic function. As we
know, we can use logistic function to do 2-dimensional classification.
In the same way, we can use softmax to do k-dimensional

classification. So, we can say:
Softmax function is a generic sigmoid function.

Sigmoid function is a specific softmax function.

Jiang Lei



Dropout |I

In the class, this part of explanation is not very clear, we can use an

example to review dropout.

Some of us maybe know about MNIST database of handwritten digits. We
can train a neural network to recognize them. When we test the model, we
don'’t use the whole image(digit), we cover half of the digit, like the

following:
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Half-Digit

0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000

0000000000111100000000000000
0000000000111000000000000000
0000000001111000000000000000
0000000011110000000000000000
0000000011100000000000000000
0000000011100000000000111100
0000000911111111111111111110
0000000011111111111111111100
0000000001111111111100000000
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0000000110000000011100000000
0000000110000000011100000000
0000000111000011111100000000
0000000011111111111000000000
0000000000000000111000000000
0000000000000000111000000000
0000000000000000111000000000
0000000000000000111000000000
0000000000000000111000000000
0000000000000000111000000000
0000000000000000 100000000000

0000000110000000000001100000
0000000110000000000001100000
0000000110000000000011100000
0000000110000000000011000000
0000000110000000000111000000
0000000110000000001110000000
0000000110000000111100000000
0000000111111111111100000000
0000000011111111111000000000
0000000001111111100000000000

9.%.%.%.%.%.%.%%%%%%% %% %% %%

%.%.%.%.5%%%%%%%%%%%%%%%% %% %% %% %%
%.%.%.%.5%%%%%%%%%%%%%%%% %% %% %% %%
G005 5500505050505 050505050505055555550




Inference |I

We can find that, even if for us humans, it is difficult to identify them. If
we cover part of the pictures, how can we identify them? For us
humans, as long as it is not to cover the most critical information,
human beings can identify some of the whole object through local
information. This shows that humans have the ability to use partial
information for inference. How can we make the neural network have

such an ability? It is Dropout.

Jiang Lei



Dropout |I

At this time, we may use dropout idea to solve the problem. In the
training process, I only use part of the neural units, not all units. That
means [ will drop out some information in every training step. Because
every time I only use part of the training information, then I naturally
have the ability of using part of the information to predict, so that our

model become more generalization.

Jiang Lei



Question

A great question from reddit:

Why do I never see dropout applied in convolutional layers?

The additional gainin performance obtained by adding
dropout in the convolutional layers is worth noting. One may
have presumed that since the convolutional layers don’t have a
lot of parameters, overfitting is not a problem and therefore
dropout would not have much effect. However, dropout in the
lower layers still helps because it provides noisy inputs for the
higher fully connected layers which prevents them from
overfitting.

Jiang Lei



