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hological Review
ol. 65, No. 6, 1958

THE PERCEPTRON: A PROBABILISTIC MODEL FOR
INFORMATION STORAGE AND ORGANIZATION

H:\\'II\'(} told you about the giant
digital computer known as[LB.M]
704 |and how it has been taught to play
a fairly creditable game of chess, we’d
like to tell you about an even more
remarkable machine, the perceptron,

which, as its name implies, is capable
of what amounts to original thought.
The first perceptron has yet to be built,

IN THE BRAIN!

F. ROSENBLATT
Cornell Aeronautical Laboratory

The New Yorker, December 6, 1958 P. 44

The IBM 704 computer
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n FIRDE—IERN(x, y)ET, Bl 6 Wil = Wk -+ UiXer ; -
7 k=k+1; %%/j_\‘éj\%%
wax < O 8 end
. X MEAREFNE o | end
10 end
Hit: wy,

w < w+ yx

n RIBRAIERAIZ SRS, AL RAIERAIIRIRRZ09

L(w; x,y) = max(0, —yw'x)
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1,000's of inputs (other neurons, sensory neurons e.g. taste buds from a salt or sugar molecule...)

o mMatk (Soma) TNFHLAIMUNE b AT HA0 32 M Il TE, ) 52 A
W SN 22 AR 2RI ST 25 51 RS e SR N A FL 2 A

i o, PR RN R AR BESE B)): Mer sk ]
o s o @A T AL DMV R IRIZHC 53 SLAT 23 A JALh ¢ -
\ | — R (Dendrite) ] PAFESZ RO LATAL NANRAR . RS HPZE 0]
| DA A
st — R (Axons) 1] UIAE F LF 1% AR A MARAL 1% 3] AN ph 28 ool
Ranvier JLARZ AL, R RRZ 0 AT — e
| 3 2
Direction fa . .t ;“\’
of lmpup ' r' :.?._i -:i'
Axon terminal 1,000's of output targets (e.g. other neurons, muscle cells, | ol ;

Synapse

gland cells, blood vessels to release hormones...)



Synaptic weights

() Activation

function

PP —
Input < @ 9 @ —9 Output ~

d
Z w;x; + b
i=1

signals x_;._..
: : Summation (l — wTx + b,
X, J
~ Threshold

Sigmoid ‘ Leaky ReLU .
- 1+i_1 max(0.1x, x)
tanh ‘

Maxout
tanh(ac) f max(w] x + b1, wd = + by) a — f (Z)
RelLU ELU
maX(Oa x) {z(er - 1) : i 3 -~ 1o




o P FH1T I (Parallel Distributed Processing, PDP) W4

" RERAR R — T U, e

" 20HHEBOFIEH, BRTHI—FhEE iR )

 HEINEERE (.
© (1) (ERETRATRM GHEH) N -

© (2) ICAZAFIREFEERTZ AR L
- (3) EERERTTL AN EERERE IR, b,

o SINIRERBIEHEFHAEFIGENZE,
o HHEEMLEHHRBZ WM AESHRFIES L.
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o MR TERAEEIERIEDTE 53 K0 :

n THEIMIEE)IIZMEEL, AT EISHSFRITIERSS. RENEMAR—HRBERIREGSLHISER
EE, REFETE—XEER: SRIFR N, AESRILESYZER "fHERET o —B
RETEE "WiEiET fF 1.5 %, WARDTER, NRET 0.8 7, NEEMARIZE.
B—MEEREERHXA "HERE" 8, BT ARERIERE?

o RITHA T —EELNRZmNERS. 3 —EXZKER, RETERHXEIFR, LIS
GRENEFRY AT BEME. X T URFhSSELAY AR ?

o TARERTF?

o FEFIS5—RINRAFIBMXAI?

o A\ IR YIRS TrIT{ERD?
o HIRRRHIZRRIFITIE,

o HEMBSREFIBIRER?
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RY3REIEEREL,
- I SRYBLERE R AR ER BEUER
RIS IERZE I MRS,

- BRTIREMEITEE,

{BEiZA R
. HERMNSEMNESEE—

. ? tanh I

« FEEAKRBABERN, BUSFm e

max(0, x)

ZFHIRERFS .
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Sigmoid | Leaky RelLU m

o) = oies max(0.1z, x)

tanh Maxout ~

tanh(x) . ’ max(w{ z + by, w3 x + ba)

RelLU / ELU &__////
x r=10

ma}{(og -I:) ) ) {&(Em —~ 1Y wpefl A ? o



SigmoidflTanhi&%]

e Logistic & Tanh
1
1
o(z) =17 exp(—x) )
_ exp(@) — exp(—z) /'f - - - - Tanh E¥
tanh(z) = exp(z) + exp(—x) I:
o 'I.¢_ -1: —6 —4 _9 : 9 ) p
m TEANRREY _0;5
s TanhFEEEFIOMEAY, TMlogisticEREAYEIHEATO ;
____________ »

o [EE{RIE (bias shift)
s IEEFROMEEESHRERE—BINHETHBARE, Fbd—2HEHEE NENIRSIRETIE,

i



SigmoidflTanhig%%

Activation Functions

0
\=

-10 10

oz)=1/(1+e %)

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

3 problems:

1. Saturated neurons “kill” the

Sigmoid gradients
2. Sigmoid outputs are not
zero-centered
3. exp() is a bit compute expensive
Logistic B¥l  f(2) = o f'(x) = f@)(1 - f(x))



Activation Functions - “omputes f(x) = max(0,x)

- Does not saturate (in +region)

- Very computationally efficient

- Converges much faster than
sigmoid/tanh in practice (e.g. 6x)

- Actually more biologically plausible

6 than sigmoid

-10 10

10

RelLU
(Rectified Linear Unit)

[Krizhevsky et al., 2012]

ReLLU f(z) = max(0, x) f'(x) =1I(z > 0)



4 x
e ReLUZE%I
r x>0 T it x>0 _ ReLU ’
ReLU(:’[’) — B LeakyReLU(ﬂj) = . Leaky ReLU
0 <0 yr ifz <0 ———- ELU .
= max(0, z). = max(0,z) + v min(0, )
1
v ifxz>0 x ifz>0
PReLU;(z) = ELU@) =< e ’
vix ifx <0 v(exp(z) —1) ifx <0 ~a 2 =7 2 p
= max(0, z) + y; min(0, z) = max(0, z) + min(0, y(exp(x) — 1)) i
softplus(z) = log(1 + exp(x)) o HE TS

o W FRURERERME
o ERUHDHI. F|XEiaR
f'(x)=1(x >0) SET-ReLUjg& (Dying ReLU Problem) o T—FSfE IEMREL RS A AR



B8 = 100
77




ARG H S

Logistic A%} f(*) = e f'(x) = f(z)(1 - f(x))

Tanh B4 f(2) = St Tenn fll@) =1~ f(2)?

ReLU f(z) = max(0, z) f'(z) = I(z >0)

ELU f(z) = max(0,z) + fl(x)=1(x>0)+I(x <
min (0, y(exp(z) — 1)) 0) - v exp(z)

SoftPlus i % f(z) = log (1 + exp(x)) () = T

—)
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[ERE®EIE

o BIIRMEMLEET FTHANEHITERIEHE.

720 = whgl-D 4 pO.
a® = f(zD).

e BIRITH:

x=a" 5z 5 qW) 5 22 5 .o 5 gD S 20 5 gL = $(x; W, b))



i = A R R

Deep Neural Network

Input Layer

Hidden Layer 1 Hidden Layer2 Hidden Layer 3

edges combinations of edges object models



RIEERAIIEE, MTEEXIEREHENZED—MER "BiE" ERAYEGERERIREEE YRR IS,

REHRREEH

F1E 41-1BRIEUEE (Universal Approximation Theorem)
[Cybenko, 1989, Hornik et al., 1989]: % o(.) & M IEH .
A BB E L R EL, Ty e —A d 4ER BRALRE S T 14 [0, 1]9,
C(Zy) 72 7€ XA Iy FHIESEREES. M TEM—DNEREf <
C(Zq), FHE—NEE m, M—HEH v, b € RULLLHHE
w; €RY, =1, m, VNETIRATATELE LK%

T

F(x) = Z vip(W;x + b;), (4.33)
i=1

YEA R EL £ B AL SEI,  RY
|F(x) — f(x)| < ¢ Vx € Zy. (4.34)

Hre > 02— MR/AMHIEEL.

ZTHEERTY, EAIULMERRIBERIELETA—D

EMAESLHZ B RIE RIS R AL
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=explx)/(1 + expnlx
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[[} -i,f’zjurjfgjféhrcshofd EEHE) 0,;' g x
f(ﬂ?) p— 0.8 |-
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[1 i D ;i 2 thresho j dn | (TR B B
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o X F S35 Ka)RR
m UIREAsoftmax[a]|353888, HETNERE—EREC ML, HEH&EiI softmaxREutT
FA—{LERTLMEAEN SSARATEER,

P(y = c|x) = softmax(w_x)
¥ = softmax(z'%)) exp(w )

o C
ZE 1 EKD{WJ )

m SRAASEXEIRIREAEN, T HA(Y), ERKERED

mustbes0  mustamios L= losP( =X =z
y — B y t . . . — compare .
E(y-j y) T _y 1Og y ° 3 2 exp 24 5 normalize 0 13 1 00
car 5 1 > 1 640 EE—— 087 Cross Entropy OOO

fog | -1.7 0.18 0.00 | &L= 10.00

H(p)+ Dkr(P|Q)

Unnormalized unnormalized probabilities Correct
log-probabilities / logits probabilities probs



R FEZEINEEFS

3D Visualization of a Fully-Connected Neural Network (adamharley.com

Draw your number here

0123456789

V4
N
Downsampled drawing: g

First guess: m LE ]
Second guess: ﬂ



https://adamharley.com/nn_vis/mlp/3d.html
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o EEX: EHIL(ESTHNEBERNERIRE, tHiFL2 Loss;

e fiek: L(y, f(z)) = 5(y — f(z))?

o NMF: FFmINER,




o EX: FRN{EFNHEEEAHZEFRA1, SN0,

LY # f(z)

o st LY. £0) = { 707 E

o NiFH: HF 5K,
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o EX: WEHIRKHRE, WIRRIVEHREK, E=HREEH, FNERIABAMIER,
WEAXKAEEIRERERS B pFI1—p;

_log(pt )# Yi — 1

= —y;log(pi) — (1 — y;)log(1 — p;)
—log(1 —p;),y; =0

oefezl: L; = L(pi,ui) = {
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SRAEE (Hinge Loss)

o EEX: BHAHIEHHD S, MIRKH0, BUWH1-fy(x);
o fizal: L(y, f(z)) = maz(0,1 - f-y(zx))

o RiFH: BF /AW, HlaN, SVMERANMESRIRKHRE.
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low learning rate

high learning rate

Too low

\ .'
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\/

Just right

"\. ‘f,-"‘ll
\ /
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N\

\

\/

Too high

good learning rate

K

epoch

A small learning rate

requires many updates

before reaching the
minimum point

The optimal learning
rate swiftly reaches the
minimum point

Too large of a learning rate
causes drastic updates
which lead to divergent
behaviors
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7 end
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MtE (Mini-Batch) BEHEE TS X
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1

x;w,b) = .
fl@;w,b) exp(—(wz + b)) + 1
bR HL FE
hi =x X w %:1 %:w
Ow or
ho = hy+ b g}TLi:l % =1
/
hy = ha x —1 gﬁ—
Oh
hy = exp(h3) c‘?hi = exp(hs)
h5 = h4 —|—1 % =1
4
h@ = 1/h5 ()hﬁ _i

8TL5: hg




¢ itHE (Computational Graph)
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Rkl f(x) ekl f(x)
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: Y h 24 | ¥
Fefr B function £(x){- - } ko 27 B4 function df(x){---}
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m TheanofITensorflow1.0

2F 2 JRTEIERT

import tensorflow as tf

FEXITEHE
g = tf.Graph()

with g.as default():
#placeholder A G{Ufd, RITRIZNIRIEEHAN SR

®x = tf.placeholder(name='x"', shape=[], dtype=tf.string)
tf.placeholder (name='y', shape=[], dtype=tf.string)

Y =
z = tf.string join([x%,y],name = 'join',separator=' ')
#RATTITEE

with tf.Session(graph = g) as sess:
print(sess.run(fetches = z,feed dict={}))

SGD Trainer

Update W Update by Updatew Update b
é learning_rate = [0,01] Gradients
E

' ReLu Layer

Rectified
Linear

shape = [784,1)
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o TiSITRE
n REEFETIEISEE, ML IS8R,
m DyNet, Chainer, PyTorch, TensorFlow2.0

A graph is created on the fly Wi h W, X
W h = torch.randn (20, 20, requires grad=True)

Wx = torch.randn (20, 10, req‘uires_grad=True‘]

¥ = torch.randn(l, 10)

prev_h = torch.randn(l, 20)
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