Lecture 16:

Backpropagation

COS 429: Computer Vision
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Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Where we are...
(Before) Linear score function: f = Wa
(Now) 2-layer Neural Network ~ f = Wy max(0, Wix)

3072

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




So far for one layer

s= f(z; W) =Wz

L = —log( Zsyc;] )

= %Z£1Li+2kwkz

want \Vw L

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

scores function
softmax loss

data loss + regularization



Optimization

# Vanilla Gradient Descent

while True:

weights grad = evaluate gradient(loss_ fun, data, weights)
Landscape image is CCO 1.0 public domain weights += - step size * weights grad # perform par
Walking man image is CC0 1.0 public domain

er update

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung


http://maxpixel.freegreatpicture.com/Mountains-Valleys-Landscape-Hills-Grass-Green-699369
https://creativecommons.org/publicdomain/zero/1.0/
http://www.publicdomainpictures.net/view-image.php?image=139314&picture=walking-man
https://creativecommons.org/publicdomain/zero/1.0/

Gradient descent

df(z) _ . fo+h) - f@)

dx h —0 h

Numerical gradient: slow :(, approximate :(, easy to write :)
Analytic gradient: fast :), exact :), error-prone :(

In practice: Derive analytic gradient, check your
Implementation with numerical gradient

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Computational graphs

f:ng L; = —log

.
o |

@ s (scores)

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation



Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung
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Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

daf of Of
oz ? qy”? 0z

Want:

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung
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Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

X =2

g AL
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Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

of of
f=qz 0 =% =4

. 9f 6Ff 4Gj
Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example | x -2

fewd=@ra: |, OO

eg.x=-2,y=95,z=+4

_ 9 _ . 0q _
g=z+y =175 =1
of of
f=qz 0= %% =4
of of of

Want: -, 9 B2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Backpropagation: a simple example | x -2

fewd=@ra: |, OO

eg.x=-2,y=95,z=+4

_ 9 _ . 0q _
g=z+y =175 =1
of of
f=qz 0= %% =4
of of of

Want: -, 9 B2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Backpropagation: a simple example | x -2

fewd=@ra: |, OO

eg.x=-2,y=95,z=+4

_ 9 _ . 0q _
g=z+y =175 =1
of of
f=qz 0= %% =4
of of of

Want: -, 9 B2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example | x -2

fewd=@ra: |, OO

eg.x=-2,y=95,z=+4

_ 9 _ . 0q _
g=z+y =175 =1
of of
f=qz 0= %% =4
of of of

Want: -, 9 B2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example | x -2

fewd=@ra: |, OO

eg.x=-2,y=95,z=+4

_ o . 0q
§=z+y =15 =1
of of P
f:qz 8—q:z,-5;:q q
of of Of

Want: -, 9 B2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

_ dq . 0q
g=x+y ﬁ_l’@_l
of of
f=qz 0= %% =4
of Of Of

Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

_ dq . 0q
g=x+y %—1,%—1
of of
f=qz 0= %% =4
of Of Of

Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=+4

_ 9 _ . 9q _

g—=z+y %—1,%—1
of of

f=qz 0= %% =4

. 9f 6Ff 4Gj
Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

Chain rule:
I
Oy 0q Oy




Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=+4

_ 9 _ . 9q _

g—=z+y %—1,%—1
of of

f=qz 0= %% =4

. 9f 6Ff 4Gj
Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

Chain rule:
I
Oy 0q Oy




Backpropagation: a simple example

flz,y,2) = (. +y)z
eg.x=-2,y=5,z=+4

q=z+y =13

or %:1
of of
f=qz 0= %% =4

. 9f 6Ff 4Gj
Want: e By’ e

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=+4

of of
f=gqz 0= %% =4
of 0 0
Want: g, o0

Oz ? ay? 0z

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

Chain rule:
of _ of o4
Or  Oq Ox




Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




“local gradient”

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



“local gradient”

Z

oL
0z

a2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

gradients



“local gradient”
.4

Z

oL
0z

gradients

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



“local gradient”
.4

z
oL
T 0z

0y gradients

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



“local gradient”
.4

Z
0L
Y 0z
% .
gradients

ei-Fei Li & Justin Johnson & Serena Yeung



Another example: flw,z) =

w0 2.00

1

l1+e

—(wozo+wy 1 +wy)

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

100 A3} 100 (5 037 /3) 187 g 073
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|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

d
f(z) =€" —F ézew f(x):é — %_
fa(®) =0z 2 Z_iza fo(@)=c+az —

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



1

Another example: flw,z) =

w0 2.00

l1+e

—(wozo+wy 1 +wy)

100 /4 -1.00 0.37 137 073
flz)=e — e i f(w):; — %_—l/x
d
fo(z) = az — d_:]vt:a f(x) =613 — g_l

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

4
( 187

1.00 @ -1.00 @ 0.37 m 1.37 @ 0.73

NP iz AN | a8 XY

1.00

)(1.00) = —0.53

flz)=€" —* %Zew f(a:):% — %_—l/w2
fo(z) = az — Z—iza f(x) =613 %_1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

1.00 @ -1.00 @ 0.37 @ 103573 @ ?38
flz)=e ~ e flz)=— - —=-1/z
d
fo(z) = az = d—:];:a f(x) =613 —> %:1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

(1)(—0.53) = —0.53

1.00 457}, -1.00 /e;p\ 037 /7). 137 /17)(\ 073
A N 105 \__/ -053 1.00

f(z) =e” o %Zew f(a:):% - %:—l/w2
fo(z) =az = Z—;::a fe)=eé+ta 5 gzl

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

1.00 47\ | -1.00 /e;p\ 037 )\ 187 A 073
AP U/ 053 053 \_J 1.00

f(z) =e* o %Zew f(w):% - %:—l/w2
fo(z) =az = Z—£=a fe)=eé+ta 5 %:1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

(e71)(—0.53) = —0.20

1.00 @ 100 /N 1037 m 1.37 @ 0.73

A_/ |-020 \e@ -0.53 053 \J 1.00
flz)=e ~ e flz)=— - —=-1/z
_ af _ df
fo(z) = az — g0 f(x) =613 — %_1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Another example: flw,z) =

w0 2.00

1

l1+e

—(wozo+wy 1 +wy)

e df 3
Ffle) =@ — e
Fx) = — ;l—i:a

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

(-1) * (-0.20) = 0.20

1.00 @ -1.00 @ 0.37 m 1.37 @ 0.73

020 \_/ -020 053 \__/ -053 \_ 1.00
flz)=e ~ e flz)=— - —=-1/z
d d
fo(z) = az = d—:];:a f(x) =613 —> %:1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



|
1 4+ e~ (wozo+wizy+wy)

Another example: flw,z) =

w0 2.00

4.00
100| /4 -1.00 0.37 1.37 0.73
0.20 @ 2020 @ 053 @ 053 @ 1,c/)o
w2 -3.00 //
v il df N 1 df 2
flz)=e ~ e flz)=— - —=-1/z
d
fo(z) = az = d—:];:a f(x) =613 —> %:1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



1

Another example: flw,z) =

w0 2.00

l+e

—(wozg+wy 1 +ws)

[local gradient] x [upstream gradient]
[1] x[0.2] = 0.2
[1] x [0.2] = 0.2 (both inputs!)

1.00| /& -1.00 0.37 1.37 0.73
0.20 @ 0.20 @ 053 @ 053 @ méo
w2 -3.00 //
0.20
— o df S . 1 df 2
flz)=e — o f(:B):E — %_—l/x
d

fo(z) = az — d_:{:a f(x) =613 i %_1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




1

Another example:

w0 2.00
-2.00
x0 -1.00 e

w1 -3.00

l1+e

—(wozg+wyz1+ws)

1.00 @ -1.00 @ 0.37 m 1.37 @ 0.73

x1 -2.00 a0 .7 B3 N0/ A5 N 88 X 100
w2 -3.00
0.20
flz)=e ~ e flz)=— - —=-1/z
d
fule) = aa - Hoa | r@=cto - -1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




Another example: flw, )

1

w0 2.00
-0.20
-2.00
0.20
x0 -1.00
0.40
wl -3.00

- 1 +e—(uvoa:0+w1m1+w2)

[local gradient] x [upstream gradient]
x0:[2] x[0.2]1 =0.4
w0: [-1] x [0.2] =-0.2

1.00 gl\ 100 /N 037 Cl\ 1.37 m 0.73
x1 -2.00 020 \_J 020 XS5 \ 0 \ Y 00
w2 -3.00
0.20
ol i 1 df .
d d
fo(z) = az = d—ic:a f(x) =613 i %_1

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




1 1
T 1+ e (woznrwizwy) o(z) = 1+e-=| sigmoid function

do(z) er (1 : il 1) (é) = (1-o(z))o(x)

dzr (1—|—e““)2 146 ¢% L-+€~%

f(w,z)

w0 2.00

sigmoid gate

100 | /4 ). 100 @ 037 LT Y073
020 | \_/ 020 Y 053 \_J 053 | 100

0.20

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



B ] 1
flw,z) = 1 & e Wozotwiz; +uwy) o(z) = 1te=? sigmoid function

do(z) er (1 il 1) (%) = (1-o(z))o(x)

dr (1+e7)? 1+e® 1+e”

w0 2.00

sigmoid gate

100 | /4 ). 100 @ 037 L3 Hlers
020 | \_/ 020 Y 053 \__J 053 | 100

\

0.20 (073) * (1 - 073) =0.2

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Patterns in backward flow

add gate: gradient distributor

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Patterns in backward flow

add gate: gradient distributor

Q: What is a max gate?

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Patterns in backward flow

add gate: gradient distributor

max gate: gradient router

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Patterns in backward flow

add gate: gradient distributor
max gate: gradient router

Q: What is a mul gate?

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Patterns in backward flow

add gate: gradient distributor
max gate: gradient router

mul gate: gradient switcher

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Gradients add at branches

—

_

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Gradients for vectorized code (xy.z
now vectors)  Jacobian matrix

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

“local gradient”

are This is now the

(derivative of each
element of z w.r.t. each
element of x)

Z

oL
0z

gradients




Vectorized operations

4096-d — 2 f(x) = max(0,x) ———~  4096-d
inputvector - (glementwise) ——  output vector

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Vectorized operations oL  |oflaL
ox  |0x|Of

Jacobian matrix

4096-d — 2 f(x) = max(0,x) ———~  4096-d
inputvector - (glementwise) ——  output vector
Q: what is the
size of the

Jacobian matrix?

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Vectorized operations oL  |oflaL

ox  |0x|Of
Jacobian matrix
4096-d — f(x) = max(0,x) —— 4096-d
inputvector - (glementwise) ——  output vector
Q: what is the
size of the
Jacobian matrix?
[4096 x 4096!]

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Vectorized operations

4096-d ——7 f(x) = max(0,x)
Input vector  — (elementwise)

Q: what is the
size of the

Jacobian matrix?
[4096 x 4096!]

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

———  4096-d

output vector

in practice we process an
entire minibatch (e.g. 100)
of examples at one time:

i.e. Jacobian would technically be a
[409,600 x 409,600] matrix :\



Vectorized operations

4096-d E—
input vector .

Q: what is the
size of the
Jacobian matrix?

[4096 x 4096!]

f(x) = max(0,x)
(elementwise)

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

OL __|9f (oL
ox |0z |Of

Jacobian matrix

4096-d
output vector

Q2: what does it
look like?



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

E R‘n E Rnx'n

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

\WY%
(1)
5 (L2}
) N

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

0.1 0.5
[ ~0.3 0.8 }
\WY
)
0.2 . 10 )
oi | : (L2)

Wiizi+ -+ Winzn

Wn,lxl + e+ Wn,nmn
f@=lad*=¢+ - +a

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



0.5

A\[/ectorized example: f(z, W) = ||[W -z||* =Y, (W - z)?
0.1
~03 0.8

N

Wiiz1+ -+ Winzn
q:Wa’;: :

Wn,lxl + e+ Wn,nxn
f@=lad*=¢+ - +a

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A\[/ectorized example: f(z, W) = ||[W -z||* =Y, (W - z)?
0.1

0.5
~0.3 0.8
[0.22}
0.26
0.116
\__/ 1.00
X

N

Wiiz1+ -+ Winzn
q:Waj: .

Wn,lml + e+ Wn,nxn
f@=lad*=¢+ - +a

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||*? =Y., (W -

1=1
{ 0.1 0.5}
—0.3 0.8
\%Y
[ 0.22 }
0.26
0.116
0.4 \__/ 1.00
X

Wiiz1+ -+ Winzn BQ(']% = 2qi
g=W .z = :
Whpizt + -+ Wy nTy, qu — 2(]
f@)=llgl? =g+ - +4q;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||*? =Y., (W -

=1
{ 0.1 0.5 }
—0.3 0.8
W _ ]
0.22
0.26
) | 0.116
0 e e (12)
0.4 0.44 \__/ 1.00
X | 0.52 |
0
Wiiz1+ -+ Winzn 5&% = 2q;
Wn,lml + -+ Wn,nxn VQf — 2q

f@=dP>=a¢+ - +4

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||[W - z||* =Y. (W - z)?

1=1
{0.1 0.5}
—0.3 0.8
W — -
0.22
0.26
] | 0.116
0.4 0.44 \__/ 1.00
i | 1
oW, ;

Wiizi+ -+ Winzn
gq=W- .z = :
Whpizt + -+ Wy nTy,
f@)=llgl? =g+ - +4q;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A\[/ectorized example: f(z, W) = ||[W -z||* =Y, (W - z)?
0.1 0.5

~0.3 0.8 }
W o
0.22

0.26
: i 0.116
02 (12}

. - B> > >
[ 0.4 0447 N\__/ 1.00
BWi,j — lk:zmy
W1,1331 + -+ Wl,nil?n of — Z of Oqg
G=W- 1= : oW, ; k Oqr, OW;_ ;
Wt > 20 (Wi
k
fla=lad*=¢++a = 2¢;T;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||[W - z||* =Y. (W - z)?

=1
0.1 0.5
|i —0.3 0.8 W
0.088 0.176 | C 099 ]
0.104 0.208 0.96 /—\ 0116
0.2 e e (12
0.4 0.44 \__/ 1.00
oW,;
W1,1331 + -+ Wl,nil?n of — Z of Oqg
G=W = i oW, ; k Oqr, OW;_ ;
Wn,lel + - + Wn,nxn - Z(2Qk)(1k=z$3)
k
fla=lad*=¢++a = 2¢;T;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

{ 0.1 0.5
-0.3 0.8 - T
0.088 0.176 W 099 VWf =29z
0.104 0.208 0.96 /_\ 16
0.2 ] « o 12}
0.4 0.44 \__/ 1.00
oW, ;
W1,1331 + -+ Wl,nil?n of — Z of Oqg
k
fla=lad*=¢++a = 2¢;T;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung




A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

{ 0.1 05
—0.3 0.8 T
[ 0.088 0.176 1"V 099 Vwf=2qx
0.104 0.208 0.26 /_\ 0.116 Always check: The
0.2 | % _ - 1.2 - gradient with
0.4 [ 0.44 | U 1.00 respect to a variable
o x 0.52 should have the
| Yede Oqx 1. . same shape as the
8Wz’,j k=iLj variable
W1,1.’131 + -+ W1,na?n of — Z of Oqg
G=W 2= . oW, ; k Oqr OW; ;
_ 2 _ 2 2 k
fla=lldlf=a+-+a, = 2¢;T;

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||*? =Y., (W -

0.1 0.5
{ 0.3 08
0.088 0.176 |
[ 0.104 0.208 |
0.2 | %
[ 0.4

W

[ 0.22 ]
| 0.26 |

2=1

sz\ 0.116

044

| 0.52

-
>

\__/ 1.00

_ Oqx

Wiiz1+ -+ Winzn

f@=dP>=a¢+ - +4

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung

Wn,lxl + e+ Wn,nxn

— k,i
6:13@




n (W-

2=1

A vectorized example: f(z, W) = ||[W - z||2 =
0.1 0.5
{ 0.3 08 |
[ 0.088 0.176 | 099 -
0.104 0.208
: 0.26
: : 0.116
- Y (L2)
0.4 0.44 \__/ 1.00
X | 0.52 |
dqr
= Wk,
W1,1331 4+ e+ Wl,na:n gﬂf% 5¢ 9
=Wz = : _ N\ 97 9k
1= ' ox; Z 0qx Ox;
Whpizt + -+ Wy nTy, k
fl@)=lglP=ai+---+4q =§k:2qkwk,i

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?

{ 0.1 0.5
—0.3 0.8 B -
[ 0.088 0.176 1" 002 V.f=2W" - ¢
0.104 0.2002: 026 @ -
. sk — - 5 .
[0-4 0.44 \_~/ 1.00
o112 ] * | 0.52
0.636 | Oqr _ »
W1,1331 4+ e+ Wl,na:n gﬂf% ((;f 5
: dk
— W ) — * — -
’ ’ . Ox; Z 0qx Ox;
Wyt + -+ Wh k
— 9 .
fl@)=lglP=ai+---+4q Zk: W,

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



A vectorized example: f(z, W) = ||W - z||? = > (W - z)?
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Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Summary so far...

neural nets will be very large: impractical to write down gradient formula
by hand for all parameters

backpropagation = recursive application of the chain rule along a
computational graph to compute the gradients of all
inputs/parameters/intermediates

implementations maintain a graph structure, where the nodes implement
the forward() / backward() API

forward: compute result of an operation and save any intermediates
needed for gradient computation in memory

backward: apply the chain rule to compute the gradient of the loss
function with respect to the inputs

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung
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class Neuron:

def neuron_tick(inputs):
""" assume inputs and weights are 1-D numpy arrays and bias is a number """ W9
cell body sum = np.sum(inputs * self.weights) + self.bias
firing rate = 1.0 / (1.0 + math.exp(-cell body sum)) # sigmoid activation function
return firing rate

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung


https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/

Be very careful with your brain analogies!

Biological Neurons:
e Many different types
e Dendrites can perform complex non-linear computations
e Synapses are not a single weight but a complex non-linear dynamical

system
e Rate code may not be adequate

[Dendritic Computation. London and Hausser]

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Activation functions
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Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Neural networks: Architectures

X
%
4

r‘\\')
P
0§

output layer
output layer

input layer input layer
hidden layer hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-layer Neural Net”, or “2-hidden-layer Neural Net”

“1-hidden-layer Neural Net” “Fully-connected” layers

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



Summary

- We arrange neurons into fully-connected layers

- The abstraction of a layer has the nice property that it
allows us to use efficient vectorized code (e.g. matrix
multiplies)

- Neural networks are not really neural

- Next time: Convolutional Neural Networks

Credit: Fei-Fei Li & Justin Johnson & Serena Yeung



