Lecture 4:
Backpropagation
and
Neural Networks (part 1)

Tuesday January 31, 2017
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Announcements!

If you are adversely affected by immigration ban, please talk to me about
accommodations

Send in paper choices by tonight

Should be able to run Jupyter server on Tufts was and network machines
now

- (deep-venv)> pip install --upgrade jupyter

hw1 deadline in two days — Thurs Feb 2: Don'’t forget to read the course
notes.

Redo calculation of dL/dW for hinge loss
comp150dI (‘::'I’ufts



Python/Numpy of the Day

-y pred = scores.argmax(axis=1)

- inds = np.random.choice(X.shape[0],batch size)
- randomly select N numbers in a range,
- useful for subsampling

— [:,np.newaxis]

- reshapes matrices of size (N,) to size (N,1)

.........



Where we are...

s= f(z:W)=Wg= scores function

L = )., max(0,s; — sy, + 1) SVM loss

= % ZN L+ 3, sz data loss + regularization
i . W

want |Vw L

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d 8Tufts



Optimization

R

y == SGD
—  Momentum
- NAG

-~  Adagrad
Adadelta
Rmsprop

Iy

.......

(image credits
to Alec Radford)

while
welghts grad = evaluate gradient(loss fun, data, welghts)
woights 4= . stop size * wights grad

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d @mfts °



Gradient Descent

_ o f@+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

* Original slides borrowed from Andrej Karpathy N
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Hinge Loss Gradient wrt Weights W

margin size, usually 1.0

Li = Z [max(O, W.;-I.x,' - W_;,r‘,x,' + A)]
J#yi

 \We want the Jacobian Matrix of all

gradien’[s VH'[ [,1 .. . Vlr, [,.\'

Vwl = Vw,L; ;
* partial derivatives of all output Vg L o I v
dimensions by all input dimensions '

For all rows of dW where the row corresponds to the
GT value for that training instance, i.e. ] = Vi

V“".\. L=- 2 1](Wiji - W)T-,.xi +4A> 0)) Xi Vw}. L= ‘U(W}.xi - w;;x,- + A > O)X,'
#y

For all rows of dW where j # y;

http://cs231n.github.io/optimization-1/#analytic comp150d| (‘Q'I‘ufts


http://cs231n.github.io/optimization-1/#analytic

Softmax Loss Gradient wrt Score S

* note change of subscripts from last slide

a; = 'll,'fglrj Va;S;, wheni=j Va;S;, wheni# j
a; .
% ()—V— a; PR PPN ¥ ()—v— o
Sj=———  Vjiel.N | _Lime* _ "X —ele i etk _ 0—e%e
D k=1 €% da; y2 da; 32
f,a,- E _ 6,(1,]' (fa‘j (Z(l,,'
(l - ”
‘ v 0 — | — — —
dS; TN ek D) Y X
()(LJ da, = Si(1 - 5;) = —5;Si
Skipping some steps for space, O g — 2\ _ Q
please see original notes. va‘j bi - ‘Si (]1 (” - .}) b])

eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative comp150dl| @m


http://eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative/

Softmax Loss Gradient wrt Score S

Vj€1l.N O

0S;

VSiL =

vw,L = &

Va.jS,j = S',(]l(l = _]) - S])

—1log(S;) = S; — 1(i = j)

dS,; .
7))z

d5S;

Skipping some steps for space,
please see original notes.

eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative/

comp150dI @'I‘ufts

— - — 1(2
“ow, — Wi~ 10


http://eli.thegreenplace.net/2016/the-softmax-function-and-its-derivative/

Computational Graph

f:W

Li = }_;, max(0,s; —

Syi + 1)

s (scores) @

R ‘

an

* Origina
nd Li

al slides borrowed from Andrej Karpathy
Fei-Fei, Stanford cs231n
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Convolutional Network
(AlexNet)

iInput image g
weights 4

 »

loss

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d 8Tufts
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f(z,y,2) = (z +y)z
eg.x=-2,y=5z=4

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n
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f(z,y,2) = (z +y)z
eg.x=-2,y=5z=4

-12

d
f:qz %:z’az:q

af of of
oz’ By’ 0z

Want:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n
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f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=+4

of
f=gqz g 23 4

af of of
oz’ By’ 0z

Want:
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f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=+4

of
f=gqz g 23 4

af of of
oz’ By’ 0z

Want:
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f(z,y,2) = (z +y)z
eg.x=-2,y=5z=4

g=x+y %:1,% 1
of of
f:qz E_z’az
of of 0
Want: L

oz’ By’ 0z

* Original slides borrowed from Andrej Karpathy
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f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=+4

7,
=gz E:zaaz:q

af of of
oz’ By’ 0z

Want:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| @mfts
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f(z,y,2) = (z +y)z
eg.x=-2,y=5z=4

f=gqz %{=z,

af of of
oz’ By’ 0z

Want:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

18



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

f=gqz %{=z,

af of of
oz’ By’ 0z

Want:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n
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f(z,y,2) = (z +y)z
eg.x=-2,y=5z=4

f=gqz %{=z,

af of of
oz’ By’ 0z

Want:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n
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f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=+4

— N _ 4 04
of of
f=gqz oy g — 4 Chain rule: ]
5f _ of o
. of of of Oy  0q %
Want: oz’ By’ 0z

* Original slides borrowed from Andrej Karpathy
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f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=+4

_ 9 _ . Og _
g=+Yy 5?_L@_J
of of
f=gqz g 23 4 oz

of 0of of
Oz’ 8y’ Oz

Want:

* Original slides borrowed from Andrej Karpathy 22
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f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=+4

_ 9 _ . Og _

g=Er Y o=l By = 1
of of .
f=gqz il Chain rule: Oz
0
want. oL 9F of dr  0q Ox
ant: 5.7 10y B
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activations

* Original slides borrowed from Andrej Karpathy comp150d| g'lhfts

and Li Fei-Fei, Stanford cs231n
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activations

“local gradient”

* Original slides borrowed from Andrej Karpathy comp150d| gmfts

and Li Fei-Fei, Stanford cs231n
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activations

“local gradient”

Z

oL
0z

gradients

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| @mfts



activations

“local gradient”

>
ea} yA
<
oL

0z

gradients

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d @T\lfts



activations

“local gradient”

AR
<
OL
9
Y = :
oL &, |
07 gradients

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d @mfts



activations

“local gradient”

AR
<
OL
Y = 0z
oL .
gradients

al slides borrowed from Andrej Karpathy
ei-Fei, Stanford cs231n comp150d| @mfts



Another example:

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

flw,z) =

1

1 + e —(wozo+wy ) +ws)

.........

30



Another example:

f(z) = €*

fa(x) = ax

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

flw,z) =

1

1 + e —(wozo+wy ) +ws)

00 @ 1.00 @ 0.37 @ @ 0
df . 1 df 2
- P f(a:)—; E——l/"‘?
df df
= —d f(z)=c+= — = 1
31
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Another example:

flz)=e* E

fo(z) = ax £

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

1

f(w,z) = 1 + e~ (wozotwrz1+wy)

00 @ -1.00 @ 037 @ @ 0
df L i 1 d 9
- P f(l‘)—; H——l/:c
df df
E_a f(z)=c+z - E_l
32
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1

1 + e —(wozo+wy ) +ws)

Another example: f(w,z) =

(57)(1.00) = —0.53
d
f(z) =€* - E-mf- =" f(z) = % - % = —1/:c2
df df
f.(z) =azx — = f(z)=c+=z E_l
33

* Original slides borrowed from Andrej Karpathy
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1

Another example: fw,z) = 15 o-(womrwmruy)

00 @ -1.00 U
@)= e* E T | -1 4 1y
folz) = az — Z—a{:a flz)=c+z %—1
34

* Original slides borrowed from Andrej Karpathy
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1

Another example: fw,z) = 15 o-(womrwmruy)

(1)(—0.53) = —0.53

exp 3 Claar
fl@) =" = Jeer | tw-1 3 4 1y
fo(@) = az - Z—a{:a flz)=c+=z - %=1

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| B.Ihfts 3



1

Another example: fw,z) = 15 o-(womrwmruy)

1.00 @ 1.00 @ rj +1 r @ 0
z af _ . 1 d 2
— — — = — - -
f@)=e = flz)= e =-1/a
df df
fo(z) = az - = f(z)=c+z — ===l
36
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1
f(w,z) = 1 + e~ (wozotwrz1+wy)

Another example:

(e71)(—0.53) = —0.20

1.00 ﬂ 100 2N\ 037 +1 1.37 m 0.73
A_/ | 020 0.53 053 \

f(z) =¢€" - 4 _ s f(z) = %

fa(z) =0z 2 - =a fl@)=c+z >

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d B.Ihfts
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Another example:

flz) =" =

1

f(w,z) = 1 + e~ (wozotwrz1+wy)

f.(z) =azx —

1 — exp
d
oo | 1@-1
3 ||

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150d| B'Ihfts
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1
f(w,z) = 1 + e~ (wozotwrz1+wy)

Another example:

s df i o 1 df 2

f(z)=e = e f(a:)—; - H——l/a:
df df

fo(@) = az - - =a flz)=c+z - =1

* Original slides borrowed from Andrej Karpathy 39
and Li Fei-Fei, Stanford cs231n comp150d B.Ihfts



Another example:

f(z) = €*

fa(x) = ax

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

flw,z) =

1

4.
df
E a

1 + e —(wozo+wy ) +ws)

1 df 9
f(z) = - dz -1/z
df
f(z)=c+z —» = 1
40
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Another example:

flz) = e* E

fo(z) = az -

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

1
f(w9x) = 1+ e—(u’o$0+w111+u’2)

[local gradient] x [its gradient]
[1] x[0.2] = 0.2

Hox [1]x [0.2] = 0.2 (both inputs!)
l?}*%**?‘) TR e Q) ae v gt

m=e | fw-=1 - e

——=a fel@)=c+z = ik

comp150d| @'I\Ifts 41



1

1 + e —(wozo+wy ) +ws)

Another example: f(w,z) =

Lot & Lo | -1
fo(2) = az - 3—£ =a flz)=c+=z

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150di B.Ihfts
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Another example:

w0 200

wil

w2 -3.00

flz) = e* E

fo(z) = az -

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

flw,z) =

1

b —(wozp+wy ) +ws)

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

)RS (D535

T 1 df 2

= fl@) =~ B dz = 7

df </

7z = ¢ f(@)=c+2 a dz =
43
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1

1+ o omtwa )

f(w,x) =

l14e7*

dO’(:B) e~ B (1 EI o |

dx (1+e_1-)2

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

| B -

) (

o(z) =

1

|

1

10l )

sigmoid function

) = (1-o(z))o(z)

sigmoid gate
f\ 037 m 1.37 J/-\ 073
20 exD 0.53 k]/ 053 @ 700



Fltosa) = 1

1+ e~ (wozo+wyz)+wy)

o(z) =

1

1+e®

sigmoid function

do(z) e’ (1 i 1) (;) = (1-o(z))o(z)

dz (14 e-7)’

l14+e7%

1+e7%

sigmoid gate

1.00 | /& 100 N\ 037 f:\
0.20 @ 0.20 \eip/ 0.53 \_1/ 053

\ (0.73)* (1-0.73) = 0.2

* Original slides borrowed from Andrej Karpathy comp150d| B'Ihfts
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Patterns in backward flow

add gate: gradient distributor x 3.00

max gate: gradient router

mul gate: gradient... “switcher”?

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150dI G'Ihfts

-10.00

2.00

< ) -20.00
* <
Z 1.00

46



Gradients add at branches

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150dl (_g’rufts
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Implementation:

/,,}... o *1 )~ ~{exp)— o +1 )~ { 1/x}—~

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

forward/backward API

Graph (or Net) object. (Rough psuedo code)

(object):

forward(inputs):

# 1. [pass inputs to 1input gates. |
)., forward the computational graph:
r gate self.graph.nodes topologically sorted():

gate.forward()
loss # the final gate in the
rd():
r gate reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backpr

inputs gradients

comp150dl! {(.Q'I’ufts

op (chain rule applie



Implementation: forward/backward API

class MultiplyGate(object):

\\\\ def forward(x,y):

Z
> Z = X%y
return z

3/ def backward(dz):
# dx = ... #todo
# dy = ... #todo oL

returi [dX, dY]
(x,y,z are scalars) 0z

oL
oz

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150dl c_srrufts



Implementation: forward/backward API

yGate(object):
lef forward(x,y):
)( Z = X*y
\ y4 self.x = x # must keep these around!
> self.y =y
Z

y jef backward(dz):

dx = self.y * dz # [dz/dx * dL/dz)
dy = self.x * dz # [dz/dy * dL/dz]

rn [dx, dy]

(X,y,z are scalars)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150dl (_}T‘“fts 50



Example: Torch Layers

* Original slides borrowed from Andrej Karpathy

and Li Fei-Fei, Stanford cs231n comp150d| ‘



Example: Torch Layers

e

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150d| @'I\Ifts
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Example: Torch MulConstant

b f(X)=aX
\

Initialization
“——forward()

~——backward()

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp1sodl €9 Tufts 53



Example: Caffe Layers

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150d| {(:‘}Thfts
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Caffe Sigmoid Layer

| 1-o@)el@)

* Original slides borrowed from Andrej Karpathy

and Li Fei-Fei, Stanford cs231n

comp150dI (_}'I‘ufts

*top_diff (chain rule)
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finclude <vectors

Sinc Lol arondoms

Finclude <Lterstors

Finclute “coffe/layers/shuffle layer. hep”
finclude “coffe/util/meth functions . ipp”

terplote <typecome oty
void Shuffleloyereddt n.v). Fwﬁj LU Corat W torell oDt ypes®s8 Botton,
Comt vectord lobeatypes®sh top
CONEE ANt Court = ROp0 amum )
SLATIO0UT wx DOtTOM D -ashape B wx
stdlidout << bottom[@) ->shape 1) << stdi:
vector<ints orig shope = bottom @ -»shope
yTemTme ey viCtoreims » - ' i o .
tesplote <tys *ye ~ <lit> fim_shdpe; f._ﬁ’;m Pudh_BOCk Count )| new_Shape . pudh BoCk botch tes size )
% € P . . ] —y bottom @ -»Reshope new_shope |
vold ShuffleDtype® bottom dita, Dtype® top data, condt (et Ltem size,
S s & . - gy dbrec Aty st - e 0 sReshape ren_shope |
comst bool forword, const sheffle_order, Const 1Nt Count Jype® DOTLOR GO0 = DOTLOR') ~»auToDLe CPu datol )
/7 Gara_shape 15 expected t0 e the shage (count, M) of the blod ,’;‘. teo dts o o [8) ->emncble_cp govo): ’
/7 G0 1n Dottom dato o Lop doto b ~ - . ——— v

ramespoce coffe {

for (it E o ® L < il CoNST 1Nt® st fle_order = shuffle_order.. g dotol );
"-":‘ :.;w- - - ';) < hemateg; 693 bool forword e true;
WO GOLe 1 1ten s1zer) | = DOTTOR AOtO 1 LLen _sizevshuffle order 1) 13 Swuffle botu- data, top doto, batch ites size, , forword, shuffle order,
) else | .
bottom dete L *1ten sizesshuf e order 1] = top doto/1®1ten sizes)); top(0 'm Orlg.shape )

pottom B -»Reshape orig.shape );

template <typirdme Dty
vold Shuffleloyertypes: iBockmerd cpuiconst vector< lobaitype®>l top,

tenplote <typerame ITypes CONEt VeCtoraool sl propogete down, Conet weCtordllobelnypes®sl bottom) |
vold Pufflelayereddeypes: ILayerSeslpl Condt wCtordl lobeltypes®sl botton, CoNst Nt count = COp[0)-seumi);
COnst wectordilobtyrm®d t20) wictorelns orig thige = bottom @ ashape |,
/7 (nck thare (s only one bottom Layer VECTONSLNTS Mew_shope; NEw_ShGpe. Push_BOCk Count ) | New_shepe . pueh_bock betch_iten size.);
OROCEQ bottom, stzel ), 1); Bottom @] >Reshope new_shepe |
A7 TOOO! eavend functionality 0 » 2.0 Blobs, bt for now only 20 morks top( ) -»Reshepe new_shope ) ;
77 OOt potton(0) -»snaped ). s1ze(), 2); Dtype® bottom duta = bottom @) seutable cpu datol )}
Dtype® top doto = P[0 -mtedleccpudoto )]
st fle_seed. = rond ; CONEE \nt® Nl fle order = SAuffle order .o aatol );
/7 calovlene coumt of e0Kh (tem In Datch
botchitensize. « bottom @) -»oount ], bottom @) -»ConontcolAxisindex -1)); bool forward = false]
Swifle botton dote, topdets, botchoites size., forword, shuffle_order,
vectoraint> shyffle order; ot |
/7 Woke © vector of ordered Lnds bottom @ -»>Reshope origushepe |
'c-' 1INt e Lebotrom @ -ashope l); tee) shuffle_order push bocw L] e (0] sReshape 0rig shage |
/ Warserew taister Inltialized with inget seed )
-'-:--‘m" ge Pt fle seed. ) ]
sidhuf e shuffle_order. Booln » Shuffle_order . end |, gen); i fgef CPU_DNLY
S8 _GPUShuffletayer);
/7 copry rendomized shuffle order 0 Layer sister varioble shuffle order [ akd

W fle onder, Reshope shuffle order sleel ), 1, 1, 1);

TOTANTIATELCLASS 3w fflelayes);
for (1t 1 = 95 1 < shu*fle_order. 5120l Lo REGISTEN_LAYER _CLASS Sruffle);
Nﬂo order, macble ou 0040 ) shuffle order 0ffset )] = shuffle order i}

)} /7 romespole effe

comp150dl| 9




Gradients for vectorized code (%..z are now This is now the
vectors) Jacobian matrix

T (derivative of each
element of z w.r.t. each

element of x)
% “local gradient”
X 9
NI
= 6‘2, v
>
aL
v 0z
% gradients

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| @m 57



Vectorized operations

4096-d 1 f(x) = max(0,x)
Input vector > (elementwise) :

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150dl! (_Q'I'ufts

4096-d
output vector
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Vectorized operations

4096-d
input vector

Q: what is the
size of the

VY VVV YV

Jacobian matrix?

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

VVVYVYYVYY

* Original slides borrowed from Andrej Karpathy

and Li Fei-Fei, Stanford cs231n

comp150dl! {(.Q'I’ufts

oL
of

Jacobian matrix

dL __ |9f
or |0z
4096-d

output vector

59



Vectorized operations — =

oL _|9f)|oL

o — |oz|of

4096-d
input vector

VY VVYV YV

Q: what is the
size of the

Jacobian matrix?

Jacobian matrix

f(x) = max(0,x) ;4096
(elementwise) - output vector

Q2: what does it
look like?

[4096 x 4096!]

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150dl! (_Q'I'ufts
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Vectorized operations

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

100 4096-d 7 f(x) = max(0,x) < 100 4096-d
input vectors E (elementwise) : output vectors

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

* Original slides borrowed from Andrej Karpathy 61
and Li Fei-Fei, Stanford cs231n comp150d| f_:}TuftS



Assignment: Writing SVM/Softmax
Stage your forward/backward computation!

E.g. for the SVM:

scores = #, ..
margins = #, ..
data loss = #...
req loss = #...
loss = data loss + reg loss

# backward pass (we have 5 lines)
dmargins = # ... (optionally, we go direct
dscores = #. ..

dw = #. ..

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

R(W)

to dscores)

comp150d| @'rufts
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Summary so far

- neural nets will be very large: no hope of writing 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().

- 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.

* Original slides borrowed from Andrej Karpathy A
and Li Fei-Fei, Stanford cs231n comp150d <-VTufts
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Neural Network so far:

(Before) Linear score function:

* Original slides borrowed from Andrej Karpathy n
and Li Fei-Fei, Stanford cs231n comp150d C."Iilfts
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Neural Network so far:

(Before) Linear score function: f = Wz

(Now) 2-layer Neural Network [= Ws maX(O, WlfU)

* Original slides borrowed from Andrej Karpathy n 65
and Li Fei-Fei, Stanford cs231n comp150d C."Iilfts



Neural Network so far:

(Before) Linear score function: f = Wz

(Now) 2-layer Neural Network f = W, max(O, chc)

X Wi h | w2 |s

3072 100 10

* Original slides borrowed from Andrej Karpathy 66
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Neural Netwark sn far:

(Before) Linear score function: f=Wzx

(Now) 2-layer Neural Network f = Wy max(O, WliB)

X Wi h | w2 |s

3072 100 10

* Original slides borrowed from Andrej Karpathy 67
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* Origi
and Li

Neural Network so far:

(Before) Linear score function: f = Wz

(Now) 2-layer Neural Network f = Wy max(O, chc)
or 3-layer Neural Network

f = W3 max(0, W2 max(0, Wiz))

nal slides borrowed from Andrej Karpathy 68
Fei-Fei, Stanford cs231n comp150d Q}Mts



Full implementation of training a 2-layer Neural Network needs ~11 lines:

01l.
02
03.
04.
05.
06.
07.
08.
09.
141 -
1 g

X - np'arraY([ (o,o0,1),(0,1,1)}),I(1,0,1}),(1,1,1] 1]) <O @ (%)
y = np.array([([0,1,1,0]]).T

syn0 = 2*np.random.random((3,4)) - 1

synl = 2*np.random.random((4,1)) - 1

for j in xrange (60000):
11 = 1/(l+np.exp(-(np.dot (X,syn0))))
12 = 1/(l+np.exp(-(np.dot (1l1,synl))))

Forward pass

Londeiicanm (V=R l2) e G2 T2 ) )
- Backward
ll delta = 12 delta.dot(synl.T) * (11 * (1-11)) pass
synl += .T.dot _delta
syn0 += X.T.dot(ll delta) g?gzrr)i?aaive

from @iamtrask, http://iamtrask.github.io/2015/07/12/basic-python-network/

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| gmfts 69
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Assignment: Writing 2layer Net
Stage your forward/backward computation!

# receive W1,W2,bl,b2 (weights/biases), X (data)

# forward pass:

hl = #... function of X,W1,bl

scores = #... function of hl,W2,b2

loss = #... (several lines of code to evaluate Softmax loss)
# backward pass:

dscores = #...

dhl,dw2,db2 = #...

dwl,dbl = #...

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d @mfts
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impulses carried

toward cell body
branches
of axon

dendrites

axon
terminals

impulses carried

away from cell body
cell body

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al gm
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impulses carried
toward cell body

branches
of axon

terminals

impulses carried

away from cell body wo

*® synapse
axon from a neuron ™
. WoTo

dendrite \ .

cell body

f (2 wiz; + b)

output axon

activation
function

w1

Wol2

* Original slides borrowed from Andrej Karpathy
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impulses carried

toward cell body
branches

of axon

dendrites

terminals

impulses carried

away from cell body wo

*@® synapse
axon from a neuron
~WoIo

10 e e—
f (Z w;z; + b)
08 'W1$1 §
06 sigmoid activation output axon
odt function fucr:'cvl?;fn
W2T2
1
- : . l+e™™
~10 -5 5 10
* Original slides borrowed from Andrej Karpathy
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impulses carried
toward cell body

branches
of axon

terminals

impulses carried

away from cell body wo

*® synapse
axon from a neuron ™
\ WoZo

dendrite \

cell body

f (Z w;z; + b)

output axon

activation
function

w1

class Neuron:
AN
def neuron_tick(inputs):
“** assume inputs and weights are 1-D numpy arrays and bias is a number
cell body sum = np.sum(inputs * sclf.weights) + scl’.bias
firing rate = 1.0 / (1.0 + math.exp(-cell _body sum)) # sigmoid activation function
return firing rate

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150dl em 7



Be very careful with your Brain analogies: AlAsinds
“ ¢ A I DETECTION

Biological Neurons:

- Many different types

- Dendrites can perform complex non-
linear computations LOWPASS FILTER,

- Synapses are not a single weight but oo
a complex non-linear dynamical
system

- Rate code may not be adequate

SEGREGATION,
AMPLIFICATION

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d gmﬁs 76



Activation Functions Leaky ReLU
max(0.1x, x)

Sigmoid
olz)=1/(14+e7") __/

Maxout max(w'{'a; o+ bl,wg‘x + by)
ELU f(z) = {"' if r 0

alexplz)~1) fr<0

tanh tanh(x)

ReLU max(0,x) -

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d (_%rrllfts "



Neural Networks: Architectures

output layer
input layer
hidden layer

W

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

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150d| @'rufts

NN\

2\
A‘

g‘z’:‘:’\ &
[ =

\ output layer
input layer

hidden layer 1 hidden layer 2

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

“Fully-connected” layers
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Example Feed-forward computation of a Neural Network

class Neuron:

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

We can efficiently evaluate an entire layer of neurons.

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150dl (_Q'I‘ufts
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Example Feed-forward computation of a Neural Network

input layer
hidden layer 1 hidden layer 2

2 g™ . - o . f . ) ] asre ”y : - . L«
Torwarag-pass ol a >-Laver eura network.

f = lambda x: 1.0/(1.0 + np.exp(-x)) # activation fur
X = np.random.randn(3, 1) # random input vector of three nu
hl = f(np.dot(Wl, x) + bl) # calculate first hidden layer .

Z A\.’.{ftz\

)'( 2’20?< .
S "‘\‘./
SOANG

output layer

h2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x]

out = np.dot(W3, h2) + b3 # output neuron (1x1)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150d| g'lhfts
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Setting the number of layers and their sizes

3 hidden neurons 6 hidden neurons 20 hidden neurons

T

more neurons = more capacity

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n compisodl €3 Tufts 81



Do not use size of neural network as a regularizer. Use stronger regularization instead:

A =0.001 A=0.01 A=0.1

(you can play with this demo over at ConvNetJS: http://cs.stanford.edu/people/
karpathy/convnetjs/demo/classify2d.html)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n compisodl €3 Tufts 82
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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

- neural networks: bigger = better (but might have to
regularize more strongly)

* Original slides borrowed from Andrej Karpathy h
and Li Fei-Fei, Stanford cs231n compisodl £3Tufts 83
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Li

Next Lecture:

More than you ever wanted to know
about Neural Networks and how to

train them.

nal slides borrowed from Andrej Karpathy <«
Fei-Fei, Stanford cs231n comp150d| ¢_VTufts
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