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Where we are...
— f(ma W) =Wz scores function

Lz' = Zy#y max(O, §j — Sy, -+ ].) SVM loss

_ 2 data loss + regularization
_ Zz 1 L + Zk W

Compute gradients and steps to progressively improve the
model via SGD and its variants.

l.e.want |7y, [
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Optimization

while True:
weights grad = evaluate gradient(loss fun, data, weights)

weights += - step size * weights grad # perform parameter update

'~5,\\\\\\\\ e
N\

Ny — SGD
{ == Momentum
== NAG

- Adagrad
Adadelta
Rmsprop

TrrrTrrrTr

(image credits
to Alec Radford)
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Gradient Descent W
df(z) g f(z+h) — f(=)
= 11m
dz 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
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Computational Graph

f=Wa| =), max(0,s;-s, +1)

X
\ @ s (scores)
> —»?4» L
W /
(R

R(W)
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Convolutional Network Pz <
(AlexNet) i

input image

loss
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Differentiating a Computation Graph ¢ s

X -2

f(CU,y,Z) = (33+y)z
eg.x=-2,y=5,z2=-4

r
()
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Chain rule

We can write
f(x,y,z) = g(h(x,y),2)
Where h(x,y) =x+y,and g(a,b) =a *b

, d dg dh d dg dh
By the chain rule, 4 _ dgdh and af _ dgdh
dx dh dx dy dh dy
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leferentlatmg a Computation Graph ¢ e

Want:

of of 9
' By 0z
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Differentiating a Computation Graph

fz,y,2) = (z +y)2

eg.x=-2,y=5,2=-4
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Want: 8f 3f 8f
’3y’8z
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Differentiating a Computation Graph

f(z,y,2) = (z +y)2
eg.x=-2,y=52=-4

Want: (9f 8f 8f
’0y’3z
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Differentiating a Computation Graph ¢ i

f(z,9,2) = (z +y)2
eg.x=-2,y=5,2=-4

M _

q=T+7Y o By

of of
f=¢ 0 a1 of

Want: 3f (9f 0f
or’ oy’ 0z
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Differentiating a Computation Graph ¢ s
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f(z,y,2) = (z +y)z 2

eg.x=-2,y=5,2=-4 AL
y 9
0

f:::qz EE — ::q

Want: 0f 8f 8f

or’ oy’ 0z
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Differentiating a Computation Graph ¢

f(mayaz) = ($+y)z
eg.x=-2,y=5,z2=-4

0f of

=z =45 =

Want: af 5f af

oz’ Oy’ 0z
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Differentiating a Computation Graph ¢

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

0 0

of of
f=a 3 =45 =4

of of f

Oz’ oy’ 0z

Want:
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Differentiating a Computation Graph ¢ i
fle.y,2) = (@ +y)2

¥7-7 DARMSTADT
eg.x=-2,y=5,2=-4

Want: 8f (9f af
or’ oy’ 0z
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eg.x=-2,y=5,z2=-4

0q

q=x+y %q_ ,@ =1

of Bf
f: 4~ a_q %) 0z —4 Chain rule: of

of _ 0f o &
Want: ggg 3y_6q5y—
Or’ Oy’ 0z
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Differentiating a Computation Graph ¢ &

f(z,y,2) = (z +y)2

eg.x=-2,y=5,2=-4

0 0

of of
f=¢¢ 3 =434

Want: 2L O O

oz Oy’ 0z
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Differentiating a Computation Graph ¢
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f(2,y,2) = (z +y)z
eg.x=-2,y=52=-4
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“local gradient”
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Activations

)

“local gradient”

oL
0z

gradients
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Activations @ s
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)

“local gradient”

0oL
0z

gradients
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Activations

“local gradient”

oL
0z

gradients
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Activations @ s
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“local gradient”

0oL
0z

gradients
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Another backprop example:
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w0 2.00
1
200 f (w’w) - 1 + e~ (wozotwyz +uwy)

wl -3.0C

w2 -3.00
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Another backprop example: @ renmscre
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(Z\r

w0 2.00

1

1 L —(wpzg+wy 2y +ws)

flw,z) =

w1 -3.00

G

w2 -3.00
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Another backprop example:

w0 2.00 1

flw,z) =

— 1+ e~ (Wozotwi+wp)
XU -1.UU

w1l -3.00
x1 -2.00 @ 1.00 @ 0. @ 37 @ ]\
w2 -3.00
fpt 7 iz fla)=2 k =1z
d
o) = & %:“ fz)=c+z - %:1
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Another backprop example:

w0 2.00 1

flw,z) =

1+ e—('woroJr'wlfvlJr'w?)
x0 -1.00

(557)(1.00) = -0.53

wl -3.00
sl 00 @ 1.00 @ 03 @ ﬁ @ 7\
w2 -3.00
.z df 3 1 df 2
flz)=e - - fla)=~ - =1/
d
f.l2)=az - %za f(z)=c+z - %:1

¢ 29
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Another backprop example:

w0 2.00

x0 -1.00

w1l -3.00

flw,z) =

1

1 + e~ (wozotwyz +up)

7
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e 00 @ 1.00 @ 0.37 @ ; Ux ?
w2 -3.00
.z df 3 1 df 2
f(m)—e - E—e f(.’;[,'):5 %:—l/m
d d
Mo=a o T || pe=cre -1
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Another backprop example: @ e
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w0 2.00 ]_

f(w’w) = 1 L e—(uv0x0+'u'11?1+‘w2)

(1)(-0.53) = —0.53

wi
w2 -3.00
df 1 df
z)=¢e" — — =" ) L AP 2
f(a) - flo)=~ - - =-1/a
df df

f.l2)=az - & fz)=c+z - E:I
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Another backprop example: @ renmscre

% 7 DARMSTADT

w0 2.00 1
\now  fwa)=

1_+_ e—(wo:cg+'w1x1+'w?)
x0 -1.00

w1 -3.00
5 g 00 @ 11.00 @ 1 }:E; g q‘ @ ?
w2 -3.00
df 1 df
z)=¢e" — — =" ) L AP 2
f(z) - flo) =~ - - =-1/a
df df
f.l2)=az - E:a [(z)=cte — E:I
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Another backprop example:

w0 2.00 1

flw,z) =

1 e~ (wozo+wiz1+uwy)

(e71)(~0.53) = —0.20

X0 -1.00

w1l -3.00

1.00 -1.0 1.3/
0 e\ ]100 £ N 037 37 (1) 073
\]J 0.20 \e@ 0.53 e 0.53 X 1.00

X1 200

G

w2 -3.00

flz)=¢" = g: e’ fmi= % - % = -1/z°
f.l2)=az — %za flg)=cta = %:1
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Another backprop example:

w0 2.00

flw,z) =

w1l -3.00

1

1 + e—(woxg+w1w1+'w2)

x1 200

exp

w2 -3.00

2 (@S]

b ~J

(98} &
N [
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Another backprop example:

w0 2.00

w1l -3.00

flw,z) =

(-1) * (-0.20) = 0.20

1

1 4 e—(wg.’c0+w1m1+w2)

x1 -2.00 ll_l @ 1 J[ o l%— @ —“ @ n
w2 -3.00
.z df 3 1 df 2
f(x)—e — E € f(:L'):E %:—l/m
d
()= a0 R Do | r@=crs 4 4 i
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Another backprop example: - N

% 7 DARMSTADT

w0 2.00 1

f(w’x) - 1 + o~ (wozo+wizy+uy)

4.00
i df _ 1 df :
flz)=e - - fla)=~ - =1/
d
fa(:r):aw — é:a fc(w)zc+x -3 %:1
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w0 2.00 "
‘ 5 f(w?x) s 1 + e_('woxo-J_-uvlwl-{-ut?)

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

1.00 1.00 0.37 1.37 073
0.20 @ 0.20 @ 0.53 @ 053 @ 1.00
v
df 1 df
z)=¢e" — — =" ) L AP 2
f(a) - flo)=~ - - =-1/a
df df

f.l2)=az - & fz)=c+z - E:I
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Another backprop example: £ nin

w0 2.00
w, )=
! 1 e—(IL'QI0+'lL'1I1+'lL’2)

100 A\ 100 /2N 037 /\ 137 N 05
0.20 \]J 0.20 \69 0.53 LH/ 053 @
df 1 df
) =" - 2 —¢f . O _ 42
f(@ - flz) == - =1z
df df

f.l2)=az - E:a [(z)=cte — E:I
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1

1 + e—('wowo+‘w111+‘w2)

flw,z) =

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

D AN G B AN W R

_ .z df _ . 1 df )
flz)=e - - fla)=~ - =1/
df df
f.l2)=az - E—a flz)=ct+z 7 %—1
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1 1

et sigmoid function
1 + e—(u'01‘0+u'11'1+wz) 0'(33) 8

flw,z) =

do(z) e 1+e?-1 1

iz (1472 “\ 1te? 1+e2/ "~ (1-o(z))o(z)

sigmoid gate

100 /A7) -«tw:z/e;p\ 037137 073
020\ 020 O/ 05 \__/J 053 \ | 100
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1 1

1+ e—(u'0$0+w1$1+u'2)

flw,z) =

do(z) g 1+e®-1 1

& (ref \ 1rer ) \Tgex)~ U700

sigmoid gate

100 ] G100 AN 037 A 187 4 M.078
020 [\ 020 " om L e, Y Tm

(0.73) * (1-0.73)=0.2
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Patterns in backward flow

add gate: gradient distributor
max gate: gradient router
mul gate: gradient... “switcher”?

x 3.00
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Gradients add at branches
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Implementation: forward/backward API

01 Graph (or Net) object. (Rough psuedo code)
class ComputationalGraph(object):

. def forward(inputs):
# 1. [pass inputs to input gates...]
# 2. forward the computational graph:
for gate in self.graph.nodes topologically sorted():
gate.forward()
return loss # the final gate in the graph outputs the loss
def backward():
for gate in reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backprop (chain rule applied)

return inputs gradients

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning @
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Implementation: forward/backward API

al2l
C AW

AT
A"

(x,y,z are scalars)

tiplyGate(object):
forward(x,y):
Z = X*y

bur 7
backward(dz) :

# dx = ... #todo

# dy = ... #todo
return [dx, dy]
v\

oL
oz

oL
0z
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Implementation: forward/backward API

class MultiplyGate(object):
X def forward(x,y):
Z = X%y
self.x = x # must keep these around!
self.y =y
recurn z
def backward(dz):
dx = self.y * dz # [dz/dx * dL/dz]
dy = self.x * dz # [dz/dy * dL/dz]
return [dx, dy]

(x,y,z are scalars)

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning %
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Why is it back-propagation?i.e. why go backwards?

inputs x

Ty outputsy
—> —>
—> —>
— —>
—> —>

reverse-mode differentiation (if you want effect of many things on one thing)
<

@ for many different x
ox

>
forward-mode differentiation (if you want effect of one thing on many things)

@ for many different y
oz
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Why is it back-propagation?i.e. why go backwards?

inputs x

Ty outputsy
—> —>
—> —>
— —>
—> —>

reverse-mode differentiation (if you want effect of many things on one thing)
<

@ for many different x
ox

More common simply because many nets have a scalar loss function as output.
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Example: Torch Layers
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Example: Torch Layers

e ehe m Yy w

0w

el = | (ST T S S ep——-a— =
- -
.
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local MulConstant, parent = torch.class('nn.MulConstant', 'nn.Module')

function MulConstant: init(constant_scalar,ip)
parent.__init(self)

assert(type(constant_scalar) == 'number', 'input is not scalar!')

self.constant_scalar = constant_scalar

elf.inplace = ip or false
if (ip and type(ip) ~= 'boolean’) then
error('in-place flag must be boolean')
end

end

function MulConstant:updateQutput(input)

if self.inplace then

input:mul(self.constant_scalar)
217, output = input

else
self,output:resizeAs(input)
self,output:copy(input)
self,output:mul(self.constant_scalar)

end

return self.output

end

V\

function MulConstant:updateGradInput(input, gradOutput)
if self.gradInput then
if self.inplace then
gradOutput :mul(self.constant_scalar)
self.gradInput = gradOutput

input :div(self.constant_scalar)

else
self.gradInput:resizeAs(gradOutput)
21f . gradInput:copy(gradOutput)

1f,gradInput:mul(self.constant_scalar)
end
return self.gradInput
end
end

-

initialization

forward()

backward()

Example: Torch MulConstant

\fX:aX

N
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#include <cmath>
#include <vector>

#include "caffe/layers/sigmoid_layer.hpp"

template <typename Dtype>
inline Dtype sigmoid(Dtype x) {
return 1. / (1. + exp(-x));

template <typename Dtype>
void SigmoidLayer<Dtype>::Forward_cpu(const vector<Blob<Dtype>*>& bottom,
const vector<Blob<Dtype>*>& top) {
const Dtype* bottom_data = bottom[®]->cpu_data();
Dtype* top_data = top[0@]->mutable_cpu_data();
const int count = bottom[0]->count();

for (int 1 = 6; 1 < count; ++) { /
top_data[i] = sigmoid(bottom_data[i]);

template <typename Dtype>
void SigmoidLayer<Dtype>::Backward_cpu(const vector<Blob<Dtype>*>& top,
const vector<bool>& propagate_down,
const vector<Blob<Dtype>*>& bottom) {
if (propagate_down[€]) {
const Dtype* top_data = top[8]->cpu_data();
const Dtype* top_diff = top[@]->cpu_diff();
Dtype* bottom diff = bottom[@]->mutable_cpu_dif
const int count = bottom[8]->count();
for (int 1 = 6; 1 < count; +#1) {
const Dtype sigmoid_x = top_data[i];
bottom_diff[i] = top_diff[i] * sigmoid x * (1. -
}
}

()

sigmoid_x); A/

#ifdef CPU_ONLY
STUB_GPU(SigmoidLayer);

#endif

INSTANTIATE_CLASS(SigmoidLayer);

Caffe Sigmoid Layer

1ot
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*top_diff (chain rule)
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Gradients for vector data £

This is now the Jacobian matrix
7| (%yzarenow vectors) (derivative of each element of z w.r.t.
each element of x)

N 9
X o
PN &
2 f .
<
oL
“local gradient” Oz

gradients
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Vectorized operations

—» >
4096-d —> R 4096-d
. —» f(x) = max(0,x) —»
Input vector —p _ e output vector
—» (elementwise) | —»
—» R

i,
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Vectorized operations

oL _ |9f
or |0z

Jacobian matrix

—» >
4096-d —> R 4096-d
. —» f(x) = max(0,x) —»
Input vector —p _ e output vector
—» (elementwise) | —»
—» R

Q: what is the size
of the Jacobian
matrix?

P
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Vectorized operations

oL

4096-d —>
. —>» f(x) = max(0,x)
Input vector —»

—_»| (elementwise)

Q: what is the size
of the Jacobian
matrix?

ox

[4096 x 4096!]

_ |9

ox

&85 TECHNISCHE
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oL
of

Jacobian matrix

—> 4096-d
> output vector

Q2: what does it
look like?
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Vectorized operations

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

—» >
100 4096-d —> R 100 4096-d
. —» f(x) = max(0,x) ——»
Input vectors —»p _ e output vectors
—» (elementwise) —»
—p R

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

Why don’t we compute it that way?

P
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And yes, since these are just computations, g rocs
we can also implement SVMs

w‘\f DARMSTADT
.;F’

E.g. for the SVM:

\ WIE L; = Z#yi max(O, 8j — Sy, T 1)

# receive W (weights),

# forward pass (we ha#e 8A1nes)

s (scores)

>“v e } > +/1 » L

scores = #... &

margins = #... w |/ -

data loss = #. .. L

reg_loss = #...

loss = data loss + reg loss

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

dw = #..

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning %
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What have you learnt 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() 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.

P ok
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Real Neural Networks
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Neural Network: without the brain stuff

(Before) Linear score function: f — WZB

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




Neural Network: without the brain stuff

(Before) Linear score function: f — WQB
(Now) 2-layer Neural Network f = W2 maX(O, Wlx)
Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning @? % E&



Neural Network: without the brain stuff

(Before) Linear score function: f — WIB
(Now) 2-layer Neural Network f = W2 ma,x(O’ Wlx)
3072 100 10
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Neu raI Network° without the brain stuff

plane berd deer horse truck

(Before) Linear score function: f — W{B
(Now) 2-layer Neural Network f — W2 ma,x(o, Wlx)

3072 100 10
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Neural Network: without the brain stuff

(Before) Linear score function: f = W{B

(Now) 2-layer Neural Network f = W2 max(o, ngj)

or 3-layer Neural Network

f — W3 max(O, WQ max(O, Wla:))

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning




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

0l. | X = np.array([ [0,0,1],(0,1,1],(2,0,1],[1,1,1] ]) o 8 @
02. |y = np.array([[0,1,1,0]]).T

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

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

9. for 7 in xrange(60000):

06. 11 = 1/(1l+np.exp(-(np.dot (X,syn0))))

07. 12 = 1/(1l+np.exp (- (np.dot (11,synl))))

08. 12 delta = (y = 12)*%(12%(1-12))

09. 11 delta = 12 delta.dot(synl.T) * (11 * (1-11))
10. synl += 1]1.T.dot (12 delta)

11 syn0 += X.T.dot(ll delta)

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

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning g@‘
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Stage your forward/backward computation!

# receive W1,W2,b1,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 = #...

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning
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impulses carried
toward cell body

branches

dendrites

nucleus

impulses carried
away from cell body
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impulses carried
toward cell body

branches

dendrites of axon

nucleus terminals

impulses carried
away from cell body

£ wo
*@ synapse

axon from a neuron ™\
cell body WO
cell body f (Z i b)

w121 i
> w;x; + b >
zi: i f output axon

activation
W Ty function
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impulses carried
toward cell body

branches
of axon

dendrites

nucleus

impulses carried

away from cell body w

*@® synapse
axon from a neuron

. WoTo
cell body f (Z i+ b)

. . . . w11 i
sigmoid activation o Y wizi +b|f 5
. : output axon

function : W

activation
1 Wy To function
. l+e™™
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impulses carried

toward cell body
branches

dendrites of axon

nucleus

impulses carried

away from cell body W

*® synapse
axon from a neuron
Wy

cell body

f (Z w;T; + b)
Z w;x; +b |

class Neuron: =
output axon

i 4

def neuron_tick(inputs):

f

activation
""" assume inputs and weights are 1-D numpy arrays and bias is a number """ function
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
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Be very careful with your Brain analogies:

Biological Neurons: yLo0ICAL N
B 2y e , COINCIDENCE
_ . | oW’  DETECTION
Many different types B 5
- Dendrites can perform complex non-linear 1{, N

computations © CAND-NOTd)
- Synapses are not a single weight but a
complex non-linear dynamical system LOWPASS FILTER,

ATTENUATION

- Rate code may not be adequate

SEGREGATION,
AMPLIFICATION

[Dendritic Computation. London and Hausser]
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Activation Functions

Sigmoid

o(z) =1/(1+e™)

tanh tanh(x)

RelU max(0,x)

-
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Leaky ReLU
max(0.1x, x) T S

Maxout max(wfm + by, wgz +by)

ELU i {1 ifz >0
=10 (exp(z)-1) ifz <0
r) /

=RelU /
~SRelLU /
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output layer
input layer
hidden layer

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

input layer

hidden layer 1  hidden layer 2

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

“Fully-connected” layers

Binnig, Furnkranz, Gurevych, Kersting, Peters, Roth — Deep Learning

« \%ﬁ!ﬁ’



Example Feed-forward @
computation of a Neural Network

“ F

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

mnun

We can efficiently evaluate an entire layer of neurons.
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Example Feed-forward @ oo
computation of a Neural Network

SIS
&N ‘ LR ’
V"‘V
<\ ‘ /2N
input layer

hidden layer 1 hidden layer 2

output layer

f = lambda x: 1.0/(1.0 + np.exp(-x)) # act
X = np.random.randn(3, 1) ¢ Input
hl = f(np.dot(Wl, x) + bl) #

h2 = f(np.dot(W2, hl) + b2) ¢

out = np.dot(W3, h2) + b3 #
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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
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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)
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What have you learnt?

e 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)

| gy, ©
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More than you ever wanted to
know about Neural Networks and
how to train them.

//““ =,
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