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(2) Learning = Looking for a Function

© Speech Recognition (| - | )= “fREF"
@® Handwritten Recognition  f( 24 )= «2”
@® Weather forecast f( Thursday )= ¢ Saturday”

@® Play video games
Y J f( )= “move left”




© Machine Learning Framework

X “It claims too much.”
function input

y: - (negative) Model: Hypothesis Function Set
function output f, £,

v

Training Data _, Training: Pick the best function f *

{00 9 060 92),--.
“Best” Function f l
Testing Data

{(x,2),...}

Training is to pick the best function given the observed data
Testing is to predict the label using the learned function

—> Testing: f*(x')=y =——>Yy =+



=

Training &
Resources

Q How to Train a Model?
SR EFRME2MINEE—EREREL ?




©® Machine Learning Framework

X “It claims too much.”
function input

y: - (negative)
function output

Training Data

(06,90, 95,

Testing Data

{(x,2),...}

4 N
Model: Hypothesis Function Set
f,f, -
—> Training: Pick the best function f *
\ | J

“Best” Function f 1

—> Testing: f*(x')=y =——>Yy

Training
Procedure

Training is to pick the best function given the observed data

Testing is to predict the label using the learned function



©® Training Procedure

Model: Hypothesis Function Set
f, -

1

Training: Pick the best function f*
“Best” Function T l
® Q1. What is the model? (function hypothesis set)

® Q2. What does a “good” function mean?
@® Q3. How do we pick the “best” function?



ﬂ Training Procedure Outline

(@ Model Architecture
A Single Layer of Neurons (Perceptron)
Limitation of Perceptron
Neural Network Model (Multi-Layer Perceptron)

@ Loss Function Design
Function = Model Parameters
Model Parameter Measurement

3 Optimization
Gradient Descent
Stochastic Gradient Descent (SGD)
Mini-Batch SGD
Practical Tips



What i1s the Model?
TEEEREE ?



@ Training Procedure Outline

(D Model Architecture

A Single Layer of Neurons (Perceptron)
Limitation of Perceptron
Neural Network Model (Multi-Layer Perceptron)

@

©)



@ Classification Task

® Sentiment Analysis o
"EIREAME!" —> + . .
Binary Classification
TR~ — - Y

input Class A (yes)
@® Speech Phoneme Recognition object

4 ) Class B (no)
W —m
@® Handwritten Recognition —> Multi-class Classification
| Class A
9 3‘] — 2 ) [ input

Class C




@ Target Function

@® Classification Task

f(x)=y s f:R" > R"

X: input object to be classified - a N-dim vector
y: class/label - a M-dim vector



@ Vector Representation Example

@® Handwriting Digit Classification f-RN 5 RM

X: iImage y: class/label

| Each pixel corresponds to 10 dimensions for digit recognition
- | an element in the vector

1: for ink

0: otherwise “2°=»"“2” or not

“3!’»“3” Or not

“2”
“3”

1 2

| R

11“1” (0] “1"=»“1" or not
0 1

0 0

16 x 16 = 256 dimensions




@ Vector Representation Example

@® Sentiment Analysis f:RY >R
X: word y: class/label
“love” Each element in the 3 dimensions
vector corresponds to a (positive, negative, neutral)

word in the vocabulary

Gk N

“+”

1: indicates the word
0: otherwise

“+” »“+” Or not

“ [T} ]

_ _ _ -7 =»“" or not
dimensions = size of vocab

“or =p“?” or not

H
|
O O R+
O P O e




@ Target Function

@® Classification Task

f(x)=y s f:R" > R"

X: input object to be classified - a N-dim vector
y: class/label - a M-dim vector



@ Training Procedure Outline

(@ Model Architecture
A Single Layer of Neurons (Perceptron)

@



@ A Single Neuron

W.
X Activation
W function
X2 2
+ <. ‘— y
A
X ‘ 1
. s ol)=—+
1+e

bias Sigmoid function




@ A Single Neuron

W.
X Activation
function
X Wz
2 Vi
o —»‘— y
W
X 1
& b O-(Z) — -7
1+e
1 bias

Sigmoid function




@ why Bias?

o
vy L
0.5

bias D 4




Model Parameters of A Single Neuron




@ A Single Neuron

f:RY >RV
X, W,
X 2
G
XN {is 2" y>0.5
b I
1 bias not"2" y<0.5




@ A Layer of Neurons

@® Handwriting digit classification f :R" — R"

1 :
) 10 rrneurrons(lo ;;Iass'es )

AEVEER
= Y

“1” or not

> Y,

“2” or not

> Y,

“3” or not

e/

= \Which one is max?

A layer of neurons can handle multiple possible output,

and the result depends on the max one



@ Training Procedure Outline

(D Model Architecture

Limitation of Perceptron

@

©)



@ A Layer of Neurons — Perceptron

@® Output units all operate separately —

no shared weights

Perceptron output /; ;,/,/
o /; / //; iz
' iz
0.8 1 7z
i
ol i
02 - 2 R
0 < . a2
Y ) -5 0 x,
% 2 4 T4



@ Expression of Perceptron

X, W
W Z yes y > 0 (threshold)
X, b i—y— Y {no y < 0

1 y = o(wix] + woxo + b)




@ How to Implement XOR?

é
| >
>

A+B
AB’ + A’'B
A +B
-

A xorB=AB + A'B

k|, OO0
R Ok, O

Ok |k | O
w

Multiple operations can produce more complicate output




@ Training Procedure Outline

(D Model Architecture

Neural Network Model (Multi-Layer Perceptron)

@

©)



€@ Neural Networks — Multi-Layer Perceptron

> a

\ 2




€@ Expression of Multi-Layer Perceptron

@® Continuous function w/ 2 layers @® Continuous function w/ 3 layers
hw(xla xz) ,/’;r h\\'(xl’ xl)
1 ///’/’//’r 1
M,
0.8 7 0.8
i
06 //// //////////////Z////;;///;////, 06
/ 7
7 /
0.3 / ”/:://////,:/’// -4 0.2

@® Combine two opposite-facing ® Combine two perpendicular ridges to
threshold functions to make a ridge make a bump

Add bumps of various sizes and
locations to fit any surface

| multiple layers enhance the model expression
- = the model can approximate more complex functions

http://aima.eecs.berkeley.edu/slides-pdf/chapter20b.pdf



@ Deep Neural Networks (DNN)

@® Fully connected feedforward network f:RY > RV

Input Layer 1 Layer2 LayerL Output

X; — Y,

vector X2§% % y vec}:/tor
—l 2
- — Yu



€ Notation Definition

Layer |
N, nodes

Output of a neuron:
|///»1ayerl

I\\\*neunnwi




€@ Notation Definition

layer | -1
to layer |
. 1 — wt Y
g & t) . from neuron j (layer I-1)
2 2 — to neuron i (layer 1)
I
a, d, <—Nl_1_,
_’win ’U)jlg e
J a|_1 I | —I> Wl — |wh, wh Nl
Y c! :
Layer] =1 Layerl weights between two layers

N, ,nodes N, nodes - a matrix



€ Notation Definition

1 . 1 — b' : bias for neuron i at layer |
& &
2 ot 2 ? . ]
. 2 2
, [ /
',- o= |
i — .
= ch |-
Layerl -1 Layer| bias of all neurons at each layer

N,_,nodes N, nodes = avector



€ Notation Definition

zﬁ . input of the activation function

for neuron i at layer |

[ [ -1 [ 1—1 [
N1
[ __ [ 1—1 [
D — 2, = E Wi+ b,
a; j=1
] l activation function input at
Layerl —1 Layer | =% “each layer - a vector
N, ;nodes N, nodes | i




€@ Notation Summary

I
ai - output of a neuron

a' : output vector of a layer

Zil . input of activation function

ZI . iInput vector of activation function
for a layer

[ .

Wt

a weight

a weight matrix

:a bias

. a bias vector



€@ Layer Output Relation

Layerl -1 Layer |
N, ,nodes N, nodes



€@ Layer Output Relation — from ato z

z{ = whall_l + wbaé_l +--F bll
o1 1—1, 1 1—1 l
[ 1] -1 [

4 l l a b

| E1 w}1 w%Q 1E E1

J i [~ [War Wa =1 ]y

-1 I 2 a b;

2 i aiI sZ ' h Zs sZ

. aI—1 ZI . :al -7 ' - -

Layerl -1 Layer | N I -1 il
N, , nodes N, nodes z =W'a +0



€) Layer Output Relation —from zto a

Layerl -1 Layer | o o
N, ;nodes N, nodes a IO'(Z )



€@ Layer Output Relation

Layerl -1 Layer |
N, ,nodes N, nodes



@ Neural Network Formulation

@® Fully connected feedforward network  f :R" — R"

Input Layer 1 Layer 2 Layer L Output
whael W2y wh bl

X1 . —_— y1
vector vector
X _— Y2 y
XN - —_— yM
T al a2 aL

1 1 1
oWl +0Y oW +07) o(Whadl= 1405 =y



@ Neural Network Formulation

@® Fully connected feedforward network  f :R" — R"

Input Layer 1 Layer 2 Layer L Output
whael W2y wh bl

X, - — Y
vector - vector
X — Y, y
XN — Yum
T al a2 aL



@ Activation Function o

bounded
function

BActivation function Equation FE]E 1D Graph
Unit step 0, z<0 Perceptron I
(Heaviside) #z)=405 z=0 variant S
1, z> 0,
Sign (Signum) -1, z<0, Perceptron S
#z)=40 z=0, variant — "
1, >0 -
Linear Adaline, linear
Mz) =z regression
Piece-wise linear 1, zz 1 Support vector
$(z)=1z+ %, -3 <z<j, mMachine
0, < -1,
Logistic [sigmoid] Logistic
iz = ] +| — regression,
‘ Multi-layer NN
Hyperbolic tangent #) e —e" Multi-layer NN 1 :
=
Lk




@® Activation Function o

BActivation function Equation

FE]E

1D Graph

L

Unit step 0, z<0 Perceptron
(Heaviside) #z)=405 z=0 variant S
1, z> 0,
Sign (Signum) -1, z<0, Perceptron S
fzy=490, z=0, variant — "
1, >0 -
Linear Adaline, linear
Mz) =z regression
Piece-wise linear 1, zz 1 Support vector
$(z)=1z+ %, -3 <z<j, mMachine
0, < -1,
Logistic [sigmoid] Logistic
) = ] +' — regression,
‘ Multi-layer NN
Hyperbolic tangent #) e —e" Multi-layer NN 1 :
=
Lk

boolean

linear

non-linear



@® Non-Linear Activation Function

® Sigmoid 1
sigmoid(x) =

l4+e=*

@® Tanh

sinh(z) e" —e ™

cosh(z) e¥+e @

tanh(z) =

@® Rectified Linear Unit (ReLU)

ReLU(z) = max(x, 0)



@ Why Non-Linearity?

@® Function approximation
Without non-linearity, deep neural networks work the same as linear
transform

WiWs-x) = (W Wy)x =Wz

With non-linearity, networks with more layers can approximate more
complex functions




What does the “Good”
@ Function mean?

M 17 B9 Function g ?




@ Training Procedure Outline

®

@ Loss Function Design
Function = Model Parameters
Model Parameter Measurement

©)



@ Training Procedure Outline

®

@ Loss Function Design
Function = Model Parameters

©)



@® Function = Model Parameters

y=f(x)=c(W* . oc(W?ec(Wlz +b') + b%)... + b*)

different parameters W and b - different functions

@® Formal definition

f (.’13, model parameter set

§— {Wl,bl,WQ,bz, o WL,bL}

pick a function f = pick a set of model parameters 6




@ Training Procedure Outline

®

@ Loss Function Design

Model Parameter Measurement

©)



€ Model Parameter Measurement

@® Define a function to measure the quality of a parameter set 6
Evaluating by a loss/cost/error function C(6) - how bad 6 is
Best model parameter set

0" = arg m@in C(6)

Evaluating by an objective/reward function O(6) - how good 6 is
Best model parameter set

0* = arg max O(0)



@ Loss Function Example

X. “It claims too much.”
function input

y: - (negative) Model: Hypothesis Function Set
function output f, £,
-
TraAlnlng I?ata —> Training: Pick the best function f*
{(Xl' Y1)’ (XZ’ yz)v--} *

“Best” Function f
A “Good” function: f(x;0) ~ y » y— f(x;0)|| = 0

Define an example loss function: /() = Z U — f(xg; 0)|
k

sum over the error of all training samples




@ Frequent Loss Function

@® square loss A )
C0) = (1 —9yf(x;0))

@® Hinge |
Inge 10Ss C(0) = max(0,1 —yf(x;0))
@® Logistic loss

@® Cross entropy loss

@® Others: large margin, etc.



How can we Pick the
@ “Best” Function?

¥R ANl 3 & “ &= 4F ’BYFunction g ?




@ Training Procedure Outline

®

@

3 Optimization
Gradient Descent
Stochastic Gradient Descent (SGD)
Mini-Batch SGD
Practical Tips



@ Problem Statement

@® Given a loss function and several model parameter sets
Loss function: C'(0)
Model parameter sets: {61, 6o, - - - }

® Find a model parameter set that minimizes C(9)

@® 1) Brute force — enumerate all possible 6
® 2) Calculus — oC(0) — 0
00




@ Training Procedure Outline

®

@

3 Optimization

Gradient Descent



@ Gradient Descent for Optimization

@® Assume that 0 has only one variable

Qi : the model at the i-th iteration

Idea: drop a ball and find the position where the ball stops rolling (local minima)




@ Gradient Descent for Optimization

@® Assume that 0 has only one variable
Randomly start at 8°

0
Compute dC(8°)/do: o' — ¢° - nac(a )

09

Compute dC(81)/d0: ¢* « o' — nf?%fl)

n is “learning rate”

0

4 0 = ,007)




@ Gradient Descent for Optimization

@® Assume that 8 has two variables {6,, 6,}




@ Gradient Descent for Optimization

@® Assume that 8 has two variables {6,, 6,}

0
Randomly start at 8°: gV — [‘91]

98 aC(8Y)
+  Compute the gradients of C(8) at 6°: v,C(6") = [ag?éo)
« Update parameters: 8922
AR I L A e o g
[9%] N leé)] “Tacey| T & 0" = nvgCle)
9 oc(6})
- Compute the gradients of () at 91 VQC(Ql) = {ag?@
005




Gradient Descent for Optimization

Algorithm
Initialization: start at §°
while(8¢+1) = gY)
VC(62) {

_ compute gradient at 8*

» Gradient update parameters
== Movement 9 vC(6°) 0« 0" — v yC(6Y)
}




@ Revisit Neural Network Formulation

@® Fully connected feedforward network  f :R" — R"

Input Layer 1 Layer 2 Layer L Output
whael W2y wh bl

vector vector
_— Y2 y
— Y\



® Gradient Descent for Neural Network

y=f(z)=c(Wh ..o(W3ac(W'z +b') + b%)... + b*)

h— {Wl,bl,WQ,bQ, o WL,bL}

Algorithm
S - - - Initialization: start at 6°
, w%l w%z B ; while(8¢+D = gt)
: : compute gradient at 8*
e ) o update parameters
aC(0) 0t 0" —nv,yC(0")
vo@)=1| "
aC(0)
| o




Gradient Descent for Optimization
Simple Case

__ . _ Algorithm
y=flz;0) = oWz +b) Initialization: start at 6°
0= {W,b} = {wywp, b} | ICTE =0
X, W, compute gradient at 9’
1

update parameters
Xz% + Llo(z)— Y \ 0 — 0" — v yC(0Y)
1 .

_80(9)- 77777 — 777777 7777777 _ 7777777777777777 _ """"" _ """""""""" - 809' rrrrrr

awl uﬂi—f—l Uﬂi augl)

760(0) = | G whth e Jwh | —n |50
Ly 1+1 1 (1))

8%{(}9) _b | _b _ _8%{()9)_




(65 Gradient Descent for Optimization

Simple Case — Three Parameters & Square Error Loss

@® Update three parameters for ¢-th iteration
) @ 0C(eW) .

noTm T o ] el [

wgsﬂ) _ wg&) B 77(90(0(0) wé“ o w% = agugg)
8w(2t) pr il b aC(6)

1) — oyt 9C10) T - - Lo d

T a b e |

® square error loss

CO)=> g — f(=:0)] = (5 — f(x;0))°
Vo



(66 Gradient Descent for Optimization

Simple Case — Square Error Loss

@® Square Error Loss

0O _ 9 (far0) - g7 F(2:0) = o(Wz +b)

8?1)1 8w1




& Gradient Descent for Optimization

Simple Case — Square Error Loss

do(Wazx +b) _ do(Wxz+b)o(Wax +b)

owy O(Wzx +1D) owy
99 _9gof . dg9(x) . sigmoid func
9z = f ar N M Tpr T I TAIE o0) = e
Wz +b)

=1 —oc(Wz+0b)|lo(Wx+b)

OWz+0b) O(wixry + woxe + b)
8%’1 awl

=[1—oc(Wz+b)lc(Wzx+b)x;



(65 Gradient Descent for Optimization

Simple Case — Square Error Loss

@® Square Error Loss

) - (w0 - 0 -
~ o= g L) fa:0) = oWe+b
=2(c(Wx +b) — Q{%U(Wx + bﬂ

80(Igjl+ b =[1—o(Wz+b)]o(Wx+ b)x;
oc)




(69 Gradient Descent for Optimization

Simple Case — Three Parameters & Square Error Loss

@® Update three parameters for ¢-th iteration X W

oC 9<t) X2> + L O'(Z) ——)

- - 25 1
agu()a) (o (Wa+b) — )1 — (W + b)o(Wa + by

1

()

Wit = ) 6‘%(32 )
6;59) (o (Wa+b) — )1 — o(Wa + b)o(Wa + b)s

2

t

B _ p(t) 775‘0(9( ))
9C(6) o

——= =2(c(Wx+b) —9)[l —o(Wz +b)lc(Wx + b)



@ Optimization Algorithm

Algorithm
Initialization: set the parameters 6, b at random

while(stopping criteria not met)

{
for training sample {x, ¥}, compute gradient and update parameters
\ 0 6" — v ,4C(0Y)
(t)
L) gplt) 200 9cb) _ 2c(Wz +b) —§)[1 — o(Wa + b)lo(Wa + b)a
aC (™)
R Cp— 0<w% ) %C—u@ — 2o(Wa +b) — )1 — o(Wa + b)o(Wa + by
t)
plt+1) — plt) 20 9C0) =2(c(Wz+b) —9)[1 — o(Wz + b)o(Wz +b)



@ Gradient Descent for Neural Network

y = f(x)

W=

vC(6)

oWt .o(W?a(Whtx +b') + b)... + b5)

Algorithm
1 51 2 12 L ;L 2
0 = {W o S WE b - WD } Initialization: start at 6°
- _ . while(¢+1) = gY)
wip Wi et :l { .
why wh, b= |0b; compute gradient at 6°
: 5 update parameters
- - gt — 9" — v ,C (6"
aC(0) i
aw@l'j s :
5 - Computing the gradient includes millions of parameters.
0C(6) “To compute it efficiently, we use backpropagation. |
ool |




@ Gradient Descent Issue

11 . : Training Data
9t — o' — v (0 G0 900 9

1
C0) == > I/ (i) = il = > i)
k




@ Training Procedure Outline

®

@

3 Optimization

Stochastic Gradient Descent (SGD)



@ Stochastic Gradient Descent (SGD)

@® Gradient Descent

g =0t — v C(9Y) veo [ > Ve eﬁ]

@® Stochastic Gradient Descent (SGD)
Pick a training sample x,

. . _ Training Data
9 = 9" — nvCL(6Y) 06,92, (20 92 )}

If all training samples have same probability to be picked

E[VC}C QZ ] —{ ZVC’k (9%}




@ Epoch Definition

® When running SGD, the model starts ¢°
Training Data

X Yo b (X, Vs ),
pickx, 01 = 8 — 9y (6") 06 9006, 92),--.
pi:ck X, 7= 6’} — nVCQ(Ql) see all training

E B _ 4. Samples once
pick g% = g+~ _ pv (0

pick ¢ 0% = 05~ — v (651 > one epoch

pickx, 8+ = o _ pvcy(68)



@ Gradient Descent v.s. SGD

@® Gradient Descent @® Stochastic Gradient Descent
v Update after seeing all examples V" Ifthere are 20 examples, update 20 times
in one epoch.

See all

.-_-_-—-
examples —

T Seeonlyone
example

-0.1 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 . - . 0.2 0.3 0.4 0.5 0.6 0.7

h h
SGD approaches to the target point faster than gradient descent




@ Training Procedure Outline

®

@

3 Optimization

Mini-Batch SGD



@ Mini-Batch SGD

@® Batch Gradient Descent ; : 1 :

+1 _ gt 1

= > VG
Use all K samples in each iteration L

@® Stochastic Gradient Descent (SGD)
Pick a training sample x, 9i+1 _ Qi B WVCk(Qi)

@® Mini-Batch SGD
Pick a set of B training samples as a batch b

- B Is ‘bateh size 0= 0" == > VC(O)
e e e x.€b



@ Mini-Batch SGD

Algorithm 8.1 Stochastic gradient descent (SGD) update at training iteration k

Require: Learning rate €.
Require: Initial parameter 6

while stopping criterion not met do
Sample a minibatch of m examples
corresponding targets y'*.
Compute gradient estimate: g < —i—;llVg > L(f(z";0),y")
Apply update: 8 < 6 —€eg

rom the training set {:I:“), RN (m)} with

———

end while




@ Batch v.s. Mini-Batch

Handwritting Digit Classification

Training Time

n
o
C
o
Y
L
v

1000 10000

Batch size = 1 Batch Size Gradient Descent




Gradient Descent v.s. SGD v.s. Mini-Batch

Training Time
(sec)

Why is mini-batch
faster than SGD?

Batch Size
1 10 100 1000 10009 full

(
/

SGD Mini-Batch

Gradient Descent



@ SGD v.s. Mini-Batch

@® Stochastic Gradient Descent (SGD)

il

@® Mini-Batch SGD

al- R

maitrix

Modern computers run matrix-matrix multiplication faster than
matrix-vector multiplication




Big Issue: Local Optima

Example of Complex Optimization Problem: Schwefel's Function
C(601,62)
1800

1600
1400

1200 i 1600-1800

= 1400-1600

1000
= 1200-1400

800 = 1000-1200

600 = 800-1000
= 600-800

400 ® 400-600

200 = 200-400
= 0-200

Global
Minimum

Minima

Neural networks has no guarantee for obtaining global optimal solution




@ Training Procedure Outline

®

@

3 Optimization

Practical Tips



@ Initialization

@® Different initialization parameters may result in different trained models

Do not initialize the parameters equally - set them randomly




Learning Rate
o' 9" — pv,C(6Y)

# parameters updates Surface

Learning rate should be set carefully



@ Tips for Mini-Batch Training

@® Shuffle training samples before every epoch
the network might memorize the order you feed the samples

@® Use a fixed batch size for every epoch
enable to fast implement matrix multiplication for calculations

@® Adapt the learning rate to the batch size
K times of batch size = (theoretically) VK times of learning rate



Learning Recipe

Testing Data

/\
Training Data 7~ Validation Real Testi@

“Best” Function f~



@ Learning Recipe

Testing Data

Training Data vV ahdatlon Real Testlng

Mlmmedlately -




@ Learning Recipe

get good results
no o
on training set

modify training
process

@® Possible reasons
no good function exists: bad hypothesis function set
—> reconstruct the model architecture
cannot find a good function: local optima
—> change the training strategy



@ Learning Recipe

get good results get good results on

no done

on training set B8 dev/validation set

modify training
process

prevent overfitting

Better performance on training but worse performance on dev - overfitting




(92 Overfitting

Fitting training data
Degree = 1 Degree = 2 Degree = 10
= True function = True function == True function
—— Model = Model = Model
@ Training data (MSE = 1.37) ® Training data (MSE = 0.70) ® Training data (MSE = 0.52)

@® Possible solutions
more training samples
some tips: dropout, etc.



@ Concluding Remarks

@® Q1. What is the model? Model Architecture
@ Q2. What does a “gOOd” function mean? Loss Function Design
@® Q3. How do we pick the “best” function?

Optimization

Model: Hypothesis Function Set
f, £,

v

Training: Pick the best function f*

“Best” Function T l
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