Introduction to Deep Learning

Alexander Amini

MIT Introduction to Deep Learning
January 8, 2024

il R :-"'!I
1 I j;:fi—“ MIT Introduction to Deep Learning
L (1) introtodeeplearningcom W @MITDeeplearning




-l'-.

g
8

Hi everybody, an

i/

' w I::: me to MIT 6.S191

7

f 3
1t [l -Ii"' # . .'
E:.: :; "F;

:E

@ .

CANNY A/

N




‘|-" h NN
q{w 'm aware of the ¢ 1pnh ities of Fl—uprnl ; but to create it for a

That is eas Y the cleanest visual dr‘"""["lf:ﬂlﬂi'-"' I'vie ever seen. It must : St 5 Now you practice what you
1ave taken ages to render, because it just looks flawless i

 SAVAGEN
ks Course that sells itself. @

Omg | wish my classes were this cool...

e o

[ |
EEEEEEE < I
o TR m—

ﬁ WOW WOW WOW 1 am amazed.

o e ¢ oiths A
mlfe I|7||' =tz ; llllll-_- re= ; _ T E A EEEEEEE N !
ot twiist: that actua ine | OJDama e -

damn.... | was about 1o ask "how can we be sure that the

welcoming video 1s not synthesized? |, then | kept watching tll

Pt l.l.l.l.l.l.l.l.l.l.l.l : the =N X[
'_'-IEE_"'::.:';-*_'-I AR E R EEEE BN

B’ Did not see that coming! Simply Amazing' §




Generating Images from
Natural Language

“A photo of an astronaut
riding a horse.”
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ﬁ Certainly! Here is an exampleé of how you can use TensorFlow to train a neural network for

Generating Language
from Natural Language

(x_train, y_train), (x_test, v _test) = lood_datal)

ITH F it E E D d E j— n maxdel = t£F, keras. Sequential ([
T E I""’I 5 ﬂ r‘ F lﬂw t ﬂ _t I"'"l a i I""’I a tf . keras. layers., Input(shapes=x_train.shape[ :]),
neural network.”

&

Cactivations A

tf . keras. layers . Dense(

tf. keras., Layers , Dense( ., activations

(optimizers

12

moddel  Fit(x_train, vy _traitn, epochs= 0 batch_size=- . K wvalidation_dato=
(x_test, y_test))

This code assumes that you have a luncticn " load_datal ) that returns the training and
test datasets as tuples of NumPy amrays. The input shape of the model is determined by
the shape of the training data, and the modeal has two dense layers with 16 and 1 units,
respectively, with RelLU and sigmoid activations. The model is then compiled with an
Adam ocptimizer and a binary cross-aentropy l0ss funclion, and 15 trained using the "fitl)’

DF'E“A" method,

I I I —+ gl — -y MIT Imtroduction to Deep Learning R
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Where Are Deep Learning and Al Headed?




Where Are Deep Learning and Al Headed?

Deep learning is revolutionizing so many fields.

You'll learn the fundamentals of this field and how you
can build some of these incredible algorithms.




What is Deep Learning!?

Teaching computers how to learn a task directly from raw data
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| ecture Schedule

Ceep Sequence

ot 8 Intro to Deep Laarmin .
@ i Modeling

Intro to TensorFlow: :

Muzic Ceneration r
Lecture 1 Lecture 2 Software Lab 1
lan, B 2124 o, & 200 [Cudi] s
[Slicles] [Widea] coming socn [&lides] (Videa] comvrig foon! : t ‘ i ‘
[Code] covniiag soon! Ity S
‘. A | —I O
Deep Generative Facial Detection g | ] 2
Dgep Computer Vision : : Ll .1 "
Modeling Systems.
DEEP LEARNING
Lacture ¥ Lactura & Software Lab 2
lan. 3, 2024 fove, B M2 [Faper] [Code)

Slides] [Wideo] comiag scom

Deep Reinforcemeant
Learning

Lecture 5
Jan 10, 2024
[Slides] [Wldeo] coming soc

o Cenerative Al for Media

Lecture T
Jan 17, 2024
[ F] [Slibies] [Vidma] coveiag soaaf

[Slldes] [Vided] caomsmg saani

Mew Frontliers

Lecture &
fore. TO 20
[Slides] [Viden] comng soonf

Lecture &
fove 77, 2024
[Irfa] [SEdes] MWidad] camimg Lol

ML In the Real ‘World

[Coda] Conaing soand

Large Language
Models

Software Lab 3
[Code] covmiag soon?

Final Project

Work on final projects

118124 — |/12/24

Lecture + Lab
Breakdown

9 Project Presentations

Prtch your ideas! Final awards and celebration!

o 12 202 * Final Projects + Prizes!
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| abs and Prizes

All due Thursday I/11 at | 1:00pm ET. Instructions: bit.ly/deeplearning-syllabus

Music Generation

Build a neural network that can
learn the genre of Irish folk

songs and use it to generate
brand new songs!

Prize:

- &
s
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| abs and Prizes

All due Thursday I/11 at | 1:00pm ET. Instructions: bit.ly/deeplearning-syllabus

Computer Vision

Build a neural network that
can detect and mitigate biases

in computer vision facial
recognition systems!
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| abs and Prizes

All due Thursday I/11 at | 1:00pm ET. Instructions: bit.ly/deeplearning-syllabus

Large Language Models

Fine tune a large language model
(LLM) as a chat assistant and
evaluate it on cognitive tests!

Prize:
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Project Pitch Competition

Friday |/12. Instructions: bit.ly/deeplearning-syllabus

Project Pitch Competition

Present a novel deep learning research
idea or application (5 minutes, strict)

Presentations on Friday, Jan |2
Submit groups by Wed |/10 I lpm ET

Submit slides by Thu /11 | lpm ET
Instructions: bit.ly/deeplearning-syllabus

Prizes:

Gold: Silver: Bronze:
MNVIDIA 3070 GPU Smartwatch HD Monitor
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Program Support

* All lectures will be held in person in 32-123
* Software labs + office hours in 32-123

e Plazza: https://plazza.com/mit/spring2024/6s |9 |

* Useful for discussing labs

* Program Website: http://introtodeeplearning.com

* | ecture schedule
* Slides and lecture recordings

¢ Software labs

* Syllabus: bit.ly/6s19 | -syllabus
| abs: https://github.com/aamini/introtodeeplearning —

e Email us: introtodeeplearning-staff@mit.edu

I | l i |- I.:":j:;ﬂ':..““' MIT Introduction to Deep Learning
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Program Staff

Program TAS

Ava Amini

| ead Instructor

Shorna

p
i
.
| | Anirudh Shreya Franklin
Sadhana Lolla Daniela Rus . _ .
 ead TA Nirector of CSAIL introtodeeplearning-staff@mit.edu
"o Maisachusalls MIT Introduction to Learni .
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Thanks to Sponsors!

csaty
THEMIS Al o

Watson
Al Lab
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Why Deep Learning and YWhy Now!?



Why Deep Learning?

Hand engineered features are time consuming, brittle, and not scalable in practice

Can we learn the underlying features directly from data!

Low Level Features

Mid Level Features High Level Features

r , f_‘ J":- ~
= <SBR =k
| L e
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LInes & Edges tyes & Nose & Ears Faclal Structure
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VWWhy Now!

Neural Networks date back decades, so why the dominance!

Stochastic Gradient

1952
Descent
i o * lLarger Datasets * Graphics * Improved
- « Easier Collection Processing Units Technigques
’ & Storage (GPUs) * New Models
1986 Backpropagation " HEEEWE‘}" * Joolboxes
¢+  Multi-Laver Perceptron Farallelizable
IMJSGE
1995 Deep Convolutional NN
+ Digit Recognition - )j ‘i‘r
. ,'::
+
* K’i-rlmn-mﬂ TE”S':'I-
b s et usaitls MIT Imtroduction to | ®sarm .
Ill lﬁ;ﬂl.iﬁ ﬂl introtodeeplearning cﬁrﬂ I:JIIHE'“H%[”1ITDIﬂEﬂII:-:F:pLearning s




The Perceptron
The structural building block of deep learning




The Perceptron: Forward Propagation

| Inear combination
Cutput of inputs

Il W-]_ J 1y
y = Z X W,
w i=1
W MNon-linear
actrvation function
X

Inputs  VWeights Sum  Non-Linearity Output

S - S MIT Imtroduction to Deep Learning /)
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The Perceptron: Forward Propagation

Linear combination

1 Output ot inputs

| b
?=ﬂ(wn+fz IEWI)
$ 4

MNon-linear Bias
actrvation function

Inputs  VWeights Sum  Non-Linearity Output

S - S MIT Imtroduction to Deep Learning /)
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The Perceptron: Forward Propagation

Inputs  VWeights Sum  Non-Linearity Output

i EE——— MIT Introduction to Deep Learmning .
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The Perceptron: Forward Propagation

Activation Functions

y = g(Wn‘l‘XTW)

E —_— f ¥ * Example: sigmoid function

1
1+ e~2

W,, gz)=o0(z)=

0.5- '

Inputs  VWeights Sum  Non-Linearity Output

2
i EE——— MIT Introduction to Deep Learmning .
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™

sigmoid Function

- QL]
0ar gz
L T
0.4
2
Il -
‘4 (]
1
B c—s
g 1 4 e =

g'(z)= g(2)(1-g(2))

1F tf math sigmoid(z)

TensorFlow code blocks

BN Nyiiachusgils
I I b lit b oF
LS LTRLTRTA T,

Common Activation

Hyperbolic langent

AL

0.5 | gid | A
0
.3 |
=] .
5 0 .
e - S
(Z2) = ———
g el B S

g'(z)=1-g(z)*

NOTE: All activation functions are non-linear

MIT Imtroduction to Deep Learning
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Functions

g'{z}={ﬂa

~ectified Linear Unit (RelLU)

g(z)=max(0, z)

1, z >0
otherwise

’IF tf nn.relul(z)

i - f 5

824



Importance of Activation Functions

Ihe purpose of activation functions is to introduce non-linearities into the network

What If we wanted to builld a neural network to
distinguish green vs red points!

" Massachusells MIT Introduction to Deep Leaming |
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Importance of Activation Functions

Ihe purpose of activation functions is to introduce non-linearities into the network

Linear activation functions produce linear
decisions no matter the network size

I I l S —— MIT Imtroduction to Deep Learning
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Importance of Activation Functions

Ihe purpose of activation functions is to introduce non-linearities into the network

Linear activation functions produce linear Non-lineartties allow us to approximate
decisions no matter the network size arbitrarily complex functions
S TR—— MIT Imtroduction to Deep Learning .
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The Perceptron: Example

VWe have: wyo =1 and W =[3 ]

1 1 —
3\ y=g(wo+X'W)

N — 9 =g (1+ [l [%,))

/ y=9(1+3x, —2x;)
*2 e

This is just a line in 2D

" Massachusells MIT Introduction to Deep Leaming |
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The Perceptron: Example

H
I
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The Perceptron: Example

Assume we have input: X = [_21]

g(1+ (3+-1)— (2%2))
g(—6) = 0.002

- MIT Imtroduction to Deep Learning
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The Perceptron: Example

—2Z
X2
T MIT Introduction to Deep Leaming |
II|' I r:ﬂﬂl-iﬁ: @ introtodeeplearningcom W @MITDeeplearning e




Building Neural Networks with Perceptrons




The Perceptron: Simplified

y = g(Wﬂ+XTW )

nputs ~ Weights Sum  Non-Linearty Output

S - S MIT Imtroduction to Deep Learning /)
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The Perceptron: Simplified

Tl
E=Wn +Z IJWJ
J=1

B Wi echusgil - -
I I ' i I ii-j.'::;[ﬂ ::., g MIT Imtroduction to Deep Learning
T Smalogy
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Multi Output Perceptron

Because all iInputs are densely connected to all outputs, these layers are called Dense layers

1 = g(z1)

y2 = g(2z)

TTL
Zi = Wqy; T Z | 11}' Wi i
J:

I I l S —— MIT Imtroduction to Deep Learning
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Dense layer from scratch

class MyDenselavyer (tf.keras.  layers.Layer) :

def init (self, input dim, output dim):

super (MyDenselayer, self). 1init ()
self W self. add weight([input dim, output dim])
self.b self. add weight([l, output dim])

def call (self, inputs):

z tf matmul (1nputs, self. W) self. b

output tf math.sigmoid(z)

return output

MIT Imtroduction to Deep Learning
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Multi Output Perceptron

Because all iInputs are densely connected to all outputs, these layers are called Dense layers

Im tensorflow tf
lavyer
units 2]
1Tl
Zi = Wy; T E Xj W
J=1
. - :ﬂrm"-"m"!- MIT Imtroduction to Deep Learning o
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Single Layer Neural Network

Final Output

iy
Yi=g (Wﬁ} + z;‘=1 g(z) w'y’ )
MIT Imtroduction to Deep Learning
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Single Layer Neural Network

1

X2
V2
Xm
I
(1)
A Wy
=1
(1) (1) (1)
Wiz T X2 Woo T X Wi
S - S MIT Imtroduction to Deep Learning /)
III II I:E-Uullnu:: @9 introtodeepleamningcom W @MITDeeplearning 8l 24




Multi Output Perceptron

1F tensorflow tf

mode L tf. keras. Sequential ([

tf. keras.layers.Dense(n),
tf. keras. layers.Dense ()

41
X1
L7 V1
xE
43 V2
Xm
Zn
Inputs Hidden Output
i E— MIT Introduction to Deep Learmning .
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Deep Neural Network

Zi 1
X1
Lfe 2
Zk.3 V2
Am
Ek,ﬂk
Inputs Hidden Output
Mj—1
(k) (k)
=Wy T H(EH—l,j} Wi |
O Maseachusaits MIT Imtroduction to Dﬂﬂp Learning |
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Deep Neural Network

T

tensorflow tt

EE-E mode 1l tf. keras.Seguential (|

X >< s & & >< >< s & & >< tf. keras. layers. Dense(n,),
tf. keras. layers.Dense(n,),

Zk,3

xm tf. keras. layers.Dense(:)
])
zk,ﬂk

Inputs Hidden Output

II I' S e MIT Introduction to Deep Learning
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Applying Neural Networks



Example Problem

Wil | pass this class!

Let's start with a ssimple two feature model

x1 = Number of lectures you attena

X, = Hours spent on the final project

I | I i |- e MIT Introduction to Deep Learning
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Example Problem: Will | pass this class?

x -, = Hours
spent on the
final project

x , = Number of lectures you attend

I I l' S R—— MIT Imtroduction to Deep Learning
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Example Problem: Will | pass this class?

x -, = Hours
spent on the
final project

x , = Number of lectures you attend

I8 et MIT Introduction to Deep Learning |
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Example Problem: Will | pass this class?

!
= [4,5]

V1 Predicted: 0.1

B Woss Uil . .
I I | ' I H—.-l.-m;ln :--'“ . MIT Imtroduction to Deep Learning
T Smalogy
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Example Problem: Will | pass this class?

'
= [4,5]

Actual: 1

B Woss Uil . .
I I | ' I H—.-l.-m;ln :--'“ . MIT Imtroduction to Deep Learning
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Quantifying Loss

The loss of our network measures the cost incurred from incorrect predictions

n

Zq

Z3

L (f (x(i); W), },(i))

Predicted Actual
S8 ot et MIT Introduction to Deep Learning
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Empirical Loss

The empirical loss measures the total loss over our entire dataset

N (U

Also known as:

« (bjective function n
* (ost function
+  Empirical Risk Predicted Actual
b Mo achuiait MIT Imtroduction to Deep Learning |
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Binary Cross Entropy Loss

Cross entropy loss can be used with models that output a probability between 0 and |

f(x) y
4,5 4 0.1] %[ |
2y | o |08 %] 0
5, 8 0.6V | |
: X2 : :

JW) = —%Z;y‘fﬂ log (f(x©; W) + (1 —y®) log (1 - £ (xV; w))

Actual Predicted Actual Predicted

TF loss tf.reduce mean( tf.nn.softmax cross entropy with logits(y, predicted) )



Mean Squared Error Loss

Mean squared error loss can be used with regression models that output continuous real numbers

f(x) y

30| %90
9, 80| %20
85 |v/ | 95

L_______r_______i

1R . | 2 .
J(W) = —Z (}:U} — f[:t:“]; Hr')) Final Grades
A (percentage)

Actual Predicted

1F loss tf. reduce mean( tf. square(tf.subtract(y, predicted)) )

loss tf. keras. losses MSE( y, predicted )



Training Neural Networks




Loss Optimization

We want to find the network weights that achieve the lowest loss

1 ﬂl - o
W* = N — ¥ i W.w), vy
argl{rmnn E > (f(x ), y®)

W™ = argmin J(W)
W

_ B : a
II I T —— e MIT Introduction to Deep Learning
T Maviogy
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Loss Optimization

We want to find the network weights that achieve the lowest loss

1

T
- - (1). (1)
w* argl{rmnn Z L(f(:r D; W), yW)

W* = argmin (W)
W

|

Remember:

W = {w{ﬂ}* Wﬂ:', ‘o s }

III'- e MIT Imtroduction to Deep Learning
L

Tt bo &
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Loss Optimization

W™ = argmin J(W)
W

Remember:

QOur loss is a function of
the network weights!

=1




Loss Optimization

Randomly pick an inrtial (wg, wq)

= 1

09




Loss Optimization

0] (W)

Compute gradient,

JdwW

= 1

09




Loss Optimization

lake small step In opposite direction of gradient

= 1

09




Gradient Descent

Repeat until convergence

=1

09




Gradient Descent

Algorithm
. Initialize weights randomly ~N (0, 6%)

2. Loop until convergence:

aJ(W)

3 Compute gradient, e

4. Update weights, W « W —n

d) {W}

. Return weights

Illi'l- e MIT Imtroduction to Deep Learning
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Gradient Descent

T

tensorflow tt

Algorithm

| Intialize Wﬂlghtﬂ Faﬂdﬂml}f MN(U, ﬂ.E) weights - tf.Variable([tf.random.normal ()])

2. Loop until convergence:

while True:

3. dJ {W} with tf. GradientTape() as g:
CDI"I"‘IFJLItE gradIEﬂt dw loss compute loss (welghts)
"'1'. Update WEIEhtE W« W — TI ﬂj{W} gradient g.gradient(loss, weights)

5. Return weights

weilghts welights 1r gradient

I | I ~+ - — g MIT Introduction to Deep Learning
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Gradient Descent

T

tensorflow tt

Algorithm

| |Inmalize WE|gh'|:5 raﬂd{}ml}f ~N(D, HE) welghts tf Variable([tf.random.normal () ])

2. Loop until convergence:

while True:

3. C{jm it r‘adEﬂ‘t ﬂ .[W‘} with tf.GradientTape () as g:
P 5 oW loss compute loss (weights)
d .
4. Update WEIghTE W «— W — n———=- J {W} gradient g gradient (loss, weights)

5. Return weights

weilghts welights 1r gradient

I | I —+ gl — -y MIT Introduction to Deep Learning
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Computing Gradients: Backpropagation

How does a small change in one weight (ex. W) dffect the final loss J(W)!

MIT Imtroduction to Deep Learning
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Computing Gradients: Backpropagation

aWE

\

L et's use the chain rule!

MIT Imtroduction to Deep Learning
@9 introtodeepleamningcom W @MITDeeplearning
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Computing Gradients: Backpropagation

W1

w
x >z R 5 —

oj(W) — oJ](W)

S,

aWE ﬂ}?

§ - :-ih IIIIIII Hrrl : I IiﬂntﬂD l ir_.IE |
Illl I Iﬁ;ﬁiﬁ @9 introtodeepleamningcom W @MITDeeplearning I8f24




Computing Gradients: Backpropagation

X Lﬁ* Zq W* Y

oj(W) _ 9 (W) 0y

*

dw, dw,
I e T
Apply chain rule! Apply chain rule!

» . :-ih IIIIIII Hrrl : I I n to D l ﬂE |
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Computing Gradients: Backpropagation

W1

w
x ez R 5 —

aﬁ 631

%

oj(W) _ dJ(W)

—
S

ﬂwl a?

*

{331

ﬂwl

I8 et MIT Introduction to Deep Learning |
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Computing Gradients: Backpropagation

X l—wlll—h Zy W* Vo ——e

ﬂﬁ {331

%

oj(W) _ dJ(W)

oW, 39

*

631

ﬂwl

Repeat this for every weight in the network using gradients from later layers

MIT Imtroduction to Deep Learning
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Neural Networks in Practice:
Optimization



Training Neural Networks is Difficult

Visualizing the loss landscape
of neural nets . Dec 201 /.

MIT Imtroduction to Deep Learning | 1804
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Loss Functions Can Be Difficult to Optimize

Remember:
Optimization through gradient descent

MIT Imtroduction to Deep Learning
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Loss Functions Can Be Difficult to Optimize

Remember:
Optimization through gradient descent

How can we set the
earning rate’

MIT Imtroduction to Deep Learning
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Setting the Learning Rate

Small learning rate converges slowly and gets stuck in false local minima

J(W)
\ Initial guess
i '. 2 3
w
T MIT Introduction to Deep Leaming |
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Setting the Learning Rate

Large learning rates overshoot, become unstable and diverge

J(W)
\ Initial guess
w
R ERI— MIT Introduction to Deep Learning |
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Setting the Learning Rate

Stable learning rates converge smoothly and avoid local minima

J(W)
\ Initial guess
3
w
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How to deal with this?

ldea |:
Try lots of different learning rates and see what works “just right”

MIT Imtroduction to Deep Learning
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How to deal with this?

ldea 2:

Do something smarter
Design an adaptive learning rate that “adapts” to the landscape

MIT Imtroduction to Deep Learning

@9 introtodeepleamningcom W @MITDeeplearning 8l 24




Adaptive Learning Rates

* Learning rates are no longer fixed

* (an be made larger or smaller depending on:

* how large gradient is
* how fast learning is happening

* size of particular weights
I -1
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Gradient Descent Algorithms

Algorithm TF Implementation Reference

T Kiefer & Wolfowitz.“Stochastic Estimation of the
tf keras. optimizers. SED
. SGD Maximum of a Regression Function.” 1952,

. ey ) Kingma et al."Adam: A Method for Stochastic
™ Ad AM ’iF tf. keras. optim zers. Adam Optimization” 2014.

| 2 e Zeller et al."ADADELIA: An Adaptive Learning Rate
. Adadett s

Duchi et al."Adaptive Subgradient Methods for Online
L earning and Stochastic Optimization.” 201 1.

. Ad .El,gr”ad qF' tf . keras. optimizers. Adagrad

* RMSProp

Addrtional detalls: http://ruderio/optimizing-gradient-descent/
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Putting it all together

tensorflow o
mode ] tf.keras.Sequential (| 1)
iqg. Can replace with
.. . -y any lensorFlow
optimizer tf keras. optimizer. SGD() N optimizer!

while True:
prediction model (x)

with tf.GradientTape () as tape:

loss compute loss(y, prediction)

grads tape.gradient(loss, model.trainable variables)

optimizer. apply gradients(zip(grads, model . trainable variables)))

MIT Imtroduction to Deep Learning

E introtodeeplearningcom W @MITDeeplearning 118724




Neural Networks in Practice:
Mini-batches




Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

L 4 ., 9J(W)
Compute gradient, T
* d
4 Update weights, W « W —n f;::?'
5. Return weights R -
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Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

3 Compute gradient, ﬂg:::}

& Update weights, W « W —n ﬂf;:? .

5. Return weights e, w
Can be very

computationally
intensive to compute!
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Stochastic Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

L1 Pick single data point i
4. Compute gradient, 2 ;(pfj Je -
. Update weights, W « W —n o)) o el =

oW
6. Return weights
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Stochastic Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

5 Pick single data point i
4. Compute gradient, 2 5?:) Je -
. Update weights, W « W —n /) o el =

ow
6. Return weights

Easy to compute but
very noisy (stochastic)!
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Stochastic Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

3. Pick batch of B data points

- oJ(W) k(W) .
4 Compute gradient, — = = — E=1 ;w 1%
O, Update weights, W « W —n E”(w)

6. Return weights

I I ' i‘ S R—— MIT Imtroduction to Deep Learning
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Stochastic Gradient Descent

Algorithm
. Initialize weights randomly ~N(0, 0%)

2. Loop until convergence:

L1 Pick batch of B data pt::ir"uts
ojw) _

4. Compute gradient, e

> Update weights, W « W —n
6. Return weights

rast to compute and a much better
estimate of the true gradient!
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Mini-batches while training

More accurate estimation of gradient
Smoother convergence
Allows for larger learning rates

II I- = :'.',, '''''' MIT Imtroduction to Deep Learning
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Mini-batches while training

Mini-batches lead to fast training!
Can parallelize computation + achieve significant speed increases on GPU's
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Neural Networks in Practice:
Overfitting




The Problem of Overfitting

Underfitting . Overfitting
Model does not have capacity Too complex, extra parameters,
to fully learn the data does not generalize well
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Regularization

What is it?

lechnique that constrains our optimization problem to discourage complex models

i EE——— MIT Introduction to Deep Learmning .
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Regularization

Why do we need it?

Improve generalization of our model on unseen data
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Regularization |: Dropout

* During training, randomly set some activations to O

b
X1 --""-..
v Y1
X5 _
el A
—» ¥
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Regularization |: Dropout

* During training, randomly set some activations to O
* Jypically ‘'drop’ 50% of activations in layer Bl e
* [orces network to not rely on any | node 'ﬂ :
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Regularization |: Dropout

* During training, randomly set some activations to O
* Jypically ‘'drop’ 50% of activations in layer Bl e
* [orces network to not rely on any | node 'ﬂ :
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

L oss

Training Iterations
Il “I- oy MIT Introduction to Deep Learning
T Maviogy
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend

L Oss Testing

lraining

Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend
Loss Testing
lraining
Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend
Loss lesting
lraining
Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend

LOss Testing

lraining

Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend

| 0ss lesting

Training

Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Legend

. Stop training
. here!

L oss

lesting

lraining

Training Iterations
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Regularization 2: Early Stopping

* Stop training before we have a chance to overfit

Under-fitting : Over-fitting

Legend

. Stop training
. here!

L oss

lesting

lraining

Training Iterations
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Core Foundation Review

The Perceptron Neural Networks

* Structural building blocks * Stacking Perceptrons to * Adaptive learning
* Nonlinear activation form neural networks * Batching
functions * Optimization through * Regularization
backpropagation
X, 5
¥
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MIT Introduction to Deep Learning

Lab |:Introduction to lensortlow and Music Generation with RININs

Link to download labs:
http://introtodeeplearning.com#schedule

|. Open the lab In Google Colab

2. Start executing code blocks and filling in the #10ODOs
3. Need help! Come to 32-123!
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