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Announcements

Project milestone: Nov 25

Ethics of Al: Tue, Dec 1, by Kevin Mills
— Please complete survey before class

— Email from Matthew Kopec
Project presentations

— Tue, Dec 8, 11:45am-1:25pm
— Wed, Dec 9, 12:00-2:00pm
Project report

— Tue, Dec 15



Outline

Backpropagation algorithm

— Example for 2-layer neural network
Lab on Convolutional Neural Networks

Regularization

— Weight decay (aka ridge regularization)
— Dropout

Transfer Learning



How to train Neural Networks?

Backpropagation algorithm

David Rumelhart, Geoffrey Hinton, Ronald
Williams. "Learning representations by back-
propagating errors". Nature. 323 (6088): 533—
536. 1986

Applicable to both FFNN and CNN

Extension of Gradient Descent to multi-layer
neural networks



Training Neural Networks

Training data x¢, Y1, ... XN, YN

One training example x; = (x;4, ... X;4), 1abel y;
One forward pass through the network

— Compute predictiony; = h(x;)

Loss function for one example

- L(3,y) = —-[(1—y)log(1—¥) +ylogJ]

Cross-entropy loss

Loss function for training data

—J(W,b) = =%, L (5; ,y;) + AR(W,b)



GD for Neural Networks

* |nitialization
— For all layers ¢
* Initialize W, pl]
e Backpropagation
— Fix learning rate
— For all layers ¢ (starting backwards)

« Wit = —a¥N, OL(Yi.yi)
owltl

ab[ ]



Example 2 Hidden Layers

plll  pl2l i3l
Training data Xi1 o
Dimension d 5 O_' a {1

wlil  wlzl w3l

A = Wl x; 4+ pll
a'll = g(=1")
22 = wllgltl 4 p?
a? = g(z7)
28 = Whlgl 4 pPl

~() «

7% = a¥ = g(z)



Backpropagation
Let ) = “error” of node jin layer [

L(y,y) = —[(1 —y)log(1 — ) + ylog ¥

Definitions
— Z[f] — W[f] a[g_l] _|_ b[g],a[f] — g(Z[f])

oL(9, R
— Sl = a(zjfg); Output § = alll = g(zI1)

1. For last layer L: §E = OLGy) 0LGY) 99 _ aL(y’y)g’(z[L])

azILl — 39 9zl 39
5 5 [e+1] ggle]
. st = 0LOY) _ 0LOy) 9z a_ sle+1lyy[e+1] o/ (4]
2. Forlayer?: 6 > 1] 3 1et1] oall 3,0 o) W g (z'*1)

3. Compute parameter gradients

oL(Py) _ OL(Py) azlf] 51 gle-11T
aw[f] _ az[f] aW[f] o a
oL@y) _ oL@y 9219 _ oy

aplel — gzl gpld




Binary Classification Example

. 531 = OLOY) _ aL(yy)g (z ) 9y = g(z ) _ 4I3]

VAE]
OLyy)_ 0[(A-y)log(1-y)+ylog¥]_1-y 'y _ -y
0y 0y 1-y vy ya-y)
e 581 = XY (03]
0% = 5059 (2)
a’¥l-y 31Y (1 — _ 4031
e e )(1-86) =4 -y
OL(Y.y) _
owil =513 (a _y)a
. 9L(Y) 3]
aob1 =2l —y
gx) =o(x) =7 =
g x)=0x)=0(x)(1—-0x))




Binary Classification Example

. 52 = "’gg;? = sBIwBl g (212))

oL(Y, /
. 2 ggﬁ = §12gT = By Bl g (z[21) gl1IT=

= [aPl—yIwPlg(z?) (1- g (z1?))at)T

., ILOY) _
o pl2l

[aBl-y]wBlg(z1?) (1- g (z1?))

90 = 0() =
9 =0'(x) = o) (1 ~ 0 (x)




Training NN with Backpropagation

Given training set (x4, v1), ..., (Xn, V)
Initialize all parameters w el ple] randomly, for all layers ¢
Loop

Set Ag-] =0, for all layers [ and indices i, j

For each training instance (xg, y%): EPOCH

Compute alll al?l ... alll via forward propagation

Compute errors s = gl I —y,, sl sl

Compute gradients AE] Ag.] + a][l 1]5i[l]

Update weights via gradient step

el ot A
* Wy =Wy e

* Similar for bi[f]

Until weights converge or maximum number of epochs is reached



Training Neural Networks

Randomly initialize weights

Implement forward propagation to get prediction
yi for any training instance x;

Compute loss function L(¥;, y;)

Implement backpropagation to compute partial
OL(ViYi) and OL(Vi,yi)

ow ¢l dbl?]
Use gradient descent with backpropagation to
compute parameter values that optimize loss

Can be applied to both feed-forward and
convolutional nets

derivatives



Materials

e Stanford tutorial on training Multi-Layer
Neural Networks

— http://ufldl.stanford.edu/tutorial/supervised/Mult

iLayerNeuralNetworks/

* Notes on backpropagation by Andrew Ng
— http://cs229.stanford.edu/notes-
spring2019/backprop.pdf
* Deep learning notes by Andrew Ng

— http://cs229.stanford.edu/notes2020spring/cs229
-notes-deep learning.pdf
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http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
http://cs229.stanford.edu/notes-spring2019/backprop.pdf
http://cs229.stanford.edu/notes2020spring/cs229-notes-deep_learning.pdf

GD for Neural Networks

* |nitialization

— For all layers ¢
« Set Wl plflat random

e Backpropagation

— Fix learning rate

— For all layers ¢ (starting backwards)

e Wt =

e pltl

—a¥N, OL(YViyi)

owl¢]

—a¥N, IL(Vi.yi)
oplt]

This is
expensive!
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Stochastic Gradient Descent

* |nitialization
— For all layers ¢
« Set Wl plflat random
e Backpropagation
— Fix learning rate
— For all layers ¢ (starting backwards)

* For all training examples x;, y;

21 — uslel L 0Ly
~wtl =wll — g =1 Incremental

2] _ [t OL(Viyi) i
_pltl = pltl —_ 4 =L version of GD
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Mini-batch Gradient Descent

* |nitialization
— For all layers ¢
« Set Wl plt] at random
* Backpropagation
— Fix learning rate
— For all layers ¢ (starting backwards)

* For all batches b of size B with training examples x;3, Vip

— [£] — — B aL(ylb Yib)
w a)i- =
— b[f] — —a ZB OL(Yip,Yib)

oblt]



Gradient Descent Variants

Batch Gradient Descent
Mini-batch Gradient Descent
Stochastic Gradient Descent
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Gradient Descent Variants

— Batch gradient descent
— Mini-batch gradient Descent
— Stochastic gradient descent
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= def

CNN Lab: Load Data

load_data():
print("“Loading data")
(X_train, y_train), (X_test, y_test) = mnist.load _data()

X_train = X_train.astype('float32")
X_test = X_test.astype('float32")

X_train /= 255
X_test /= 255

y_train = np_utils.to_categorical(y_train, 10)
y_test = np_utils.to_categorical(y_test, 10)

X_train = np.reshape(X_train, (6eeee, 28, 28, 1))

X_test = np.reshape(X_test, (10eee, 28, 28, 1))

print("Data Loaded")
return [X_train, X_test, y_train, y_test]

Matrix
form
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Model Architecture

rdef init_model():
start_time = time.time()
10 filters, size 3x3x1
print("“Compiling Model")
model = Sequential() 1
model.add(layers.Conv2D(10, (3, 3), activation='relu’, input_shape=(28, 28, 1)))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(5, (3, 3), activation='relLu'))—> 5 filters, size 3x3x10
model.add(layers.MaxPooling2D((2, 2)))

v

model.add(layers.Flatten()) Vector form

model.add(layers.Dense(64, activation="'relu’))
model.add(layers.Dense(10, activation='softmax"))

model. summary()

rms = RMSprop()
model.compile(loss="'categorical_crossentropy', optimizer=rms, metrics=[ 'accuracy'])

print("Model finished"+format(time.time() - start_time))
return model
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Model Summary

Output S e Param #
convZzd 1 (Conv2D) (None,
max pooling2d 1 (MaxPooling2 (None,
convZzd 2 (Conv2D) (None,

max pooling2d 2 (MaxPooling2 (None,

flatten 1 (Flatten) (None,

(None,
(None,
Total params:

Trainable params:
Non-trainable param
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Overfitting

 The larger the network, the higher the capacity
(more model parameters)
* But also more prone to overfitting!
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Regularization

N
- % Z flzi, W), y;) +AR(W) )\ = regularization strength
i—1 (hyperparameter)

\ v J w_/

Data loss: Model predictions Regularization: Prevent the model
should match training data from doing too well on training data

2 reqularization: B = 5 X > Weight decay
L1 regularization: R(W) =3, >, |Wiy|
Elastic net (L1 + L2): R(W) = 3, 3, BW2, + Wi

* When computing gradients of loss function, regularization
term needs to be taken into account
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(a) Standard Neural Net (b) After applying dropout.

Figure 1: Dropout Neural Net Model. Left: A standard neural net with 2 hidden layers. Right:
An example of a thinned net produced by applying dropout to the network on the left.
Crossed units have been dropped.

* Regularization technique that has proven very
effective for deep learning

* Srivastava et al. Dropout: A Simple Way to Prevent
Neural Networks from Overfitting. Journal of Machine
Learning Research 15, 2014
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Dropout

w pPwW
Present with Always
probability p present

(a) At training time (b) At test time

Figure 2: Left: A unit at training time that is present with probability p and is connected to units
in the next layer with weights w. Right: At test time, the unit is always present and
the weights are multiplied by p. The output at test time is same as the expected output
at training time.

e At training time, sample a sub-network and learn
weights
* Keep each neuron with probability p
* At testing time, all neurons are there, but reduce
weight by a factor of p
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Dropout Implementation

~def init_model():
start_time = time.time()

print("“Compiling Model™)
model = Sequential()

model.add(Dense (500, input_dim=784))

model.add(Dropout(©.3))
model.add(Activation(‘relu’)) .~——“-._--..__,
Dropout

model.add(Dense(300)) ”””’,,——,——" . .
model.add(Dropout(©.3)) regUIanzat'On
model.add(Activation( ‘relu’))

model.add(Dense(10))
model.add(Activation( 'softmax"))

rms = RMSprop()
model.compile(loss="'categorical_crossentropy', optimizer=rms, metrics=[ 'accuracy’'])

print(“Model finished"+format(time.time() - start_time))
return model
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Classification Errar %
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Results on MINIST
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Figure 4: Test error for different architectures

with and without dropout. The net-
works have 2 to 4 hidden layers each
with 1024 to 2048 units.
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Outline

Backpropagation algorithm

— Example for 2-layer neural network
Lab on Convolutional Neural Networks

Regularization

— Weight decay (aka ridge regularization)
— Dropout

Transfer Learning



Transfer Learning

Improvement of learning in a new task through the
transfer of knowledge from a related task that has
already been learned.

Weight initialization for CNN

Two major strategies
— ConvNet as fixed feature extractor

— Fine-tuning the ConvNet



Transfer Learning

Leaming Process of Traditional Machine Learming

Different Tasks

(a) Traditional Machine Learning

Learning Process of Transfer Learning

Source Tasks

!
|

Target Task

€
!
==

(b) Transfer Learning
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Visualizing Filters in VGG 16

conv2_1:a few of the 128 filters conv4_1:a few of the 512 filters

conv3_1:a few of the 256 filters conv5_1:afew of the 512 filters

e Last layers: specific learners
* High-level features: eyes,
objects

e First layers: general learners
* Low level notion of edges
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Transfer Learning in NN: Freeze Layers

t 10 Task A
NN ﬂ

Layern

Transfer
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Methods for Transfer Learning

* Use a pre-trained model
— https://modelzoo.co/

1. Use Convolutional Nets as Feature Extractor
— Take a ConvNet pretrained on ImageNet
— Remove the last fully-connected layer

— Train the last layer on new dataset (usually a linear
classifier such as logistic regression or softmax)

2. Fine-tuning
— Decide to freeze first n layers

— Train the remaining layers and stop backpropagation
at layer n

— In the limit fine-tuning can be applied to all layers



https://modelzoo.co/

How to do Transfer Learning

Dataset size

Dataset similarity

Recommendation

Large Very different Train model B from scratch, initialize weights from model A

Large Similar OK to fine-tune (less likely to overfit)

Small Very different Train classifier using the earlier layers (later layers won't help much)
Small Similar Don't fine-tune (overfitting). Train a linear classifier

Learning Rates

» Training linear classifier: typical learning rate
» Fine-tuning: use smaller learning rate to avoid distorting the existing weights

Transfer Learning Applications

» Image classification (most common): learn new image classes

Text sentiment classification
Text translation to new languages

Speaker adaptation in speech recognition
Question answering
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Source task Source task labels

Training images

< g
- Convolutional layers Fully-connected layers PRI
e

1: Feature . Wall clock

learning C1-C2-C3-C4-C5 |+ Fc6 o FC7 FC8 > -

4096 or -
6144-dim s | Green snake
\ ) wvector
Y -~ ] ’
| Yorkshire terrier

2 : Feature Transfer -

transfer parameters

- Chair
3 : Classifier | ackgroun
-C2-C3-C4- - FC6 P FC7 p——* FCa — Cb —» <
learning €1-C2-C3-C4-C5 4096 or ™
6144-dim Person
9216-dim 4096 or vector
144-di
o 6vmgrm n TV/monitor

New adaptation

Training images Sliding patches I trained
€ Target task ::f;g:':‘:sk Target task labels

Learning and Transferring Mid-Level Image Representations using
Convolutional Neural Networks [Oquab et al. CVPR 2014]



http://www.cv-foundation.org/openaccess/content_cvpr_2014/papers/Oquab_Learning_and_Transferring_2014_CVPR_paper.pdf
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