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Motivation

A weakness of linear models is that they are linear

 Nearest neigh
 Neural networ

NOr, decision t

rees, kernel SVMs can model non-linear boundaries

KS are yet ano

‘her non-linear classifier

Takes the biological inspiration further by chaining together perceptrons
Allows us to use what we learned about linear models:
* Loss functions, regularization, optimization
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Traditional recognition approach

Image/ Video

Pixels ) Object

= Class

» Features are not learned
» Trainable classifier is often generic (e.g. SVM)
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Traditional recognition approach

Circa 2010: Features have played a key role in recognition

Multitude of hand-designed features currently in use
+ SIFT, HOG, .............

Where next? Better classifiers? Or keep building more features?

1 Vocabuary Assignment
y (Bag-of-words mode!)

ar I ..

T EECER

E Denz= sarrpling desoriptor vacsbulsry .

EENUS . ;

% oiSngapase

» Low level features: SIFT and its variants, LBE, HOG. I n I I 1 .1

» Dense sampling and interest point detector; SN EENE

» Represented as Bags of Words; Ecn“ pling descripter vocatubs |

Felzenszwalb, Girshick, Yan & Huang
McAllester and Ramanan, PAMI 2007 (Winner of PASCAL 2010 classification competition)
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What about learning the features?

Learn a feature hierarchy all the way from pixels to classifier
» Each layer extracts features from the output of previous layer
Train all layers jointly

Image/ .
Video Slm;_)l_e
Pixels Classifier
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“Shallow” vs. “deep” architectures

Traditional recognition: “Shallow” architecture

I\r%lge/ Object
|Iaeo
Pixels =) Class

Deep learning: “Deep” architecture

Image/

. Simple Object
Video .
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Neural Networks



Neural networks: the original linear classifier

(Before) Linear score function: f — Wa

r e RP W e ROXP

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Neural networks: the original linear classifier

(Before) Linear score function: f = Wax
(Now) 2-layer Neural Network ~ f = W5 max(0, Wix)

r e RP. W, e REXP W, € RV*H

(In practice we will usually add a learnable bias at each layer as well)

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Why do we want non-linearity?

Cannot separate red
and blue points with
linear classifier

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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Why do we want non-linearity?
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Cannot separate red
and blue points with
linear classifier

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

1(x, y) = (r(x, ¥), 8(X, y))
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Neural networks: also called fully connected network

(Before) Linear score function: f = Wa
f = Wamax(0, Wix)

(Now) 2-layer Neural Network

T <

'@.D,Wl -

_{HXD’ W2 c

_{CXH

“Neural Network™ is a very broad term; these are more accurately called
“fully-connected networks” or sometimes “multi-layer perceptrons” (MLP)

(In practice we will usually add a learnable bias at each layer as well)

COMPSCI 370
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Neural networks: 3 layers

(Before) Linear score function: f — Wax

(Now) 2-layer Neural Network

or 3-layer Neural Network

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

€Tr &

{D,Wl -

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

{HIXD, W2 -

QI’IQXI‘Il"/‘/':3 c

f = Wamax(0, Wix)

%CXHQ

(In practice we will usually add a learnable bias at each layer as well)
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Neural networks: hierarchical computation

(Before) Linear score function: f — Wz
(Now) 2-layer Neural Network ~ f = Wy max (0, Wiz)

X| W1 | h| W2 | g

3072 100 10

r e R”. W, e REXP W, ¢ RV*H

COMPSCI 370
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Neural networks: learning 100s of templates

(Before) Linear score function: f — Wax
(Now) 2-layer Neural Network  f = W5 max(0, Wix)

3072
Learn 100 templates instead of 10. Share templates between classes

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Neural networks: why Is max operator important?

(Before) Linear score function: f — Wax

(Now) 2-layer Neural Network  f = W2W1CE)

The function max(0, z) is called the activation function.
Q: What if we try to build a neural network without one?

f —_ WQWl.’L’

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Neural networks: why Is max operator important?

(Before) Linear score function: f = Wa

(Now) 2-layer Neural Network ~ f = W2W1€13)

The function max(0, z) is called the activation function.
Q: What if we try to build a neural network without one?

f=WoyWw W3 = WolW; € RCXH, = Wsax

A: We end up with a linear classifier again!

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Activation functions

1-

10

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

RelLU is a good default
choice for most problems

Leaky RelLU

max(0.1z, x)

10-

Maxout
max(w;i x + by, ws T + by)

10

ELU

T z >0
ale® —1) z<0 - _ I
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Neural networks: Architectures

output layer
input layer Input layer
hidden layer hidden layer 1 hidden layer 2

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

1-hidden-layer Neural Net “Fully-connected” layers

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Example feed-forward computation of a neural network
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Plugging in neural networks with loss functions

s = f(x; Wy, Wa) = Womax(0, Wiz )Nonlinear score function

L; = Z max(0,s; — s,, +1) SVM Loss on predictions
JFYi

R(W) = Z I/Vk? Regularization
k

N
[ = 717 Zl L; + AR(W) + AR(W5 )Total loss: data loss + regularization

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Problem: How to compute gradients?

s = f(a; Wy, Ws) = Womax(0, Wi2) Nonlinear score function
L; = Z max(0,s; — s,, +1) SVM Loss on predictions
I FYi

R(W) = Z I/I/’]f Regularization
k

N
1 . . | L
L = N El L; + AR(Wy) + AR(W>) Total loss: data loss + regularization

If we can compute OL oL then we can learn W, and W,

oWy OWs

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Derive VL on paper

s= fla; W) = Wz Problem: Very tedious: Lots of

matrix calculus, need lots of paper
L; = Z max(0,s; — s,, + 1) Pap

J#y; Problem: What if we want to
= max(0, W, -x+ W, z+1) change loss? E.g. use softmax
i#us instead of SVM” Need to re-

1 N : derive from scratch =(
L= N;Li +/\;wk

N
: Z Z max(0, W, . -xa+ W, .-x+1)+ A Z W7
k

Problem: Not feasible for very
complex models!

’\7
i J7Yi
1 N
- ™ ™~ r 1 | 7 r2
Vwl=Vw | & 2 Z max(0, W, -z + W, .-+ 1)+ XY WS
t=1j#vyi k
COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D in, H, D out = 64, 1000, 100, 10
X, Yy = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

.
for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred - y).sum()
print(t, loss)
grad_y pred = 2.0 *x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)
grad_h = grad_y_pred.dot(w2.T)
grad_wl = x.T.dot(grad_h x h x (1 - h))
wl —= le-4 x grad_wl
w2 —= le—4 % grad_w2
COMPSCI 370
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Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10

X, Yy = randn(N, D_in), randn(N, D_out) Define the network
wl, w2 = randn(D_in, H), randn(H, D_out)

.
for t in range(2000):
h=1/ (1L + np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred - y).sum()
print(t, loss)
grad_y pred = 2.0 *x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)
grad_h = grad_y_pred.dot(w2.T)
grad_wl = x.T.dot(grad_h x h x (1 - h))
wl —= le-4 x grad_wl
w2 —= le—4 % grad_w2
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Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D in, H, D out = 64, 1000, 100, 10
X, Yy = randn(N, D_in), randn(N, D_out) Define the network

wl, w2 = randn(D_in, H), randn(H, D_out)

.
for t in range(2000):
h=1/ (1L + np.exp(-x.dot(wl)))
y_pred = h.dot(w2) Forward pass
loss = np.square(y_pred - y).sum()
print(t, loss)
grad_y pred = 2.0 *x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)
grad_h = grad_y_pred.dot(w2.T)
grad_wl = x.T.dot(grad_h x h x (1 - h))
wl —= le-4 x grad_wl
w2 —= le—4 % grad_w2
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Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D in, H, D out = 64, 1000, 100, 10
x, y = randn(N, D_in), randn(N, D_out) Define the network

wl, w2 = randn(D_in, H), randn(H, D_out)

-
for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2) Forward pass
loss = np.square(y_pred - y).sum()
print(t, loss)
grad_y pred = 2.0 *x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred) _ _
grad_h = grad_y_pred.dot (w2.T) Calculate the analytical gradients
grad_wl = x.T.dot(grad_h x h x (1 - h))
wl —= le-4 x grad_wl
w2 —= le—4 % grad_w2
COMPSCI 370
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Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D in, H, D out = 64, 1000, 100, 10
x, y = randn(N, D_in), randn(N, D_out) Define the network
wl, w2 = randn(D_in, H), randn(H, D_out)

.
for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2) Forward pass
loss = np.square(y_pred - y).sum()
print(t, loss)
grad_y pred = 2.0 *x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred) _ _
grad_h = grad_y_pred.dot (w2.T) Calculate the analytical gradients
grad_wl = x.T.dot(grad_h x h x (1 - h))
wl —= le-4 x grad_wl _
W2 —= le—4 % grad w2 Gradient descent
COMPSCI 370
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Setting the number of layers and their sizes

% hidde neurons §) hidde neurons 20 hidd neurons

more neurons = more capacity

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Do not use size of neural network as a regularizer. Use stronger regularization instead:

)\ 0001 A =0.01 A=0.1

(Web demo with ConvNetJS: http://cs.stanford.edu/
people/karpathy/convnetjs/demo/classify2d.htmil) L(W N Z L f (mz, ) ?/z) + AR(W)
1=1

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html
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http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

Practical issues: gradient descent

Easy to get gradients wrong!
Solution — Automatic differentiation

Main idea
e All computations are compositions of elementary operations (+,-,*, /, COS, Sin, max, etc.)
 We can write code to differentiate these basic operations

 For a complex function we can apply the chain rule of derivatives to write down a function that
computes the gradients

Modern libraries will let you write an arbitrary forward function and will give you a function that
computes the gradients (e.g., pytorch, tensorflow, Jax)

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25 31



Practical issues: gradient descent

Computational and memory complexity
* Large size of gradients and activations on training examples
e Solution: mini-batch gradients

dL,, al _ Z dLn, mini-batch

W dw - dw (n=256 << training set size)

W <— W — 17
Poor convergence
* [earning rate: start with a high value and reduce it when the validation error stops decreasing

e Momentum: move out small local minima
e Usually set to a high value: 5=0.9

(t) — (t—1) _ _
Aw' = BAw + (1 — 5) ( Urwes

with  wt + Aw®

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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Practical iIssues: Initialization

Initialization didn’t matter for linear models

 GGuaranteed convergence to global minima as long as step size is suitably chosen since the
objective Is convex

Neural networks are sensitive to initialization
« Many local minima

 Symmetries: reorder the hidden units and change the weights accordingly to get another network
that produces identical outputs

Train multiple networks with randomly initialized weights
N

pick the best

|

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25 33



This image by Fotis Bobolas is

licensed under CC-BY 2.0

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25


https://www.flickr.com/photos/fbobolas/3822222947
https://www.flickr.com/photos/fbobolas
https://creativecommons.org/licenses/by/2.0/
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https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/
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https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/
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COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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sigmoid activation function
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https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/

Biological Neurons:

Neurons In a neural network:

Complex connectivity patterns Organized into regular layers for

This image is CCO Public Domain

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

computational efficiency

iInput layer

hidden layer 1 hidden layer 2

Subhransu Maji — UMass Amherst, Spring 25


https://www.maxpixel.net/Brain-Structure-Neurons-Brain-Network-Brain-Cells-582052
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Biological Neurons: But neural networks with random
Complex connectivity patterns connections can work too!

v,

b «"‘;’ :!‘
’N& g" Lo
st

I

i

e,

b/
»
L
.
L )
»
F M
D———
T

This image is CCO Public Domain

Xie et al, “Exploring Randomly Wired Neural Networks for Image Recognition”, arXiv 2019

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25


https://www.maxpixel.net/Brain-Structure-Neurons-Brain-Network-Brain-Cells-582052
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Be very careful with your brain analogies!

Biological Neurons:

e Many different types

e Dendrites can perform complex non-linear computations

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

[Dendritic Computation. London and Hausser]

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Convolutional Neural Networks



Convolutional neural networks

Images are not just a collection of pixels
* [ocality: edges, corners, blobs
* [ranslation invariance

The convolution operation:

—_— filter: horizontal edge

absolute value of the output of

convolution of the image and filter
COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25 42




Convolutional neural networks

Images are not just a collection of pixels
* [ocality: edges, corners, blobs
* [ranslation invariance

The convolution operation:

| filter: vertical edge

absolute value of the output of

convolution of the image and filter
COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25 43




Recap: Fully Connected Layer

32x32x3 Image -> stretch to 3072 x 1

input activation
Wz
—————— ) — -1
10 x 3072 10

072 weights

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Fully Connected Layer

32x32x3 Image -> stretch to 3072 x 1

input activation

 — We =

10 x 3072 -
3072 weights / 10

1 number:
the result of taking a dot product

>

between a row of W and the input (a

3072-dimensional dot product)

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

32x32x3 Image -> preserve spatial structure

32 height

32 width
3 depth

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

32x32x3 Image

32

32

COMPSCI 370

5x5x3 filter

//

II Convolve the filter with the image
l.e. “slide over the image spatially,
computing dot products”

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

Filters always extend the full
- depth of the input volume

32x32x3 image

32

32

COMPSCI 370

e

5x5x3 filter

//

II Convolve the filter with the image
l.e. “slide over the image spatially,
computing dot products”

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

32

COMPSCI 370

_— 32x32x3 image

5x5x3 filter w
32

™~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

w' z + b

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25 49



Convolution Layer

32

32

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

32

32

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer
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COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer
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COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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Convolution Layer

_— 32x32x3 image

5x5x3 filter
32

convolve (slide) over all
spatial locations

32

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25

activation map

28

28
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Convolution Layer consider a second, green filter

— 32x32x3 image activation maps

5x5x3 filter
32

28

convolve (slide) over all
spatial locations

32 28

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Convolution Layer

6 activation maps,

each 1x28x28

3x32x32 Image Consider 6 filters,

each 3x9x5
| Convolution
Layer
32 '

32 6x3x5x5 (AT
3 filters I I I I I I Stack activations to get a
6x28x28 output image!

Slide inspiration: Justin Johnson

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Convolution Layer

3x32x32 Image
[T [T TT]

Also 6-dim bias vector:

6 activation maps,
each 1x28x28

| Convolution
Layer
32 "

32 OX3X5x5 “HEHAHA
: flters ||||||

Slide inspiration: Justin Johnson

COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25

Stack activations to get a
6x28x28 output image!



Convolution Layer

3x32x32 Image
[T [T TT]

Also 6-dim bias vector:

28x238 grid, at each
point a 6-dim vector

| Convolution
Layer
32 "

32 OX3X5x5 “HEHAHA
: flters ||||||

Slide inspiration: Justin Johnson

COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25

Stack activations to get a
6x28x28 output image!



Preview: ConvNet is a sequence of Convolution Layers

32 28
CONV
e.g.6
5x5x3
filters
32 28
3 6
COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



Preview: ConvNet is a sequence of Convolution Layers

32 28
CONV CONV
2'95' % e.g. 10
XOX 5x5x6
32 filters 28 filters
3 6 10

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25

24

24

CONV
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32 28 Y
CONV CONV CONV
RelLU RelLU RelLU
2'95' % e.g. 10
XOX 5x5x6
32 filters 28 filters 24
3 6 0

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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32

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

28

plane car berd cat deer
dog frog horse ship truck

Subhransu Maji — UMass Amherst, Spring 25

Linear classifier: One template per class
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Preview: What do convolutional filters learn?

32

S I

32

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

MLP: Bank of whole-image templates

28 k:._!i,‘ -

h" :.

28

Subhransu Maji — UMass Amherst, Spring 25

63



First-layer conv filters: local image templates
/ . (Often learns oriented edges, opposing colors)
H

32

u

|}
\.._..

L
: ‘ ..'
BN

S I

28
32

AlexNet: 64 filters, each 3x11x11

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25



one filter =>
one activation map

- ’ ..

2 Ay \ N 1}/ 7 We call the layer convolutional
. .'I ~ . because it Is related to convolution
S of two signals:

floylegioy] = Y S finn,l-glx—n,y-n]
‘ elementwise multiplication and sum of a
.'.. filter and the signal (image)

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25 65

example 5x5 filters
(32 total)

nl —_——0 n2 e e}




Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

COMPSCI 370
Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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Examples time:

Input volume: 32x32Xx
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

each filter has 5*5*
=> /610 = 760

+ 1 = /6 params

(+1 for bias)



Pooling layer

- makes the representations smaller and more manageable
- operates over each activation map independently

224x224x64

/ a ? 2x112x64
/ @ V

&

> e 112
224 downsampling -
112
224
COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Subhransu Maji — UMass Ambherst, Spring 25
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COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Single depth slice

MAX POOLING

1

1

2

4

5

6

/

3

2

1

1

2

3

3
0
4

max pool with 2x2 filters
and stride 2

Subhransu Maji — UMass Ambherst, Spring 25
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COMPSCI 370

Slide credit: Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Single depth slice

MAX POOLING

11112 | 4
5|16 |73
312|110
112 |3 | 4

y

max pool with 2x2 filters

and stride 2 6 8

 No learnable parameters
* |ntroduces spatial invariance

Subhransu Maji — UMass Ambherst, Spring 25
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Normalization

Within or across feature maps
Before or after spatial pooling

COMPSCI 370

Feature Maps
Feature Maps After Contrast Normalization

Subhransu Maji — UMass Amherst, Spring 24
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Example: LeNet5

C3: 1. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

a
6@14x14 r F6 layer OUTPUT

| W-r N

Full conAecnon ‘ Gaussnan connections
Convolutions Subsampling Convolunons Subsamphng Full connection
image > 6 5x5 + 2X2 —> 16 6x6 — 2x2 — 120 5x5 — full — full

C1: Convolutional layer with 6 filters of size 5x5

Output: 6x28x28

Number of parameters: (5x5+1)*6 = 156

Connections: (5x5+1)x(6x28x28) = 122304

Connections in a fully connected network: (32x32+1)x(6X28x28)

LeCun 98

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25



Example: LeNet5

C3: 1. maps 16@10x10

INPUT gcl) ggaé%remaps S4: f. maps 16@5x5
32x32 S2:f. maps CS layer O TPUT
B@14x14 PS:layer Q51O

| W-r N

| Full conAecnon ‘ Gaussnan connections
Convolutions Subsampling Convolunons Subsamphng Full connection
image > 6 5x5 + 2X2 —> 16 6x6 — 2x2 — 120 5x5 — full — full

S2: Subsampling layer

Subsample by taking the sum of non-overlapping 2x2 windows
 Multiply the sum by a constant and add bias

Number of parameters: 2x6=12

Pass the output through a sigmoid non-linearity
Output: 6x14x14

10

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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Example: LeNet5

C3: 1. maps 16@10x10

INPUT C1: feature maps S4: . maps 16@5x5
32x32 6@28x28 gé {4?134 CS layer F6 layer OUTPUT
I I " \\
O
| Full com#ecnon Gaussnan connections
Convolutions Subsampling Convolunons Subsamphng Full oonnecnon
image > 6 5x5 - 2Xx2 — 16 6x6 — 2x2 — 120 5x5 — full — tull
C3: Convolutional layer with 16 filters of size 6x6 01 23456 7 8 9 10111213 14 15
, 0] X X X X X X X X X X
Each is connected to a subset: 1|X X X X X X X XX X
2|1 X X X X X X X X X X
Number of parameters: 1,516 3 X X X X X X X X X X
: 4 X X X X X X X X X X
Number of connections: 151,600 5 X X X X X X X X X X

Output: 16x10x10 TABLE I

EACII COLUMN INDICATES WIIICII FEATURE MAP IN S2 ARE COMDBINED
BY THE UNITS IN A PARTICULAR FEATURE MAP OF (3.

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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Example: LeNet5

C3: 1. maps 16@10x10

INPUT gcl) ggaé%remaps S4: f. maps 16@5x5
. o2 maps C5: layer ouTPUT
6@14x14 F6 layer

| W-r N

| Full conAecnon ‘ Gaussnan connections
Convolutions Subsampling Convolunons Subsamphng Full connection
image > 6 5x5 + 2X2 —> 16 6x6 — 2x2 — 120 5x5 — full — full

S4: Subsampling layer

Subsample by taking the sum of non-overlapping 2x2 windows
 Multiply by a constant and add bias

Number of parameters: 2x16 = 32

Pass the output through a sigmoid non-linearity
Output: 16x5x5

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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Example: LeNet5

C3: 1. maps 16@10x10

,3,;%,; gé) Qf%aétgemaps S4:f. maps 16@5x5
S2: 1. maps
6@14)(14 CS layer F6 laygr OUTPUT
| \
| Full conAecnon ‘ Gaussnan connections
Convolutions Subsampling Comrolutnons Subsamplnng Full connection
image > 6 5x5 + 2X2 —> 16 6x6 — 2x2 — 120 5x5 — full — full

C5: Convolutional layer with 120 outputs of size 1x1
Each unit in C5 is connected to all inputs in S4
Number of parameters: (16x5x5+1)*120 = 48120

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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Example: LeNet5

C3: 1. maps 16@10x10

,3,;%,; gé) Qf%aétgemaps S4:f. maps 16@5x5
S2: 1. maps
6@14)(14 CS layer F6 laygr OUTPUT
| \
| Full conAecnon ‘ Gaussnan connections
Convolutions Subsampling Comrolutnons Subsamplnng Full connection
image > 6 5x5 + 2X2 —> 16 6x6 — 2x2 — 120 5x5 — full — full

F6: fully connected layer
Output: 1x1x84
Number of parameters: (120+1)*84 = 10164

OUTPUT: 10 Euclidean RBF (Gaussian) units (one for each class)

2(5’33 — wij)*

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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MNIST dataset

J e /79 b6 aq\ .
67578634 3¢ 60,000 original datasets
2 (=<9 9n/ & v s Testerror: 0.95%
YWyl 9o | ¢ 894
r et y¥s4y 15460 0|00 0006l oo
1792¢6ss Va9 |yl
AR 2 ALDI4¥ Y § O 3‘2‘73‘7;232“2
0 QA3 073 8§57
o,¢(04602¢53333333333
777280 6g g b/ ‘1"{‘/4/9‘/‘7'"/‘{“/
s sS|slslSIslS|SIs
Clelellelelelelelelé
540,000 artificial distortions 7217215~ 7 77 777
+ 60,000 original 8(8|5||8|&|8|lslslsls
Test error: 0.8% Gla qlallelqalglelqalQ

3-layer NN, 300+100 HU [distortions]
Test error: 2.5% http://yann.lecun.com/exdb/mnist/

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25



http://yann.lecun.com/exdb/mnist/

MNIST dataset: errors on the test set
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Convolutional Networks: LeCun et al, 1998

” \ Fully Connected

Convolutions

Image Maps

Input

Subsampling

Applied backprop algorithm to a Neocognitron-like architecture

Learned to recognize handwritten digits

Was deployed in a commercial system by NEC, processed handwritten checks
Very similar to our modern convolutional networks!

i o o [ [ o
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ] PASCAL
Al Winter
1958 1969 1980 1985 1998
Perceptron Minsky & Papert Neocognitron Backprop LeNet Slide inspiration: Justin Johnson

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25




s e I

2000s: “Deep Learning”

iy

S . G GED G G G G G G G G G G G G G G G G G — —

People tried to train neural networks that
were deeper and deeper

Not a mainstream research topic at this time

Restricted Boltzmann Machines

S G NS RN GEED GEE GEE GRS RN GEED GEED GEED N G GEE GEES GEND GNED SN GEND G G S G

Hinton and Salakhutdinov, 2006
Bengio et al, 2007

Lee et al, 2009 - S . o
_ Pretraining RBM-initialized autoencoder Fine-tuning with backprop
Glorot and Bengio, 2010

1963 1970s 1979 1986 1997 m “ 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ) PASCAL
Al Winter
1958 1969 1980 1985 1998 2006
Perceptron Minsky & Papert Neocognitron Backprop LeNet Deep Learning

COMPSCI 370 Subhransu Maji — UMass Ambherst, Spring 25

Slide inspiration: Justin Johnson



s e I

iy

2000s: “Deep Learning”

S . G GED G G G G G G G G G G G G G G G G G — —

People tried to train neural networks that
were deeper and deeper

Not a mainstream research topic at this time

Restricted Boltzmann Machines

No good dataset to work on

S G NS RN GEED GEE GEE GRS RN GEED GEED GEED N G GEE GEES GEND GNED SN GEND G G S G

Hinton and Salakhutdinov, 2006
Bengio et al, 2007

Lee et al, 2009 Pretraining RBM-initialized autoencoder Fine-tuning with backprop

Glorot and Bengio, 2010
1963 1970s 1979 1986 1997 m “ 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ) PASCAL
1998 2006
LeNet Deep Learning

Al Winter
1958 1969 1980 1985
Perceptron Minsky & Papert Neocognitron Backprop

COMPSCI 370 Subhransu Maji — UMass Ambherst, Spring 25
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ImageNet Challenge 2010-17

IM&’EGE \NE |

T A - 14+ million labeled images, 20k classes

I & . 2 > &  Images gathered from Internet

 Human labels via Amazon Turk

* The challenge dataset: 1.2 million training
images, 1000 classes

[Deng et al. CVPR 2009]

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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ImageNet Challenge 2012

AlexNet (2012)

W, S . \ ~
N N I e Yl 5. |
W N R SN o P <N 5L A \
RS SN & S | BN 4 2 |\
NN I o v y L £\
TSN o G [ \ "dem /e \dens
R \ 9 s, )3 i 123 AV \ 7g \dense
| a (Y 4 \ ~ e LT v
v . y . \27 128 N TS \ A \
e -~ 4 . .
\J % ~ N N 5 AN \
N \ R P v \ \1.3 13 ¢ \
\ \ ¢\ ¥
. =:$h',‘ \ ?‘ S \\ \\ \1\ N N 4’
\ \ | 14 9 4
26 ‘ T ey =i | 3 l*J 3
i . . M > »
Re-- ‘J 51 ) | . \ [‘ 13 CIE 13 dense jense
v« NN 7 g\ el N 3 \\ - 5
S \ i B A S Y
s T S \\]_ 3| IR | \ S al
\ \o \ ' ' 192 ’ ¢ aam
ol ) \ L %< ax
Y | o \ | pLL L 20%8
224 'ﬁtlu:e‘s\ ak 128 Max peoling
0f 4 pooling pocling
5
3 [

COMPSCI 370

Ranking of the best results from each team

Error (5 predictions)

0.4
0.35
0.3
0.25
0.2
015 N
|

|

0.1
0.05

AlexNet

Photo source

mYannLeCun Public Oct 13,2012

+Alex Krizhevsky's talk at the ImageNet ECCV workshop yesterday made a bit of
a splash. The room was overflowing with people standing and sitting on the
floor. There was a lively series of comments afterwards, with +Alyosha Efros,
Jitendra Malik, and | doing much of the talking.

\

\
T —
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https://www.wired.com/2013/03/google-hinton/
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

ImageNet Challenge 2012

Similar to LeCun’98 with “some” differences:
* Bigger model (7 hidden layers, 650,000 units, 60,000,000 params)
 More data (106 vs. 103 images) — ImageNet dataset [Deng et al.]
 GPU implementation (50x speedup over CPU) ~ 2 weeks to train
o Some twists: Dropout regularization, ReLU max(0,x)

ol j\ W
i B A v 9l |. i - e [P
5 ~ N o\
8 | e 192 192 128 2048 J0ag \dense
27 128
3 Al L N
X “,- ",4 13 '-.\:’.:,{‘ | 13 \ 13
é. '-_..‘.. ')4' "',‘ "s\“:t,".. ?{ ek _
-1---...::::1::... 3 ",‘ 0.._ . 3 Tt .
5 e , 1...-
} 13 T dense’| [dense
i 27 NS 3l| \ I3 13
AL\ 1000
192 192 128 Max
: 048
Max 128 Max pooling 2 2048

3 48

Krizhevsky, |. Sutskever, and G. Hinton, ImageNet Classification with Deep Convolutional Neural Networks, NIPS 2012

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25


http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf

What do these networks learn?

How do we visualize a complicated, non-linear function®

Good paper: Visualizing and Understanding Convolutional Networks, Matthew D. Zeiler, Rob
—ergus, ECCV 2014

Good toolboxes

 Understanding Neural Networks Through Deep Visualization, Jason Yosinski, Jeff Clune, Anh
Nguyen, Thomas Fuchs, and Hod Lipson, ICML Deep Learning Workshop, 2015 (http://
vosinski.com/deepvis)

Many other resources online (search for visualizing deep networks)

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25


http://yosinski.com/deepvis
http://yosinski.com/deepvis

Layer 1: Learned filters

“edge” and “blob” detectors
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Occlusion Experiment

Mask parts of input with occluding square

Monitor output (class probability)

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25
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¥ True Label: Car Wheel

p(True class) Most probable class
B Car wheel
B Police van -

L Jo2 I
an

= 4015

. LA

0.05




p(True class)

Most probable class

Afghan hound
Gordon setter

Insh setter
Monrtarboard

Fur coat
Academic gown
Australian terner
ice lolly

Vizsla

Neck brace




Grad-CAM: Visual Explanations from Deep Networks
via Gradient-based Localization

Ramprasaath R. Selvaraju - Michael Cogswell - Abhishek Das - Ramakrishna
Vedantam - Devi Parikh - Dhruv Batra

| | | | |
(b) Guided Backprop ‘Cat’  (C) Grad-CAM ‘Cat’  (d)Guided Grad-CAM ‘Cat’ (&) Occlusion map ‘Cat’

(f) ResNet Grad-CAM ‘Cat’

(g) Original Image  (h) Guided Backprop ‘Dog’ (1) Grad-CAM ‘Dog’  (j)Guided Grad-CAM ‘Dog’ (k) Occlusion map ‘Dog’ (1)ResNet Grad-CAM ‘Dog’
96



Transfer learning



ImageNet challenge

* 14+ million labeled images, 20k classes
- +Images gathered from Internet
I « Human labels via Amazon Turk

* The challenge: 1.2 million training images,

1000 classes

Multi-layer CNNs (60M parameters)

....... wf & i REa
‘ . '
3 \., .‘:\. ) 4"1'/ d
o T 192 192 2048 2048 \UENac
27 148 R
N AN 13 13
..... a"‘ ’ X ‘s‘.‘:o . { ‘.q"-.__.
reenoall 3] - 3 .“:,,-:':'7"
! 13 . - - > > >
= L — R dense | [dense
........ [ 1000
192 192 128 Max )
Max 128 Max pooling . 2048
pooling pooling

COMPSCI 370
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Face recognition

Y. Taigman, M. Yang, M. Ranzato, L. Wolf, DeepFace: Closing the Gap to Human-Level Performance in Face Verification, CVPR 2014

COMPSCI 370

& 0 >
Calista_Flockhart_0002.jpg Frontalization:
Detection & Localization @152X152x3

true positive rate

1.00

0.99 -
0.98 -
0.97 .
0.95 '
0.95 -
0.94 !
0.93 (§

0.92

0.90

C1. M2: C3:
32x11x11x3 32x3x3x32 16x9x9x32
@142x142 @71x71 @63x63

Human cropped (37.5%)
DeepFace-ensemble (97.35%)
DeepFace-single (97.00%)

——— TL Jaint Baysian (96.33%)

—— High-dimensional LBP (95.17%)
Tom-vs-Pete + Attribute (93.30%)
combined Joint Baysian (92.42%)

B T PR DT RN (T SR S SR S Y R _—_

0.00 005 0.10 0.15 0.20 0.25 0.30 0.35 0.40 045 Q.50

false positive rate

\
\ =
51\ L.
—t | v
‘ L‘_E \ ¢| Y |
e = \ | Q I
‘ n wJ |_|
: ' \ . vt / : b_)l
(a'e8
(a8 w| udd
) L |
« I
L4: LS: L6: F7: F8:
16x9x9x16 16x7x7x16 16x5x5x16 4096d 4030d
@55x55 @25x25 @21X21
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https://www.facebook.com/download/233199633549733/deepface.pdf

Deep learning — reality vs. practice

Caltech 256 FGVC aircraft
8 ¥ =
Caltech-UCSD Birds MIT Indoors

| ' y vy A — =
' .

PASCAL VOC 2007

Datasets

+

.‘% ~£4 - aron
1
! :
| |

HH ot

<+ Models
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Issues with learning from little data

Not only a computational, but
also a statistical challenge ...

* Overfitting,

* Bias,

e Calibration,

e Label noise, ...

Unlabeled examples
e Self-/Semi-supervised learning
* Active learning
Related datasets
* Transfer learning
* Multi-tasking
* Meta learning
Pre-trained models
* Robust finetuning, adaptors
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Transfer learning

How do we learn parameter-rich models on small datasets?
e # parameters >> # training data

Solution: Learn from related tasks
* Training and testing tasks can be difterent!

* |[n general, we can't expect much when the tasks are too different
 Will learning how to drive in Amherst help you drive in Cambridge”

For images we might expect that learning to solve classification tasks on large datasets such as
ImageNet might help us solve other visual recognition tasks.
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Transfer learning with CNNs

Train a model on ImageNet

Take outputs of an intermediate layer as features
Train linear classifier on these features

Pros: simpler learning, efficiency

Con: no end-to-end learning

) N

Horse
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Transfer learning with CNNs

Train a model on ImageNet

Take outputs of an intermediate layer as features
Train linear classifier on these features

Pros: simpler learning, efficiency

Con: no end-to-end learning

New layer

bakery

Feature extractor trained on ImageNet
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Tapping off features at each layer

COMPSCI 370

low-|evel

- high-level

..
‘.
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pooling

128
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. 3" . SR
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3
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. o 13 dense
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pooling
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Datasets and benchmarks

Caltech 101/256
[Fei-Fei et al. 04]

COMPSCI 370

Fine-grained recognition (Aircraft)
[Maji et al. 13]

Ass’lj

Fine-grained recognition (CUB)
[Wah et al. 11]

Scene recognition (MIT Indoors)
[Quattoni and Torralba 09]

Subhransu Maji — UMass Amherst, Spring 25
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Tapping off features at each Layer

Plug features from each layer into linear classifier

Cal-101 Cal-256
|| sy

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25 107



Results on benchmarks

COMPSCI 370

Dataset

Caltech 101
VOC 2007
CUB 200
Aircraft

Cars

Non-Convnet | Non-Convnet | Pretrained

MKL

SIFT+FK
SIFT+FK
SIFT+FK
SIFT+FK

34.3
61.7
18.8
61.0
59.2

convnet +
classifier

87.7
79.7
61.0
45.0
36.5

Subhransu Maji — UMass Amherst, Spring 25

Improvement

+3.4
+18
+42.2
-16
-22.7
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Finetuning

Train a model on ImageNet

Horse
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Finetuning

Trained end-to-end with a low learning rate

New layer

bakery

>

Initialized on ImageNet
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Results on benchmarks

COMPSCI 370

Dataset

Caltech
101

VOC 2007
CUB 200
Aircraft

Cars

Non-

Convnet
Method

MKL

SIFT+FK
SIFT+FK
SIFT+FK
SIFT+FK

Non-
Convnet
perf

34.3

61.7
18.8
61.0
59.2

Pretrained | Finetuned
convnet +

classifier
87.7

79.7
61.0
45.0
36.5

convnet

38.4

32.4
70.4
74.1
79.8
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Improvem

ent

+4.1

+20.7
+51.6
+13.1
+20.6
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Network architectures



Deeper is better

COMPSCI 370

30

25

20

15

10

2010

Challenge winner's accuracy

2011 2012 2013
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Deeper is better

COMPSCI 370

30

25

20

15

10

2010

Challenge winner's accuracy

2011 2012 2013
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2014
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The VGG pattern

Every convolution is 3x3, padded by 1
Every convolution is followed by a RelL.U
Network is divided into “stages”
e [ayers within a stage: no subsampling
e Subsampling by 2 at the end of each stage
Layers within a stage have the same number of channels
Every subsampling = double the number of channels

RelU

R(z) =max(0, 2)
B

CONV3-64
CONV3-128
CONV3-256

CONV3-512
CONV3-512

POOL2

POOL2

. . POOL2
POOL2
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Residual Networks

COMPSCI 370

Challenge winner's accuracy

2010 2011

30
200

25

50 150

15 100

10
50

2012

2013 2014 2015

Deep Residual Learning for Image Recognition
Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun
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A residual block

Instead of single layers, have residual connection over a block of layers
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Summary

Motivation: non-linearity

Ingredients of a neural network (multi-layer perceptron)

* hidden units, link functions
Training by back-propagation

 random initialization, chain rule, stochastic gradients, momentum

* Practical issues: learning, network architecture
Convolutional networks:

* (Good for vision problems where inputs have spati

al structure and locality

» Shared structure of weights leads to significantly

‘ewer parameters

ImageNet pre-training is a great source of image representations!

Lots of research on network architectures, datasets, and training strategies
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Slides credit

Multilayer neural network figure source:
o http://www.ibimapublishing.com/journals/CIBIMA/2012/525995/525995.html

Cat image: http://www.playbuzz.com/abbeymcneill 10/which-cat-breed-are-you
More about the structure of the visual processing system
o http://www.cns.nyu.edu/~david/courses/perception/lecturenotes/V1/Ign-V1.htm

ImageNet visualization slides are by Rob Fergus @ NYU/Facebook http://cs.nyu.edu/~fergus/
presentations/nips2013_final.pdf

LeNet5 figure from: http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
Chain rule of derivatives: http://en.wikipedia.org/wiki/Chain_rule
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