Image Classification

A Core Task in Computer Vision

Today:

e Theimage classification task

e Two basic data-driven approaches to image classification
o -k-pearestneighberandlinear-elassifier

We cover only part of the original lecture.

Stanford CS231n 10t Anniversary Lecture2- 6 April 3,2025



Image Classification: A core task in Computer Vision

(assume given a set of possible labels)
{dog, cat, truck, plane, ...}

v

cat

Ibmmag&b
sed unde CCBYZO
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https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/

The Problem: Semantic Gap
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What the computer sees

Animage is a tensor of integers
between [0, 255]:

e Ry 0 e.g. 800 x600 x 3
(3 channels RGB)
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https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/

Challenges: Viewpoint variation

All pixels change when
the camera moves!

This image by Nikita is
licensed under CC-BY 2.
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https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/

Challenges: Illumination

This image is CC0 1.0 Thisimage is CC0 1.0
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https://pixabay.com/en/cat-cat-in-the-dark-eyes-staring-987528/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
http://maxpixel.freegreatpicture.com/Cats-Silhouette-Cats-Eyes-Silhouette-Cat-694730
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/en/red-cat-animals-cat-face-cat-red-1451799/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
http://maxpixel.freegreatpicture.com/Animals-Tree-Sun-Cat-In-Tree-Cat-Feline-Titus-63683
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Challenges: Background Clutter

Thisim is.CCO 1.0 public domain This im: is.CC0 1.0 public domain
Ihisimage JIhis image
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https://pixabay.com/en/cat-camouflage-autumn-fur-animals-408728/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://www.pexels.com/photo/view-of-cat-in-snow-248276/
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Challenges: Occlusion

This image byjonsson is licensed

This image is CC0 1.0 public domain This image is CC0 1.0 public domain under CCBY2.0
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https://pixabay.com/p-393294/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://commons.wikimedia.org/wiki/File:New_hiding_place_(4224719255).jpg
https://www.flickr.com/people/81571077@N00?rb=1
https://creativecommons.org/licenses/by/2.0/
https://pixabay.com/en/cat-hidden-meadow-green-summer-1009957/
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Challenges: Deformation

Thisimage by Umberto Salvagnin is This image by Umberto Salvagnin is This image by sare bear is Thisimage byTom Thai s licensed
licensed under CC-BY 2.0 licensed under CC-BY 2.0 licensed under CC-BY 2.0 under CC-BY2.0
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https://www.flickr.com/photos/kaibara/3625964429/in/photostream/
https://www.flickr.com/photos/kaibara/
https://creativecommons.org/licenses/by/2.0/
https://c1.staticflickr.com/5/4101/4877610923_52c9a5fedf_b.jpg
https://www.flickr.com/photos/eviltomthai/
https://creativecommons.org/licenses/by/2.0/
https://www.flickr.com/photos/sarahcord/364252525
https://www.flickr.com/photos/sarahcord/
https://creativecommons.org/licenses/by/2.0/
https://www.flickr.com/photos/34745138@N00/4068996309
https://www.flickr.com/photos/kaibara/
https://creativecommons.org/licenses/by/2.0/

Challenges: Intraclass variation

This image is.CC0 1.0 public domain
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http://maxpixel.freegreatpicture.com/Cat-Kittens-Free-Float-Kitten-Rush-Cat-Puppy-555822
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Challenges: Context

Image source: https://www.linkedin.com/posts/ralph-aboujaoude-diaz-40838313_technology-artificialintelligence-computervision-activity-
6912446088364875776-h-Iq?utm_source=linkedin_share&utm_medium=member_desktop_web
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Linear Classifier

Stanford CS231n 10t Anniversary Lecture2- 51 April 3, 2025



Parametric Approach

X 10 numbers giving
~ f(x,W) '
class scores
Array of 32x32x3 numbers I
(3072 numbers total) W
parameters
or weights
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Parametric Approach: Linear Classifier

f(x,W) = Wx

Image

A

- F(x,W) .10 numbers giving

I class scores
Array of 32x32x3 numbers
(3072 numbers total) W

parameters
or weights
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Parametric Approach: Linear Classifier
3072x1
f(x,W) [=|WIX

10x1 10x3072
10 numbers givin
- f(x,W) . u gIving

I class scores
Array of 32x32x3 numbers
(3072 numbers total) W

parameters
or weights
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Parametric Approach: Linear Classifier
3072x1
f(x,W) [=|WKR Hb|10x
10x1  10x3072 ) ) o
- £(x,W) .10 numbers giving

I class scores
Array of 32x32x3 numbers
(3072 numbers total) W

Image

- Y
- i

parameters
or weights
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Neural Network

Linear
classifiers

This image is CC0 1.0 public domain
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http://maxpixel.freegreatpicture.com/Play-Wooden-Blocks-Tower-Kindergarten-Child-Toys-1864718
https://creativecommons.org/publicdomain/zero/1.0/deed.en

3 s5as \dense]

hse'|  jdensd

Max 128 Max pnc-lir\fﬁ: 1048 )
poaling pooling

[Krizhevsky et al. 2012] Linear layers
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[He et al. 2015]
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Recall CIFAR10

airplane i =1

automobile g ! | ’—ﬁ

bird Ak = e

cat -‘u gﬂ 50,000 training images
deer m‘g—gag ﬁ= each image is 32x32x3
dog HRE ' "Im 10,000 test images.
frog ,,.IC . ﬁl

horse b ;

ship

truck
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Example with an image with 4 pixels, and 3 classes (cat/dog/ship)

Flatten tensorsinto a vector

Inputimage

56

231

24
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Example with animage with 4 pixels, and 3 classes (cat/dog/ship)
Algebraic Viewpoint

Flatten tensorsinto a vector

Inputimage

56

231

1.1

0.2 | -05 | 0.1 2.0
1.5 1.3 2.1 0.0
0 0.25 | 0.2 | -0.3

24

3.2

-1.2

-96.8

437.9

61.95

Cat score

Dog score

Ship score
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Interpreting a Linear Classifier

airplane [ 5 ”?.:z‘.ﬁ'i.
automobnle‘,ﬂ!ﬂﬁ@ﬁ .

Input image

bird AR EETHKE

cat T et R R B

deer .F“E.!.- 02 | 0.5 15 | 1.3 0 | 25
dog iﬂ*'!ﬁnhlw w 0.1 | 20 21 | 00 02 | 03
frg EIESa®”RESE ' . ;
rorse a3 B 4 P P A P T N R 5
ship a . E £ 2 = . i - n E Score -sz.e 4::7.9 61?95

ruck @ ek W o a8 @ iy
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Interpreting a Linear Classifier: Visual Viewpoint
airplane | 5 h?lﬂ:'iil

Input image

automobile . , = - = ﬁ . E

bird q ‘ .

cat Avia

deer .3“ 02 | -05 15 | 13 0 | .25
dog Eﬂk W 01 | 20 21 | 00 02 | 03
frog DS 3| P ; ; ;
horse o H.EE..!.E > I = <
ship Score | -968 437.9 61.95
truck

horse
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Interpreting a Linear Classifier: Geometric Viewpoint

- ‘ f(x,W) = Wx + b

"F‘S' \ car classifier
airplane classifier/ &%
2 e
e

Array of 32x32x3 numbers
(3072 numbers total)

= PPt
. -
e <>

\-* deer classifier

Catimage byNikita is licensed under CC-BY 2.0
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https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/
https://sandbox.open.wolframcloud.com/app/objects/26bc9cd9-50a8-42a9-8dbf-7a265d9e79c8

Hard cases for a linear classifier

Class 1:
First and third quadrants

Class 2:
Second and fourth quadrants

Class 1:
l1<=L2norm<=2

Class 2:
Everything else

Class 1:
Three modes

Class 2:
Everything else
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Linear Classifier - Choose a good W

3.42

4.64
2.65
5:1

2.64
9959
-4.34
i B
-4.79
6.14

airplane -3.45 -0.51
automobile -8.87 6.04
bird 0.09 5:3%
cat 2.9 -4.,22
deer 4.48 G
dog 8.02 3.58
frog 3.78 4.49
horse 1.06 -4.37
ship -0.36 -2.09
truck -0.72 -2.93
Catimage by Nikita is licensed under CG-BY2,0; Carimage is CC0 1,0 public domain; Erog image s in the public domain

Define a loss function that quantifies
our unhappiness with the scores
across the training data.

Come up with a way of efficiently
finding the parameters that minimize
the loss function. (optimization)

Stanford CS231n 10t Anniversary

Lecture 2 - 65 April 3, 2025


https://www.flickr.com/photos/malfet/1428198050
https://www.flickr.com/photos/malfet/
https://creativecommons.org/licenses/by/2.0/
https://www.pexels.com/photo/audi-cabriolet-car-red-2568/
https://creativecommons.org/publicdomain/zero/1.0/
https://en.wikipedia.org/wiki/File:Red_eyed_tree_frog_edit2.jpg

Suppose: 3 training examples, 3 classes.
With some W the scores  f(z, W) =Wz

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 2.0 -3.1
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Suppose: 3 training examples, 3 classes.
With some W the scores  f(z, W) =Wz

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 2.0 -3.1

A loss function tells how good
our current classifier is
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Suppose: 3 training examples, 3 classes.

: A loss function tells how good
With some W the scores  f(z, W) = Wz our current classifier is

Given a dataset of examples
N
{(:Ei? y%) 1=1

Where&;isimage and

cat 3.2 1.3 2.2 Yi is (integer) label
car 5.1 4.9 2.5
frog -1.7 2.0 -3.1
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Suppose: 3 training examples, 3 classes.

A loss function tells how good
With some W the scores  f(z, W) = Wz 5

our current classifier is
Given a dataset of examples

{(xi? y%) ;’Til

Where&;isimage and

cat 3.2 1.3 2.2 Yi is (integer) label

car 5.1 49 2.5 Loss over the dataset is a average

of loss over examples:
frog -1.7 2.0 -3.1 1
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Softmax classifier
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

cat 3.2
car 5.1
frog -1.7
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

cat 3.2
car 5.1
frog -1.7
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

Probabilities
must be>=0

cat 3.2 24.5

exp

car 51 —164.0
frog -1.7 0.18

unnormalized
probabilities
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

Probabilities Probabilities
must be >=0 must sumto 1
cat 3.2 24.5 0.13
exp normalize
car 51 —164.0 |——| 0.87
unnormalized probabilities
probabilities
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

N 15

Probabilities Probabilities
must be >=0 must sumto 1
cat 3.2 24.5 0.13
exp normalize
car 5.1 —164.0 |——| 0.87
Unnormalized log- unnormalized probabilities
probabilities / logits probabilities
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

Probabilities Probabilities
must be >=0 must sum to 1 Li = —log P(Y = 5| X = i)
cat 3.2 24.5 0.13 | - Li=-log(0.13)
€xp normalize =2.04
car 5.1 —164.0 |——| 0.87
Unnormalized log- unnormalized probabilities
probabilities / logits probabilities
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

N 15

Probabilities Probabilities
must be >=0 must sumto 1 Li = —log P(Y = | X = ;)
cat 3.2 24.5 0.13 | — Li=-log(0.13)
exp normalize =2.04

car 51 —164.0 |——| 0.87
fop | L7 0.18 0.00 | Lmmseinecs mtor

likelihood of the observed data
Unnormalized log_ unnormalized probabi“ties (See CS 229 for details)
probabilities / logits probabilities
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s=f(zss W)  |P(Y =KX =2i) = 5| Softmax

N 15

Function
Probabilities Probabilities
must be >=0 must sumto 1 Li = —log P(Y = | X = ;)
cat 3.2 24.5 0.13 [ compare <=1 1.00
exp normalize
car 5.1 —164.0 |——| 0.87 0.00
frog -1.7 0.18 0.00 0.00
Unnormalized log- unnormalized probabilities Correct
probabilities / logits probabilities probs
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

I — f(:l',‘%;W) P(Y k|X— mg) = Z ei

Softmax
Function

Probabilities Probabilities - .
must be >=0 must sumto 1 Iy =~ P =& =)
cat 3.2 24.5 0.13 [ compare =1 1.00
exp normalize Kullback-Leibler
car 5.]. 164.0 0.87 divergence 0.00
Dgr(P|Q) =
frog -1.7 0.18 0.00 | 0.00
: : P(y) log 0
Unnormalized log- unnormalized probabilities v ) Correct
probabilities / logits probabilities probs
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s=f(zss W)  |P(Y =KX =2i) = 5| Softmax

N 15

Function
Probabilities Probabilities
must be >=0 must sumto 1 Li = —log P(Y = | X = ;)
cat 3.2 24.5 0.13 [ compare <=1 1.00
exp normalize
car 5.1 —1164.0 |——| 0.87 | crossEntropy 0.00
H(P, ) =
frog | -L.T 0.18 0.00 |, 752 oy 0.00
Unnormalized log- unnormalized probabilities Correct
probabilities / logits probabilities probs
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z;; € Function

N 15

Maximize probability of correct class Putting it all together:

;i — i Ll i
cat 3.2 SETHEREREES EE;.- 7)
car 5.1
frog -1.7
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z_»,' € Function

Maximize probability of correct class Putting it all together:
LT: — _IDg P(Y — y’:‘,‘X — :I:'I) L' e 10g Esyz' ‘
cat 3.2 1 ( > €’ )
1: What is the min/max possible softmax loss L.?
car 5.1 Q /maxp
fro 1.7 Q2: Atinitialization all s; will be approximately equal;
5 what is the softmax loss L;, assuming C classes?
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

s = f(zi; W) |P(Y =k|X =) = 55| Softmax

Sj .
Z_»,' € Function

Maximize probability of correct class Putting it all together:
LT: —_ — IDg P(Y — y’:‘,‘X — :I:'I) L-i e 10g( ESFEISJ )
cat 3.2 > €’

51 Q2: At initialization all s will be
' approximately equal; what is the loss?

frog -1.7 A: -log(1/C) = log(C),
If C=10,thenL;=log(10) > 2.3

car
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