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Part III: Machine Learning Part

Question 1. What does ML look like?

Question 2. How does ML benefit System?

Image classification with linear model 

Learned Index + XIndex I am not an expert on ML; I am 
actually a systems researcher. 

All my claims are from a user’s 
perspective. 
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Image Classification

Tom
Jerry



The Semantics Gap

Tom

What we see.



The Semantics Gap

What the computer sees.

An image is just a big gird of 
numbers between [0, 255].



How To Classify Two Kinds of Images?

Tom
Jerry



Strawman I – Distance Metric

L1 Distance:

56 32

90 23

10 20

8 10
=-

46 12

82 13

Two images are considered to be similar if their distance is smaller 
than a threshold (e.g., 200).

sum
153



Strawman I – Distance Metric



Strawman I – Distance Metric

Belong to
But, how can we know this is Tom?



Strawman II – Distance Metric

1. Collect a dataset of images and labels

2. Use machine learning to train a classifier

3. Evaluate the classifier on new images

Memorize all data and labels

Predict the the label of most 
similar training image



Strawman II – Distance Metric

Tom

Jerry

Training Validation Test



Strawman II – Distance Metric

Tom

Jerry

Training Validation Test
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Strawman II – Distance Metric

Tom

Jerry

Training Validation Test



Linear Classification



Parametric Approach
Image

Array of 32 x 32 x 3 numbers
(3072 numbers total)

f(x, W) v

Parameter  
or weights

Result vector 
including K numbers 
giving class scores



Parametric Approach: Linear Classifier
Image

Array of 32 x 32 x 3 numbers
(3072 numbers total)

f(x, W) v

Parameter  
or weights

Result vector 
including K numbers 
giving class scores

f(x, W) = W x + b
K x 3072

3072 x 1

K x 1



Example with images of 4 pixels, and 3 classes.

56 32

90 23
56

32

90

23

Stretch pixels into column

0.2 -0.5 0.1 -0.1

0.1 0.0 0.05 -0.3

0.1 0.1 -0.25 0.6

+

1.3

1.8

-1.8

3.2

5.1

-1.7

=

Tom Score

Jerry Score

Dog Score

W x b



Example with images of 4 pixels, and 3 classes.

Input Layer
Output Layer

x0

x1

x2

x3

s0

s1

s2

W(0,0)x0 b



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0

2.2

2.5

-3.1

How to measure the happiness 
with the score?

Loss function tells how good our 
current model is.

Give a dataset of examples:

Where xi‘s image and 
yi’s (integer) label

Loss over the dataset is an 
average of loss over examples:
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Example with images of 4 pixels, and 3 classes.
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Jerry

Dog

3.2

5.1

-1.7

1.3

4.9
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Losses



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0

2.2

2.5

-3.1

Losses 2.9

= max(0, 5.1 - 3.2 + 1) 
+ max(0, -1.7 - 3.2 + 1) 

= max(0, 2.9) + max(0, -3.9) 
= 2.9 + 0 
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Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0
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-3.1

Losses 2.9 0.0 12.9

Other Losses:



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0

2.2

2.5

-3.1

Losses 2.9 0.0 12.9

How to minimize the loss?

Update the W.

Strawman: random search.



Gradient Descent How to decide the direction?



Gradient Descent How to decide the direction?

𝐿 𝑤#, 𝑥, 𝑦 = 𝐿 𝑤, 𝑥, 𝑦 +
𝑑𝐿 𝑤, 𝑥, 𝑦

𝑑𝑤
(𝑤# − 𝑤)

The direction should be opposite with 𝒅𝑳 𝒘,𝒙,𝒚
𝒅𝒘

The gradient should be 𝜶𝒅𝑳 𝒘,𝒙,𝒚
𝒅𝒘

Learning Rate



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0

2.2

2.5

-3.1

Losses 2.9 0.0 12.9

𝐿 𝑤#, 𝑥, 𝑦 = 𝐿 𝑤, 𝑥, 𝑦
+ 34 5,6,7

35
(𝑤# − 𝑤)

Input Layer

Output Layer

x0

x1

x2

x3

s0

s1

s2

W(0,0)x0
b



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

1.3

4.9

2.0

2.2

2.5

-3.1

Losses 2.9 0.0 12.9

𝐿 𝑤#, 𝑥, 𝑦 = 𝐿 𝑤, 𝑥, 𝑦
+ 34 5,6,7

35
(𝑤# − 𝑤)

...

,
,

𝑑𝐿 𝑤, 𝑥, 𝑦
𝑑𝑤(0,0)

= −x0 = −56

56 32

90 23

𝑑𝐿 𝑤, 𝑥, 𝑦
𝑑𝑤(0,1)

= −x1 = −32

L(W, x, y) = s1 – s0 + 1
= ∑@ ABC (𝑥𝑖 ∗ 𝑊1 𝑖)
- ∑@ ABC (𝑥𝑖 ∗ 𝑊0 𝑖 ) + 1



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

Losses 2.9

𝐿 𝑤#, 𝑥, 𝑦 = 𝐿 𝑤, 𝑥, 𝑦
+ 34 5,6,7

35
(𝑤# − 𝑤)

...

𝑑𝐿 𝑤, 𝑥, 𝑦
𝑑𝑤(0,0)

= −x0 = −56

56 32

90 23

𝑑𝐿 𝑤, 𝑥, 𝑦
𝑑𝑤(0,1)

= −x1 = −32

L(W, x, y) = s1 – s0 + 1
= ∑@ ABC (𝑥𝑖 ∗ 𝑊1 𝑖)
- ∑@ ABC (𝑥𝑖 ∗ 𝑊0 𝑖 ) + 1

0.2 -0.5 0.1 -0.1

0.1 0.0 0.05 -0.3

0.1 0.1 -0.25 0.6

w'(0,0) = w(0,0) + 56 * 0.01 = 0.76
learning rate: 0.01

w’(0,1) = w(0,1) + 32 * 0.01 = -0.18

w’(0,2) = w(0,2 ) + 90 * 0.01 = 1.1

w’(0,3) = w(0,3 ) + 23 * 0.01 = 0.13



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

Losses 2.9

𝐿 𝑤#, 𝑥, 𝑦 = 𝐿 𝑤, 𝑥, 𝑦
+ 34 5,6,7

35
(𝑤# − 𝑤)56 32

90 23 L(W, x, y) = s1 – s0 + 1
= ∑@ ABC (𝑥𝑖 ∗ 𝑊1 𝑖)
- ∑@ ABC (𝑥𝑖 ∗ 𝑊0 𝑖 ) + 1

0.2 -0.5 0.1 -0.1

0.1 0.0 0.05 -0.3

0.1 0.1 -0.25 0.6

w'(0,0) = w(0,0) + 56 * 0.01 = 0.76

learning rate: 0.01

w’(0,1) = w(0,1) + 32 * 0.01 = -0.18

w’(0,2) = w(0,2 ) + 90 * 0.01 = 1.1

w’(0,3) = w(0,3 ) + 23 * 0.01 = 0.13

w’(1,0) = w(1,0) - 56 * 0.01 = -0.46

w’(1,1) = w(1,1) - 32 * 0.01 = -0.32

w’(1,2) = w(1,2) - 90 * 0.01 = -0.85

w’(1,3) = w(1,3) - 23 * 0.01 = 0.53



Example with images of 4 pixels, and 3 classes.

56 32

90 23
56

32

90

23

Stretch pixels into column

+

1.3

1.8

-1.8

140

-98

-1.7

=

Tom Score

Jerry Score

Dog Score

W x b

0.76 -0.18 1.1 0.13

-0.46 -0.32 -0.85 0.53

0.1 0.1 -0.25 0.6



Example with images of 4 pixels, and 3 classes.

Tom

Jerry

Dog

3.2

5.1

-1.7

Losses 2.9

56 32

90 23

0.2 -0.5 0.1 -0.1

0.1 0.0 0.05 -0.3

0.1 0.1 -0.25 0.6

0.76 -0.18 1.1 0.13

-0.46 -0.32 -0.85 0.53

0.1 0.1 -0.25 0.6

140

-98

-1.7

0



Learning Process

Tom

Input

Model 
= 

Architecture 
+ 

Parameters

Slides are adapted from Stanford CS230.

Output

140

-98

-1.7

Tom Score

Jerry Score

Dog Score

Loss
Gradient



Neural Network
s = W2f(x, W1)

Active function

Back Propagation



Thanks & Questions


