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TAs:

Amit Shmidov Oren Chikli



Today:
00:00)  Course administration and context
00:10)  History and motivation
00:20)  The physics of light
00:30)  Image formation and basic optics
01:00)  ---- Break ----
01:15) Convolution
02:00)  ---- Break ----
02:15)  The digital image pipeline
02:45) ---- Break ----
03:00)  Tutorial (Amit): Basic PyTorch and point ops
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“You press the button, we do the rest”; Kodak 1888
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𝑦

𝑅1

≈ 0

Thin lens



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1+y



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1+y

≈ x1



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1+y

≈ x1



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓𝒇

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1 + 𝑦 = 𝑓𝜃1 + 𝑦

𝒇

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1 + 𝑦 = 𝑓𝜃1 + 𝑦

𝒚𝟏 = 𝒇𝜽𝟏

𝒇

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1 + 𝑦 = 𝑓𝜃1 + 𝑦

𝒚𝟏 = 𝒇𝜽𝟏

𝒇

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1 + 𝑦 = 𝑓𝜃1 + 𝑦

𝒚𝟏 = 𝒇𝜽𝟏

𝒇

𝒙𝟏 = 𝒇



𝑦θ1

𝜃2 = (𝜃1 −
𝑦

𝑅1 )/n +
𝑦

𝑅1

 

𝜃3 = (𝜃2 +
𝑦

𝑅2 )/n +
𝑦

𝑅2

      = 𝜽𝟏 + 𝒚(𝟏 − 𝒏)( 𝟏
𝑹𝟏

+
𝟏

𝑹𝟐 )
𝟏
𝒇

𝑦 + 𝑦1

𝑥1
= 𝜃3 = 𝜃1 + 𝑦/𝑓

𝑦1 + 𝑦 = 𝑓𝜃1 + 𝑦

𝒚𝟏 = 𝒇𝜽𝟏

𝒇

𝒙𝟏 = 𝒇
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Convolution (starting with discrete 🤯)



Convolution (starting with discrete 🤯)
What if we want the same function to be applied 
at all times/places?



Convolution (starting with discrete 🤯)

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

What if we want the same function to be applied 
at all times/places?



Convolution (starting with discrete 🤯)

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

What if we want the same function to be applied 
at all times/places?

𝒀𝒕 = 𝑻(𝒙)𝒕



Convolution (starting with discrete 🤯)

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝒀𝒕 = 𝑻(𝒙)𝒕



y0

Convolution (starting with discrete 🤯)

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝒀𝒕 = 𝑻(𝒙)𝒕



y1

y0

Convolution (starting with discrete 🤯)

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝒀𝒕 = 𝑻(𝒙)𝒕



y1

y2

y0

Convolution (starting with discrete 🤯)

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝑇(𝑥𝑡−𝜏)𝑡 = 𝑇(𝑥𝑡)𝑡−𝜏

𝒀𝒕 = 𝑻(𝒙)𝒕



y1

y2

y0

Convolution (starting with discrete 🤯)

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝑇(𝑥𝑡−𝜏)𝑡 = 𝑇(𝑥𝑡)𝑡−𝜏

Convolution:
{𝑓 ∗ 𝑔}[𝑡] =

∞

∑
𝑡=−∞

𝑓[𝑡]𝑔[𝑡 − τ]

𝒀𝒕 = 𝑻(𝒙)𝒕



y1

y2

y0

Convolution (starting with discrete 🤯)

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑎
𝑏
𝑐

What if we want the same function to be applied 
at all times/places?

𝑇(𝑥𝑡−𝜏)𝑡 = 𝑇(𝑥𝑡)𝑡−𝜏

Convolution:
{𝑓 ∗ 𝑔}[𝑡] =

∞

∑
𝑡=−∞

𝑓[𝑡]𝑔[𝑡 − τ]

𝒀𝒕 = 𝑻(𝒙)𝒕

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑎
𝑏
𝑐

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y0

𝑎
𝑏
𝑐

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y0

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y0

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

y3

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

y3

y4

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

y3

y5

y4

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

y3

y5

y4

Linear Time Invariant

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Convolution Filter

∑

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y1

y2

y0

y3

y5

y4

LTI is always a convolution!
Proof: HW

Linear Time Invariant

𝑎
𝑏
𝑐

Standard
inner 

product
𝑦0 =  [𝑥0 𝑥1 𝑥2][

𝑐
𝑏
𝑎] = ⟨𝑥0:3 ,  𝑔⟩

𝑔 = [𝑐,  𝑏,  𝑎]



Is it even linear?
𝑎
𝑏
𝑐

y1

y2

y0

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑔 = [𝑐,  𝑏,  𝑎]𝒀𝒕 = {𝑓 ∗ 𝑔}[𝑡]



Is it even linear?
𝑎
𝑏
𝑐

𝒂 𝒃 𝒄 0 0 0 0 0
0 𝒂 𝒃 𝒄 0 0 0 0
0 0 𝒂 𝒃 𝒄 0 0 0
0 0 0 𝒂 𝒃 𝒄 0 0
0 0 0 0 𝒂 𝒃 𝒄 0
0 0 0 0 0 𝒂 𝒃 𝒄

y1

y2

y0

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑔 = [𝑐,  𝑏,  𝑎]𝒀𝒕 = {𝑓 ∗ 𝑔}[𝑡]



Is it even linear?
𝑎
𝑏
𝑐

𝒂 𝒃 𝒄 0 0 0 0 0
0 𝒂 𝒃 𝒄 0 0 0 0
0 0 𝒂 𝒃 𝒄 0 0 0
0 0 0 𝒂 𝒃 𝒄 0 0
0 0 0 0 𝒂 𝒃 𝒄 0
0 0 0 0 0 𝒂 𝒃 𝒄

y1

y2

y0

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑔 = [𝑐,  𝑏,  𝑎]𝒀𝒕 = {𝑓 ∗ 𝑔}[𝑡]



Is it even linear?
𝑎
𝑏
𝑐

𝒂 𝒃 𝒄 0 0 0 0 0
0 𝒂 𝒃 𝒄 0 0 0 0
0 0 𝒂 𝒃 𝒄 0 0 0
0 0 0 𝒂 𝒃 𝒄 0 0
0 0 0 0 𝒂 𝒃 𝒄 0
0 0 0 0 0 𝒂 𝒃 𝒄

y1

y2

y0

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑔 = [𝑐,  𝑏,  𝑎]𝒀𝒕 = {𝑓 ∗ 𝑔}[𝑡]



Is it even linear?
𝑎
𝑏
𝑐

𝒂 𝒃 𝒄 0 0 0 0 0
0 𝒂 𝒃 𝒄 0 0 0 0
0 0 𝒂 𝒃 𝒄 0 0 0
0 0 0 𝒂 𝒃 𝒄 0 0
0 0 0 0 𝒂 𝒃 𝒄 0
0 0 0 0 0 𝒂 𝒃 𝒄

y1

y2

y0

y3

y5

𝑥0

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

y4

𝑔 = [𝑐,  𝑏,  𝑎]𝒀𝒕 = {𝑓 ∗ 𝑔}[𝑡]



Is it even linear?
𝑎
𝑏
𝑐

𝒂 𝒃 𝒄 0 0 0 0 0
0 𝒂 𝒃 𝒄 0 0 0 0
0 0 𝒂 𝒃 𝒄 0 0 0
0 0 0 𝒂 𝒃 𝒄 0 0
0 0 0 0 𝒂 𝒃 𝒄 0
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∫
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🤯

Q:      {𝑓 ∗ 𝛿} = ?

A:     𝑓

Proof:       HW

Is it a function?
Distribution / Generalized function

Don’t hate me, I’m 
not that Schwartz!

Laurent-Moïse Schwartz
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Q: Given that all patches have the same norm (not realistic), where will 
convolution get the highest value?

A: Now it’s that Schwartz! (and Cauchy):                 ,    max: ⟨𝑓, 𝑔⟩
2

≤ 𝑓 ∙ 𝑔
𝑓 = 𝑔

Idea taken from https://compneuro.neuromatch.io/tutorials/W1D5_DeepLearning/student/W1D5_Tutorial2.html

https://compneuro.neuromatch.io/tutorials/W1D5_DeepLearning/student/W1D5_Tutorial2.html


Common Convolution Filters

Smoothing

Box Blur (3×3)

1 1 1

1 1 1

1 1 1

× ¹⁄₉

Gaussian Blur (3×3)

1 2 1

2 4 2

1 2 1

× ¹⁄₁₆

Reduces noise
Averages neighbors

Basic Derivative

∂/∂x  (horizontal)

∂/∂y  (vertical)

Simplest finite difference
Sensitive to noise

Smoothed Derivative

Sobel X

-1 0 1

-2 0 2

-1 0 1

Sobel Y

-1 -2 -1

0 0 0

1 2 1

More robust gradient
Smoothing + derivative in one kernel

Basic derivative is noisy  →  Sobel adds Gaussian smoothing for a more stable gradient

red = negative  gray = zero  green = weighted

-1 1

-1

1



More Filters

Laplacian

∂²/∂x² + ∂²/∂y²

0 1 0

1 -4 1

0 1 0

2nd derivative → edges at zero-crossings
Isotropic: same in all directions

Sharpening

identity − Laplacian

0 -1 0

-1 5 -1

0 -1 0

center = 1 + 4 = 5

Boosts edges in the original image
"Unsharp mask" idea

Gaussian 5×5

larger kernel = more blur

1 4 6 4 1

4 16 24 16 4

6 24 36 24 6

4 16 24 16 4

1 4 6 4 1

× ¹⁄₂₅₆

Kernel size controls blur scale
Foundation of scale-space theory

Sharpening = original + edges  →  I − α∇²I  (Laplacian sharpening)
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Point Spread Function
Func that describes the pattern of zero sized point of light on the optical system.

Q: But didn’t we see that a point maps to a point?

A: Small angle approximation!

Q: What does it do to the entire picture?

A: What the hell were we discussing during the last 30 mins?!?!
This is exactly the impulse response, so, convolution with the 
image

Q: Implications?

A: These are called “Geometric Aberrations” and they induce a blur effect.

Q: Is this the only reason for the blur?

A: No. Also diffraction. Light is a wave, 
remember?
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Digital Image Pipeline

* Credit: Some figures in this topic taken from Peyman Milanfar and from Michael S Brown.
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The Bayer mosaic

1976

How does light become voltage? What about color?



The Bayer mosaic

1976

Raw image

How does light become voltage? What about color?



Non-unique

Your eyes do it too!



Digital Image Pipeline
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Demosaicing

Methods:

Bilinear Edge-aware Freq. domain Deep learning
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Why did we have this Gaussian trade-off?

Edge

* =
Blurry edge

Idea: weigh not only special dist, also value dist 
(color)!

.
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Gamma / Tone curve

Contrast enhancement

Sharpening

JPEG compression → sRGB

Photo-Finishing

Tutorial



Digital Image Pipeline



Digital Image Pipeline

Modern systems have >50 stages 
with many “secret sauces”
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Burst photography

All pipeline elements improve!
• Denoising
• Digital Zoom
• Demosaicing
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Algorithms of 
computer vision

Today Rest of the 
course

That’s a wrap!
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Conclusion from today:

Images are imagined!

Next week:
ML basics from 
representation 
learning view

A photon checks in to a hotel…


