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Lecutre2: Neural Networks
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Today:

• Revisit feature transform                         (5%)

• What is a neural net? (10%)

• Derivatives and chain-rule reminder      (10%)

• Training a vanilla network (back-prop) (40%) 

• Differential computational graph            (25%)

• Demo (10%)
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Linear
hypothesis

Feature Transform
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Learnable!
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Non-linear hypothesis!
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Hidden layers

Artificial Neural Networks
Vaguely inspired by biological neural networks
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Q: What do you call a single layered net?

Q: Why?
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𝑊𝑘𝑖
𝐿−1𝜎 

𝑚

𝑊𝑚𝑘
𝐿−2𝑥𝑚

𝐿−3 + 𝑏𝑘
𝐿−2 + 𝑏𝑖
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Learning by SGD

𝜕ℒ(𝜽; 𝒙, 𝒚)

𝜕𝑤𝑖𝑗
𝑙 ,We need To all l,I,j𝜕ℒ(𝜽; 𝒙, 𝒚)

𝜕𝑏𝑗
𝑙
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Chain rule reminder

𝑦 = 𝑓 𝑥 , 𝑧 = 𝑔(𝑦)

𝑦 𝑧𝑥
𝑔𝑓

𝑑𝑧(𝑦1, 𝑦2)

𝑑𝑥
=
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+ 

𝜕𝑧

𝜕𝑦2
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𝑦1

𝑧𝑥
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𝒅𝒛

𝒅𝒚∙
𝑓 𝑔 𝑥

′
= 𝑓′ 𝑔 𝑥 ∙ 𝑔′(𝑥)

𝑑𝑧

𝑑𝑥
=
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𝒅𝒚

𝒅𝒙

𝒅𝒛

𝒅𝒙
=

𝒅𝒛

𝒅𝒙

𝝏𝒛

𝝏𝒚𝟏

𝝏𝒛

𝝏𝒚𝟐

𝒅𝒚𝟐
𝒅𝒙

𝒅𝒚𝟏
𝒅𝒙

∙

∙

+
=

= 𝟔𝒙𝟐 + 𝟒𝒆𝟐𝒙

𝟑 𝟐𝒆𝒙 𝒆𝒙

𝒅𝒛(𝒚𝟏, 𝒚𝟐)

𝒅𝒙
= 𝟏𝟐𝒙 + 𝟖𝒆𝟐𝒙

𝑑𝑦 𝒚𝟏 = 𝟐𝒙𝟐 + 𝒆𝟐𝒙

𝒚𝟐 = 𝒆𝒙

𝒛 = 𝟑𝒚𝟏 + 𝒚𝟐
𝟐

𝑑𝑧 𝑦1, 𝑦2… 𝑦𝑁
𝑑𝑥

=

𝑛

𝜕𝑧

𝜕𝑦𝑛

𝑑𝑦𝑛
𝑑𝑥

𝑦1

𝑧𝑥 𝑦2

𝑦𝑁

⋮

Conclusion:
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Back Propagation - preliminaries
𝜕ℒ

𝜕𝑤𝑖𝑗
𝑙 =

𝜕ℒ

𝜕𝑥𝑗
𝑙 ∙

𝜕𝑥𝑗
𝑙

𝜕𝑤𝑖𝑗
𝑙

𝑥𝑗
𝑙 = 𝜎 

𝑖

𝑤𝑖𝑗
𝑙 ∙ 𝑥𝑖

𝑙−1 + 𝑏𝑗

𝑧𝑗
𝑙 Easy! 

𝑥𝑖
𝑙−1 ∙ 𝜎′ 𝑧𝑗

𝑙

≜ 𝑔𝑗
𝑙

Obtained by 
backprop

1 for z>0, 0 otherwise

Derivatives of common activations are easy!
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Back Propagation
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𝑥𝑗
𝑙 = 𝜎 

𝑖

𝑤𝑖𝑗
𝑙 ∙ 𝑥𝑖

𝑙−1 + 𝑏𝑗
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𝑙
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𝑙+1 ∙ 𝜎′ 𝑧𝑘

𝑙+1=

𝑘

𝑔𝑘
𝑙+1 ∙

𝒈𝑙 = 𝑾𝑙+1 𝝈′𝒍+𝟏 ∘ 𝒈
𝑙+1

𝒙𝑙 = 𝝈 𝑾𝑙𝑇 𝒙𝑙−1 + 𝒃

Linear 
activation

Not
Transposed

Multiply by 
activation 
derivative

No bias
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Vanilla Network
Back Propagation
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• Initialize weights

𝒙0𝒈0\ 𝒙0𝒈0\

𝒙0𝒈0\

𝒙𝑙+1

𝒙𝐿−1

• Repeat until convergence:

1.  Sample a batch from the data: 𝒙𝒊, 𝒚𝒊 …

2.  Forward pass:  𝒙𝑙 = 𝝈 𝑾𝑙𝑇𝒙𝑙−1 + 𝒃𝑙 ,   ℒ = loss(𝑥𝐿 , 𝑦)
3.  Backward pass: 𝒈𝐿 =

𝜕ℒ

𝜕𝑥𝐿
, 𝒈𝑙 = 𝑾𝑙+1 𝝈′𝒍+𝟏 ∘ 𝒈

𝑙+1

4.  Calculate weights gradient:  
𝜕ℒ

𝜕𝑾𝑙 = 𝒙𝑙 ∙ 𝝈′ 𝒛𝑙 ∘ 𝒈𝑙 𝑇
,   

𝜕ℒ

𝜕𝒃𝑙
= 𝝈′ 𝒛𝑙 ∘ 𝒈𝑙

5.  Update weights: 𝑾𝑙≔ 𝑾𝑙−𝛼
𝜕ℒ

𝜕𝑾𝑙 ,     𝒃𝑙 ≔ 𝒃𝑙 − 𝛼
𝜕ℒ

𝜕𝒃𝑙
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Let’s get more generic
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𝒙𝟎

𝓛𝑇1
𝒙𝟏

𝑇2
𝒙𝑳−𝟏

𝑇𝐿
𝒙𝑳⋯

⋯𝒙𝟎. 𝒈 𝒙𝟏. 𝒈 𝒙𝑳−𝟏. 𝒈 𝒙𝑳. 𝒈

𝑾𝑾.𝑔

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑 𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝑾𝑾.𝑔 𝑾𝑾.𝑔

𝑳𝒐𝒔𝒔 𝒇𝒖𝒏𝒄

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

Use to update weights:
𝑾≔𝑾− 𝛼𝑾.𝒈

𝒙𝑙 . 𝑔𝑟𝑎𝑑 =
𝑑ℒ

𝑑𝒙𝑙
=

𝑑ℒ

𝑑𝒙𝑙+1
∙
𝑑𝒙𝑙+1

𝑑𝒙𝑙

Let’s get more generic

𝒙𝑙+1 = 𝑇𝑙+1(𝒙𝑙)𝒙𝑙+1 = 𝑇𝑓𝑜𝑟𝑤𝑎𝑟𝑑
𝑙+1 (𝒙𝑙; 𝑇𝑙+1 . 𝑝𝑎𝑟𝑎𝑚𝑠)

= 𝑇𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑
𝑙+1 𝒙𝑙+1. 𝑔𝑟𝑎𝑑; 𝑇𝑙+1 . 𝑝𝑎𝑟𝑎𝑚𝑠, 𝒙𝑙

; 𝑇𝑙+1 . 𝑝𝑎𝑟𝑎𝑚𝑠)

𝒙𝑙+1. 𝑔𝑟𝑎𝑑

𝒙𝑙 . 𝑔𝑟𝑎𝑑

𝑇𝑙+1. 𝑝𝑎𝑟𝑎𝑚𝑠. 𝑔𝑟𝑎𝑑

⋮⋮⋮
𝑝𝑎𝑟𝑎𝑚𝑠𝑝𝑎𝑟𝑎𝑚𝑠𝑝𝑎𝑟𝑎𝑚𝑠

⋮⋮ ⋮

𝑦



DL4CV@Weizmann

𝒙0

𝑳𝒊𝒏𝒆𝒂𝒓

𝒙1

𝑹𝒆𝑳𝑼
𝒙0. 𝑔 𝒙1. 𝑔

𝑾𝑾.𝑔

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

Example: Standard layer
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BTW  :  You can backprop any DAG!

𝒙0

𝑳𝒊𝒏𝒆𝒂𝒓

𝒙1

𝑹𝒆𝑳𝑼
𝒙0. 𝑔 𝒙1. 𝑔

𝑾𝑾.𝑔

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝒙1

+
𝒙1. 𝑔

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

𝑓𝑜𝑟𝑤𝑎𝑟𝑑

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑

BTW2:  Layers (NN modules) can be nested!

+

𝒙0. 𝑔𝑟𝑎𝑑 is the sum
of the two entries

𝑦1

𝑧𝑥

𝑦2

𝒅𝒛

𝒅𝒙

𝝏𝒛

𝝏𝒚𝟏

𝝏𝒛

𝝏𝒚𝟐

𝒅𝒚𝟐
𝒅𝒙

𝒅𝒚𝟏
𝒅𝒙

∙

∙

=

+
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Q: Can we use any function inside a network?

• Has to be differentiable with respect to input and params
• Implications to optimization can be deadly:

• 0-1 clamp layer in the end of the network.
• Ideas how to solve this? 

• Square root loss (𝐿 Τ1 2
norm)

→ ∞

Be creative, 
but always watch your back(prop)!
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http://playground.tensorflow.org

http://playground.tensorflow.org/
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Convolutional 

Neural Networks

Next week’s lecture:

)Me

Again  )

This week’s tutorial:

Intro to PyTorch
Dana Joffe


