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Andrej Karpathy, Li Fei-Fei, CVPR 2015 Deep Visual-Semantic 
Alignments for Generating Image Descriptions
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Formal proof: HW
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Normal Equations

Q: Will normal equations always be practical?

A: No;

1. may cost unreasonable memory / time
2. Sometimes not applicable: Regularization? Different loss? Non-linearity? 
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Gradient descent

Possible solution:  Iteratively reduce loss

Can we guarantee global min?
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Gradient descent

Parameter space: ℒ 𝜽; 𝑆 Data space: ℎ𝜽 𝒙

𝜃1

𝜃0

ℒ
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𝒗
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Gradient!

𝜵𝒇

According to Cauchy-Schwarz inequality:
• Max value is    𝜵𝑓  
• Obtained when 𝒗 is parallel to 𝜵𝑓

• Gradient directs to steepest ascent.
• It’s size is the max steepness.
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𝜵ℒ 𝜃0, 𝜃1 … 𝜃𝑁 =

𝜕ℒ
𝜕𝜃0

𝜕ℒ
𝜕𝜃1

⋮
𝜕ℒ

𝜕𝜃𝑁

Gradient descent

𝛼:  Learning rateAugustin

Louis 

Cauchy

1. Initialize 𝜃~Random
2. Repeat until convergence:  
       {

𝜽 ≔ 𝜽 − 𝛼𝜵ℒ 𝜽; 𝑆
       }
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Full batch Gradient Descent

Stochastic Gradient Descent

Stochastic Mini-Batch 
Gradient Descent

Gradient descent

𝜽: = 𝜽 − 𝛼𝜵ℒ 𝜽; 𝑆

𝜽: = 𝜽 − 𝛼𝜵ℒ 𝜽; 𝑥𝑖 , 𝑦𝑖  
 

 𝑖~𝑈[1, 𝑀]

𝜽: = 𝜽 − 𝛼𝜵ℒ 𝜽; 𝑩  
 

 𝑩 = 𝑥𝑖 , 𝑦𝑖  ;  𝒊~𝑈𝑚[1, 𝑀]
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𝑚
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Repeat until convergence:  
   {
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ℒ =
1

2𝑚


𝑖=1

𝑚

𝜽𝑇𝒙𝑖 − 𝑦𝑖
2

Repeat until convergence:  
   {

𝜽: = 𝜽 −
α

𝑚
𝑿𝑇𝒆 

   }

𝜕

𝜕𝜽
ℒ =

1

𝑚
σ𝑖=1

𝑚 𝜽𝑇𝒙𝑖 − 𝑦𝑖 𝒙𝑖  

𝒆

Q: Find the relation between 
convergence and Normal Equations

=
1

𝑚
σ𝑖=1

𝑚 𝒙𝑖 𝑿𝜽 − 𝒚 𝒊 =  𝑿𝑇 𝑿𝜽 − 𝒚
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Linear
hypothesis

Feature Transform

In
p

u
t

Feature transform

Feature Transform

𝑥0 = 1
𝑥1 = 𝑥

𝑥2 = 𝑥2

𝑥3 = 𝑥3

⋮
𝑥𝑝 = 𝑥𝑝

Non-linear hypothesis!
(Polynomial)
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