
Train A MLP Softmax
Classifier

CPT_S 434/534 Neural network design and application
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In today’s class

• Backpropagation: an optimization algorithm to train NNs

• An example of training a Softmax classifier

2



Determining model parameters

• Computational complexity for the analytical solution?

• Matrix multiplication:

• Inverse of a matrix:

• Total complexity

∇𝑤𝑓(𝑤) =
1

𝑛


𝑖=1

𝑛

𝑥𝑖
′𝑤𝑥𝑖 − 𝑦𝑖𝑥𝑖  →  0 𝑋𝑋′𝑤∗ − 𝑋𝑌 = 0 𝑤∗ = (𝑋𝑋′)−1𝑋𝑌

𝑋𝑋′: d × n × d (𝑋𝑋′)−1𝑋𝑌: 𝑑 × 𝑑 × 𝑛

(𝑋𝑋′)−1:  𝑂(𝑑2.373)

→ 𝑂(𝑑2𝑛)

𝑂(𝑑2𝑛 + 𝑑2.373)
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𝑋𝑌: d × n



Optimization for machine learning

• First-order algorithms (commonly used and researched in machine 
learning)
• Gradient descent

• Momentum methods

• Stochastic variants

• Hessian vector products

• ……
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Optimization for machine learning

• First-order algorithms (commonly used and researched in machine 
learning)
• Gradient descent

• Momentum methods

• Stochastic variants

• Hessian vector products

• ……

Gradients for updating

First-order → need to compute gradients
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Determining model parameters

• Stochastic gradient descent (SGD)

∇𝑤𝑓(𝑤) =
1

𝑏


𝑖=1

𝑏

𝑥𝑖
′𝑤𝑥𝑖 − 𝑦𝑖𝑥𝑖 → 𝑂(𝑑𝑏)

𝑤𝑡+1 = 𝑤𝑡 − 𝛼𝑡∇𝑤𝑓(𝑤𝑡)  → 𝑂(𝑑) An iterative algorithm
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Randomly sample b data
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𝑂(𝑑𝑏𝑇)
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= 𝜖 T  → 𝑇 = 𝑂(
1

𝜖
)

𝑂(𝑑𝑏
1

𝜖
)

Analytical solution
 𝑂(𝑑2𝑛 + 𝑑2.373)

𝑑𝑛 ≫ 𝑏/𝜖
𝑏>=1

Randomly sample b data

𝜖 = 𝑂(1/ 𝑛)gradients

gradient descent



How to compute gradient?

𝑓 𝑥 →?

11



How to compute gradient?

𝑓 𝑥 →  ∇𝑓 𝑥 =
𝑑𝑓

𝑑𝑥

12



How to compute gradient?

𝑓(𝑔 𝑥 ) → ?
What if we have composition structure?
𝑓 and 𝑔 both have their own parameters
𝑥 is the parameter of function 𝑔

𝑓 𝑥 →  ∇𝑓 𝑥 =
𝑑𝑓

𝑑𝑥

13



How to compute gradient?

𝑓(𝑔 𝑥 ) → ?
What if we have composition structure?
𝑓 and 𝑔 both have their own parameters
𝑥 is the parameter of function 𝑔

𝑓 𝑥 →  ∇𝑓 𝑥 =
𝑑𝑓

𝑑𝑥

…

14



How to compute gradient?

𝑓(𝑔 𝑥 ) → ?
What if we have composition structure?
𝑓 and 𝑔 both have their own parameters
𝑥 is the parameter of function 𝑔

𝑓 𝑥 →  ∇𝑓 𝑥 =
𝑑𝑓

𝑑𝑥

…

15



How to compute gradient?
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Computation graphs

A function
(an operation)
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Computation graphs

It is a precise language to describe structure of operations in neural networks
Figure 6.8
“Deep Learning” 39
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Computation graphs

It is a precise language to describe structure of operations in neural networks

Regularization
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Forward propagation

ℎ 𝑙 … ℎ 3 ℎ 2 ℎ 1 𝑥

Algorithm 6.3 in “Deep Learning”
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Backward propagation

Gradient from loss

Algorithm 6.4 in “Deep Learning”
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Backward propagation

Gradient from loss

Gradient from activation layer

Algorithm 6.4 in “Deep Learning”
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Backward propagation

Gradient from loss

Gradient from activation layer

Gradient from regularization

Gradient from regularization

Algorithm 6.4 in “Deep Learning”
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Gradient vanish

Sigmoid function
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Gradient vanish

Sigmoid function

gradients->0

gradients->0

𝑓𝑖 → 𝑥𝑖

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

𝑑𝑥𝑛

𝑑𝑥
=

𝑑𝑥𝑛

𝑑𝑥𝑛−1
· ⋯ ·

𝑑𝑥2

𝑑𝑥1
·

𝑑𝑥1

𝑑𝑥
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Gradient vanish

Sigmoid function

gradients-> 0.01

gradients-> 0.01

𝑓𝑖 → 𝑥𝑖

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

𝑑𝑥𝑛

𝑑𝑥
=

𝑑𝑥𝑛

𝑑𝑥𝑛−1
· ⋯ ·

𝑑𝑥2

𝑑𝑥1
·

𝑑𝑥1

𝑑𝑥

→ 0.01𝑛
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Gradient explosion

Sigmoid function

gradients-> 0.01

gradients-> 0.01

𝑓𝑖 → 𝑥𝑖

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

𝑑𝑥𝑛

𝑑𝑥
=

𝑑𝑥𝑛

𝑑𝑥𝑛−1
· ⋯ ·

𝑑𝑥2

𝑑𝑥1
·

𝑑𝑥1

𝑑𝑥

→ 1.1𝑛
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Gradient explosion

Sigmoid function

gradients-> 0.01

gradients-> 0.01

𝑓𝑖 → 𝑥𝑖

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

𝑑𝑥𝑛

𝑑𝑥
=

𝑑𝑥𝑛

𝑑𝑥𝑛−1
· ⋯ ·

𝑑𝑥2

𝑑𝑥1
·

𝑑𝑥1

𝑑𝑥

→ 1.1𝑛

1.1100 = 13781
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In today’s class

• Backpropagation: an optimization algorithm to train NNs

• An example of training a Softmax classifier
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

Bias term is absorbed
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

Q: how to interpret CE loss?
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

-
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

- → 0-

70

https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf


Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

-→ ∞-
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

A linear model
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Example: how to train a softmax classifier
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MLP
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

BP
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Example: how to train a softmax classifier

Credit for Shusen Wang https://github.com/wangshusen/DeepLearning/blob/master/Slides/6_NeuralNet_1.pdf 

https://distill.pub/2017/momentum/
https://ruder.io/optimizing-gradient-descent/ 

See some blogs
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Rethink BP and chain rule

𝑓𝑖 → 𝑥𝑖

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

𝑑𝑥𝑛

𝑑𝑥1
=

𝑑𝑥𝑛

𝑑𝑥𝑛−1
·

𝑑𝑥𝑛−1

𝑑𝑥𝑛−2
· ⋯ ·

𝑑𝑥2

𝑑𝑥1
·

𝑑𝑥1

𝑑𝑥

𝑑𝑥𝑛

𝑑𝑥𝑖
, 𝑓𝑜𝑟 𝑖 = 1, … , 𝑛 − 1
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𝑓 𝑥 →  ∇𝑓(𝑥)

𝑓(𝑔 𝑥 ) → ?

96



Rethink BP and chain rule

• Chain rule of calculus

𝑓 𝑥 →  ∇𝑓(𝑥)

𝑓(𝑔 𝑥 ) → ?
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Rethink BP and chain rule

• Chain rule of calculus

𝑓 𝑥 →  ∇𝑓(𝑥)

𝑓(𝑔 𝑥 ) → ?

However, we use stochastic gradient,
rather than gradient

∇𝑓 𝑦 → ∇𝑓(𝑦)Stochastic 

𝐸 ∇𝑓 𝑦 = ∇𝑓(𝑦)

Screen shot from https://en.wikipedia.org/wiki/Stochastic_approximation 

(approximation)
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Rethink BP and chain rule

• Chain rule of calculus

𝑓 𝑥 →  ∇𝑓(𝑥)
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𝐸 ∇𝑓 𝑦 = ∇𝑓(𝑦)

(approximation)

(unbiased)
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Rethink BP and chain rule

• Chain rule of calculus

𝑓 𝑥 →  ∇𝑓(𝑥)

𝑓(𝑔 𝑥 ) → ?

However, we use stochastic gradient,
rather than gradient

∇𝑓 𝑦 → ∇𝑓(𝑦)Stochastic 

𝐸 ∇𝑓 𝑦 = ∇𝑓(𝑦)

∇𝑓 𝑦 ≠ ∇𝑓(𝑦)

(approximation)

(unbiased)
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Rethink BP and chain rule

• Chain rule of calculus

𝑓 𝑥 →  ∇𝑓(𝑥)

𝑓(𝑔 𝑥 ) → ?

However, we use stochastic gradient,
rather than gradient

∇𝑓 𝑦 → ∇𝑓(𝑦)Stochastic 

𝐸 ∇𝑓 𝑦 = ∇𝑓(𝑦)

 

(approximation)

∇𝑓 𝑦 ≠ ∇𝑓(𝑦)

(unbiased)

Composition:
Biased
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Train an MLP softmax classifier

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

• 𝑓1 →?

• 𝑓2 →?

• 𝑓3 →?

• 𝑓4 →?

• …

Need to manually implement?
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Train an MLP softmax classifier

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?

• 𝑓1 →?

• 𝑓2 →?

• 𝑓3 →?

• 𝑓4 →?

• …

Need to manually implement?
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Train an MLP softmax classifier

𝑓𝑛 … 𝑓2 𝑓1 𝑥 →?
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Train an MLP softmax classifier

Need to compute gradients for each layer?
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Need to compute gradients for each layer?
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Train an MLP softmax classifier
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