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Neural Network 深度學習模型是一連串幾何轉換總和



Activation Function



Activation Functions



Hand Written Digits Classification





Loss Function (Cost Function)

• Quadratic Cost Function (Mean Squared Error, MSE)

• Cross Entropy

• Focal Loss



Optimizer - Gradient Descent



Optimizer (backpropagation)

Reference: 
雞雞與兔兔的工程世界
Alec Radford



Summary

• Architecture

• Activation Function

• Loss Function

• Optimizer 

• Mini Batch

NN Play Ground

https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.54580&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false


Convolutional Neural Network



A Toy ConvNet: X’s and O’s





Computers Are Literal



ConvNets Match Pieces of The Image



Features Match Pieces of The Image
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Max Pooling



Max Pooling
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Max Pooling



Max Pooling



Pooling: Shrinking The Image Stack

• Pick a window size (usually 2 or 3).

• Pick a stride (usually 2).

• Walk your window across your filtered images.

• From each window, take the maximum value.



Fully Connected Layer

X

O

0.9

0.65

0.45

0.87

0.96

0.73

0.23

0.63

0.44

0.89

0.94

0.53



Hyperparameters

• Convolution
• Number of features (Kernel/Filter)

• Size of features (Kernel/Filter)

• Pooling
• Window size 

• Window stride

• Fully Connected
• Number of neurons (Nodes) 



Architecture

• How many layers of each type ?

• In what order?

• How do all layers connect to each other? 



Classic Architecture - AlexNet



Classic Architecture – VGG16/19



Classic Architecture - GoogLeNet



Classic Architecture - ResNet



Classic Architecture - ResNet



Classic Architecture - U-Net



Classic Architecture – GAN (Generative 
Adversarial Network )



RNN



Graph CNN/RNN

• Graph Generation

• Edge Prediction

• Graph Clustering



Overfitting



Prevention of Overfitting

• Data Augmentation

• Dropout

• L1/L2 Normalization



Angular Super Resolution

൯መ𝐼𝑡 = ( 1 − 𝑡 𝑉𝑡←0 ⊙ g I0, 𝐹𝑡→0 + 𝑡𝑉𝑡←1 ⊙ g I1, 𝐹𝑡→1 Τ) ( 1 − 𝑡 𝑉𝑡←0 + 𝑡𝑉𝑡←1

Then the approximate optical flows, ෠𝐹𝑡→0 and ෠𝐹𝑡→1 , are

calculated from 𝐹0→1 and 𝐹1→0 as follows:

෠𝐹𝑡→0 = − 1 − 𝑡 𝑡𝐹0→1 + 𝑡2𝐹1→0

෠𝐹𝑡→1 = 1 − 𝑡 2𝐹0→1 − 𝑡(1 − 𝑡)𝐹1→0

𝐹𝑡→0 = ෠𝐹𝑡→0 + ∆𝐹𝑡→0
𝐹𝑡→1 = ෠𝐹𝑡→1 + ∆𝐹𝑡→1



Real Frame Real + Predicted Frame





Prediction of Nutritional Index From CT Image 

Segment Infer
Nutritional Index:

Albumin
PNI
PLR

Cancer Stage Mortality

Class IoU Dsc

Muscle 0.93 0.96

Paraspinal 0.94 0.97

Psoas 0.90 0.95

SAT 0.93 0.96

VAT 0.94 0.97



Dental Age
RetinaNet

T1
T2T3T4

T5
T6

T7

Siamese network

Staging for each tooth

Dental age



Dataset-the key is distribution

• Train, Valid, Test

• K-fold cross validation
• Repeat K-fold

• Group K-fold

• Nested K-fold

• Stratified K-Fold



到底資料量需要多少? 經驗上來說…

• Very good performance: 50000

• Good performance: 10000

• Mediocre: 5000

• Minimum: 1000 



Natural Language Processing

•NLP Tasks

•Transformer

•BERT

•GPT



Model

Seq2Seq

Model

Seq2Class

Class



Source of table: Dr. Lee Hung-Yi



Model
…..

Class

𝑤1 𝑤2 𝑤3 𝑤𝑖

Model
…..

𝑤1 𝑤2 𝑤3 𝑤𝑖

…..

𝑐1 𝑐2 𝑐3 𝑐𝑖Model

Seq2Class

Class



Sentiment Classification

機器人大戰30，還蠻好玩的 => Positive

機器人大戰30，戰鬥動畫都沿用舊的 => Negative

機器人大戰30雖然戰鬥動畫都沿用舊的，但還蠻好玩的 => Positive

機器人大戰30雖然還蠻好玩的，但戰鬥動畫都沿用用舊的 => Negative



Stance Detection

Post: 機器人大戰30是神作

Reply: 這次用那麼多前作的戰鬥動畫，超沒誠
意的好嗎。

Classification: Support, Denying, Querying, 
Commenting 



Natural Language Inference (NLI)

Model
Premise:  A person on a horse 
jumps over a broken down 
airplane.

Hypothesis: A person is at diner

Contradiction
Entailment
Neutral

Hypothesis: A person is outdoor, on a horse.

Contradiction

Entailment

Hypothesis: A person is training his horse for 
a competition.

Neutral



Search Engine

Model

Relevant

https://www.blog.google/products/search/search-language-understanding-bert/



POS (Part-of-Speech) Tagging

Model

𝐽𝑎𝑐𝑘 𝑠𝑎𝑤 𝑎 𝑠𝑎𝑤

𝑃𝑁 𝑉 𝐷 𝑁

Down-stream Task



Word Segmentation

Model

清 華 大 學 簡 稱 清 大

N N N Y N Y N Y

Down-stream Task



Model

Seq2Seq

Encoder

Decoder

…..

𝑤1 𝑤2 𝑤3 𝑤𝑖

…..

𝑤1 𝑤2 𝑤3 𝑤𝑘



Machine Translation

Model

I love you 我愛你

愛してます ég elska þig

Je vous aime انا كبحا



Question Answering

Model Answer
Question

Knowledge 
Source

Reading comprehension



Multi-label Classification

Class 1
Class 5

Class 1 Class 3
Class 9
Class 11

Model Class 1 Class 5 Class 13

https://arxiv.org/abs/1909.03434

https://arxiv.org/abs/1707.05495



Object Detection

https://arxiv.org/abs/2005.12872



Extractive QA
17

77 79

Model

Question Document

S E

S= 17, E=17

S= 77, E=79



Source of Example: Dr. Lee Hung-Yi



GLUE General Language Understanding 
Evaluation

https://gluebenchmark.com/tasks

Sentiment 
Classification

Natural 
Language 
Inference

Semantic 
Similarity

Chinese version https://www.cluebenchmarks.com/



https://super.gluebenchmark.com/tasks



DecaNLP
• 10 NLP Tasks
• 所有Task皆可被視為QA

https://decanlp.com/

Extractive QA

Translation

Summary

NLI

Sentiment classification



Natural Language Processing

•NLP Tasks

•Transformer

•BERT

•GPT



Input Is a Set of Vector

One-hot Encoding

Apple = [1 0 0 0 0 0 0 0 0  …..]

Ball    = [0 1 0 0 0 0 0 0 0  ......]

Call    = [0 0 1 0 0 0 0 0 0  ......]

Dog    = [0 0 0 1 0 0 0 0 0  ......]

. . . . .

Word Embedding

Shoot

Throw

Flower
Grass

Tree

Cat
Dog

Wombat

This  is  a  dog



Sequence Labeling

FC FC FC FC

I          saw        a         saw

N          V          D          V?



Sequence Labeling

FC FC FC FC

I          saw        a         saw



Self-attention

Self-attention

FC FC FC FC



Self-attention

FC FC FC FC

Self-attention

FC FC FC FC



arXiv:1706.03762v5



Self-attention

𝑎1 𝑎2 𝑎3 𝑎4

𝑏1 𝑏2 𝑏3 𝑏4



Self-attention

𝑎1 𝑎2 𝑎3 𝑎4

𝑏1

𝛼



Self-attention

𝑎1

𝑊𝑞 𝑊𝑘

𝑞1 𝑘1

.

𝛼 = 𝑞 ∙ 𝑘

𝑎1

𝑊𝑞 𝑊𝑘

𝑞1 𝑘1

+
…

.

Dot Product Additive



Self-attention

𝑎1

𝑞1 𝑘1

𝑎2

𝑘2

𝑎3

𝑘3

𝑎4

𝑘4

softmax

𝛼1,1 𝛼1,2 𝛼1,3 𝛼1,4

𝛼1,1
′ 𝛼1,2

′
𝛼1,3
′ 𝛼1,4

′

𝑞𝑖 = 𝑊𝑞 𝑎𝑖
𝑘𝑖 = 𝑊𝑘 𝑎𝑖



𝑎1

𝑞1 𝑘1

𝛼1,1
′ 𝛼1,2

′ 𝛼1,3
′ 𝛼1,4

′

Self-attention

𝑣1

𝑎2

𝑘2 𝑣2

𝑎3

𝑘3 𝑣3

𝑎4

𝑘4 𝑣4

X X X X

𝑏1

𝑣𝑖 = 𝑊𝑣 𝑎𝑖

𝑏1 =෍

𝑖

𝛼1,𝑖
′ 𝑣𝑖

𝑒1+



Encoder Decoder

Cross Attention

arXiv:1706.03762v5

https://arxiv.org/abs/1706.03762v5


Source: Dr. Lee Hung-Yi



Source: Dr. Lee Hung-Yi



Natural Language Processing

•NLP Tasks

•Transformer

•BERT

•GPT



BERT (Bidirectional Encoder 
Representations from Transformers)

•Self-supervised Learning
•3 Billions of words
•Masking Input
•Next Sentence Prediction
•SOP: Sentence Order Prediction (ALBERT)

•Encoder of Transformer
https://arxiv.org/abs/1810.04805

https://arxiv.org/abs/1810.04805


Masking Input

BERT

林 [Mask] 長 庚

Transformer 
Encoder

FC

Randomly 
mask tokens

Ground Truth

Cross 
Entropy



Next Sentence Prediction 

BERT

[SEP]

Yes/No

[CLS] w1 w2

Sentence 1

w3 w4 w5

Sentence 2

• RoBERTa (Robustly 
optimized BERT approach) 
https://arxiv.org/abs/1907.11692

• ALBERT (use SOP)
https://arxiv.org/abs/1909.11942

FC

https://arxiv.org/abs/1907.11692
https://arxiv.org/abs/1909.11942


BERT
Self-supervised 

Learning

Pre-train

Model for 
Task 1

Model for 
Task 2

Model for 
Task 3

Fine Tune



Performance of BERT Family

https://arxiv.org/abs/1905.00537



Pre-training a Seq2seq Model

w1 w2 w3

w5 w6 w7

w4

Cross 
Attention

w8

DecoderEncoder

w1 w2 w3 w4

Reconstruct the input Seq

Corrupt input Seq  

Source: Dr. Lee Hung-Yi



T5 (Text-To-Text Transfer Transformer) -
Comparison

https://arxiv.org/abs/1910.10683v3



Source: Dr. Lee Hung-Yi

BERT

[CLS] w1 w2 w3

Linear

class Input:  sequence  
output: class

sentence

Example: 
Sentiment analysis

Random 
initialization  

Init by pre-train

This is the model to 
be learned.

this is good

positive

Better than random



BERT

[CLS] w1 w2 w3

Linear

class
Input: sequence
output: same as input

sentence

Linear

class

Linear

class

I  saw  a  saw

N V DET N

Example: 
POS tagging 

Source: Dr. Lee Hung-Yi



Extractive QA
17

77 79

Model

Question Document

S E

S= 17, E=17

S= 77, E=79

Source: Dr. Lee Hung-Yi



q1 q2

BERT

[SEP]

question document

d1 d2 d3

inner product

Softmax

0.50.3 0.2Random 
Initialized 

Source: Dr. Lee Hung-Yi

s = 2



q1 q2

BERT

[CLS] [SEP]

question document

d1 d2 d3

inner product

Softmax

0.20.1 0.7

The answer is “d2d3”.

s = 2 e = 3

Random 
Initialized 

Source: Dr. Lee Hung-Yi



Random Initialization vs. Pre-train

https://arxiv.org/abs/1908.05620



•Applying BERT to protein, DNA, music classification

EI        CCAGCTGCATCACAGGAGGCCAGCGAGCAGGTCTGTTCCAAGGGCCTTCGAGCCAGTCTG
EI        AGACCCGCCGGGAGGCGGAGGACCTGCAGGGTGAGCCCCACCGCCCCTCCGTGCCCCCGC
IE        AACGTGGCCTCCTTGTGCCCTTCCCCACAGTGCCCTCTTCCAGGACAAACTTGGAGAAGT
IE        CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCCCCACGGCCCTTCAGGATGAAAGCTG
IE        CCTGATCTGGGTCTCCCCTCCCACCCTCAGGGAGCCAGGCTCGGCATTTCTGGCAGCAAG
IE        AGCCCTCAACCCTTCTGTCTCACCCTCCAGCCTAAAGCTCCTTGACAACTGGGACAGCGT
IE        CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCCCCACGGCCCTTCAGGATGAAAGCTG
N        CTGTGTTCACCACATCAAGCGCCGGGACATCGTGCTCAAGTGGGAGCTGGGGGAGGGCGC
N        GTGTTACCGAGGGCATTTCTAACAGTCTTCTTACTACGGCCTCCGCCGACCGCGCGCTCG
N        TCTGAGCTCTGCATTTGTCTATTCTCCAGCTGACCCTGGTTCTCTCTCTTAGCTACCTGC

class DNA sequence 

https://arxiv.org/abs/2103.07162



Natural Language Processing

•NLP Tasks

•Transformer

•BERT

•GPT



GPT – Predict Next Token

Model

[BOS] 林 口 長

FC FC FC FC

softmax

? ?? ?

林 口 長 庚

? ?? ?

Cross Entropy

Decoder of Transformer



https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-
language-model-by-microsoft/



In-Context Learning

https://arxiv.org/abs/2005.14165



https://arxiv.org/abs/2005.14165



https://arxiv.org/abs/2005.141


