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27 January 2016 

Deep-learning software (AlphaGo) defeated 
human, Fan Hui 樊麾, European Professional 
Go Championship, for the first time in 2015.  
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15 March 2016 

AlphaGo wraps up 4-1 victory against 
human champion (Lee Sedol) in Seoul, 
for a $1 million prize 

Seoul, South Korea 
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AlphaGo beat Ke Jie 3-0 
in May 2017  
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AlphaGo Zero 

• Published in Nature in October 2017 

• Created without using data from human 
games  

• Stronger than any previous AlphaGo version 
by playing games against itself 

– beat AlphaGo Lee in three days  

– reached the level of AlphaGo Master in 21 days 

– exceeded all the old versions in 40 days 
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Why Google‘s Go Win Such a Big Deal?  

Deep Blue 深藍 (IBM) beat chess grandmaster 
Garry Kasparov in 1997 

• Go vs Chess  
– Bigger board, 19x19 vs 8x8  

– Simpler rules, more move possibilities, 361 vs 28  

– Longer game, 150 vs 80 

• AlphaGo vs Deep Blue  
– Deep Blue can only play Chess.  

– AlphaGo is general-purpose, can win 49 different 
arcade games 
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Why AlphaGo? What is next? 

Silver: ” … can learn from data and self-play to 
figure out knowledge ...” 

• no built-in expert knowledge   
– reinforcement learning  

Silver: “… more exciting was the manner in which 
AlphaGo did it…”  

• creativity and intuitive insights  

Silver: “…many many different domains. We're by 
no means done with AlphaGo.” 

• Deep-learning can revolutionize everything  
7 



Google CEO Eric Schmidt:  
This technology will be using in every one of the 
Alphabet companies.  

明報  
Oct 2017  



Machine Learning Daily Life Examples 
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Web search engine 

Filtering Spam emails 
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January 2004 

ICIIT 

March 11, 2004 



Machine Learning Daily Life Examples 
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Web search engine 

Facebook: Find your friends 

Filtering Spam emails 



Recent Quantum Leaps in Technology 

• Machine translation  
(google translate between over 100 languages) 

• Speech recognition  
• Image recognition 
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Google search - “dog” 
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Google search - “cat and dog” 



Recent Quantum Leaps in Technology 

• Machine translation  
(google translate between over 100 languages) 

• Speech recognition  

• Image recognition  

• Robotics  

• Self-driving cars  
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Self-driving cars (自駕車)  
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百度和 Nvidia 合作建自駕車 
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Recent Quantum Leaps in Technology 

• Machine translation  
(google translate between over 100 languages) 

• Speech recognition  

• Image recognition  

• Robotics  

• Self-driving cars  

• … 

All these technology breakthroughs derive from the 
same breakthrough in Artificial Intelligence machine 
learning – Deep Learning  
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How do Machine Learning and 
Deep Learning Work? 
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April 21, 2017 

(电脑决定你要看什么电影) 

人工智能预测这个夏天的电影票房 



A Machine Learning Example 
Will this movie be popular? 這部電影會受歡迎嗎？ 

x1 = Type (romance, violence, detective, fiction, …類型（浪漫，暴力，偵探 … 

x2 = Language (English, Chinese, Korean, … 語言（英語，中國，韓國, … 

x3 = Main actor (Tom Cruise, Tom Hanks, 周潤發, 成龍, … 

x4 = Main actress (Angelina Jolie, Meryl Streep, 章子怡, 张曼玉 

x5 = Background (modern, ancient, animation, 现代, 古裝, 动画电影… 

x6 = Length of the movie 片長 

x7 = Director (Steven Spielberg, 張藝謀, …  

x8 = Show time (summer, Christmas, New year, … 放映时段 

… 

• Study previous movies 電影 and box office sales 票房 

• Data : (m1, s1), (m1, s2), … , (mN, sN) 

– movie m described by <x1 , x2 , x3 ,…, xp>  
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Machine Learning Model 
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Training Data Set 

Movie Data 
(m1, m2, …  mN) 

Box office sale 
(s1, s2, …  sN) 

System 
(unknown) 

Learning Algorithm 

New Movie Predicted 
Box office sale 

Trained 
machine 

Unknown function 
F: M → B 

(m1, s1), (m1, s2), … , (mN, sN) 

Hypothesis function 
G ≈ F 

• What is G ? 

• Example: 2.5xActor(成龍) + 3xDirector(張藝謀) + … 
s = w0 + w1x1 + w2x2 + … + wpxp   (linear dependence) 

• Learn values of wi’s (also xi’s, e.g., weights of 成龍,周潤發… ) 

票房 電影 

訓練數據 

预测票房 新電影 

學習算法 



Perceptron 

w0 + w1x1 + w2x2 + … + wnxn+ b 

Type of movie 

Language of movie 

Main Actor 

周潤發 

成龍 

陳奕信 

0.8 

1 

0.4 

Inspired by neurobiology (1954) 
灵感来自神经生物学 



Deep Neural Network (深层学习网络) 

• Data {(m1, s1), (m1, s2), … , (mN, sN)} 

• To train model (adjust W)  
to minimize error (difference between si and yi) 
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Training Perceptron  

• Calculate output for each training sample  
計算每個訓練樣本的輸出 

• For each sample, weights wi are adjusted so as 
to minimize output error 
在每個樣本之後，調整 
bi 以使輸出誤差最小化 

 

It is linear regression if  
mean square error is applied. 

 



Historic review of Perceptron 歷史回顧 

• Artificial neural network developed in 1950-60 

• Perceptron (a book by M.Minsky) gives a very 
pessimistic view on neural network  
- cannot do XOR, connectedness, parity. 

• Funding for neural network was cut and 
direction on AI research was changed.  
削減神經網絡的研究資金 



Limitation of Perceptron 

Perceptron can only learn 
linearly separable functions.  

只能學習線性可分離函數 

 

XOR cannot be classified  
by linear separator  
XOR不能線性分類 

(01) and (10)          0 

(00) and (11)          1 

 

 

Inside               outside 

N
o

   
  u

m
b

re
lla

   
  y

es
 

✘ ✔ 

✘ ✔ 

Weather : Raining 

outside umbrella result 

Y Y ✔  ︎

Y N ✘ 

N Y ✘ 

N N ✔  ︎

✘ 

✔ 



Historic review of Perceptron 歷史回顧 
continue…. 

Deep Learning 

• Nonlinear activation function 

• The neuron should connect to every input 
(instead of some local inputs) 

• Multi-levels with millions neurons  

• Any function can be computed. 

Neural network is now basic for machine learning 



Why Deep Learning (DL)?  

• Starting 2006, DL starts to outperform other 
ML techniques 

• What make DL work?  

– Faster machines and multicore CPU/GPU 

– Big data – large dataset  

– New models and algorithms  

– Major companies, Google, Microsoft, SAS, 
Amazon, eBay, Facebook, Alibaba, Baidu, Huawei 
and Tencent, invest heavily on Deep Learning and 
Data Analytics 
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HSMC Awarded HK$7million 

Establishment of DLC 
Deep Learning Research & Applications Centre 

Three-year grant starting 2016 

One of the ongoing projects:  
Machine Translation on IPO documents 
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Phrase based Machine Translation  
Translate : 
• I want to go to the market today. 
Break sentence into chunks 
• I  | want | to go | to the market | today. 
Translate model 
• 我| 想    |去      | 市場              | 今天 
Language model  
Rule base : adding rule to reorder the words 
• 我今天想去市場  or  今天我想去市場  
Google translate 我想今天去市場 
More and more rules are added. 
Machine Translation system becomes very complicated
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Translate using statistics 

1. Break sentence into parts 
  I | want | to go | to the market | today. 

2. Find all possible translates 
            我 |  想        |    去     |   市塲          |    今天 
     會        走  交易                當今 
    要求       達到  上市                現在 
               需要       消失  推銷 
                    希望       結束 
                    必須 

3.    Generate all possible sentences (combinations) 
   我   要求    走    交易   今天 
   我    會     消失 市塲   現在 
 消失  我      會    今天   市塲 

4.      Find the most common and similar one  

 今天  我     想     去      市場 
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Machine Translation and  
Natural Language Processing (NLP) 

• 1970-80’s, early NLP is rule-based (by hand) 
• Using statistical inference to learn rules 

through large collections of documents  
– Spelling 拼写(dtwhe, rtfgu, …) 
– Grammar 语法 (I go, he goes, one book, two books …) 
– Structure 结构 (subject – verb – object,…) 
– Style 样式 

– Meaning 意义 

• Hypothesis: spelling, grammar, structure…  
are all hidden patterns in documents 

    (拼写、语法、结构.., 所有模式隐藏在文档中) 
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What about word meaning? 
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Representing Words in NLP 
One-hot representation: 
One token for each word as an N-dim vector 

man      =  (0, 0, …, 0, 1, 0, 0, …, 0, 0) 
woman = (0, 0, …, 0, ...0, 1, 0, 0, …0) 
human  = (0, 0, …, 1, ...0, 0, 0, 0, …0) 
manly    = (0, 0, …, 0, 0, 0, 0, 1, 0,.. 0) 

•  shortcomings: 
– Size of space, RN  

(size of vocabulary, N=13 million English words), 

– semantic independent (each word is independent) 

Word Vectors encode similarity and difference 
between words in the vector.  
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History of the development of  
 Vector Space Models (VSM) 

• SMART information retrieval  
system (Salton, 1971) 

– Mapping documents to a vector 

– Mapping query to a vector in same vector space 

– Answer to query: documents close to query in 
vector space 

• Words are mapped to vectors, similar words 
mapped to nearby vectors (embedding) 

How are library books 
represented in the system? 



Word-context (similarity) 

•  Distributional hypothesis (in linguistics) 

– words in similar contexts have similar meanings  
 (Harris 1954) 

– “You shall know a word by the company it keeps.” 
  物以類聚 (Firth 1957) 

• Hypothesis:  Related words often appear in same 
documents 

{“economic”, “money”, “finance”, “banks”,…},  

{“dogs”, “cat”, ”pets”, ..} likely appear together 

“money”, “shrimp”, “liver”, “north” seldom appear together 



Word2Vec by Deep Learning 
Fake task (continuous bag of words CBOW) 
• To predict word by surrounding context 
• i.e., guess ? from {“My”, “cat”, “on”, “the”, “mat”} 
 (supervised learning) 
Possible  words (“sits”, “sat”, “sleeps”, “slept”,  
“crawls”, “pees”…) 
Definitely not (“iron”, “whale”, “north”,…) 
Train DL network with many documents  
The hidden layer represents word “sits” 
 
Observations: 
Similar words, “smart” and “intelligent” 
likely to have similar context,  
and similar word vectors. 
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my 

cat 

mat 

. 
: 

W 

Probability of 
each word k-dim 

N-dim 

N-dim 

Vector 
for “sits” 

sits W 



Word Vector Analogies 

Given incomplete analogy  a : b = c : x 

For example:  boy : girl = man : x  

Identify the word x, s.t., girl - boy = x - man,  

 i.e.,  x = girl – boy + man 
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boy 

girl 

man 

x 

waiter 

waitress 

cock 

hen 

king 

queen 
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Train Word2Vec 
Use Gensim for 24 hors training on virtual server  
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Syntax testing 
Superlative adjectives 

– good : best = big : biggest 

– good : best = bad : worst 

– good : best = cold : coldest 

– good : best = easy : easiest 

Present and past tense 
– walking : walked = increasing : increased 

– walking : walked = falling : fell 

– walking : walked = going : went 

– walking : walked = hitting : hit 

– walking : walked = hiding : hid 

 

 

 

 



Recurrent Neural Network (RNN) 

Language is a sequence (not a bag) 
of words. 
• The food is good, not bad at all. 
• The food is bad, not good at all. 
RNN is used to build language 
model 
1. maintain word order  
2. share parameters across  

the sequence  
3. keep track of long-term 

dependencies 
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Grace                  was                hungry 



Encoder 
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0.2 
0.3 
0.1 
0.2 

0.2 
0.1 
0.0 
0.4 

He 

0.3 
0.3 
0.2 
0.2 

0.4 
0.2 
0.1 
0.1 

likes 

0.3 
0.3 
0.1 
0.3 

0.1 
0.4 
0.2 
0.3 

to 

0.2 
0.4 
0.1 
0.3 

0.3 
0.3 
0.1 
0.2 

eat 

0.2 
0.4 
0.1 
0.3 

0.0 
0.0 
0.0 
0.0 

<eos> 

0.5 
0.3 
0.1 
0.2 

0.2 
0.4 
0.1 
0.3 

他 

喜歡 吃 他 

0.5 
0.4 
0.2 
0.3 

0.3 
0.2 
0.1 
0.3 

喜歡 

0.5 
0.3 
0.1 
0.2 

0.3 
0.2 
0.2 
0.4 

吃 

0.0 
0.0 
0.0 
0.0 

0.3 
0.1 
0.2 
0.3 

<eos> 

Decoder 

word 
vector 

state 
vector 

Attention 

A BiLSTM Encoder and  
LSTM with Attention Decoder 



Our Translation Advantages 

• Focused on financial documents 

• Confidentiality – run on local servers 

• Glossary for different fields 

• Similar subsections and styles,  
e.g., introduction of companies, CVs, financial 
statement, declarations, … 

• Training data:  
about 900 IPO documents and 2.1 paired 
sentences 

• Got ITF support and industrial interest. 

46 



Machine translation 
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Recurrent 
Neural 

Network 

Encoding 
0.4589, 2.443 2.6793 
2.344 - 0.4456 0.0788 
0.3456 1.2976 - 0.2635 
0.319 0.0056 3,45910 
…. … … 
2.34 0.10865 .73899 

“I want to go  
to the market  
today” 

Recurrent 
Neural 

Network 

“I want to go  
to the market  
today” 

我今天想去
市場 
 



Automatic Answering System 
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Recurrent 
Neural 

Network 

Encoding 
0.4589, 2.443 2.6793 
2.344 - 0.4456 0.0788 
0.3456 1.2976 - 0.2635 
0.319 0.0056 3,45910 
…. … … 
2.34 0.10865 .73899 

employee’s 
question 

Recurrent 
Neural 

Network 

Tech Support 
team’s response 

Google Chat logs  
Employees and Tech Support Team: 

I am seeing an 
error related to 
VPN 

What is the error 
message that you 
are getting? 

Connection refused 
or something like 
that. 

May I know the 
version of network 
connect? 



Picture Caption 
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Recurrent 
Neural 

Network 

Encoding 
0.4589, 2.443 2.6793 
2.344 - 0.4456 0.0788 
0.3456 1.2976 - 0.2635 
0.319 0.0056 3,45910 
…. … … 
2.34 0.10865 .73899 

Recurrent 
Neural 

Network 

A white cat 
and a red 
yarn ball 

梁振英和 
曾蔭權坐在
一盆花兩旁 

Input: picture 
Output : image caption 



Language Model for Style 
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All work of  
Shakespeare 

Language  
model (RNN) 

Base on statistics, the 
next word is generated 
according to probability 



• Deep Learning can do more than classification 
and regression, e.g., machine translation 

Other examples 

• Image  

• Speech 

• Handwriting 

• Language 

Learn to understand data through generation 

 

Generative Model 
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Bedrooms created by Generative models 
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What projects can benefit from DL? 

Problems with an hypothesis (data relationship)  
• Existence of a pattern  
• Large amount of data 

 
Supervised learning for classification or regression 
  Input data with labels  
  Hypothesis: label is linked to a pattern 
   Ex: box office prediction, image recognition,  
 spam emails, … 
 
Unsupervised learning to learn about the data 
   Input raw data 
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Coin Classification 

Training Data: Supervised learning 
(<size, weight >, type) 
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Unsupervised Learning 

Learn from raw 
data and look for 
patterns 

 

• Grouping exists 
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Where to go? 
• Supervised learning 

– More data, better the results 

– Limited by the amount labeled data 

• Unsupervised learning (unlimited data) 
– Bigger model (more layers and neurons) better 

the results 

– Limited by ability to process data (raw) 

• Reinforcement learning 
– choose action to maximize expected long term 

reward (example: AlphaGo) 
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THANKS 
Q & A 
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Language models 

• “My cat sits on the mat” is assigned high 
probability because a completely valid sentence, 
syntactically and semantically. 

• “car cold swim red the” has low probability 

Unigram:  
P(w1, w2, …, wn) = P(w1)P(w2)…P(wn) 

Bigrams:  
P(w1, w2, …, wn) = P(w1)P(w2|w1)…P(wn|wn-1) 

Trigrams:  
P(w1, w2, …, wn) = P(w1)P(w2|w1)…P(wn|wn-1wn-2) 

 
58 
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Term-document 
• Term-document (Matrix A) 

• Rows: terms/words 术语/词语 

• Columns: documents 文档 

• Ai,j = frequency of the word i occurs in document j 

• Bag of words hypothesis (in information retrieval) 

– document – bag of words (order does not matter) 

– words indicate document topic 词语表示文档主题 

– documents of similar topics use similar words 
相似题目的文件使用相似的词 

–  their document vectors will be similar 文档向量相似 

• Focus: document similarity 



Document 1: My husband and I have three cats and two dogs, 
and I consider myself a cat person and a dog person. In fact, cats 
and dogs often come into our lives in unexpected ways…. 

Document 2: I like cats and dogs. My cat sits on the mat. My dog 
like to play with my cat…. 

Document 3: Hong Kong is one of the world's most 
significant financial centres, with the highest Financial  
Development Index score and consistently ranks as the world's 
most competitive and freest economic entity… 

61 

Terms Document 1 Document 2 
 

Document 3 
 

cat / cats 3 3 0 

Dog / dogs 3 2 0 

Hong Kong 0 0 1 

financial 0 0 2 

I / my / our / myself 5 4 0 

economy 0 0 0 



Word-context (similarity) 
• Word-context – generalization of term-document 

– Rows: words 

– Columns: context (document, phrases, sentences, paragraphs, 
chapters, books, …) 

• Word similarity Focus shifted from rows to columns;  

• Distributional hypothesis (in linguistics) 
– words in similar contexts have similar meanings  
相似语境中的词语具有相似的含义 (Harris 1954) 

– “You shall know a word by the company it keeps.” 
 物以類聚 (Firth 1957) 

• Hypothesis:  Related words often appear in same 
documents 相关单词经常出现在同一文档中  

“economic”, “money”, “finance”, “banks”, likely appear together 
“money”, “shrimp”, “liver”, “north” seldom appear together 



Document 1: My husband and I have three cats and two dogs, 
and I consider myself a cat person and a dog person. In fact, cats 
and dogs often come into our lives in unexpected ways…. 

Document 2: I like cats and dogs. My cat sits on the mat. My dog 
like to play with my cat…. 

Document 3: Hong Kong is one of the world's most 
significant financial centres, with the highest Financial  
Development Index score and consistently ranks as the world's 
most competitive and freest economic entity… 
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Terms Document 1 Document 2 
 

Document 3 
 

cat / cats 3 3 0 

Dog / dogs 3 2 0 

Hong Kong 0 0 1 

financial 0 0 2 

I / my / our / myself 5 4 0 

economy 0 0 0 

“Dog” and “cat” 
are similar 



Co-occurrence Matrix 

Disadvantages of term-document matrix: 

• size NxM is very large 

• Number of documents, M, is not fixed 

Window-based Co-occurrence Matrix  
(affinity matrix)  
– no of times each word appeared within 
a window of particular size around word 
of interest. 
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I like cats and dogs. My dog likes my cat.  
My cat and my dog sit on the mat.   

Window size =1 

 

 

 

  X = 
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I like cat and dog my sit on the mat 

I 0 1 0 0 0 0 0 0 0 0 

like 1 0 1 0 1 1 0 0 0 0 

cat 0 1 0 2 0 2 0 0 0 0 

and 0 0 2 0 1 1 0 0 0 0 

dog 0 1 0 1 0 2 1 0 0 0 

my 0 1 2 1 2 0 0 0 0 0 

sit 0 0 0 0 1 0 0 1 0 0 

on 0 0 0 0 0 0 1 0 1 0 

the 0 0 0 0 0 0 0 1 0 1 

mat 0 0 0 0 0 0 0 0 1 0 



I like cats and dogs. My dog likes my cat.  
My cat and my dog sit on the mat.   

Window size =2 

 

 

 

  X = 

66 

I like cat and dog my sit on the mat 

I 0 1 1 0 0 0 0 0 0 0 

like 1 0 2 1 1 2 0 0 0 0 

cat 1 2 0 2 1 3 0 0 0 0 

and 0 1 2 0 2 2 0 0 0 0 

dog 0 1 1 2 0 2 1 1 0 0 

my 0 2 3 2 2 0 1 0 0 0 

sit 0 0 0 0 1 1 0 1 1 0 

on 0 0 0 0 1 0 1 0 1 1 

the 0 0 0 0 0 0 1 1 0 1 

mat 0 0 0 0 0 0 0 1 1 0 

“Dog” and “cat” 
are more similar 

than with 
“mat”, “sit”… 



Singular Value Decomposition 

XNxN = UNxN SNxN VNxN 
  N    N        N 
      --- u1 ---              s1  0   ….             |      |  
        N      --- u2 ---               0  s2 ….   v1   v2 ….  N  
            :                      :     :                    |      | 
 
Based on the largest k values, s1, s2, … sk, use the submatrix 
UNxk for word embedding matrix 

  k    k        N 
       --- u1 ---          s1  0   ….              |     |  
        N       --- u2 ---   k     0   s2 ….      k   v1   v2 ….  
             :           :     :                      |    | 
  



Problems and Issues 

• Matrix dimension changes because of new 
words 

• Large and extremely sparse matrix  
(ignore words such as “the”, “has”, “is”, …) 

• Quadratic cost to perform SVD 

 

Another Approach based on iteration. 
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Continuous Bag of Words Models (CBOW) 

• Predict center word “sits” from surrounding 
context {“My”, “cat”, “on”, “the”, “mat”} 
    wc-2    wc-1      wc+1    wc+2     wc+3 

• Input word matrix V ∊ RkxN , 
vi: the column of V represents wi,  
 i.e., vi = Vxi and xi = one-hot vector of wi 

N 

    |            |         |       |         | 

   V =    vc-1       vc+3  vc-2   vc+1   vc+2    k         

                     |                |          |          |          | 

  “cat”     “mat” “My”  “on”  “the” 
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cat = 

0 
: 
1 
0 
0 
: 
: 
: 
0 

mat= 

0 
: 
0 
0 
1 
0 
: 
: 
0 
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Xc-m 

Xc-m+1 

Xc+m 

. 
: 

VT
Nxk 

VT
Nxk 

VT
Nxk 

UT
kxN 

y’ 

k-dim 

N-dim 

N-dim 

Pick up the column 
vector vc-m of wc-m  

One-hot vector 
of the wc-m  

Average vector ṽ of 
ṽ = (vc-m + vc-m+1 +…+ vc+m)/ 2m  

Generate a vector  
y = Uṽ 

Change to 
probability 

y’ = softmax (y) 



Objective function for training 

Train U and V to learn the generated probability y’ from 
true (expected) probability y, which is one-hot vector. 

• Objective function (cross entropy) 

    H(y’,y) = - ∑j=1,…N yj log(y’j) 

                = - yc log(y’c)  

                = - log(y’c) 

Intuition:  

• y’ is perfect, i.e., y’c=1, H(y’,y) = 0 (no adjustment) 

• y’ is bad, ie., y’c=0.01, H(y’,y) = -log(0.01) = 4.6 
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Evaluation of word vectors 

Extrinsic evaluation 
 

   Input      answer 
 

• slow and unclear the problematic part 
 
Intrinsic evaluation 

– Word Vector Analogies 
– Analogy Evaluations 
– Correlation Evaluation 
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Words to 
word vectors 

Deep 
Learning 
system 



HSMC Awarded HK$7million 
恒生管理學院獲研資局700萬港元研究資助 

Establishment of Deep Learning Research & 
Applications Centre 深度學習研究與應用中心 

(i) support research through Deep Learning 

(ii) provide Deep Learning environment  
(Big Data and Cloud Computing)  

(iii) train Deep Learning specialists 

3-Year project with outside collaborators 
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Vision and Image  

 


