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Deep Learning: A Sub-field of Machine Learning

Machine Learning

Perceptron, Logistic
Regression, SVM, K- Deep Learning
means...

MLP, CNN, RNN, GAN...



Deep Learning is Becoming Popular
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Growing Use of Deep Learning at Google

# of directories containing model description files
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Across many
products/areas:
Android
Apps
GMail
Image Understanding
Maps
NLP
Photos
Robotics
Speech
Translation
many research uses..
YouTube
... many others ...
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Deep Learning is Powerful (Machine Translation)

INFO:tensorflow:Restoring parameters from checkpoints/dev

Input
Word Ids: (185, 171, 4, 89, 136, 68, 114]
English Words: ['he’, 'saw’, ’a’, "old, ’'vellow , " truck, .’ ]

Prediction
Word Ids: (209, 4, 130, 320, 229, 168, 308, 312, 1]
French Words: il a vu un vieux camion jaune . <EOS»>



Deep Learning is Powerful (Summarization)

Text HFH—F, FEREERMARIAZAIIRE], (BRZNIBAT—-RE
kB LR, X W RERERE D (T8 B A5 R P D B R A R )
5% . §—REHHW, L. 5H&. LEM- PPS- PPTV. — 5
G5 B—RERFERZTHTT) .
With careful calculation, there are many successful Internet companies in
Shanghai, but few of them becomes giant company like BAT. This is also
the reason why few Internet companies are listed in top hundred companies
of paying tax. Some of them are merged, such as Ebay, Tudou, PPS, PPTV,
Yihaodian and so on. Others are satisfied with segment market for years.

Reference Fft 4 E#EHA T HEM EL?

Why Shanghai comes out no giant company?

Seq2seq-A iR HEXME % .

Shanghai’s giant company.

SRB IR Sk Y

Shanghai has few giant companies.

https://arxiv.org/abs/1706.02459



Deep Learning is Powerful (Object Recognition)
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Deep Learning is Powerful (Face Generation)
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Deep Learning is Powerful (Pokemon Generation)
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Deep Learning is Powerful (Cat Generation)




Deep Learning is Powerful (Cat Generation)




History of Deep Learning



Ups and Downs

* 1958: Perceptron Learning Algorithm (Rosenblatt, linear model,
* 1980s: Multi- layer Perceptron (MLP, non-linear, )

* 1986: Backpropagation (G. Hinton et al.,

* 1990s: (Yann LeCun, CNN)

* 2006: RBM Initialization (G. Hinton et al., Breakthrough)

* 2009: GPU

* 2011: Started to be popular in Speech Recognition

* 2012: AlexNet won ILSVRC (Deep Learning Era started)

* 2014: Started to become very popular in NLP (Y. Bengio, RNN...)



Great Figures




What is Deep Learning?



The Essence of Machine Learning

Evaluate
performance
of functions




Linear Regression (Housing Price)

s Price (y) Z =wx +b
% f(z) = max(0,z)

Size (x)



Perceptron

 Weight (x,) z = wx; +wx, +b = wlix + b

f(z) = sign(z)

@

Height (x)



Logistic Regression

. Weight (x,) z=wlx + b
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Housing Price Prediction

ZIp code X walkability

size x2

o, ~— Y real
price

#bedroom x3

school

wealth X W
4 ’ quality



Should you study linguistics?

#Chomsky

#Halliday

#Hu Zhuanglin

# akoff

X,

X3

Cognitive

X W .
4 ' Linguistics

+1/0



Standard NN (MLP)

Activation Unit

Now we have defined a Fully-
connected Feedforward Neural
Network, in fact, a function set.

Input Layer Hidden Layer Output Layer



“Deep” means many hidden layers

Input Layer

Hidden Layer 1 Hidden Layer 2 ... Hidden Layer n

Output Layer



Activation Unit

Activation Unit

If there is no operation in the activation unit,
the whole model will be a linear model.

Therefore, the effects of multi-layer NN will
be equivalent to those of single-layer NN.
This is why we need non-linear activation
function in the activation unit.




Activation Function

f(x) fx) f(x)

Sigmoid function Tanh function RelU function

FO) = o(x) = f(x) = tanh(x) = :i J: 2::

1 + e—X f(x) = ReLU(x) = max(0, x)



“Deep” means many hidden layers

g

AlexNet, 8 layers
(ILSVRC 2012)

VGG, 19 layers
(ILSVRC 2014)
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How can you find the best function?

»  Weight (x,)

Height (x)

Oh my god!
No line can best separate
the data!

Don’t worry!
Neural Network can help
you solve the problem!






Gradient Descent

s Price (y) Loss Function:
1 i 1 ~
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/ (Here a is learning rate, which
controls the range of each step)
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Gradient Descent

Oloss
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Global loss minimum
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Backpropagation (Chain Rule




Deep Learning Frameworks




Word Embedding



Discrete Representation

 Commonest Linguistic ldea: signifier and signified (Saussure)

* One-Hot Encoding can represent word. It is a vector with only one 1 and

a lot of Os.

* For example: Hotel

[cooco00000001 000 0]

http://web.stanford.edu/class/cs224n



Problems with Discrete Representation

* [t has no relation to the meaning of word

* Similar word vectors should have large inner product. But

motel [0 000000001000 0]
hotel [0 00000100000 00] =0

* We need a better solution to represent word meaning

http://web.stanford.edu/class/cs224n



Distributed Representation

* You shall know a word by the company it keeps.
(J. R. Firth, 1957)

* Word Embedding can build distributed representations for words.

* Two of the most famous word embedding methods are:
* Word2Vec (Skip-Grams, CBOW)
* GloVe (Global Vector)



Skip-Grams
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Popular Networks



Convolutional Neural Network



Convolutional Neural Network (CNN)

depth
5ot ()] height

QOOOOK;

+ ~IQQ0O0QH) ~ —J
put layer QOO0 width

input layer
hidden layer 1 hidden layer 2

Fully-connected Feedforward Neural Network Convolutional Neural Network

http://cs231n.github.io/convolutional-networks /#comp



Convolutional Layer

1/11,1/0|0
0,1/1/1|0 4
0,/0/1/1]|1
0|0(1|1]|0
0|1(1|0]|0
Image Convolved
Feature

http://cs231n.github.io/convolutional-networks /#comp



Max Pooling

Single depth slice

dl1)1]2]4
max pool with 2x2 filters
SHRGNl 7 | 8 and stride 2 6 | 8
3 | 2 i 3| 4
1 | 2 B

http://cs231n.github.io/convolutional-networks /#comp
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Recurrent Neural Network



Any Problem in Fully-connected Network?

Destination

Deprture

Other




Recurrent Neural Network (RNN)
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RNN vs Language Model
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http://web.stanford.edu/class/cs224n



Why Deep Learning?



Machine Learning vs Deep Learning




Advantages of Deep Learning

* Feature engineering is hard and to some extent, ineffective,
incomplete or over-specified and it is really a hard work!

* Deep learning can learn features, which are easy to adapt and fast to
learn.

e Flexible, universal and learnable

* More data and more powerful machines



Advantages of Deep Learning

Scale drives deep learning progress
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From Andrew Ng’s course “Deep Learning”



Future for Deep Learning?

* Unsupervised learning may be the most important research area in the
future since it is pretty easy to achieve a large amount of unlabeled data
while labelled data are far fewer and pretty expensive.

* Transfer Learning can help us transfer the task to pre-trained models

* Generative Model, such as GAN (Generative Adversarial Network)

* Abandon it?! (Well, Hinton said we should drop BP...)



Personal Ideas About What We Can Do

* [t seems that now linguists’ contribution to NLP becomes trivial and
deep learning does not really need us, but things may not be that bad.

* Still, we find the effects of many NLP tasks, like machine translation,
not satisfactory, and machines cannot really understand semantic
meaning, let alone pragmatic.

* More significant problems for scientists to solve in today’s world,
instead of improving the performance of algorithms, which are though
vital.
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Talk I1s Cheap,
Show me the Code!



class NeuralNetwork(object):
def sigmoid(self, x):
return 1/(1 + np.exp(-x))

def _ init (self, input_nodes, hidden_nodes, output_nodes, learning rate):
# Set number of nodes in input, hidden and output layers.
self.input_nodes = input_nodes
self.hidden_nodes = hidden_nodes

self.output_nodes = output_nodes

# Initialize weights
self.weights_input_to_hidden = np.random.normal(©.@, self.hidden_nodes**-8.5,

(self.hidden_nodes, self.input_nodes))

self.weights_hidden_to_output = np.random.normal(®.8, self.output_nodes**-8.5,

(self.output_nodes, self.hidden_nodes))
self.lr = learning_rate

# Activation function is the sigmoid function

self.activation_function = self.sigmoid



def train(self, inputs_list, targets_list):
# Convert inputs list to 2d array, column vector
inputs = np.array(inputs_list, ndmin=2).T

targets = np.array(targets_list, ndmin=2).T

#### Implement the forward pass here ####

### Forward pass ###

#Hidden layer

hidden_inputs = np.dot(self.weights_input_to_hidden, inputs)

hidden_outputs = self.activation_function(hidden_inputs)
#Output layer
final_inputs = np.dot(self.weights_hidden_to_output, hidden_outputs)

final_outputs = final_inputs

#### Implement the backward pass here ####
### Backward pass ###

# 1 is the gradient of f'(x) where f(x) = x
output_delta = (targets - final_outputs) * 1

hidden_delta

np.dot(self.weights_hidden_to_output.T, output_delta) * hidden_outputs * (1-hidden_outputs)

# TODO: Update the weights
self.weights_hidden_to_output += self.lr * np.dot(output_delta, hidden_outputs.T)
self.weights_input_to_hidden += self.lr * np.dot(hidden_delta, inputs.T)



#predict with a inputs_list
def run(self, inputs_list):
# Run a forward pass through the network

inputs = np.array(inputs_list, ndmin=2).T

#### Implement the forward pass here ####
#Hidden layer
hidden_inputs = np.dot(self.weights_input_to_hidden, inputs)

hidden_outputs = self.activation_function(hidden_inputs)
#0utput layer
final_inputs = np.dot(self.weights_hidden_to_output, hidden_outputs)

final outputs = final_inputs

return final outputs



