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Deep Learning
With massive amounts of

Dee p Learn | N g computational power, machines can

now recognize objects and translate
speech inreal time. Artificial
intelligence is finally getting smart.

Al Is Transforming Google Search. The Rest of the Web Is Next

lll\o%w'g I\ﬂ“&ﬁl\‘lgll\“"%ll Drive.ai to test 'deep learning'

PLAYER AT THE GAME OF GO autonomous cars on California roads

Baidu’s Deep-Learning
System Rivals People at
Speech Recognition




Compare searchterms v

Deep learning Machine learning Artificial neural n...

Field of study Field of study Topic +Add term

Beta: Measuring search interest in topics is a beta feature which quickly provides accurate measurements of overall search interest. To
measure search interest for a specific query, select the "search term" option.
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Deep Neural Network

Demystify Deep Learning

Deep learning works
like the human brain?




Deep Learning: Building Blocks

» Linear transformations

hi+1 = Why

» Non-linear activation functions

hkt2 = f(hkt1)



Deep Learning: Deep Composition
» A deep representation is a composition of many functions

X—:—-hl—:-,_,—:-hn—:»-y
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» |ts gradient can be backpropagated by the chain rule
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Deep Learning: Gradient Descent

» A loss function /(y) measures goodness of output y, e.g.

» Mean-squared error /(y) = ||y* — y||?
> Log likelihood I(y) = logP[y*|x]

» The loss is appended to the forward computation

o~ ey —— 1Y)

» Gradient of loss is appended to the backward computation
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Deep Learning: Demo TensorFlow Playground

Problem type

- Q

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%

—

Noise: 0
[ 2

Batch size: 10

—a

REGENERATE

lterations

000,000

INPUT

Which properties do
you want to feed in?
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http://playground.tensorflow.org/#activation=relu&regularization=L2&batchSize=10&dataset=spiral&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=8,8,8,8&seed=0.58444&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&discretize_hide=false

Deep Learning: Weight Sharing

Recurrent neural network shares weights between time-steps
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Recurrent Neural Network @

Deepest of Deep learning?

e Can be infinitely deep

(h)
=

hl—l
hl — tanh W* ( )
ht—l

RNN, LSTM illustrationsfrom Christopher Olah’s blog



BPTT: Backpropagation Through Time

®) h  ® ®)
L,T 1 1 I
A = A — A — A » A
6 6 &  ®
¢ o o

Rt

|
&) ) &)




RNN is Turing complete, but...

Exploding/vanishing gradient

Short term dependency
® ® (?9
r 1t [
A= A A — A= A
> & ¢
Long term dependency

® ® ®
r 1 1

T
® © o o




LSTM: Long-Short Term Memory
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LSTM: Long-Short Term Memory

Let the gradient flow to earlier steps
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RNN: A General Framework

one to one one to many many to one many to many many to many

Image Caption Sentiment Analysis ~ Machine Translation ~Language Modeling

Generation N N
Image Recognition Speech recognition



Char-RNN

How it works?
Vocabulary:
[“h”, “e”, “I", “0”]

Training
sequence:

“hello”

target chars:

output layer

hidden layer

input layer

input chars:

He!!
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Char-RNN

Linux
Latex
Wikipedia

Music

Check out the blog:

The Unreasonable Effectiveness of RNN

- DeepDrumpf [ W Follow \
@DeepDrumpf —

We have competence. Our people don't need anybody. | have
smart people.
1:46 PM - 3 Mar 2016

“« 127 @101

\ DeepDrumpf [ W Follow \
@DeepDrumpf —

I'll bring back our jobs. They all have everything, they don't have
aclue.
1:36 PM - 3 Mar 2016

“« 324 921

| DeepDrumpf [ s Follow
@DeepDrumpf —

OK, it's amazing right now with ISIS, | tell you what? | don't want
them to vote, the worst very social people. | love me.
1:49 PM - 3 Mar 2016

4« 13327 Wan


http://karpathy.github.io/2015/05/21/rnn-effectiveness/

What does the Neuron do?

Cell sensitive to position in line:

DI EheB e rezina lies in the FRAGE
CUENEEE A ia ey o all the plans TN
the soundness of the only possible
the general mass of the army
he enemy up. The French crowd “ﬂm
¢ all dts energy was directedll
like a wounded animal and it was impos:
so much by the arrangements it
the bridges. When the b

took nlace at e b
) e from Moscow and women with children
mall--carried on by vis inertiae--
the ice-covered water and did

Cell that turns on inside quotes:

Cell that robustly activates inside if statements:

firom [iser-space




Seq2seq: sequence-to-sequence learning
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Sequence Is even longer now => Attention

Again, let the gradient flow to earlier steps

| accord sur la zone économique européenne a ate signé en ao(t 1992 ; <end>
1 1 | | I I 1 1 I | [ 1 I 1 I
BI—|BH—=|B—|BH—=~|B—|Br—|BIFE=|B—B—|B—rms| BF—|BFEF|B|B B
I | ] | |
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the agreement on the European Economic Area was signed in August 1992 : <end>

Diagram derived from Fig. 3 of Bahdanau, et al. 2014



More Seqg2sed fun: Chatbots
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Incoming Email DECODER



More Seqg2seq fun: Programmers

Key

Variable

vy

R1(m.USA)

Entity Resolver

Execute

( Hop R1 !Cityln )

—>| mNYC J

Key | Variable | > Key | Variable
Execute . Execute
v, R1(m.USA) ( Argmax R2 Population ) Return
—Q v, R2(list of US cities) —0 v R3(m.NYC)
( Hop R ciyn ) ( Argmax Rz  Populaton )

Return
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Summary

e Deep Learning is like Lego Blocks
=> Compositionality and Backpropagation
e Creative ways to combine the blocks

=> New applications

e When you have problem
=> Get new blocks (LSTM, attention) to let gradient flow

Food for thought: is our brain just a bunch of Lego blocks?



TensorFlow

TensorFlow™is an open source software
library for numerical computation using data
flow graphs.

TensorFlow

SG0 Trainer

........

e,
Logit Layer g
-
B



TensorFlow: Computation Graph

i nport tensorflow as tf |mport TenSOrF|OW

i mport nunpy as np

# Create 100 phony x, y data points in NunmPy, y = x * 0.1 + 0.3 and NumPy

x_data = np.random rand(100).astype(np. float32)

y_data x_data * 0.1 + 0.3

# Try to find values for Wand b that conpute y_data = W* x_data +
b

# (W know that Wshould be 0.1 and b 0.3, but Tensorflow will

# figure that out for us.)

W= tf.Variable(tf.randomuniform([1], -1.0, 1.0))

b tf.Variable(tf.zeros([1]))

y W=* x_data + b

# Mnimize the mean squared errors.

loss = tf.reduce_nean(tf.square(y - y_data))
optimzer = tf.train.GradientDescentOptim zer(0.5)
train = optimzer.mnimze(loss)



TensorFlow: Computation Graph

i mport tensorflow as tf
i mport nunpy as np

# Create 100 phony x, y data points in NunPy, y = x * 0.1 + 0.3

x_data = np.random rand(100).astype(np.float32) SyntheSIZe Some

y_data

X data * 0.1 +0.3 noisy data from a
i Try to find values for Wand b that conpute y_data = W* x_data + ||nea.r model

# (W know that Wshould be 0.1 and b 0.3, but Tensorflow will

# figure that out for us.)

W= tf.Variable(tf.randomuniform([1], -1.0, 1.0))
b tf.Variable(tf.zeros([1]))

y = W* x _data + b

# Mnimize the mean squared errors.

loss = tf.reduce_nean(tf.square(y - y_data))
optimzer = tf.train.GradientDescentOptim zer(0.5)
train = optimzer.mnimze(loss)



TensorFlow: Computation Graph

i mport tensorflow as tf
i mport nunpy as np

# Create 100 phony x, y data points in NunPy, y = x * 0.1 + 0.3
x_data = np.random rand(100).astype(np. float32)
y_data = x_data * 0.1 + 0.3

# Try to find values for Wand b that conpute y_data = W* x_data +
b

# (W know that Wshould be 0.1 and b 0.3, but Tensorflow will

# figure that out for us.)

W= tf.Variable(tf.randomuniform([1], -1.0, 1.0))

b tf.Variable(tf.zeros([1]))

y W=* x_data + b

# Mnimize the mean squared errors.

loss = tf.reduce_nmean(tf.square(y - y_data))
optimzer = tf.train.GradientDescentOptim zer(0.5)
train = optimzer.mnimze(loss)



TensorFlow: Computation Graph

i mport tensorflow as tf
i mport nunpy as np ‘
# Create 100 phony x, y data points in NunmPy, y = x * 0.1 + 0.3

X_data = np.random rand(100). ast ype(np. fl oat 32)
y data = x_data * 0.1 + 0.3

# Try to find values for Wand b that conpute y _data = W* x_data +
b

# (W know that Wshould be 0.1 and b 0.3, but Tensorflow w ||

# figure that out for us.)

W= tf.Variable(tf.randomuniform([1], -1.0, 1.0))

b =tf.Variable(tf.zeros([1]))

y W* x _data + b

# M nim ze the nmean squared errors.

loss = tf.reduce_nean(tf.square(y - y_data))
optimzer = tf.train. G adi ent Descent Opti ni zer (0. 5)
train = optimzer.mnimze(loss)




TensorFlow: Session

# Before starting, initialize the variables.

first.

init =tf.initialize_all_variables()

Ve will

run'

this

# Launch the graph.
sess = tf. Session()
sess.run(init)

# Fit the line.

for step in xrange(201):
sess.run(train)
if step %20 == 0:

print(step, sess.run(W,

# Learns best fit is W [0.1],

sess.run(b))

SGD Trainer

Tw, b WD

.......... Bt Wi B
- » -
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TensorFlow: Session

# Before starting, initialize the variables. W wll '"run' this
first.
init =tf.initialize_all_variables()

# Launch the graph.
sess = tf. Session()
sess.run(init)

# Fit the line.
for step in xrange(201):
sess.run(train)
if step %20 == 0:
print(step, sess.run(W, sess.run(b))

# Learns best fit is W [0.1], b: [0.3]

SGD Trainer

Tw, b WD

.......... Bt Wi B
- » -
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Tensorboard Demo

TensorBoard EVENTS IMAGES GRAPH  HISTOGRAMS

[E| Fit to screen
¥  Download PNG

Run train -
(1)

Session =
runs (0)

Upload Choose File

Color @® structure

QO Device
color: same substructure
gray: unique substructure

Graph  (*=expandable)

! Namespace*
OpNode
Unconnected series*
Connected series*
Constant

Summary

Be

Dataflow edge
Control dependency edge
of— Reference edge



Tensorboard Demo

TensorBoard IMAGES GRAPH  HISTOGRAMS

Regex filter X accuracy 1
[C] split on underscores accuracy
[] pata download links
1.00
0.900
Horizontal Axis
0.800
RELATIVE WALL
0.700
0.600
Runs
0.500
test
0.400
train
0.300
0.200
0.100
H 0.000 100.0 200.0 300.0 400.0 500.0 600.0 700.0 800.0 900.0 1.000k
cross entropy 1
dropout_keep_probability 1
max 4
TOGGLE ALL RUNS

mean 4



Tensorboard Demo

TensorBoard

Regex filter

[] split on underscores

Horizontal Axis
Runs
test
train
TOGGLE ALL RUNS

WALL

EVENTS IMAGES GRAPH
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Now the part that everybody hates...



Homework

Part 1. Backpropagation and gradient check
e NumPy
Part 2: Char-RNN

e Undergrad/Grad Descent
o Gradient descent => graduate descent

o Systematic search of hyperparameters

e Do something fun with it!

Use gradient to find the best
parameters

Use graduate student to find
the best hyperparameters




TRUMP:
See you here in thy land with a bloody servant.

BENVOLIO:
Be peace?

BARNISAR:
We will not speak, sworn the husband's death.

BRUTUS:
What is the people?

MENENIUS:

How with his hands, what haste the point than was full of the war;
And I will make the people and all:

And I will not have shown the firmy may land,

Where with some men speak it that you have heard the rest.

AUFIDIUS:
Horse, look to the gods shall her marriage on their lawful and so so die all.

KATHARINA:
What news is this that we shall frest the people and warrant
I am a state to see thy lips his face.

LEONTES:

I will not be bring him to him to him,

Which is think us the way

To be more be in this thing I had in the earth,

And I can say 'tis not for the duke of Plantagenet, but you have the power,
To make a man all the dearly of the country's law

And thus I thank you, say how is he that doth he was a truth

Than the county dead is come.

CLARENCE:
I will not show you the dishonourable.



BRERANES, TRESX—HABNGES, BILMANERESANRMNR, BANBHRESOEMRE, B2, BARKAN, BRESIAEMRMERLENRE
—, TEMBLEZH, BWMRNE, KEFE!

BIAABEHERMTARMBRFAER LR, RAE, ERAME, MRNSTEERHINERNILEHR, FHREATNEREE, B, XRRAMNETEE, |5
THENEN, BRORELKRT, FAXTATIRSNERET/LRE, REBHREILMRSE/IF, RTHENORE, BRINETKR, BAE, HEENIRMS
7! IEEAERIRAIE !

B-RMHHNRBHRRROERTE, AR, FRATE? FAEBRRT! "HNOERNR, BRENTFLERTNOXT, HE-THENRE, RANE,
LENPPRERRNY, HRBEZEMR, ERWERAER: BEHIPLAFHA? FERKR, hEFRNFAE.

BAENAEREF, BAEERSMOMRIGL. IR, BEMAR, NLRERT, RMABRENARTE?
TLEMBRREPRRY, BRRESE—HREENSN, SANERTRENERE, REEBRNIIARSES, BIRBEBERE, RAOBSMRMA. . .

Sincerely,

Chatbot1022



Second sample. “Any guys wanna chat U17 ... lol”




Generated samples:
* seed: 2500, temperature: 0.7, start_text: “Harry”

d 1

Harry had gunp angry look out of them when it was preterding up at winky, pointed on a wear of a diffe
red now, he and pumbledore had their easy to the end of the night but the pale of his leg dead happile
with him the chair better as he had finished by its rather closer hands he was socker than he had bee
n speaki own in a very much on the door.

"It was drown in a hundred crowd perhaps for you where there realized her magical champion of Hogwarts

"yYeah, you know," said Harry.
Malfoy and Hermione, the pair of the gab. Madavia Maxime would fit and looked as though he was had on
rning. Mulgerin really approached into her too look at Moody 1 occuring a very early 1lik
v ith his head had seen its spot, in her sudden helped over the side of e wrvbolr wouldn't t
hey hww;e?f in the gool, which was lay now dead, had had gone or saver his hoo He unfolded his magi
cal eye who had mentioned for this head with the paily Prophet grig. He remembered Harry watched them
any other
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Sampled text i:

Hermione ¥ Tr\1ng ru keep his face and he took a noteing bird. He qu]ed nff the = i he had sai
d a slight with a s ht fqnor and went on a hand from the top of hi Jt111 - ing at him
. He was going to T1 1 right in_his hand and sprinting at Harry had been so they had been
read of his head of the silver closer than he had been passing Har and Ron was beaming at the castle
and started to his fe&]WH? sort of a few point, then he had v en in | head and disturbed the e
yes and started something Tater as he was the tip, his four and settled out her stood at the cold i
e, and the terth at his were standing the ground with a pens of the hair and called with

Harry had stood up the o to talk at his the ground and saw the dark breath the back of
the Quidditch world cu o the same with them. Grk?ng at Hermione and her tal before the
stood of the lake of the deep floor, and then swept off the side of the ground and stared
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Samp led text 15:

Ron was still distracted the trouble show and his best head of Gryffindor Tower. They were filteen on

the stands with a great voice

I Karkaroff and charlie and they trouble wizard what yeh yeh what the first by the ho elf
of noticest anyone else, and went on the aeCde name on a ig and pointed the
which was go1nq on ace and grown in the fire. serious the Gringi sh

ice eye Harry stared at h a his s and s
to come to the castle, was an anything next to the un DF?UDN; in the fi i

k had told them standing on a paunching the ball of a night of his face )
in the color, but hands was r said a great night. The fi back at Harry
where it wer only obsorrow accorn of parents with a bit a rush were rea
his own from her window. He




ubuntu@ip-172-31-23-239:~/tensorflow-char-rnn$ python sample.py --init_dir=yelp/output/ --length=1000
--temperature=0.9 --seed=349 --start_text="DOWNEY:"

Sampled text is:

DOWNEY: at a burrito and service. It's a little onions; that's why | go back to can a bacon St. mine in the front with
the food was good, they walk out is realizing my comporental name. | was disappointing. Beef told the scallops,
and the sauce and having for it as well, but | will really stake you to realized cardeatle. Being in the back if you do
chang to their food - and it is both time me mine, so we could come back as we ordered it eat with the bagels for §7
for the staff was good, relaxed by the subs or ""major Lemon Grance Falafel was a nice and opachists.

| received maybe nice place and it's going here. | like and offer somewhat clearly and back there...but so that my
own were that we promped in the window sometimes not some comongs up on the area is awful feeling us on the
filet mignon. It's your dishes sole know. | get some tofu even at The Ponele's spicy being sizes forit. The food was
great - and with my 2nd and sat here because it's an hugive, due to the chaise, or it's th
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When the Tao on its ald not tract to it in the worl seems and not the Tao.
When the Tao is nowhere is the world is a than then is the world.

The Master does in the Tao, to the is loth seaming of the Tao.

When the Master wan the Tao is the wager.

When you wand to ene ot less the is tral things; thas is why the Tao, the mistons the
harken is the fore is nothing. If you on to proses, you and there is nothing seare ar in
no forsed.

The Master does he see and not in donent, you are things himself to the people and
not in the ardous an hemple. 21

The groes the condernt be a pain of contern. It is his lidern in the Tao will all things
and in fored. The Tao is the Tao.

The Master dont to bach fol the Tao is the stouss and goen both is it in the are is
nothone is that they dont to the core frear the Tao.

The Master to he doesnt man ould with the Tao seept experse, and completent thin
does an harmine the sill for without the Tao is nothing is bore and feem the people ar
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