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Deep Learning



Deep Learning



Deep learning works 
like the human brain? 

Demystify Deep Learning



Deep Learning: Building Blocks



Deep Learning: Deep Composition 



Deep Learning: Gradient Descent



Deep Learning: Demo TensorFlow Playground

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
Deepest of Deep learning? 

● Can be infinitely deep 

Equation

RNN, LSTM illustrationsfrom Christopher Olah’s blog



BPTT: Backpropagation Through Time



RNN is Turing complete, but...
Short term dependency

Long term dependency

Exploding/vanishing gradient



LSTM: Long-Short Term Memory 



LSTM: Long-Short Term Memory 
Let the gradient flow to earlier steps



RNN: A General Framework

Machine Translation

Speech recognition

Language ModelingSentiment Analysis

Image Recognition

Image Caption 
Generation



Char-RNN
How it works?

Vocabulary:

[“h”, “e”, “l”, “o”]

Training 
sequence:

“hello”



Char-RNN
Linux 

Latex

Wikipedia

Music

… 

Check out the blog: 

The Unreasonable Effectiveness of RNN

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


What does the Neuron do? 



Seq2seq: sequence-to-sequence learning



Sequence is even longer now => Attention

Again, let the gradient flow to earlier steps



More Seq2seq fun: Chatbots



More Seq2seq fun: Programmers



Summary
● Deep Learning is like Lego Blocks 

=> Compositionality and Backpropagation

● Creative ways to combine the blocks 

=> New applications

● 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.



i mpor t  t ensor f l ow as t f
i mpor t  numpy a s  np

# Cr e a t e  100 phony x,  y  da t a  poi nt s  i n  NumPy,  y  = x  *  0 . 1  + 0 . 3
x_da t a  = np. r a ndom. r a nd( 100) . a s t ype ( np. f l oa t 32)
y_da t a  = x_da t a  *  0 . 1  + 0 . 3

# Tr y t o  f i nd va l ue s  f or  W a nd b t ha t  c omput e  y_da t a  = W * x_da t a  + 
b
# ( We  know t ha t  W s houl d be  0 . 1  a nd b 0 . 3 ,  but  Te ns or f l ow wi l l
#  f i gur e  t ha t  out  f or  us . )
W = t f . Va r i a bl e ( t f . r a ndom_uni f or m( [ 1] ,  - 1 . 0 ,  1 . 0) )
b  = t f . Va r i a bl e ( t f . z e r os ( [ 1] ) )
y  = W * x_da t a  + b

# Mi ni mi z e  t he  me a n s qua r e d e r r or s .
l os s  = t f . r e duc e _me a n( t f . s qua r e ( y - y_da t a ) )
opt i mi z e r  = t f . t r a i n. Gr a di e nt De s c e nt Opt i mi z e r ( 0. 5)
t r a i n = opt i mi z e r . mi ni mi z e ( l os s )

TensorFlow: Computation Graph

Import TensorFlow 
and NumPy



i mpor t  t ensor f l ow as t f
i mpor t  numpy a s  np

# Cr e a t e  100 phony x,  y  da t a  poi nt s  i n  NumPy,  y  = x  *  0 . 1  + 0 . 3
x_da t a  = np. r a ndom. r a nd( 100) . a s t ype ( np. f l oa t 32)
y_da t a  = x_da t a  *  0 . 1  + 0 . 3

# Tr y t o  f i nd va l ue s  f or  W a nd b t ha t  c omput e  y_da t a  = W * x_da t a  + 
b
# ( We  know t ha t  W s houl d be  0 . 1  a nd b 0 . 3 ,  but  Te ns or f l ow wi l l
#  f i gur e  t ha t  out  f or  us . )
W = t f . Va r i a bl e ( t f . r a ndom_uni f or m( [ 1] ,  - 1 . 0 ,  1 . 0) )
b  = t f . Va r i a bl e ( t f . z e r os ( [ 1] ) )
y  = W * x_da t a  + b

# Mi ni mi z e  t he  me a n s qua r e d e r r or s .
l os s  = t f . r e duc e _me a n( t f . s qua r e ( y - y_da t a ) )
opt i mi z e r  = t f . t r a i n. Gr a di e nt De s c e nt Opt i mi z e r ( 0. 5)
t r a i n = opt i mi z e r . mi ni mi z e ( l os s )

TensorFlow: Computation Graph

Synthesize some 
noisy data from a 
linear model



i mpor t  t ensor f l ow as t f
i mpor t  numpy a s  np

# Cr e a t e  100 phony x,  y  da t a  poi nt s  i n  NumPy,  y  = x  *  0 . 1  + 0 . 3
x_da t a  = np. r a ndom. r a nd( 100) . a s t ype ( np. f l oa t 32)
y_da t a  = x_da t a  *  0 . 1  + 0 . 3

# Tr y t o  f i nd va l ue s  f or  W a nd b t ha t  c omput e  y_da t a  = W * x_da t a  + 
b
# ( We  know t ha t  W s houl d be  0 . 1  a nd b 0 . 3 ,  but  Te ns or f l ow wi l l
#  f i gur e  t ha t  out  f or  us . )
W = t f . Va r i a bl e ( t f . r a ndom_uni f or m( [ 1] ,  - 1 . 0 ,  1 . 0) )
b  = t f . Va r i a bl e ( t f . z e r os ( [ 1] ) )
y  = W * x_da t a  + b

# Mi ni mi z e  t he  me a n s qua r e d e r r or s .
l os s  = t f . r e duc e _me a n( t f . s qua r e ( y - y_da t a ) )
opt i mi z e r  = t f . t r a i n. Gr a di e nt De s c e nt Opt i mi z e r ( 0. 5)
t r a i n = opt i mi z e r . mi ni mi z e ( l os s )

W x_data

*

+

b

TensorFlow: Computation Graph



TensorFlow: Computation Graph
i mpor t  t ensor f l ow as t f
i mpor t  numpy as np

# Cr eat e 100 phony x,  y dat a poi nt s i n NumPy,  y = x *  0. 1 + 0. 3
x_dat a = np. r andom. r and( 100) . ast ype( np. f l oat 32)
y_dat a = x_dat a *  0. 1 + 0. 3

# Tr y t o f i nd val ues f or  W and b t hat  comput e y_dat a = W *  x_dat a + 
b
# ( We know t hat  W shoul d be 0. 1 and b 0. 3,  but  Tensor f l ow wi l l
# f i gur e t hat  out  f or  us. )
W = t f . Var i abl e( t f . r andom_uni f or m( [ 1] ,  - 1. 0,  1. 0) )
b = t f . Var i abl e( t f . zer os( [ 1] ) )
y = W *  x_dat a + b

# Mi ni mi ze t he mean squar ed er r or s.
l oss = t f . r educe_mean( t f . squar e( y - y_dat a) )
opt i mi zer  = t f . t r ai n. Gr adi ent Descent Opt i mi zer ( 0. 5)
t r ai n = opt i mi zer . mi ni mi ze( l oss)

W x_data

*

+

b

LossOptimizer

y_data



TensorFlow: Session
# Bef or e st ar t i ng,  i ni t i al i ze t he var i abl es.   We wi l l  ' r un'  t hi s 
f i r st .
i ni t  = t f . i ni t i al i ze_al l _var i abl es( )

# Launch t he gr aph.
sess = t f . Sessi on( )
sess. r un( i ni t )

# Fi t  t he l i ne.
f or  st ep i n xr ange( 201) :

sess. r un( t r ai n)
i f  s t ep % 20 == 0:

pr i nt ( st ep,  sess. r un( W) ,  sess. r un( b) )

# Lear ns best  f i t  i s  W:  [ 0. 1] ,  b:  [ 0. 3]



TensorFlow: Session
# Bef or e st ar t i ng,  i ni t i al i ze t he var i abl es.   We wi l l  ' r un'  t hi s 
f i r st .
i ni t  = t f . i ni t i al i ze_al l _var i abl es( )

# Launch t he gr aph.
sess = t f . Sessi on( )
sess. r un( i ni t )

# Fi t  t he l i ne.
f or  st ep i n xr ange( 201) :

sess. r un( t r ai n)
i f  s t ep % 20 == 0:

pr i nt ( st ep,  sess. r un( W) ,  sess. r un( b) )

# Lear ns best  f i t  i s  W:  [ 0. 1] ,  b:  [ 0. 3]



Tensorboard Demo



Tensorboard Demo



Tensorboard Demo



Now the part that everybody hates...



Homework
Part 1: Backpropagation and gradient check

● NumPy

Part 2: Char-RNN

● Undergrad/Grad Descent
○ Gradient descent => graduate descent

○ Systematic search of hyperparameters

● Do something fun with it! 

Use gradient to find the best 
parameters

Use graduate student to find 
the best hyperparameters
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