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VOICE ENABLED PERSONAL ASSISTANT

What can | help
you with?

“Hey Siri” “Hey Cortana” “Alexa” “OK Google”
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VOICE ENABLED PERSONAL ASSISTANT

01100
shbadid0110 = ‘3@ —

11110 amazon alexa

Voice converted to commands Processing Alexa’s voice output

Alexa Voice Services

'\:,?;?ﬁﬁae' The current
temperature
temperature : : .
in Chicago? in Chicago is
! 6°F
amazon echo
N
Amazon Echo Amazon Echo
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NLP FOR CLIMATE RESEARCH

[ —

NLP based

Collection of
research

articles
Categorization

using Weak
Supervision

2 DIATTMINI T Argonne National Laboratory is &
US. Dep:

(@ ENERGY Jisniis st

200000

150000

100000

50000

Topic 1 Topic 2 Topic 3
atientic I ontorctic N <tr2tospheric
ocean N antorctica N stratosphere [N
| sudden N
warming [
I

waves
tropospheric I

topic modeling

"%

oning v ) [ <,

%

%

&,
@Z"
S
>
Y

oo ) I 7,
Extreme heat events (1) _ %,
Tropical cyclones and Hurrcanes (5 | NN
Rising sea surface temperatures (17) _ &
waees )

P

Severe convective storms (6) [

Carbon dioxide fertiization (16) |

Rising Surface Temperatures (9) _

Loss of arctic sea ice and glaciers (12) -

Permatrost Thaw (10) [
sealevel ise (14) [N %,
>
"’)
Ocean acidication (15) [ g‘y"
%
"
Exreme raintal () [ %,
%
A
%
%

Extreme cold events (0) [l %,
Extratropical cyclones (6) . %,

sea I
greeniand [l [ peninsula I wave I
0 0.05 0 0.020.040.060.08 0 005 01 015 0 00s 01
Topic 4 Topic 5 Topic 6 Topic 7
eyclones paciic I emisohere snow
northern analysis
temperature
middle
seasonal
typhoon [ equatoriol [ winter
western western I air
00s 01 0 005 o1 015 o o005 o1 01 015
Topic 8 Topic 9
wind monsoon
quif I summer N
winds I asien |
waves [ asia N
swell I east I—
south I
stream [N china. [
0 005 01 015 0 005 o1
D . t . b t. f d - t .
80
60
o
5
S a0
5
o
i
20
o4
1930 1940 1950 1960 1970 1980 1990 2000 2010

Trending topic overtime

Extreme snow and ice sorms (4) [ %,

Argonne &

NATIONAL LABORATORY



WHAT IS DEEP LEARNING

Artificial
Intelligence

k
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Any technique that
enable computer
to mimic human

K behavior /
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WHY DEEP LEARNING AND WHY NOW?

Hand engineered features are time consuming, brittle and not scalable in practice

Can we learn underlying feature directly from the data?

Low level features Mid level features High level features

Lines and edges Eyes, nose, and ears Facial structure
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WHY DEEP LEARNING AND WHY NOW?

Neural networks date back decades, so why the resurgences?

1. Hardware 2. Big Data 3. Software
*  Graphics . Large dataset «  New models
processing units «  Easier collection « Easley usable
(GPUs) and storage packages
* Massively
parallelizable

1F TensorFlow

O PyTorch

e 0 9 .
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CATEGORIES OF LEARNING PROBLEMS OR
PARADIGMS

= Supervised learning (this talk)
— Regression: output variable is
continuous
— Classification: output variable
is discrete (categorical)

= Unsupervised learning Training
— Clustering

— Association
= Semi-supervised learning

Cat
WA, |
wh

Dog

» Reinforcement learning
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HOW DOES IT WORK?
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BRAIN AND NEURONS

i Dendrites
Synapse

Human Brain Neuron

Cell Body

Axon

Dendrites
Artificial Neuron
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Inputs

Activation Function
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PERCEPTRON: FORWARD PASS

Linear combination

of inputs
Wo Output
Wl \
2 = o(Wo + XiZq W; X;)
W, ‘\
Non-linear
activation .
. . Bias
Input Weight Sum Non-Linearity Output
(®ENERGY (rommmu sty Argonne &




PERCEPTRON: FORWARD PASS

A\

Wo Yy =0 Wwo+ Xz Wi x;)

e 9 =0 (wy+ XTW)

2l

where, X =

Input Weight Sum Non-Linearity Output
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PERCEPTRON: FORWARD PASS

Activation Function

Wq R
=0 (wy+XTW)
Wi
Wo Example: Sigmoid function
Wi, 1
o\Z) =
@) 1+ e7=
1.0 jpr—
0.5
Input Weight Sum Non-Linearity Output j
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COMMON ACTIVATION FUNCTIONS

Sigmoid Tanh RelLu

1.0 1.0 10
/ 0.5 ‘
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1 et — e %
o(z) = —— g (2) = o (z) = max(0,z
) 1+ e™2 2 e+ e™? (0,2)

2JENERGY U5 Serimsnier by bboraioy Argonne




IMPORTANCE OF AN ACTIVATION FUNCTION

Introduce non-linearity into the network
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What if you want to build a neural
network to separate green and red points
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IMPORTANCE OF AN ACTIVATION FUNCTION
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Linear activation function Non-linear activation function
produce linear decision can approximate arbitrarily
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PERCEPTRON: FORWARD PASS

Yy=0Wet X"W)

Input Weight Sum Non-Linearity Output
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PERCEPTRON SIMPLIFIED

y=o0(h)

&

h

WO+ XTW
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MULTILAYER PERCEPTRON

— m
hy = wo t XjZq Xj W
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DEEP NEURAL NETWORK

e

@ENERGY EEE Number of hidden layers > 1 Argonne &




BACKWARD PASS: COMPUTE LOSS

The loss of network measures the cost incurred from the incorrect prediction

-

L(fx5W), ¥Y)
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BACKWARD PASS: COMPUTE LOSS

The loss of network measures the cost incurred from the incorrect predictions

O/

Cost function

Objectlve function J(W) = Xt L (f(x w), yi)

@ ENERGY SZ5Emytnyst, Predicted Actual Argonne &




BINARY CROSS ENTROPY LOSS

f(x)

0.1
0.8
06

A X X
- — O — <

- — - —

1 1 L 1 L 1
0.0 0.2 0.4 0.6 0.8 1.0
predicted probability

JW) = — =%, ytlog( f (x5 W) + (1 — %) log(1 — f(x’; W))
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MEAN SQUARE ERROR

piodrec | @y
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LOSS OPTIMIZATION

Want to find network weights that achieve the lowest loss
_ . 1gn i. i
w* = argrvllr/lm;Zizlﬁ(f(x W), yh

W* = argmin J(IW)
w

Remember:
w={Wwowi..}
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LOSS OPTIMIZATION

W* = argmin J(IW)
74

Remember:
Loss is function of
network weights

J(wo, wy)
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LOSS OPTIMIZATION

Randomly pick the initial (W,, W;)

J(wo, wy)
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LOSS OPTIMIZATION

a J(W)

Compute gradient

ow

J(wo, wy)
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LOSS OPTIMIZATION

Take a step in the opposite direction of the gradient

J(wo, wy)
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LOSS OPTIMIZATION

Repeat until convergence

J(wo, wy)
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GRADIENT DESCENT

Algorithm
. Initialize weights randomly ~N (0, g%)

2. Loop until convergence:

aJjW)
ow

3. Compute gradient,

4. Update weights, W « W —n a](w)

5. Return weights

(@DENERGY IS5ty Argonne &




BACKPROPAGATION

O—0 —0 —w

IJW) _9JW) 9y

oW, 09y  aW,
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BACKPROPAGATION

o R W)

oJW) _aJW) 99

o W, 0y oW,

oJW) _9JWw) 99 ah

k k
o W, 09 odh OW,

Repeat this for every weight of the network using
gradient from previous layer
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Train a Neural Network
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