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1. {&l2{Y(Machine Learning), El2{<!(Deep Learning) 71






“The programming paradigm is changing. Instead of programming a
computer, you teach a computer to learn something and it does
what you want.”

Eric Schmidt, Chairman of Alphabet



Teaching a computer to learn something?
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y=sigmoid(a+bx)

y=gfPx




Features

1. OlEd, E2E 7R

Deep Neural Network (DNN)2| 7|2 714

sigmoid(f ;x ;+P,x ,+3x 3) Label (HEHC0|E])
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1. OlEd, E2E 7R

Speech Recognition: Word Error Rate (WER) 30% O|AF ZHA

Deep
Recurrent
Neural Network

“How cold 1is
i1t outside?”

Acoustic Input Text Output




1. OlEd, E2E 7R

Image Recognition: A[2HHLC} LIS Z 1} EhA

ImageNet
Challenge

cockroach cheetah
tick snow leopard
starfish Egyptian cat

'
www.cS.toronto.

edu/~fritz/absps/imagene
t.pdf

agaric
mushroom
jelly fungus




1. OlEd, E2E 7R

Image Recognition: A[2HHLC} LIS Z 1} EhA

Team Year Place Error (top-5) ImageNet
XRCE (pre-neural-net explosion) 2011 1st 25.8% challgr.wge.
classification
Supervision (AlexNet) 2012 1st 16.4% task
Clarifai 2013 1st 11.7%
GoogLeNet (Inception) 2014 1st 6.66%
Andrej Karpathy (human) 2014 N/A 5.1%
BN-Inception (Arxiv) 2015 N/A 4.9%
Inception-v3 (Arxiv) 2015 N/A 3.46%
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Supervised Learning:

Offl 3 OIO|E = 7S shgeh WX AIE0] 2750k 2
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“You shall know a word by the company it keeps”
(John Rupert Firth 1957)
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Embedding - Word2Vec

Efficient Estimation of Word Representations in
Vector Space

Tomxs Mikolov Kai Chen
Google Inc., Mountain View, CA wogle Inc., Moustain View, CA

emiem avlanaale oo adshanlannale com

Greg Corrado

Google Inc., Mounts

We propose two novel model &
| s |

«

1.6 billion words
the-ant perfor
e woed samilaritics

1 Introduction

Tomas Mikolov
(Research scientist @Facebook Al Research, FAIR)

Distributed Representations of Words and Phrases
and their Compositionality

Tomas Mikeoloy lys Sutskever Kai Chen
Gooale In e In Gooale In

Abstract

2% SKip 2

Mazy current NLP systoms a2 ; X there is no notion of simular

ity between words, as these are represent L s ima 1 ¢ s has several

pood



2. %0l ST Ui - (1) 7|2 H

Embedding - Word2Vec (Cont’d)
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2. %0l ST Ui - (1) 7|2 H

Embedding - Word2Vec (Cont’d)
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Embedding - Word2Vec (Cont’d)
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2. %0l ST Ui - (1) 7|2 H

Third Most Important Search Signal (of 100s)
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2. 350 SFHIY - (1) 7125 B

Recurrent Neural Network(RNN):

=M7t L= (sequential) HIO|E{Of| M k7| HEE BF 7[<f5t09 LIS HSE 0I5
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2. %0l ST Ui - (1) 7|2 H

Long Short Term Memory (LSTM):

M| HO|HZRE 25iE2 §E S 1=

RNN

LSTM




2. X9 ST HIE - (1) 7I=X HiE

Recurrent Neural Network(RNN), LSTM 0| Al:

7|HE1S (Machine Translation)
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Good morning | START
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2. X9 ST HIE - (1) 7I=X HiE

Recurrent Neural Network(RNN), LSTM 0| Al:

AOLE 2|Z20] (Smart Reply)




2. RO ST HiZ - (1) 7|2 HZ

Recurrent Neural Network(RNN), LSTM 0| Al:

O|0|X] AMEEF7| (Image Captioning)




2. X9 ST HIE - (1) 7I=X HiE

Recurrent Neural Network(RNN), LSTM 0| Al:

O|O0|X| MHELT]| (Image Captioning)

“A cow Is standing in the “A group of people “A cat Is sitting on a
middle of a street” sitting at a table with tollet seat”
wine glasses”



3t i

11{0]
ol

TH<

2. A



Is the

weather going to get
worse today?

What is the weather
like today?






(ROOT)

’_ A7} olofE}
‘/\\‘l_ '”1\ /,\MJ\ {Intent:”gI’GEtlngS”, ..-}

“Tell me a joke”

SMO|Al Natural Language Understanding
Speech-to-Text (NLU)
- Tagging
0{7|ELE{ A|EH - Syntactic Parsing |
T i - Named Entity Recognition Chatting Bot
Web Search
Toto - Georgy Porgy Lyrics | MetroLyrics
2. A0IE g, HAE 7| 1. & HEfAIS E8ot= EHE e e e
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2 iH%9_| =Xt |;|H7:| - (2) AFO1 X HH7:|

- -/

AOIEZE SMH|A 94X kAL - VIV Labs (Acquired by Samsung)
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2. HRO| S I - (2) MYUE

amazon echo
N

8.6M 26% S7B

Units sold by 2016 HEZ AL Z1 Alexa 7[8E 7|17] AFEXI2]  Amazon EchoE &8t 22 20204
26%= "OFF Rix=(very often)” =2 "B 77HX| 2f 72 R0f| O|F A2 2 0| ==
XI&=(somewhat often)” 42 Sl (Source: Bl Intelligence)

£TE s 2o Euist

(Source: Bl Intelligence)

CES 20170 M= AlexaZ} H& LD, TV, ADERX|, M+ S LISt MS0l 2t

o
ZoEM) 2IBx50| BHBO| H 4 ASS SY

Amazon's Alexa is everywhere at CES 2017



http://www.businessinsider.com/amazon-echo-alexa-add-11-billion-in-revenue-by-2020-2016-9
http://www.businessinsider.com/amazon-echo-alexa-add-11-billion-in-revenue-by-2020-2016-9
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2. S20| ST HYZ - (2) AU HjZ

10,000 Skills

"Alexa, ask Kayak where | can go for $500" <= "Alexa, ask Uber to request a ride,

"Alexa, ask Board Games who goes
first in Scrabble.”

"Alexa, ask airport security for the
wait time at LGA,

"Alexa, ask Wine Gal to recommend
a wine for a pepperoni pizza.

"Alexa, start 7-minute workout,

"Alexa, open Domino's and place my

"Alexa, start my car”
Easy Order, y
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$339
421/q
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2013 2014 2015

65% $3.39 $2.1B $32B

amazon ccho
N1

ADIEE ALK} 1718| CH22E ClZX|s AL|AH AF 22 OAXN HE A|E A2
A o EE[FH[0|HS EXISHA| Y o AR Z1 b= 2013 7IELH0| 2™ 2B X|s AL|A H| & 1K 5&%8 7| & o Z2[7|
A2 '3 $2.070{|A 20155 $3.392 AlEH2 2020H0] ofF 21421 0f O|MHELC} =2 Retention2

=454 3751121 O|E A2= 0|5 HO|, =|Ch 32004 EES
&S BHAZE A=
&4X 10,0007} O|Ate| AZIMIO| ol =4
OI™M5Ho] 9l

1. Source: QUARTZ 2. Source: Salesforce 3. Source: Bl Intelligence 4. Source: Bl Intelligence



https://qz.com/253618/most-smartphone-users-download-zero-apps-per-month/
https://www.salesforce.com/blog/2015/02/mobile-app-installs-grow-more-expensive-install-rate-remain-strong.html
http://www.businessinsider.com/amazon-echo-alexa-add-11-billion-in-revenue-by-2020-2016-9
http://www.businessinsider.com/facebook-messenger-lifts-ban-on-ad-subscriptions-2016-8
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Most of the value of deep learning today is in harrow domains where you can
get a lot of data. Here’s one example of something it cannot do:
have a meaningful conversation.

There are demos, and if you cherry-pick the conversation, it looks like it’s
having a meaningful conversation, but if you actually try it yourself, it quickly
goes off the rails.



Question answering, small talk
VS.
Goal-based actions



Question answering, small talk (H|S3X™ A CHs})

Corpus-based

- Information retrieval (&1&10], bigram 7[4H)
* Deep neural nets (RNN, LSTM S)

Q1. How do | change the motor oil?
Q2. Tell me how the engine lubricant gets replaced.




Question answering, small talk2| st/

I3 oijeraH "
U ojj Qs =2 A LICE”

(13 b b



Goal-Based Action2 210{2| 2| £ 0]|5l|5t1 0]0]

U7 “BLSHA EATS LBZNR” | AR
L2IZ]: 2| EA|HE L2 FAH Q7 EL
HS R "HEUH2 FHO[LUtQ?” “CH0|Q”




Goal-Based Action 0|A{2| X}210{0|5H (NLU)

Ao 20} El2{LlE E5t Intent Analysis, Entity Recognition, Slot <7

“ZEO|IA HF 7He CHE 3 3R HI37| 2Otz

Intent; &2 M
SX|. dx=
S ONIPS ES
O|EQlA] = Hl HH mfof £4+21: 2017-04-04
PromptE Safl F7I HE & ™~ £i&012l: None

“HHO| TpA|LtR 7?7

et i G oo wapr v | A0 3O 71 2 oA E NS

UHE|HE M2 7t Intent: O3 X| =&
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"3 A= =M HAR|= Ch5a Z5HCE”




4. Demonstration



4. Demonstration

H Hi{ - IBM Watson Conversation

Intents  Entities  Dialog fluenty-dev ()

No intents yet.

An intent is the goal or purpose of the user's input. Adding examples to intents helps your bot understand different ways in
which people would say them.

Import
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4. Demonstration
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Demonstration
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