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Applica,ons	
  of	
  AI	
  

•  Web	
  
•  NLP	
  
•  Vision	
  
•  Robo,cs	
  
•  Games	
  
•  Predic,ons	
  
•  Diagnosis	
  
•  …	
  



Web	
  Search	
  
Extension:#Web#Search#

!  Informa)on#retrieval:#
!  Given#informa)on#needs,#produce#informa)on#
!  Includes,#e.g.#web#search,#ques)on#answering,#
and#classic#IR#

!  Web#search:#not#exactly#classifica)on,#but#
rather#ranking#

x = “Apple Computers” 



Feature-­‐Based	
  Ranking	
  FeatureSBased#Ranking#

x = “Apple Computer” 

x, 

x, 



Perceptron	
  For	
  Ranking	
  Perceptron#for#Ranking#

!  Inputs#####
!  Candidates#
!  Many#feature#vectors:##
!  One#weight#vector:#

!  Predic)on:#

!  Update#(if#wrong):#



NLP	
  Problem:#Ambigui)es#

!  Headlines:#
!  Enraged#Cow#Injures#Farmer#With#Ax#

!  Hospitals#Are#Sued#by#7#Foot#Doctors#
!  Ban#on#Nude#Dancing#on#Governor’s#Desk#
!  Iraqi#Head#Seeks#Arms#

!  Local#HS#Dropouts#Cut#in#Half#
!  Juvenile#Court#to#Try#Shoo)ng#Defendant#
!  Stolen#Pain)ng#Found#by#Tree#
!  Kids#Make#Nutri)ous#Snacks#

!  Why#are#these#funny?#

What#is#NLP?#

!  Fundamental#goal:#analyze#and#process#human#language,#broadly,#robustly,#accurately…#

!  End#systems#that#we#want#to#build:#
!  Ambi)ous:#speech#recogni)on,#machine#transla)on,#informa)on#extrac)on,#dialog#interfaces,#ques)on#

answering…#
!  Modest:#spelling#correc)on,#text#categoriza)on…#



Parsing	
  
Parsing#as#Search#Parsing#as#Search#

Hershey	
  bars	
  protest	
  



Grammar	
  Grammar:#PCFGs#

!  Natural#language#grammars#are#very#ambiguous!#

!  PCFGs#are#a#formal#probabilis)c#model#of#trees#
!  Each#“rule”#has#a#condi)onal#probability#(like#an#HMM)#

!  Tree’s#probability#is#the#product#of#all#rules#used#
!  Parsing:#Given#a#sentence,#find#the#best#tree#–#search!#

ROOT → S   375/420 

S → NP VP .    320/392 

NP → PRP   127/539 

VP → VBD ADJP    32/401 

….. 



Dialogue	
  Systems	
  

•  Watson	
   What’s#in#Watson?#

!  A#ques)onSanswering#system#(IBM,#2011)#

!  Designed#for#the#game#of#Jeopardy#

!  How#does#it#work:#
!  Sophis)cated#NLP:#deep#analysis#of#ques)ons,#noisy#matching#of#ques)ons#

to#poten)al#answers#

!  Lots#of#data:#onboard#storage#contains#a#huge#collec)on#of#documents#

(e.g.#Wikipedia,#etc.),#exploits#redundancy#

!  Lots#of#computa)on:#90+#servers#

!  Can#beat#all#of#the#people#all#of#the#)me?#



Machine	
  Transla,on	
  Machine#Transla)on#

!  Translate#text#from#one#language#to#another#
!  Recombines#fragments#of#example#transla)ons#
!  Challenges:#

!  What#fragments?##[learning#to#translate]#
!  How#to#make#efficient?##[fast#transla)on#search]#



Problem	
  with	
  Dic,onary	
  Lookups	
  The#Problem#with#Dic)onary#Lookups#
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Data-­‐Driven	
  Approach	
  DataSDriven#Machine#Transla)on#



Learning	
  to	
  Translate	
  



An	
  HMM	
  Transla,on	
  Model	
  An#HMM#Transla)on#Model#
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Levels	
  of	
  Transfer	
  Levels#of#Transfer#



Coreference	
  Resolu,on	
  	
  

•  Coreference	
  resolu,on:	
  	
  
–  Determine	
  when	
  two	
  men,ons	
  refer	
  to	
  same	
  individual	
  

[Michael	
  Eisner]	
  and	
  [Donald	
  Tsang]	
  announced	
  the	
  
grand	
  opening	
  of	
  [Hong	
  Kong	
  Disneyland]	
  yesterday.	
  	
  
[Eisner]	
  thanked	
  [Mr.	
  Tsang]	
  and	
  welcomed	
  [fans]	
  to	
  
[the	
  park].	
  

•  Require	
  seman,c	
  knowledge	
  to	
  beJer	
  coreference	
  



Named	
  En,ty	
  Linking	
  
[Michael	
  Eisner]	
  and	
  [Donald	
  Tsang]	
  announced	
  the	
  
grand	
  opening	
  of	
  [[Hong	
  Kong]	
  Disneyland]	
  yesterday.	
  	
  
[Eisner]	
  thanked	
  [Mr.	
  Tsang]	
  and	
  welcomed	
  [fans]	
  to	
  
[the	
  park].	
  

•  Match	
  men,ons	
  to	
  en,,es	
  in	
  an	
  external	
  
	
  knowledge	
  base	
  (Freebase,	
  Wikipedia)	
  
–  Use	
  en,ty	
  aJributes	
  as	
  seman,c	
  knowledge	
  

Hong	
  Kong	
  
Disneyland:	
  
•  Loca,on	
  
•  Tourist	
  aJrac,on	
  
•  Amusement	
  park	
  
•  park	
  

Michael	
  Eisner:	
  
•  Person	
  
•  Businessman	
  
•  Organiza,on	
  leader	
  

-­‐	
  Will	
  Eisner	
  
-­‐	
  Kurt	
  Eisner	
  
-­‐	
  Michael	
  Eisner	
  

?	
  

•  NEL	
  is	
  challenging	
  	
  



Solving	
  Arithme,c	
  Word	
  Problems	
  

s1	

Liz	


N: 9	


E: Kitten	


A: Black	



Liz gave some of her kittens to Joan.	



s2	

Liz	


N: 9-L1	


E: Kitten	


A: Black	



Joan	


N:  J0+L1	


E: Kitten	


A: Black	



give	



Abstract

1 Introduction
1

- automatically solving math word problems
- What is math word and why math word?
1. for human, language understanding part is
trivial but the reasoning is difficult, for a computer
is the opposite.
2. Texts employ everyday language; there are no
domain-restrictions on syntax or semantics. Open
domain
3. Answering questions require deep understand-
ing and reasoning

Deep understanding of a math question:
Natural language understanding requires the abil-
ity to translate individual sentences into represen-

1BUG: Outline-not complete sentences

Math word Problem
Alyssa had 9 black kittens. She gave some of her
kittens to Sam. Sam has now 11 kittens. Alyssa
has 5 kitten left and 3 has pots. How many kittens
did Sam get?

Equation: 9� x = 5
Solution: x = 5 kittens

Figure 1: .

tations of the underlying entities, properties, re-
lations, and events. It further requires the ability
to combine the representations of individual sen-
tences into a coherent whole.

Understanding math word qeustion:
Meaning of a few words is irrelevant to solving a
puzzle e.g.,
However, in many cases, the particular meaning
of open-category words and other expressions is
crucial to the solution. e.g., more, verbs

This paper argues that the coherence of a math
word qeustion together with meanings of verbs
provides a strong bias that can be exploited when
learning to understand questions. One particularly
simple form of coherence requires that events can
only take place when their preconditions are met.
For example, a soccer player We present an ap-
proach that capture semantics of verbs by defining
fine-grained attributes for verbs. We then learn to
understand a coherent story in a math question by
taking advantage of event semantics in the form of
verb category

In this paper we show how a small amount
of domain knowledge and a bias towards coher-
ent discourse models can be used to learn how
to understand math word questions. The domain
knowledge we exploit encodes the verb categories
and can be learned for unobserved verbs. The

Liz	
  had	
  9	
  black	
  kiJens.	
  She	
  gave	
  
some	
  of	
  her	
  kiJens	
  to	
  Joan.	
  Joan	
  has	
  
now	
  11	
  kiJens.	
  Liz	
  has	
  5	
  kiJen	
  lee	
  
and	
  3	
  has	
  spots.	
  How	
  many	
  kiJens	
  
did	
  Joan	
  get?	
  	
  



Vision	
  

•  Search	
  
•  Detec,on	
  
•  Surveillance	
  
•  Recogni,on	
  



Mobile	
  visual	
  search:	
  Google	
  Goggles	
  



Face	
  detec,on	
  

•  Many	
  new	
  digital	
  cameras	
  now	
  detect	
  faces	
  
– Canon,	
  Sony,	
  Fuji,	
  …	
  
	
  

Source:	
  S.	
  Seitz	
  



Smile	
  detec,on	
  

Sony Cyber-shot® T70 Digital Still Camera  Source:	
  S.	
  Seitz	
  



Face	
  recogni,on:	
  Apple	
  iPhoto,	
  
Facebook,	
  Google,	
  etc	
  



Object	
  recogni,on	
  (in	
  supermarkets)	
  

LaneHawk	
  by	
  Evolu,onRobo,cs	
  
“A	
  smart	
  camera	
  is	
  flush-­‐mounted	
  in	
  the	
  checkout	
  lane,	
  con,nuously	
  watching	
  
for	
  items.	
  When	
  an	
  item	
  is	
  detected	
  and	
  recognized,	
  the	
  cashier	
  verifies	
  the	
  
quan,ty	
  of	
  items	
  that	
  were	
  found	
  under	
  the	
  basket,	
  and	
  con,nues	
  to	
  close	
  the	
  
transac,on.	
  The	
  item	
  can	
  remain	
  under	
  the	
  basket,	
  and	
  with	
  LaneHawk,you	
  
are	
  assured	
  to	
  get	
  paid	
  for	
  it…	
  “	
  



Safety	
  



Security	
  



Automo,ve	
  safety	
  

•  Mobileye:	
  Vision	
  systems	
  in	
  high-­‐end	
  BMW,	
  GM,	
  Volvo	
  models	
  	
  
–  Pedestrian	
  collision	
  warning	
  
–  Forward	
  collision	
  warning	
  
–  Lane	
  departure	
  warning	
  
–  Headway	
  monitoring	
  and	
  warning	
  

Source:	
  	
  A.	
  Shashua,	
  S.	
  Seitz	
  



Intelligent	
  Suspension	
  system	
  



Kinect	
  Fusion	
  



Object	
  Detec,on	
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Car	
  

33	
  



34	
  



Cat	
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Autonomous	
  Driving	
  



Failures	
  



An	
  Autonomous	
  Car	
  An#Autonomous#Car#

5 Lasers 
Camera 

Radar 

E-stop 
GPS 

GPS compass 

6 Computers 

IMU Steering motor 

Control Screen 



Ac,ons:	
  Steering	
  Control	
  Ac)ons:#Steering#Control#

Reference Trajectory 

Error 

Steering 
Angle 

(with respect 
to trajectory) 



1 
2 3 



ΔZ 



Obstacle	
  Detec,on	
  

Raw Measurements: 12.6% false positives 

Obstacle#Detec)on#

Trigger if |Zi�Zj| > 15cm for nearby zi, zj 



Probabilis,c	
  Error	
  Model	
  

xt+2 xt xt+1 

zt+2 zt zt+1 

Probabilis)c#Error#Model#

GPS 
IMU 

GPS 
IMU 

GPS 
IMU 



HMMs	
  for	
  Obstacle	
  Detec,on	
  

HMM Inference: 0.02% false positives Raw Measurements: 12.6% false positives 

HMMs#for#Detec)on#



Road	
  Detec,on	
  



Now	
  on	
  the	
  Streets	
  


