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CASE STUDY FOR THIS CLASS

You work at Nickelback Inc. 

Nickelback Inc recently downloaded every song text ever written (TBs 
of data) to draw inspiration as they lately have trouble to produce a 
number 1 hit.

Now they want to create a system which enables them to search 
through this large collection of text and help them to write some 
songs.
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YOUR TASK

TTaasskk11::  DDeessiiggnn  aa  ssyysstteemm  tthhaatt  eeffffiicciieennttllyy  ffiinnddss  aallll  ssoonngg  tteexxttss  ccoonnttaaiinn  
cceerrttaaiinn  kkeeyywwoorrddss  ((ee..gg..,,  ““mmoouunnttaaiinn””  aanndd  ““ggrraassss””))

Task2: Create a simple ranking for the query results and enable that 
Nickelback can cluster the songs

Task3: Extend the system to allow search with sentiments (e.g., all 
happy songs, sad songs,…)

Task4: Extend the system to find songs with the right meaning of 
“grass” (FYI: Nickelback is a clean band) 

Task5: Develop an assistant that helps Nickelback to write songs by 
predicting the next sentence
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GOAL: (EFFICIENT) TECHNIQUES TO 
PROCESS TEXT
BBaassiicc  qquueerriieess::  
• How often does word X appear
• How often does word X and Y appear together
• …

SSeeaarrcchh  eennggiinneess::  
• Return the top 10 documents for a given query
• What news items are most relevant to me
• …

AAnnaallyyttiiccss::
• What are trending topics on the web
• How to predict the unemployment rates of next month?
• How to predict Walmart´s sales numbers before they are released? 

(e.g., to make a buy or sell recommendation)
• …



Tokenizer

Token stream.

Linguistic modules

Modified tokens.

Indexer

Documents to
be indexed.

Friends, Romans, countrymen.

THE BASIC INDEXING PIPELINE



TOKENIZATION

Input: “Friends, Romans and Countrymen”

Output: Tokens

• Friends
• Romans
• and
• Countrymen

A token is an instance of a sequence of characters

Each such token is now a candidate for an index entry, after further 
processing

But what are valid tokens to emit?

Sec. 2.2.1



CLICKER

7

NNaammee  33  oorr  mmoorree  iissssuueess  wwiitthh  ttookkeenniizzaattiioonn,,  wwhhiicchh  ccoouulldd  
iinnfflluueennccee  tthhee  sseeaarrcchh  rreessuulltt??



IIssssuueess  iinn  ttookkeenniizzaattiioonn::

• Finland’s capital → Finland? Finlands? Finland’s?
• Hewlett-Packard → Hewlett and Packard as two tokens?

• state-of-the-art, lowercase, lower-case, lower case ?
• San Francisco: one token or two?  

• How do you decide it is one token?

NNuummbbeerrss//DDaatteess
• Examples:

• Date: 3/20/91 or Mar. 12, 1991 or 20/3/91 or 55 B.C.

• Numbers: My PGP key is 324a3df234cb23e 

• Phone numbers: (800) 234-2333

• Older IR systems may not index numbers
• But often very useful: think about things like looking up error 

codes/stacktraces on the web or finding a web-address

Sec. 2.2.1

TOKENIZATION



GGeerrmmaann  nnoouunn  ccoommppoouunnddss  aarree  nnoott  sseeggmmeenntteedd

• LLeebbeennssvveerrssiicchheerruunnggssggeesseellllsscchhaaffttssaannggeesstteelllltteerr àà ‘life insurance company employee’
• German retrieval systems benefit greatly from a ccoommppoouunndd  sspplliitttteerr  module (Can give 

a 15% performance boost for German)

FFrreenncchh::  LL''eennsseemmbbllee → oonnee  ttookkeenn  oorr  ttwwoo??  

• L ? L’ ? Le ?
• Want l’ensemble to match with un ensemble (Until at least 2003, it didn’t on 

Google)

CChhiinneessee  aanndd  JJaappaanneessee  hhaavvee  nnoo  ssppaacceess  bbeettwweeeenn  wwoorrddss::

• 莎拉波娃现在居住在美国东南部的佛罗里达。
• Not always guaranteed a unique tokenization

AArraabbiicc  ((oorr  HHeebbrreeww))  iiss  bbaassiiccaallllyy  wwrriitttteenn  rriigghhtt  ttoo  lleefftt,,  bbuutt  wwiitthh  cceerrttaaiinn  
iitteemmss  lliikkee  nnuummbbeerrss  wwrriitttteenn  lleefftt  ttoo  rriigghhtt

Sec. 2.2.1

←  →    ← →                         ← start

TOKENIZATION: LANGUAGE ISSUES



Tokenizer

Token stream.

Linguistic modules

Modified tokens.

Indexer

Documents to
be indexed.

Friends, Romans, countrymen.

THE BASIC INDEXING PIPELINE

Friends Romans Countrymen



STOP WORDS
WWiitthh  aa  ssttoopp  lliisstt,,  yyoouu  eexxcclluuddee  ffrroomm  tthhee  ddiiccttiioonnaarryy  eennttiirreellyy  tthhee  mmoosstt  ccoommmmoonn  
wwoorrddss..  IInnttuuiittiioonn::

• They have little semantic content: the, a, and, to, be
• There are a lot of them: ~30% of postings for top 30 words

Sec. 2.2.2

Clicker:
a) For search and analytical tasks always remove them
b) Only for search tasks remove them
c) Only for analytical tasks remove them
d) Never remove
e) Scooby-doo – do not pick this answer J



STOP WORDS
WWiitthh  aa  ssttoopp  lliisstt,,  yyoouu  eexxcclluuddee  ffrroomm  tthhee  ddiiccttiioonnaarryy  eennttiirreellyy  tthhee  mmoosstt  ccoommmmoonn  
wwoorrddss..  IInnttuuiittiioonn::

• They have little semantic content: the, a, and, to, be
• There are a lot of them: ~30% of postings for top 30 words

BBuutt  tthhee  ttrreenndd  iiss  aawwaayy  ffrroomm  ddooiinngg  tthhiiss::

• Good compression techniques means the space for including stopwords
in a system is very small

• Good query optimization techniques mean you pay little at query time for 
including stop words.

• You need them for:
• Phrase queries: “King of Denmark”
• Various song titles, etc.: “Let it be”, “To be or not to be”
• “Relational” queries: “flights to London”

IInn  ccoonnttrraasstt ffoorr aannaallyyttiiccss::  yyoouu oofftteenn rreemmoovvee tthheemm..  WWhhyy??

Sec. 2.2.2



WHAT OTHER MODIFICATIONS 
CAN YOU THINK OF?
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NORMALIZATION TO TERMS

WWee  nneeeedd  ttoo  ““nnoorrmmaalliizzee”” wwoorrddss  iinn  iinnddeexxeedd  tteexxtt  aass  wweellll  aass  qquueerryy  wwoorrddss  iinnttoo  tthhee  
ssaammee  ffoorrmm

• We want to match UU..SS..AA.. and UUSSAA
RReessuulltt  iiss  tteerrmmss::  aa  tteerrmm iiss  aa  ((nnoorrmmaalliizzeedd))  wwoorrdd  ttyyppee,,  wwhhiicchh  iiss  aann  eennttrryy  iinn  oouurr  IIRR  
ssyysstteemm  ddiiccttiioonnaarryy

WWee  mmoosstt  ccoommmmoonnllyy  iimmpplliicciittllyy  ddeeffiinnee  eeqquuiivvaalleennccee  ccllaasssseess ooff  tteerrmmss  bbyy,,  ee..gg..,,  

• deleting periods to form a term
• UU..SS..AA..,, UUSSAA    → UUSSAA

• deleting hyphens to form a term
• aannttii--ddiissccrriimmiinnaattoorryy,,  aannttiiddiissccrriimmiinnaattoorryy → aannttiiddiissccrriimmiinnaattoorryy

Sec. 2.2.3



AAcccceennttss::  ee..gg..,,  FFrreenncchh rrééssuumméé vvss..  rreessuummee..

UUmmllaauuttss::  ee..gg..,,  GGeerrmmaann::  TTuueebbiinnggeenn vvss..  TTüübbiinnggeenn

• Should be equivalent
MMoosstt  iimmppoorrttaanntt  ccrriitteerriioonn::

• How are your users like to write their queries for these 
words?

EEvveenn  iinn  llaanngguuaaggeess  tthhaatt  ssttaannddaarrddllyy  hhaavvee  aacccceennttss,,  uusseerrss  
oofftteenn  mmaayy  nnoott  ttyyppee  tthheemm

•Often best to normalize to a de-accented term
• TTuueebbiinnggeenn,,  TTüübbiinnggeenn,,  TTuubbiinnggeenn  → TTuubbiinnggeenn

Sec. 2.2.3

NORMALIZATION: OTHER LANGUAGES



CASE FOLDING

RReedduuccee  aallll  lleetttteerrss  ttoo  lloowweerr  ccaassee

• exception: upper case in mid-sentence?
• e.g., GGeenneerraall  MMoottoorrss
• FFeedd vs. ffeedd
• BBrroowwnn vs. bbrroowwnn

•Often best to lower case everything, since users will 
use lowercase regardless of ‘correct’ capitalization…

GGooooggllee  eexxaammppllee::

•Query CC..AA..TT..    
• Even today #1 result is for “cat” not Caterpillar Inc. 

Sec. 2.2.3



NORMALIZATION TO TERMS

An alternative to equivalence classing is to do 
asymmetric expansion

An example of where this may be useful

•Enter: window Search: window, windows
•Enter: windows Search: Windows, windows, 
window
•Enter: Windows Search: Windows

Potentially more powerful, but less efficient

Sec. 2.2.3



THESAURI AND SOUNDEX
DDoo  wwee  hhaannddllee  ssyynnoonnyymmss??

• E.g., by hand-constructed equivalence classes
• ccaarr = aauuttoommoobbiillee ccoolloorr = ccoolloouurr

• We can rewrite to form equivalence-class terms
• When the document contains aauuttoommoobbiillee, index it under ccaarr--

aauuttoommoobbiillee (and vice-versa)
• Or we can expand a query

• When the query contains aauuttoommoobbiillee, look under ccaarr as well
WWhhaatt  aabboouutt  ssppeelllliinngg  mmiissttaakkeess??

• One approach is soundex, which forms equivalence classes of 
words based on phonetic heuristics



LEMMATIZATION

Reduce inflectional/variant forms to base form

E.g.

• am, are, is → be
• car, cars, car's, cars’ → car

the boy's cars are different colors → the boy car 
be different color

Lemmatization implies doing “proper” reduction 
to dictionary headword form

Sec. 2.2.4



STEMMING

RReedduuccee  tteerrmmss  ttoo  tthheeiirr  ““rroooottss”” bbeeffoorree  iinnddeexxiinngg

““SStteemmmmiinngg”” ssuuggggeesstt  ccrruuddee  aaffffiixx  cchhooppppiinngg

• language dependent
• e.g., aauuttoommaattee((ss)),,  aauuttoommaattiicc,,  aauuttoommaattiioonn all reduced to 

aauuttoommaatt.

for example compressed 
and compression are both 
accepted as equivalent to 
compress.

Sec. 2.2.4

for exampl compress and
compress ar both accept
as equival to compress



CCoommmmoonn  aallggoorriitthhmm  ffoorr  sstteemmmmiinngg  EEnngglliisshh

• Results suggest it’s at least as good as other stemming options

CCoonnvveennttiioonnss  ++  55  pphhaasseess  ooff  rreedduuccttiioonnss

• phases applied sequentially
• each phase consists of a set of commands
• sample convention: Of the rules in a compound command, select the one that applies to 

the longest suffix.

TTyyppiiccaall  rruulleess  iinn  ppoorrtteerr::

• sses → ss
• ies → i
• ational → ate
• tional → tion
• Weight of word sensitive rules

(m>1) EMENT →
• replacement → replac
• cement  → cement

OOtthheerr  sstteemmmmeerrss  eexxiisstt,,  ee..gg..,,  LLoovviinnss sstteemmmmeerr  

• http://www.comp.lancs.ac.uk/computing/research/stemming/general/lovins.htm
• Single-pass, longest suffix removal (about 250 rules)

Sec. 2.2.4

PORTER’S ALGORITHM



MAIN TAKE-AWAY

22

Be aware what your are indexing and 

how it is processed 

à Huge differences in 

recall/precision and performance



Tokenizer

Token stream. Friends Romans Countrymen

Linguistic modules

Modified tokens. friend roman countryman

Indexer

Documents to
be indexed.

Friends, Romans, countrymen.

THE BASIC INDEXING PIPELINE

How to index the tokens for 
efficient retrieval?



BIT-INDEX / TERM-DOCUMENT INCIDENCE

Anotony and 
Cleopatra

Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 1 1 0 0 0 1

Brutus 1 1 0 1 0 0

Caesar 1 1 0 1 1 1

Calpurnia 0 1 0 0 0 0

Cleopatra 1 0 0 0 0 0

Mercy 1 0 1 1 1 1

Worser 1 0 1 1 1 0
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Sec. 1.2

INVERTED INDEX

How do we get all documents 
which include ”Julius” and 
“Caesar”?



CLICKER: INTERSECTING TWO POSTINGS 
LISTS (A “MERGE” JOIN)

Fill in the missing operator
A) Scooby-doo
B) <
C) >
D) =

34

2 4 8 16 32 64

1 2 3 5 8 13 21

128

34

2 4 8 16 32 64

1 2 3 5 8 13 21

Brutus
Caesar2 8

?



CLICKER: INTERSECTING TWO POSTINGS 
LISTS (A “MERGE” JOIN)

Can you think of a way to 
speed-up the merge join?



QUERY PROCESSING WITH SKIP POINTERS

1282 4 8 41 48 64

311 2 3 8 11 17 21
3111

41 128

Sec. 2.3



WWhhaatt  iiss  tthhee  bbeesstt  oorrddeerr  ffoorr  qquueerryy  pprroocceessssiinngg??

CCoonnssiiddeerr  aa  qquueerryy  tthhaatt  iiss  aann  AANNDD ooff  nn tteerrmmss..

FFoorr  eeaacchh  ooff  tthhee  nn tteerrmmss,,  ggeett  iittss  ppoossttiinnggss,,  tthheenn  AANNDD
tthheemm  ttooggeetthheerr..

BBrruuttuuss

CCaaeessaarr

CCaallppuurrnniiaa

1 2 3 5 8 16

2 4 8 16 32 64 128

13 16

Query: BBrruuttuuss AND CCaallppuurrnniiaa AND CCaaeessaarr

Sec. 1.3

CLICKER

Clicker: What join order should you use?
A) Brutus join Caesar then join Culpurnia
B) Scooby-doo
C) Caesar join Calpurnia then join Brutus
D) Calpurnia join Brutus then join Caesar



PPrroocceessss  iinn  oorrddeerr  ooff  iinnccrreeaassiinngg  ffrreeqq::

• start with smallest set, then keep cutting further.

This is why we kept
document freq. in dictionary

Execute the query as (Calpurnia AND Brutus) AND 
Caesar.

Sec. 1.3

Brutus

Caesar

Calpurnia

1 2 3 5 8 16

2 4 8 16 32 64 128

13 16

QUERY OPTIMIZATION EXAMPLE



SQL

select A1, ..., An

from R1, ..., Rk

where P;

P A1, ..., An

sP

x

x Rk

x R3

R2R1

Relational Algebra

SAME AS IN RELATIONAL MODEL



Tokenizer

Token stream. Friends Romans Countrymen

Linguistic modules

Modified tokens. friend roman countryman

Indexer

Inverted index.

Documents to
be indexed.

Friends, Romans, countrymen.

friend

roman

countryman

1 2

13 16

2 4

THE BASIC INDEXING PIPELINE



PHRASE QUERIES
WWaanntt  ttoo  bbee  aabbllee  ttoo  aannsswweerr  qquueerriieess  ssuucchh  aass  ““ccoommppuutteerr  sscciieennccee”” –– aass  aa  
pphhrraassee

TThhuuss  tthhee  sseenntteennccee  ““II    wwoorrkkeedd  oonn  mmyy  sscciieennccee  pprroojjeecctt  oonn  tthhee  
ccoommppuutteerr”” iiss  nnoott  aa  mmaattcchh..  

• The concept of phrase queries has proven easily understood by 
users; one of the few “advanced search” ideas that works

• Many more queries are implicit phrase queries
FFoorr  tthhiiss,,  iitt  nnoo  lloonnggeerr  ssuuffffiicceess  ttoo  ssttoorree  oonnllyy

<<tteerrmm  ::  ddooccss>>  eennttrriieess

Sec. 2.4

Ideas???



A FIRST ATTEMPT: BIWORD INDEXES

Index every ccoonnsseeccuuttiivvee  ppaaiirr  ooff  tteerrmmss  in the text as a phrase

Longer phrases are processed as we do with wild-cards:

Massachusetts Institute of Technology can be broken into the Boolean 
query on biwords:

“Massachusetts Institute” AND “Institute of“ AND “of Technology“

CClliicckkeerr::

AA)) TThhiiss  ssttrraatteeggyy  aallwwaayyss  wwoorrkkss

BB)) LLeeaaddss  ttoo  lleessss  rreeccaallll  

CC)) LLeeaaddss  ttoo  lleessss  pprreecciissiioonn

DD)) SSccoooobbyy--ddoooo  

Sec. 2.4.1



SOLUTION 2: POSITIONAL INDEXES
IInn  tthhee  ppoossttiinnggss,,  ssttoorree,,  ffoorr  eeaacchh  tteerrmm  tthhee  ppoossiittiioonn((ss))  iinn  wwhhiicchh  ttookkeennss  ooff  iitt  aappppeeaarr::

<tteerrmm, number of docs containing tteerrmm;
doc1: position1, position2 … ;
doc2: position1, position2 … ;
etc.>

AAnn  EExxaammppllee::
<<bbee::  999933442277;;
11::  77,,  1188,,  3333,,  7722,,  8866,,  223311;;
22::  33,,  114499;;
44::  1177,,  119911,,  229911,,  443300,,  443344;;
55::  336633,,  336677,,  ……;;

• Extended version of merge join can be used

• Allows for proximity or wildcard queries

• Rules of thumb

• A positional index is 2–4 as large as a non-positional index
• Positional index size 35–50% of volume of original text
• Caveat: all of this holds for English-like” languages

Sec. 2.4.2



Tokenizer

Token stream. Friends Romans Countrymen

Linguistic modules

Modified tokens. friend roman countryman

Indexer

Inverted index.

Documents to
be indexed.

Friends, Romans, countrymen.

friend

roman

countryman

1 2

13 16

2 4

THE BASIC INDEXING PIPELINE



CASE STUDY FOR THIS CLASS
You work at Nickelback Inc. 

Nickelback Inc recently downloaded every song text ever written (TB of 
data) to draw inspiration as they lately have trouble to produce a number 
1 hit.

Now they want to create a system which enables them to search through 
this large collection of text and help them to write some songs.

Your task:

Task1: Design a system that efficiently finds all song texts contain certain 
keywords (e.g., “mountain” and “grass”)

TTaasskk22::  CCrreeaattee  aa  ssiimmppllee  rraannkkiinngg  ffoorr  tthhee  qquueerryy  rreessuullttss  aanndd  eennaabbllee  tthhaatt  
NNiicckkeellbbaacckk  ccaann  cclluusstteerr  tthhee  ssoonnggss

Task3: Extend the system to allow search with sentiments (e.g., all happy 
songs, sad songs,…)

Task4: Extend the system further to find songs with the right meaning of 
“grass”  (the green stuff in the football stadium) 

Task5: Develop an assistant that helps Nickelback to write songs by 
predicting the next sentence 37



TERM-DOCUMENT COUNT INDICES

IIddeeaa::  ccrreeaattee  aa  vveeccttoorr  rreepprreesseennttaattiioonn  ooff  tthhee  ddooccuummeenntt  aanndd  ccoommppaarree  tthhee  
vveeccttoorrss  ((ee..gg..,,  ccoossiinnee  ssiimmiillaarriittyy))  

CCoonnssiiddeerr  tthhee  nnuummbbeerr  ooff  ooccccuurrrreenncceess  ooff  aa  tteerrmm  iinn  aa  ddooccuummeenntt::  

• Each document is a count vector in ℕv: a column below 

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 157 73 0 0 0 0
Brutus 4 157 0 1 0 0
Caesar 232 227 0 2 1 1

Calpurnia 0 10 0 0 0 0
Cleopatra 57 0 0 0 0 0

mercy 2 0 3 5 5 1

worser 2 0 1 1 1 0

Bag of words model

• Vector representation doesn’t consider the ordering of words in a document
• John is quicker than Mary and Mary is quicker than John have the same vectors

• In a sense, this is a step back: The positional index was able to distinguish these two 
documents.



TERM FREQUENCY TF
TThhee  tteerrmm  ffrreeqquueennccyy  ttfftt,,dd ooff  tteerrmm  tt iinn  ddooccuummeenntt  dd iiss  ddeeffiinneedd  aass  tthhee  
nnuummbbeerr  ooff  ttiimmeess  tthhaatt  tt  ooccccuurrss  iinn  dd..

WWee  wwaanntt  ttoo  uussee  ttff wwhheenn  ccoommppuuttiinngg  qquueerryy--ddooccuummeenntt  mmaattcchh  ssccoorreess..  BBuutt  
hhooww??

RRaaww  tteerrmm  ffrreeqquueennccyy  iiss  nnoott  wwhhaatt  wwee  wwaanntt::

• A document with 10 occurrences of the term is more relevant than 
a document with 1 occurrence of the term.
• But not 10 times more relevant.

RReelleevvaannccee  ddooeess  nnoott  iinnccrreeaassee  pprrooppoorrttiioonnaallllyy  wwiitthh  tteerrmm  ffrreeqquueennccyy..

î
í
ì >+

=
otherwise 0,

0   tfif, tflog  1
  10 t,dt,d

t,dw

å ÇÎ
+=

dqt dt ) tflog  (1 ,TF score

Clicker: Are we done?
A) Looks all good to me
B) Scooby-doo
C) Rare words are a problem
D) Large documents are a 

problem



RECALL: IDF WEIGHT

FFrreeqquueenntt  tteerrmmss  aarree  lleessss  iinnffoorrmmaattiivvee  tthhaann  rraarree  tteerrmmss

ddfftt iiss  tthhee  ddooccuummeenntt  ffrreeqquueennccyy  ooff  tt::  tthhee  nnuummbbeerr  ooff  
ddooccuummeennttss  tthhaatt  ccoonnttaaiinn  tt

• dft is an inverse measure of the informativeness of t
• dft £ N

WWee  ddeeffiinnee  tthhee  iiddff ((iinnvveerrssee  ddooccuummeenntt  ffrreeqquueennccyy))  ooff  tt bbyy

•We use log (N/dft) instead of N/dft to “dampen” the 
effect of idf.

)/df( log  idf 10 tt N=



TF-IDF WEIGHTING
TThhee  ttff--iiddff wweeiigghhtt  ooff  aa  tteerrmm  iiss  tthhee  pprroodduucctt  ooff  iittss  ttff wweeiigghhtt  aanndd  iittss  iiddff
wweeiigghhtt..

BBeesstt  kknnoowwnn  wweeiigghhttiinngg  sscchheemmee  iinn  iinnffoorrmmaattiioonn  rreettrriieevvaall

• Note: the “-” in tf-idf is a hyphen, not a minus sign!
• Alternative names: tf.idf, tf x idf

IInnccrreeaasseess  wwiitthh  tthhee  nnuummbbeerr  ooff  ooccccuurrrreenncceess  wwiitthhiinn  aa  ddooccuummeenntt

IInnccrreeaasseess  wwiitthh  tthhee  rraarriittyy  ooff  tthhee  tteerrmm  iinn  tthhee  ccoolllleeccttiioonn

w
t ,d
= (1+ log tft,d )× log10 (N / dft )



BINARY → COUNT → WEIGHT MATRIX

Antony and Cleopatra Julius Caesar The Tempest Hamlet Othello Macbeth

Antony 5.25 3.18 0 0 0 0.35
Brutus 1.21 6.1 0 1 0 0
Caesar 8.59 2.54 0 1.51 0.25 0

Calpurnia 0 1.54 0 0 0 0
Cleopatra 2.85 0 0 0 0 0

mercy 1.51 0 1.9 0.12 5.25 0.88

worser 1.37 0 0.11 4.15 0.25 1.95

Each document is now represented by a real-valued 
vector of tf-idf weights ∈ R|V|

Sec. 6.3

the ? ?                 ?              ?            ?           ?

Clicker: What value do you suspect for the last row?
a) All 0
b) Elmo and Bert
c) All 1
d) All values > 1

w
t ,d
= (1+ log tft,d )× log10 (N / dft )



COSINE SIMILARITY

Why not use Euclidean distance?



CASE STUDY FOR THIS CLASS
You work at Nickelback Inc. 

Nickelback Inc recently downloaded every song text ever written (TB of 
data) to draw inspiration as they lately have trouble to produce a number 
1 hit.

Now they want to create a system which enables them to search through 
this large collection of text and help them to write some songs.

Your task:

Task1: Design a system that efficiently finds all song texts contain certain 
keywords (e.g., “mountain” and “grass”)

Task2: Rank the query results based on relevance and be able to find and 
cluster/similar song texts

TTaasskk33::  EExxtteenndd  tthhee  ssyysstteemm  ttoo  aallllooww  sseeaarrcchh  wwiitthh  sseennttiimmeennttss  ((ee..gg..,,  aallll  hhaappppyy  
ssoonnggss,,  ssaadd  ssoonnggss,,……))

Task4: Extend the system further to find songs with the right meaning of 
“grass”  

Task5: Develop an assistant that helps Nickelback to write songs by 
predicting the next sentence 44



LEVERAGE WORDNET

UUnnssuuppeerrvviisseedd: Wordnet affect or similar

SSuuppeerrvviisseedd: train classifier – but how should we encode the words?

45



WHAT DOES WORD2VEC DO?

46

https://github.com/eclipse/deeplearning4j-examples/blob/master/dl4j-
examples/src/main/java/org/deeplearning4j/examples/recurrent/word2vecsentiment/Word2VecSentimentRNN.ja
va

SUPERVISED



47

1. Take a 3 layer neural network. (1 input 
layer + 1 hidden layer + 1 output layer)

2. Feed it a word and train it to predict its 
neighboring word.

3. Remove the last (output layer) and keep 
the input and hidden layer.

4. Now, input a word from within the 
vocabulary. The output given at the hidden 
layer is the ‘word embedding’ of the input 
word.

Other optimization: negative sampling, etc.



IDEA BEHIND WORD2VEC

48

(continuous bag of words)



49



50

Rome -Italy + China would return Beijing (same distance in vector space)



CASE STUDY FOR THIS CLASS
You work at Nickelback Inc. 

Nickelback Inc recently downloaded every song text ever written (TB of 
data) to draw inspiration as they lately have trouble to produce a number 
1 hit.

Now they want to create a system which enables them to search through 
this large collection of text and help them to write some songs.

Your task:

Task1: Design a system that efficiently finds all song texts contain certain 
keywords (e.g., “mountain” and “grass”)

Task2: Create a simple ranking for the query results and enable that 
Nickelback can cluster the songs

Task3: Extend the system to allow search with sentiments (e.g., all happy 
songs, sad songs,…)

TTaasskk44::  EExxtteenndd  tthhee  ssyysstteemm  ffuurrtthheerr  ttoo  ffiinndd  ssoonnggss  wwiitthh  tthhee  rriigghhtt  mmeeaanniinngg  ooff  
““ggrraassss””    ((tthhee  ggrreeeenn  ssttuuffff  iinn  tthhee  ffoooottbbaallll  ssttaaddiiuumm))  

TTaasskk55::  DDeevveelloopp  aann  aassssiissttaanntt  tthhaatt  hheellppss  NNiicckkeellbbaacckk  ttoo  wwrriittee  ssoonnggss  bbyy  
pprreeddiiccttiinngg  tthhee  nneexxtt  sseenntteennccee 51



WHAT IS THE PROBLEM WITH WORD 
EMBEDDINGS?

52

The mountain has a lot of ggrraassss You should never smoke ggrraassss

same word embedding [0.99, 0.8, …]

Solution: Train contextual representations on text corpus



LITTLE HISTORY

53

Semi-Supervised Sequence Learning, Google, 2015

ELMo: Deep Contextual Word Embeddings, AI2 & 
University of Washington, 2017



IImmpprroovviinngg  LLaanngguuaaggee  UUnnddeerrssttaannddiinngg  bbyy  GGeenneerraattiivvee  PPrree--TTrraaiinniinngg,,  
OOppeennAAII,,  22001188  –– BBaasseedd  oonn  ttrraannssffoorrmmeerrss//aatttteennttiioonn  ffrroomm  ””AAtttteennttiioonn  iiss  AAllll  
YYoouu  NNeeeedd””  VVaasswwaannii  eett  aall

54



BERT

55



BERT VS OPENAI GPT VS ELMO

56



TASKS

57http://www.msmarco.org/leaders.aspx



BERT FOR FEATURE EXTRACTION

58



MICROSOFT MARCO DATASETS

59



GOOGLE IS NOW USING BERT

60


