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Information Retrieval

Information retrieval (IR) is finding material (usually documents) of

an unstructured nature (usually text) that satisfies an information need
from within large collections (usually stored on computers).

¢ Manning, Raghavan, and Schiitze 2008



Library Science

& Advice on Establishing a Library, Gabriel Naude 1627

® Thomas Jefferson
& Topics, not Alphabetical

¢ Monticello & Library of Congress!
& Columbia University Scholar, Melvil Dewey 1887

1 Emblidge 2014
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Modern Search Engines

= Microsoft Bing

Google

Q, Search Google or type a URL

Yandex |



Modern Search Engines

¢ Much more than just text matching
¢ Page Rank (Page et al., 1999)
& Click Logs



Other IR Systems

Dell Free Fall Data Protection
dléxd &

V =
pe h'ype here to search O

f (. Search Facebook



Information Need

& Political leaders of Russia



Topics

& Political leaders of Russia
® Russian Presidents
® Soviet Premiers

& (Czars



& Political leaders of Russia
® Russian Presidents

& Soviet Premiers
& Who was the last soviet premier?

& First soviet leader

& Czars

Queries
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Collections

& Large number of documents
& Frequently text (ignoring image, speech, video, etc. today)

¢ Annotated by humans for “relevance”
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Boolean Retrieval

Antony  Julius The Hamlet Othello Macbeth
and Caesar Tempest
Cleopatra
Antony
Brutus

(aesar
Calpumia

Cleopatra
mercy
WOTSEer

#» Figure 1.1 A term-document incidence matrix. Matrix element (t,d) is 1 if the
play in column d contains the word in row ¢, and is 0 otherwise.

¢ Manning, Raghavan, and Schiitze 2008
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® Collect Documents
& Tokenize the Text
& Linguistic Preprocessing

¢ Index Documents

Index Construction

Manning, Raghavan, and Schiitze 2008
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Tokenization

In ut: Friends, Romans, Lnuntnm-‘n lend me your ears;

L'I'ut'put I‘Ill-‘t'ld'- hnmanm Luuntr‘-. men HEME

aren't

Manning, Raghavan, and Schiitze 2008
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Stemming

Example
CATEsSes

[_'I{‘.It'lil.'-_".‘-i

Calress

cats

Manning, Raghavan, and Schiitze 2008
Porter 1980
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® Collect Documents
& Tokenize the Text
& Linguistic Preprocessing

¢ Index Documents

Index Construction

Manning, Raghavan, and Schiitze 2008
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Tokenization

il SE A0 A B 4F 15 2 [E 5w & 00 T ik e
9, i EFERE - Lkl MSELT 1 8
H., SHWM L, sk &5 5 1 iH3E B

A1)

® Figure 24 Ambiguities in Chinese word segmentation. The two characters can
be treated as one word meaning ‘monk’ or as a sequence of two words meaning ‘and”
and “still".
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Manning, Raghavan, and Schiitze 2008



Morphology



Cross-Language Information Retrieval
Term-Document Index

Declaration of US Constitution | Bill of Rights Gettysburg
Independence Address
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Cross-Language Information Retrieval

Term-Document Index

Declaration of US Constitution | Bill of Rights Gettysburg
Independence Address

. Stop word?

quatre

vingt

et

= Month?

ans
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Crossing the Language Barrier
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Crossing the Language Barrier




Crossing the Language Barrier




Crossing the Language Barrie




Crossing the Language Barrie



Crossing the Language Barrie

Slower (All of your Corpus)
Works better®



Multilingual Information Retrieval

Key Question: How do you
consistently rank across languages?

The current emir of

qatar took power Sl kil s EREWIBEIERLHE
when his father and sl 5 IS Ladie dalull MBI R EFE A ST =5

older brother where Lisosl Ol oSY) 48id &M AsF =2 8
visiting europe




Multilingual Information Retrieval

Are these just translations?

—

Gl B ol 5 IR IR
ol S Loxie ALl ) Q3B AN T T

Lisos) Olosm JSY) 4sid g &M AsF =2 8




Multilingual Information Retrieval

Next week’s lecture...

—

Gl B ol 5 IR IR
ol S Loxie ALl ) Q3B AN T T

Lisos) Olosm JSY) 4sid g &M AsF =2 8




Sparse Retrieval

Antony  Julius The Hamlet Othello Macbeth
and Caesar Tempest
Cleopatra
Antony
Brutus

(aesar
Calpumia

Cleopatra
mercy
WOTSEer

#» Figure 1.1 A term-document incidence matrix. Matrix element (t,d) is 1 if the
play in column d contains the word in row ¢, and is 0 otherwise.
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Language Agnostic (Given Tokenization,...)
Tldr Bdtédte Terms by How
Often they appear 1n a

# times q; appears in D

s  Document vs. Entire Corpus

\ £(qi, D) (Jey + 1)

Score(D, Q) = IDF(qi)
Zl ‘. ( f(qi,D)+k1(1—b+bav'§|',)|)>

i

Document

& Okapi Best Match 25
¢ Robertson et al., 1995

Score forhow oftenq; N\ fanyally Tuned Hyperparameters
appears in the corpus )



Dense Retrieval

Continuous Vector Space :



Vector Space

TF.IDF 1s also a vector space model!



Vector Space

¢ Boolean Document Model

& TF Document Model Docl: It is a sunny day in Karlsruhe.

Doc2: It rains and rains and rains the whole day.
¢ TF.IDF Document Model

Boolean
Term Docl Doc2
sunny | llog2/1 =0.7

day | 1log2/2 = 0.0
Karlsruhe | llog2/1 =0.7
' 0.0

Sorg 2011



Independence Assumption

& Sparse Retrieval frequently assumes that terms occur independently in document
¢ Simplifying, but worked well

& Pre-Compute

¢ Dense Retrieval: Contextual LLanguage Models




Reranking

L]

= Initial Sparse Retrieval

Declaration of Independence

Hamlet

Othello

Constitution o
: 0

Romeo & Juliet QQQO

Macbeth

.

Dense Retrieval

1

Hamlet

Othello

Romeo & Juliet

Macbeth

Declaration of Independesice
Constitution



Encode Using a Pretrained Language Model

0.07

3.24

0.30

0.77

0.82

0.24

1.40

Suicide | | | Two households, both alike in dignity. In fair Verona ....
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Twin Towers

0.00 -0.35 7.11 2.50 0.89 2.24 0.05 1.08

0.642

0.01 0.24 1.30 2.50 0.13 -0.32 0.24 1.40

Can still
be slow
depending
on similarity [ § .

function wicid




ColBERT

¢ Khattab and Zaharia 2020

& Twin Tower Dense Retrieval

& MaxSim Operator (Independent Gradients for Encoders)

L L

E
@
£
~
g
a

Query Document Query Query Document

|a) Representation-based Similarity (b} Query-Document Interaction (¢} All-to-all Interaction
feeq., DE5N, SNRA) (ecq., DRNIA, KRS, Conw-XNRM) .., BERT)

Query

Document

{d] Late Interaction

{i.e., the proposed ColBERT]
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ColBERT score

s(g,d) = ZiEq maxjeq Fy, Egj,

_ T
—» maX;cq E,, E;t.,-

L2 normalize

y T
—> maxjeq By, By

I
¥
3

https://medium.com/@varun030403/colbert-a-complete-guide-1552468335ae




NeuCLIR

Devlin et al., 2018
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mBERT (Multilingu

NeuCLIR

1 BERT)

N

Devlin et al., 2018



ColBERT-X (Nair et al, 2022)

0.00

-0.35

7.11

2.50

0.89

2.24

0.05

108

0.01

0.24

1.30

2.50

0.13

-0.32

0.24

1.40

0.642
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Query Expansion

& Additional Terms

& Frequently given less weight



Stemming analysis

Ling
approaches

Query Expansion

Term clustering

Semantic analysis

Corpus-based

& Background Knowledge approaches —
.oncept-
based term

«. Relevance Feedback

User query log

¢ Sarg and Cimiano (Chapter 11)

ocuments
ships

Anchor texts
Query

expansion Web-based \Vikip edia
approaches approaches

Explicit feedback

Relevance feedback

Implicit feedback

Local analysis
Top documents
Pseudo-relevance
feedback
Document
summaries

Azad and Deepak 2019



Query Expansion

Azad and Deepak 2019

Type of Data Term Extraction

Documents Used
in Retrieval
Process

Hand Built
Knowledge
Resources

External Text
Collections and
Resources

ources

Clustering of terms and
documents from sets of
similar objects

Clustered terms

Terms collection from
specific domain
knowledge

Corpus or
Collection based
data sources

WordNet &

Word sense and synset
Thesaurus

Common sense
knowledge and Freebase

ConceptNet &
Knowledge bases

Wikipedia or Articles, titles & hyper

DBpedia links

Adjacent terms in anchor
text or text extraction
from anchor tags

Anchor texts

Historical records of user
queries registered in the
query logs of search
engine

Query log
User logs

Nearby terms in word

External corpus Lo . -
embedding framework

Top-ranked
documents &
multiple sources

All terms in top
retrieved documents




Summary

& Many IR methods rely on language specific parts of a pipeline
& Numerous linguistic challenges exist for CLIR

& Neural Networks have opened up new possibilities

& Active area of research

¢ Not enough collections

48
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