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Information Retrieval

* Given a query and a corpus, find relevant documents
query: user’s textual description of their information need
corpus: a repository of textual documents

relevance: satisfaction of the user’s information need
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Information Retrieval

* In some disciplines, you can prove that solution A is
better than B without experimentation.

 Is information retrieval one of these disciplines?

 If not, why not?
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Uncertainty in Information Retrieval
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Uncertainty in Information Retrieval

e The user may not know what they want

* Even if they do, they may not know how to describe it

e And, even if they know how to describe it, it will
probably still be ambiguous

»  to the system

» to a human trying to determine whether system A is
better than B
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Uncertainty in Information Retrieval

» soft surroundings

» trains interlocking dog sheets
» belly dancing music

» christian dior large bag

» best western airport sea tac

» www.bajawedding.com

» marie selby botanical gardens
» big chill down coats

» www.magichat.co.uk

4

4

4

4

broadstone raquet club
seadoo utopia

seasons white plains condo
priority club.com

aircat tools

epicurus evil

Instructions

hinds county city of jackson

last searches on aol a to z

(AOL query-log)
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Uncertainty in Information Retrieval

* Query: curbing population growth

Dengue in Philippines taken seriously at
one hotel in Clark Philippines

Jul 18, 2010 23:58 EDT

Philippines government department of Health has issued warning of Dengue
epidemic in July 2010 which is expected to last until the end of the year.

While most hotels and resoris are slow to take steps to address this health and
safety issues, one hotel in Clark Philippines is already well on its way to

implementing proactive measures to prevent the spread of Dengue by curbing
population growth of mosquito.
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Uncertainty in Information Retrieval

 Document relevance is subjective

» many factors affect whether a document is relevant to
a query

» relevance is difficult to define in ways that generalizes
across users, tasks, and environments
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Uncertainty in Information Retrieval

e Query: cures for anatidaephobia

Anatidaephobia - The Fear That You are as s
Being Watched by a Duck

December Ub, 2008 by Tammy Duffey »
] Sngle page Fonl Size @[] ) Read commants (44) 9 Share

|'|3T

Popular searches: YouTube Rihanna Tiger Woods Search more

What |s Anatidaephobia?

Anatidaephobia is defined as a pervasive, irational fear that one is being watched by a duck. The anatidaephobic
individual fears that no matter where they are or what they are doing, a duck watches.

Anatidaephobia s denved from the Greek word "anatidae”, meaning ducks, geese or swans and "phobos”
meaning fear.

Aflac can help attract and retain

employees, at no direct cost to your [IRiitalalesi il

company.

As with all phobias. the person coping with Anatidaephobia
has experienced a real-life trauma. For the anatlidasphobic
individual, this trauma most likely occurred during
childhood.

Ferhaps the individual was intensely fnghtened by some
We've got you under our wing.” species of water fowl. Geese and swans are relatively well

—————— known for their aggressive tendencies and perhaps the
Lo ) anatidaephobic person was actually bitten or flapped at. Of

coursa, tha Far Side comics did little to minimize the fear of
being watched by a duck.
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Uncertainty in Information Retrieval

 Even if we know which documents are relevant, the
oreferred ranking may be difficult to determine without
understanding the user population and their objectives

10
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Uncertainty in Information Retrieval

e Which ranking is better?

>
oo
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Information Retrieval

* In some disciplines, you can prove that solution A is
better than B without experimentation.

 Is information retrieval one of these disciplines?

* No, itis not. There is too much uncertainty

* For now, the only way to show that A is better than B, is
through extensive experimentation

12
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Information Retrieval Evaluation

e Evaluation is a fundamental issue of information retrieval
» an area of IR research in its own right
e Evaluation methods:
» batch (or test-collection) evaluation
» user-study evaluation
» online evaluation

e Each method has advantages and disadvantages

13
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Batch Evaluation
overview

e Collect a set of queries (to test average performance)

e Construct a more complete description of the information
being sought for each query

|4
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Batch Evaluation
overview: query + description (example)

e QUERY: pet therapy

e DESCRIPTION: Relevant documents must include
details of what pet- and animal-assisted therapy is or
how it is used. Relevant details include information
about pet therapy programs, descriptions of the
circumstances in which pet therapy is used, the benefits
of this type of therapy, the degree of success of this
therapy, and any laws or regulations governing it.

|5
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Batch Evaluation
overview

e Using these descriptions, have human judges determine
which documents are relevant for each query

e Evaluate systems based on their ability to retrieve the
relevant documents for these queries

» evaluation metric: a measurement that quantifies the
quality of a particular ranking of results with known
relevant/non-relevant documents

|6
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Batch Evaluation

overview: metrics

e Which ranking is better?

e rank of the first relevant document (lower value is better)

\4

v

|7
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Batch Evaluation

\4

overview: metrics
e Which ranking is better?

v

e precision at rank 10 (higher value is better)
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Batch Evaluation

e precision at rank 1 (higher value is better

\4

overview: metrics
e Which ranking is better?

N
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Batch Evaluation

overview: metrics

e Which ranking is better?

\4

e recall at rank 10 (higher value is better)

20
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Batch Evaluation

overview: metrics

e Which ranking is better?

\4

e recall at rank 30 (higher value is better)

21
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Batch Evaluation
overview: trade-offs

e Advantages:
» inexpensive (once the test collection is constructed)

» the experimental condition is fixed; same queries,
and same relevance judgements

» evaluations are reproducible; keeps us “honest”

» by experimenting on the same set of queries and
judgements, we can better understand how system

A is better than B

22
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Batch Evaluation
overview: trade-offs

e Disadvantages:

» high initial cost. human assessors (the ones who
judge documents relevant/non-relevant) are
expensive

» human assessors are not the users; judgements are
made “out of context”

» assumes that relevance is the same, independent of
the user and the user’s context

23

Wednesday, October 23, 13



Batch Evaluation
overview: trade-offs

e Many factors affect whether a document satisfies a
particular user’s information need

 Topicality, novelty, freshness, authority, formatting,
reading level, assumed level of expertise, presence of a
duck lurking in the shadows (of an insurance ad.), etc

e Topical relevance: the document is on the same topic as
the query

» User relevance: everything else

e Which kind of relevance does batch-evaluation address?

24
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User-Study Evaluation

overview

e Provide a small set of users with several retrieval systems

* Ask them to complete several (potentially different) search
tasks

e Learn about system performance by:
» observing what they do

» asking why they do what they do

25

Wednesday, October 23, 13



User-Study Evaluation

overview: trade-offs

e Advantages:

» very detailed data about users’ reaction to systems

4

in reality, a search is done to accomplish a higher-
level task

in user studies, this task can be manipulated and
studied

» example: how does topic familiarity affect
search behavior?

in other words, the experimental ‘starting-point’

need not be the query
26
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User-Study Evaluation
overview: trade-offs

e Disadvantages:

4

user studies are expensive (pay users/subjects,
scientist’s time, data coding)

difficult to generalize from small studies to broad
populations

the laboratory setting is not the user’s normal
environment

need to re-run experiment every time a new system
Is considered

27
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On-line Evaluation
overview

* (iven a search service with an existing user population
(e.g., Google, Yahoo!, Bing) ...

* Have x% of users use system A and y% use system B

* Compare system effects on logged user interactions
(implicit feedback)

» clicks: surrogates for perceived relevance (good)

» skips: surrogates for perceived non-relevance (bad)

28
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Implicit Feedback

implicit feedback in information retrieval “

Advanced search

roF] Implicit Feedback for Interactive Information Retrieval
research.microsoft.com/en-us/um/people/rvenw/papers/thesis.pdf o ’
File Format: PDF/Adobe Acrobat CI IC I(.
by RW White - 2004 - Cited by 30 - Related articles

Implicit Feedback for Interactive. Information Retrieval. Ryen William White.

Department of Computing Science. Faculty of Computing Science, Mathematics and ...

[POF] Context-Sensitive Information Retrieval Using Implicit Feedback
citeseerdist psu.edufviewdoc/download 7dei=10.1.1.61.987...

File Format: PDF/Adobe Acrobat - Quick View Can We Sa.y th at th e

by X Shen - 2005 - Cited by 217 - Related articles
ploit implicit feedback information, including previous queries and clickthrough

information, to improve retrieval accuracy in an in- teractive information retrieval ... ﬁ rSt res u It I S m 0 re

Context-Sensitive Information Retrieval Using Implicit Feedback
citeseer.ist.psu.edufviewdoc/summary?doi=10.1.1.61.987 relevant than the

by X Shen - 2005 - Cited by 217 - Related articles
CiteSeerX - Document Details (Isaac Councill, Lee Giles): A major limitation ... SeCO n d ?
[ ]

=+ Show more resulis from psu.edu

Relevance feedback - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Relevance feedback

Relevance feedback is a feature of some information retrieval systems. The idea ... 1
Explicit feedback; 2 Implicit feedback; 3 Blind feedback; 4 Using relevance ...

A Search Engine that Learn from Implicit Feedback
striverjoachims.org/

OSMOT - Learning Retrieval Functions from Implicit Feedback. ... Such observable
behavior gives weak and noisy feedback information about which links the ...

29
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Implicit Feedback

implicit feedback in information retrieval “

Advanced search

Implicit Feedback - Under the Reading Lamp

beao.wikidot.com/implicit-feedback o ’
Xuehua Shen, Bin Tan, and ChengXiang Zhai, "Context-sensitive information retrieval S I(I P °
using implicit feedback,” in Proceedings of the 28th annual ...

roF] Implicit Feedback for Interactive Information Retrieval
research.microsoft.com/en-us/um/people/rvenw/papers/thesis.pdf

File Format: PDF/Adobe Acrobat o

by RW White - 2004 - Cited by 30 - Related articles CI |C I(!
Implicit Feedback for Interactive. Information Retrieval. Ryen William White.

Department of Computing Science. Faculty of Computing Science, Mathematics and ...

[POF] Context-Sensitive Information Retrieval Using Implicit Feedback
citeseerdist psu.edufviewdoc/download 7dei=10.1.1.61.987...

File Format: PDF/Adobe Acrobat - Quick View h h
by X Shen - 2005 - Cited by 217 - Related articles Can We Say t at t e
ploit implicit feedback information, including previous queries and clickthrough

information, to improve retrieval accuracy in an in- teractive information retrieval ... S eco n d res u It iS

Context-Sensitive Information Retrieval Using Implicit Feedback

citeseer.ist.psu.edulviewdoc/summary?doi=10.1.1.61.987 more relevant than

by X Shen - 2005 - Cited by 217 - Related articles
CiteSeerX - Document Details (Isaac Councill, Lee Giles): A major limitation ...

+| Show more results from psu.edu th e ﬁ rSt?

Relevance feedback - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Relevance feedback

Relevance feedback is a feature of some information retrieval systems. The idea ... 1 30
Explicit feedback; 2 Implicit feedback; 3 Blind feedback; 4 Using relevance ...
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Implicit Feedback

implicit feedback in information retrieval

Images for lemurs - Report images

roF] Implicit Feedback for Interactive Information Retrieval
research.microsoft.com/en-us/um/people/ryenw/papersithesis. pdf

File Format: PDF/Adobe Acrobat

by RW White - 2004 - Cited by 30 - Related articles

Implicit Feedback for Interactive. Information Retrieval. Ryen William White.
Department of Computing Science. Faculty of Computing Science, Mathematics and ...

[PoF] Context-Sensitive Information Retrieval Using Implicit Feedback
citeseerdist psu.edufviewdoc/download 7dei=10.1.1.61.987...

File Format: PDF/Adobe Acrobat - Quick View

by X Shen - 2005 - Cited by 217 - Related articles

ploit implicit feedback information, including previous queries and clickthrough
information, to improve retrieval accuracy in an in- teractive information retrieval ...

Context-Sensitive Information Retrieval Using Implicit Feedback
citeseer.ist.psu.edulviewdoc/summary?doi=10.1.1.61.987

by X Shen - 2005 - Cited by 217 - Related articles
CiteSeerX - Document Details (Isaac Councill, Lee Giles): A major limitation ...

=+ Show more resulis from psu.edu

Relevance feedback - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Relevance feedback

Relevance feedback is a feature of some information retrieval systems. The idea ... 1
Explicit feedback; 2 Implicit feedback; 3 Blind feedback; 4 Using relevance ...

Advanced search

click!

a click is a noisy
surrogate for
relevance!
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Implicit Feedback

capital of honduras

Images for lemurs - Report images

roF] Implicit Feedback for Interactive Information Retrieval
research.microsoft.com/en-us/um/people/ryenw/papersithesis. pdf

File Format: PDF/Adobe Acrobat

by RW White - 2004 - Cited by 30 - Related articles

Implicit Feedback for Interactive. Information Retrieval. Ryen William White.
Department of Computing Science. Faculty of Computing Science, Mathematics and ...

[PoF] Context-Sensitive Information Retrieval Using Implicit Feedback
citeseerdist psu.edufviewdoc/download 7dei=10.1.1.61.987...

File Format: PDF/Adobe Acrobat - Quick View

by X Shen - 2005 - Cited by 217 - Related articles

ploit implicit feedback information, including previous queries and clickthrough
information, to improve retrieval accuracy in an in- teractive information retrieval ...

Context-Sensitive Information Retrieval Using Implicit Feedback
citeseer.ist.psu.edulviewdoc/summary?doi=10.1.1.61.987

by X Shen - 2005 - Cited by 217 - Related articles
CiteSeerX - Document Details (Isaac Councill, Lee Giles): A major limitation ...

=+ Show more resulis from psu.edu

Relevance feedback - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Relevance feedback

Relevance feedback is a feature of some information retrieval systems. The idea ... 1
Explicit feedback; 2 Implicit feedback; 3 Blind feedback; 4 Using relevance ...

Advanced search

user sees the
results and
closes the
browser

32
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Implicit Feedback

capital of honduras

* Tegqucigalpa Honduras maps.google.com

=EpREN | ng Jutes Ar
La Cuesta Cegpro=— El Chimba
NOZ,  Grande Santa Lucla
Mueva Aldes .-"'FTEg uGigalpa .‘:::' El Eden
Las Tapias L& Montafiita
Lasl.E:erana-a ﬁlir?«jue'.-a
Germaria

B oogldap data @201 TEEBEF Consulting
o2l i

Tequcigalpa - Wikipedia, the free encyclopedia

en.wikipedia.org/wiki/ legucigalpa

As capital of Honduras, as department head and as a municipality, the Central District
seats ... For all practical purposes the capital of Honduras is Tegucigalpa. ...

Etymology - History - Geography - Cityscape

Honduras - Wikipedia, the free encyclopedia
en.wikipedia.org/wiki/Honduras
Comayagua was the capital of Honduras until 1880, when it was transferred to ...

Geography of Honduras - List of cities in Honduras - Economy of Honduras - Coldn

=+ Show more results from wikipedia.org

Honduras Facts and Figures, Honduras History, Political, Banking ...
www.ca-bc.comizip Internacional/about honduras.html

Tegucigalpa, the capital of Honduras, got its tongue twisting name from the ancient
Mahuatl language, and translated means "silver mountain® In effect, ...

What is the capital city of Honduras

wiki.answers.com » ... » Countries States and Cities » Honduras

What is the name of the capital city of Honduras? Tegucigalpa. What is the capital city

... Honduras capital city is Tegucigalpa. What city is the Italian capital city? ...

Advanced search

the absence of a
click is a noisy
surrogate for non-
relevance
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On-Line Evaluation
overview: trade-offs

e Advantages:

»  system usage is naturalistic; users are situated in their
natural context and often don’t know that a test is
being conducted

» evaluation can include lots of users

34
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On-Line Evaluation
overview: trade-offs

e Disadvantages:

4

requires a service with lots of users (enough of them
to potentially hurt performance for some)

this is often referred to as the “cold-start problem”

requires a good understanding on how different
implicit feedback signals predict positive and
negative user experiences

experiments are difficult to repeat

35
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Information Retrieval Evaluation

e Evaluation is a fundamental issue of information retrieval
» an area of IR research in its own right
e Evaluation methods:
» batch evaluation
» user-study evaluation
» online evaluation

e Each method has advantages and disadvantages

36

Wednesday, October 23, 13



Batch Evaluation

Jaime Arguello

INLS 509: Information Retrieval
jarguell@email.unc.edu

October 21, 2013

Wednesday, October 23, 13


mailto:jarguell@email.unc.edu
mailto:jarguell@email.unc.edu

Batch Evaluation
motivation

e Many factors affect search engine effectiveness:

4

4

Queries: some queries are more effective than others

Corpus: the number of documents that are relevant to a
query will vary across collections

Relevance judgements: relevance is user-specific (i.e.,
subjective)

The IR system: the retrieval model, the document
representation (e.g., stemming, stopword removal), the
query representation

38
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Batch Evaluation
motivation

e Comparing different IR systems requires a controlled
experimental setting

e Batch evaluation: vary the IR system, but hold everything
else constant (queries, corpus, relevance judgements)

e Evaluate systems using metrics that measure the quality of
a system’s output ranking

e Known as the Cranfield Methodology

»  Developed in the 1960’s to evaluate different manual
indexing systems

39
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Batch Evaluation
overview

e C(ollect a set of queries (e.g., 50)

e For each query, describe a hypothetical information need

e For each information need, have human assessors
determine which documents are relevant/non-relevant

* Evaluate systems based on the quality of their rankings

» evaluation metric: describes the quality of a ranking
with known relevant/non-relevant docs

40
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Batch Evaluation
test collections

e Batch-evaluation uses a test collection

» A set of queries with descriptions of their underlying
information need

» A collection of documents
» A set of query-document relevance judgements

»  For now, assume binary: judgements relevant/non-
relevant

41
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Batch Evaluation
test collections

* Where do the queries come from?

» query-logs, hypothetical users who understand the
search environment, etc.

» should reflect queries issued by “real” users
* Where do the documents come from?

» harvested from the Web, provided by stakeholder
organizations, etc.

 How are documents judged relevant/non-relevant?
» judged by expert assessors using the information need

description
42
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Batch Evaluation
information need description

* QUERY: parenting

e DESCRIPTION: Relevant blogs include those from
parents, grandparents, or others involved in parenting,
raising, or caring for children. Blogs can include those
provided by health care providers if the focus is on
children. Blogs that serve primarily as links to other sites
or market products related to children and their
caregivers are not relevant.

(TREC Blog Track 2009)

43
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Batch Evaluation
test collections

e Which documents should be judged for relevance?

»  Only the ones that contain all query-terms?

» Only the ones that contain at least one query-term?

» All the documents in the collection?

44
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Batch Evaluation
test collections

e Which documents should be judged for relevance?

»  Only the ones that contain all query-terms?

» Only the ones that contain at least one query-term?
» All the documents in the collection?
e The best solution is to judge all of them

» A document can be relevant without having a single
query-term

»  But, there’s a problem...

45
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Batch Evaluation
test collections: examples

Name

Docs.

Qrys. Year®

Size, Mb

Source document

Cranfield 2

ADI

IRE-3

NPL

MEDLARS

Time

1,400

82

780

11,571

450

425

225 1962

35

34

93

29

83

1968

1968

1970

1973

1973

1.6

0.04

3.1

1.5

Title, authors, source,
abstract of scientific papers
from the aeronautic
research field, largely
ranging from 1945 to 1962.

A set of short papers from the
1963 Annual Meeting of the
American Documentation
Institute.

A set of abstracts of computer
science documents,
published in 1959-1961.

Title, abstract of journal
papers

The first page of a set of
MEDLARS documents
copied at the National
Library of Medicine.

Full-text articles from the
1963 edition of Time
magazine.

(Sanderson, 2010)
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Batch Evaluation
test collections: examples

Name

Docs.

Qrys.

Year®  Size, Mb

Source document

INSPEC

CACM

CISI

LISA

12,684

3,204

1,460

6,004

7

64

112

35

1981 —

1983 2.2

1983 2.2

1983 3.4

Title, authors, source, abstract,
and indexing information from
Sep to Dec 1979 issues of
Computer and Control
Abstracts.

Title, abstract, author,
keywords, and bibliographic
information from articles of
Communications of the ACM,
1958—-1979.

Author, title/abstract, and
co-citation data for the 1,460
most highly cited articles and
manuscripts in information
science, 1969-1977.

Taken from the Library and
Information Science Abstracts
database.

(Sanderson, 2010)
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Batch Evaluation
test collections: examples

« GOV2 (2004)

4

4

25,000,000 Web-pages

Crawl of entire “.gov” Web domain

e BLOGOS8 (January 2008 - February 2009)

4

4

1,303,520 blogs “polled” once a week for new posts

28,488,766 posts

e ClueWeb09 (2009)

4

1,040,809,705 Web-pages

48
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Batch Evaluation
test collections

e Which documents should be judged for relevance?

»  Only the ones that contain all query-terms?

» Only the ones that contain at least one query-term?
» All the documents in the collection?
e The best solution is to judge all of them

» A document can be relevance without having a single
query-term

e |s this feasible?

49
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Batch Evaluation
pooling

e Given (any) query, the overwhelming majority of
documents are not relevant

e (General Idea:

 Identity the documents that are most likely to be
relevant

e Have assessors judge only those documents

e Assume the remaining ones are non-relevant

50
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System A

Batch Evaluation
pooling

collection

51
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System A

i

Batch Evaluation

pooling

lk =20

collection

<<

k = depth of the pool

52
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System B

i

Batch Evaluation
pooling

lk =20

collection

&

k = depth of the pool
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System C

i

Batch Evaluation
pooling

collection

lk =20

k = depth of the pool
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System D

i

Batch Evaluation
pooling

collection

lk =20

k = depth of the pool
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Batch Evaluation

pooling

collection

56
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Batch Evaluation
pooling

e Take the top-k documents retrieved by various systems

* Remove duplicates

* Show to assessors in random order (along with the
information need description)

e Assume that documents outside the pool are non-
relevant

57
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Batch Evaluation
pooling

e Usually the depth (k) of the pool is between 50 and 200
and the number of systems included in the pool is
between 10 and 20

e A test-collection constructed using pooling can be used
to evaluate systems that are not in the original pool

e However, what is the risk?

* And, how do we mitigate this risk?

58
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Batch Evaluation
pooling

collection

collection

e Which selection of systems is better to include in the

pool?

59
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Batch Evaluation
pooling

collection

collection

 Strategy: to avoid favoring systems of a particular kind,
we want to construct the “pool” using systems with
varying search strategies

60
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Batch Evaluation
pooling

collection

collection

* How does pooling affect the accuracy with which we
can compute precision and recall?

e Two scenarios: the system was part of the pool and not
part of the pool

61
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Batch Evaluation
evaluation metrics

* At this point, we have a set of queries, with identified
relevant and non-relevant documents

e The goal of an evaluation metric is to measure the quality
of a particular ranking of known relevant/non-relevant
documents

63
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* So far, we've defined precision and recall assuming

Set Retrieval
precision and recall

boolean retrieval: a set of relevant documents (REL) and a
set of retrieved documents (RET)

collection

oD

64
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e Precision (P): the proportion of retrieved documents that

Set Retrieval
precision and recall

are relevant

collection

oD

~ |RETNREL)

P="ReT)

65
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e Recall (R): the proportion of relevant documents that are

retrieved

Set Retrieval
precision and recall

collection

oD

~ |RETNREL)

R
REL]

66
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Set Retrieval
precision and recall

e Recall measures the system’s ability to find all the
relevant documents

* Precision measures the system’s ability to reject any non-
relevant documents in the retrieved set

67
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Set Retrieval
precision and recall

e A system can make two types of errors:

 a false positive error: the system retrieves a document
that is non-relevant (should not have been retrieved)

 a false negative error: the system fails to retrieve a
document that is relevant (should have been retrieved)

 How do these types of errors affect precision and recall?

68
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Set Retrieval
precision and recall

e A system can make two types of errors:

 a false positive error: the system retrieves a document
that is non-relevant (should not have been retrieved)

 a false negative error: the system fails to retrieve a
document that is relevant (should have been retrieved)

 How do these types of errors affect precision and recall?

* Precision is affected by the number of false positive errors

e Recall is affected by the number of false negative errors

69
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Set Retrieval
combining precision and recall

e Oftentimes, we want a system that has high precision and
high recall

e We want a metric that measures the balance between
precision and recall

e One possibility would be to use the arithmetic mean:

P+R
2

arithmetic mean(P,R) =

* What is problematic with this way of summarizing
precision and recall?

70
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Set Retrieval
combining precision and recall

e It's easy for a system to “game” the arithmetic mean of
orecision and recall

* Bad: a system that obtains 1.0 precision and near 0.0
recall would get a mean value of about 0.50

* Bad: a system that obtains 1.0 recall and near 0.0
orecision would get a mean value of about 0.50

* Better: a system that obtains 0.50 precision and near 0.50
recall would get a mean value of about 0.50
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Set Retrieval
F-measure (also known as F1)

e A system that retrieves a single relevant document would
get |.0 precision and near 0.0 recall

* A system that retrieves the entire collection would get .0
recall and near 0.0 precision

e Solution: use the harmonic mean rather than the
arithmetic mean

e F-measure:

F =
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e The harmonic mean punishes small values

Set Retrieval
F-measure (also known as F1)

Q ]
- /
o /
/ / /
0 _| / / /
e / / /
/ / /
/ / /
© _| / / /
=) / _— / .
- / / / 5 —
- / / 5
<+ _| / /@/precision =0.1
© _— precision = 0.2
S - © precision = 0.3
recision = 0.4
~ o ~ Srecision =05
g - precis?on =0.6
o — ©  precision = 0.7
_— * precision = 0.8
_— © % precision = 0.9
© © precision = 1
@ 4o
o
I | | | [ I
0.0 0.2 04 0.6 0.8 1.0
recall

F1

1.0

0.8

0.6

04

0.2

0.0

® & ¥k b

precision = 0.1
precision = 0.2
precision = 0.3
precision = 0.4
precision = 0.5
precision = 0.6
precision = 0.7
precision = 0.8
precision = 0.9
precision = 1

(slide courtesy of Ben Carterette)

recall
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Ranked Retrieval
precision and recall

* In most situations, the system outputs a ranked list of
documents rather than an unordered set

e User-behavior assumption:

»  The user examines the output ranking from top-to-
bottom until he/she is satisfied or gives up

e Precision and recall can also be used to evaluate a
ranking

e Precision/Recall @ rank K

74

Wednesday, October 23, 13



Ranked Retrieval

precision and recall

e Precision: proportion of
retrieved documents that are
relevant

e Recall: proportion of relevant
documents that are retrieved
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Ranked Retrieval

precision and recall

e P@K: proportion of retrieved
top-K documents that are
relevant

e R@K: proportion of relevant
documents that are retrieved
in the top-K

e Assumption: the user will only
examine the top-K results

—K=10
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

K P@K R@K
(1/1)= 1.0 (1/20) = 0.05

1
2
3
4
5
6
/
8
9

10
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Ranked Retrieval
precision and recall: exercise

e Assume 20 relevant documents

P@K R@K
(1/1)= 1.0 (1/20) = 0.05
(1/2)=0.5  (1/20) = 0.05

\
[l
N
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Ranked Retrieval
precision and recall: exercise

e Assume 20 relevant documents

1
2
3
4
5
6
%
8
9

10

P@K R@K
(1/1)= 1.0 (1/20) = 0.05
(1/2)=0.5  (1/20) = 0.05
(2/3)=0.67  (2/20) = 0.10

N\
[l

3
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

K P@K R@K

1 (1/1)= 1.0  (1/20)=0.05
2 (1/2)=05  (1/20) = 0.05
3 (2/3)=0.67  (2/20)=0.10
4  (3/4)=0.75  (3/20)=0.15
5

6

7

8

9

10

\
[l
N
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Ranked Retrieval
precision and recall: exercise

e Assume 20 relevant documents

O © N O Ul A WN = K&

—_
-

P@K
(1/1) = 1.0
(1/2) = 0.5
(2/3) = 0.67
(3/4) = 0.75
(4/5) = 0.80

R@K
(1/20) = 0.05
(1/20) = 0.05
(2/20) = 0.10
(3/20) = 0.15
(4/20) = 0.20

\
[l
Ul

8l
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

K P@K R@K

1T (1/1)= 1 o (1/20) = 0.05
2 (12) = (1/20) = 0.05
3 (2/3) = 0.67 (2/20) = 0.10
4 (3/4)=0.75  (3/20)=0.15
5  (4/5)=0.80  (4/20) = 0.20
6 (5/6)=0.83  (5/20) = 0.25
7

8

9
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

K P@K R@K
(1/20) = 0.05
(1/20) = 0.05
(2/20) = 0.10
3/4)=0.75  (3/20)=0.15
(4/20) = 0.20
(5/20) = 0.25
(6/20) = 0.30
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

K P@K R@K

1 (1/1)= 1.0  (1/20)=0.05
2 (1/2)=0.5  (1/20) = 0.05
3 (2/3)=0.67  (2/20)=0.10
4 (3/4)=0.75  (3/20)=0.15
5  (4/5)=0.80  (4/20) = 0.20
6 (5/6)=0.83  (5/20) = 0.25
7 (6/7)=0.86  (6/20) = 0.30
8 (6/8)=0.75  (6/20) = 0.30
9
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Ranked Retrieval
precision and recall: exercise

e Assume 20 relevant documents

P@K
(1/1) = 1.0
(1/2) = 0.5
(2/3) = 0.67
(3/4) = 0.75
(4/5) = 0.80
(5/6) = 0.83
(6/7) = 0.86
(6/8) = 0.75
(7/9) = 0.78

R@K
(1/20) = 0.05
(1/20) = 0.05
(2/20) = 0.10
(3/20) = 0.15
(4/20) = 0.20
(5/20) = 0.25
(6/20) = 0.30
(6/20) = 0.30
(7/20) = 0.35

N\
1l
e
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Ranked Retrieval

precision and recall: exercise
e Assume 20 relevant documents

P@K
(1/1) = 1.0
(1/2) = 0.5
(2/3) = 0.67
(3/4) = 0.75
(4/5) = 0.80
(5/6) = 0.83
(6/7) = 0.86
(6/8) = 0.75
(7/9) = 0.78
7/10) = 0.70

R@K
(1/20) = 0.05
(1/20) = 0.05
(2/20) = 0.10
(3/20) = 0.15
(4/20) = 0.20
(5/20) = 0.25
(6/20) = 0.30
(6/20) = 0.30
(7/20) = 0.35
(7/20) = 0.35
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Ranked Retrieval
precision and recall

e Problem: what value of K should we use to evaluate?

 Which is better in terms of P@10 and R@ 107

—K=10 —K=10

87

Wednesday, October 23, 13



Ranked Retrieval
precision and recall

* The ranking of documents within the top K is
inconsequential

e |f we don’t know what value of K to chose, we can
compute and report several: P/R@{1,5,10,20}

e There are evaluation metrics that do not require choosing
K (as we will see)

* One advantage of P/R@K, however, is that they are easy
to interpret
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Ranked Retrieval
what do these statements mean?

e As with most metrics, experimenters report average
values (averaged across evaluation queries)

e System A obtains an average P@ 10 of 0.50
e System A obtains an average P@10 of 0.10
» System A obtains an average P@| of 0.50

e System A obtains an average P@20 of 0.20
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Ranked Retrieval
comparing systems

e Good practice: always ask yourself “Are users likely to
notice?”

» System A obtains an average P@|I of 0.10
» System B obtains an average P@| of 0.20
e This is a 100% improvement.

* Are user’s likely to notice?
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Ranked Retrieval
comparing systems

e Good practice: always ask yourself “Are users likely to
notice?”

e System A obtains an average P@| of 0.05
* System B obtains an average P@| of 0.10
e This is a 100% improvement.

* Are user’s likely to notice?
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Ranked Retrieval
PIR@K

e Advantages:
» easy to compute
» easy to interpret
e Disadvantages:
» the value of K has a huge impact on the metric
» the ranking above K is inconsequential

»  how do we pick K?
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Ranked Retrieval
motivation: average precision

 Ideally, we want the system to achieve high precision for
varying values of K

e The metric average precision accounts for precision and
recall without having to set K
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Ranked Retrieval
average precision

1. Go down the ranking one-rank-at-a-time

2. If the document at rank K is relevant, measure P@K
»  proportion of top-K documents that are relevant

3. Finally, take the average of all P@K values

»  the number of P@K values will equal the number of
relevant documents

94
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Ranked Retrieval
average-precision

rank (K)

ranking

S . L L G S i
@oowcmm-l:wm_\o®00\l®m-l=ww—\

20

total

Number of relevant
documents for this

query: 10

10.00
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Ranked Retrieval
average-precision

rank (K)

ranking

— e e e e e e e e
QmNQW#wNAOQm\l@m#U@N——\

20

total

. Go down the ranking

one-rank-at-a-time

. If recall goes up,

calculate P@K at that
rank K

. When recall = 1.0,

average P@K values

10.00
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Ranked Retrieval

average-precision

rank (K) ranking R@K P@K
1 e 0.10 1.00
2 0.10 0.50
3 B 0.20 0.67
4 B 0.30 0.75
5 _ 0.40 0.80
6 B 0.50 0.83
7 B 0.60 0.86
8 0.60 0.75
9 B 0.70 0.78
10 0.70 0.70
11 B 0.80 0.73
12 0.80 0.67
13 0.80 0.62
14 0.90 0.64
15 0.90 0.60
16 0.90 0.56
17 0.90 0.53
18 0.90 0.50
19 0.90 0.47
20 _ 1.00 0.50
total 10.00  average-precision 0.76

97

Wednesday, October 23, 13



Ranked Retrieval

average-precision

rank (K) ranking R@K P@K
1 e 0.10 1.00
2 B 0.20 1.00
3 B 0.30 1.00
4 B 0.40 1.00
5 _ 0.50 1.00
6 B 0.60 1.00
7 B 0.70 1.00
8 B 0.80 1.00
9 B 0.90 1.00
10 1.00 1.00
11 1.00 0.91
12 1.00 0.83
13 1.00 0.77
14 1.00 0.71
15 1.00 0.67
16 1.00 0.63
17 1.00 0.59
18 1.00 0.56
19 1.00 0.53

20 1.00 0.50
total 10.00  average-precision  1.00
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Ranked Retrieval

average-precision

rank (K) ranking R@K P@K
1 0.00 0.00
2 0.00 0.00
3 0.00 0.00
4 0.00 0.00
5 0.00 0.00
6 0.00 0.00
7 0.00 0.00
8 0.00 0.00
9 0.00 0.00
10 0.00 0.00
11 B 0.10 0.09
12 0.20 0.17
13 0.30 0.23
14 0.40 0.29
15 0.50 0.33
16 0.60 0.38
17 0.70 0.41
13 0.80 0.44
19 0.90 0.47

20 _ 1.00 0.50
total 10.00  average-precision  0.33
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Ranked Retrieval

rank (K)

average-precision

N A VL O VO N W |
© O N O UL D Wm0 © N Ul =

20

total

ranking R@K P@K
e 0.10 1.00
0.10 0.50

B 0.20 0.67
B 0.30 0.75
_ 0.40 0.80
B 0.50 0.83
B 0.60 0.86
0.60 0.75

B 0.70 0.78
0.70 0.70

B 0.80 0.73
0.80 0.67

0.80 0.62

B 0.90 0.64
0.90 0.60

0.90 0.56

0.90 0.53

0.90 0.50

0.90 0.47

_ 1.00 0.50
10.00  average-precision  0.76
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Ranked Retrieval

rank (K)

average-precision

swapped
ranks 2 and 3

_ e e e e e e e e e
@OO\IQU“I-BUUI\.).A0©OO\|®U“I-I>UJNA

N
)

total

ranking R@K P@K
e 0.10 1.00
B 0.20 1.00

0.20 0.67

B 0.30 0.75
_ 0.40 0.80
B 0.50 0.83
B 0.60 0.86
0.60 0.75

B 0.70 0.78
0.70 0.70

B 0.80 0.73
0.80 0.67

0.80 0.62

B 0.90 0.64
0.90 0.60

0.90 0.56

0.90 0.53

0.90 0.50

0.90 0.47

_ 1.00 0.50
10.00  average-precision 0.79
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Ranked Retrieval

rank (K)

average-precision

ranking

O© 00 N & U1l A~ WO N —

20

total

10.00

R@K P@K
0.10 1.00
0.10 0.50
0.20 0.67
0.30 0.75
0.40 0.80
0.50 0.83
0.60 0.86
0.60 0.75
0.70 0.78
0.70 0.70
0.80 0.73
0.80 0.67
0.80 0.62
0.90 0.64
0.90 0.60
0.90 0.56
0.90 0.53
0.90 0.50
0.90 0.47
1.00 0.50
average-precision 0.76
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Ranked Retrieval

average-precision

swapped ranks

rank (K) ranking R@K P@K
1 e 0.10 1.00
2 0.10 0.50
3 B 0.20 0.67
4 B 0.30 0.75
5 _ 0.40 0.80
6 B 0.50 0.83
7 B 0.60 0.86
8 B 0.70 0.88

8 and 9 9 0.70 0.78
10 0.70 0.70
11 B 0.80 0.73
12 0.80 0.67
13 0.80 0.62
14 0.90 0.64
15 0.90 0.60
16 0.90 0.56
17 0.90 0.53
18 0.90 0.50
19 0.90 0.47
20 _ 1.00 0.50
total 10.00  average-precision  0.77
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Ranked Retrieval
average precision

e Advantages:
» no need to choose K
» accounts for both precision and recall

» ranking mistakes at the top of the ranking are more
influential

» ranking mistakes at the bottom of the ranking are still
accounted for

e Disadvantages

» not quite as easy to interpret as P/R@K

|04
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Ranked Retrieval
MAP: mean average precision

e So far, we've talked about average precision for a single
query

 Mean Average Precision (MAP): average precision
averaged across a set of queries

» yes, confusing. but, better than calling it “average
average precision”!

» one of the most common metrics in IR evaluation

105

Wednesday, October 23, 13



Ranked Retrieval
precision-recall curves

e |n some situations, we want to understand the trade-off
between precision and recall

e A precision-recall (PR) curve expresses precision as a
function of recall
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Ranked Retrieval
precision-recall curves: general idea

 Different tasks require different levels of recall
 Sometimes, the user wants a few relevant documents
e QOther times, the user wants most of them

e Suppose a user wants some level of recall R

e The goal for the system is to minimize the number of
false negatives the user must look at in order to achieve
a level of recall R

|07
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Ranked Retrieval
precision-recall curves: general idea

* False negative error: not retrieving a relevant document
» false negative errors affects recall

* False positive errors: retrieving a non-relevant
document

» false positives errors affects precision

 If a user wants to avoid a certain level of false-
negatives, what is the level of false-positives he/she
must filter through?
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Ranked Retrieval
precision-recall curves

Assume 10 relevant documents for
this query

Suppose the user wants R = (1/10)

What level of precision will the user

observe?
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Ranked Retrieval
precision-recall curves

Assume 10 relevant documents for
this query

Suppose the user wants R = (2/10)

What level of precision will the user

observe?
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Ranked Retrieval
precision-recall curves

Assume 10 relevant documents for
this query

Suppose the user wants R = (10/10)

What level of precision will the user

observe?
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Ranked Retrieval

precision-recall curves

rank (K)

N A VL O VO N W |
© O N O UL D Wm0 © N Ul =

N
)

ranking R@K P@K
e 0.10 1.00
0.10 0.50

B 0.20 0.67
B 0.30 0.75
_ 0.40 0.80
B 0.50 0.83
B 0.60 0.86
0.60 0.75

B 0.70 0.78
0.70 0.70

B 0.80 0.73
0.80 0.67

0.80 0.62

B 0.90 0.64
0.90 0.60

0.90 0.56

0.90 0.53

0.90 0.50

0.90 0.47

_ 1.00 0.50

112

Wednesday, October 23, 13



Ranked Retrieval
precision-recall curves

0.9
0.8 e * R

0.7 ¢
0.6
0.5 ¢
0.4
0.3
0.2
0.1

Precision

0. 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
precision-recall curves

Wrong! When plotting a PR
curve, we use the best
precision for a level of recall R
or greater!

0.1

0.2

0.3 04 05 06 07 08 0.9

Recall
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Ranked Retrieval
precision-recall curves

1f
0.9 T
0.8 e ¢ f_.

0.6 - j

0.5 | — o
0.4
0.3 |

0.2 -
0.1 -

Precision

0. 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
precision-recall curves

e For a single query, a PR curve looks like a step-function
e For multiple queries, we can average these curves

» Average the precision values for different values of
recall (e.g., from 0.01 to 1.0 in increments of 0.01)

e This forms a smoother function

116
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Ranked Retrieval
precision-recall curves

* PR curves can be averaged across multiple queries

-
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

O \ \ \ \ \
1 02 03 04 05 06 0.7 08 0.9 1

Precision

Recall
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Ranked Retrieval
precision-recall curves

0.9 -
0.8 -
0.7 -
0.6 -
0.5 -
0.4 -
0.3 -
0.2 -
0.1

Precision

o1 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
precision-recall curves

which system is
better!?

Precision
o
Ul
|

o1 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
precision-recall curves

for what type of task
would the blue system be
better!?

oL 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
precision-recall curves

for what type of task
would the blue system be
better?

oL 02 03 04 05 06 0.7 08 0.9 1

Recall
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Ranked Retrieval
discounted-cumulative gain

* In some retrieval tasks, we really want to focus on
precision at the top of the ranking

e A classic example is web-search!
» users rarely care about recall
» users rarely navigate beyond the first page of results
» users may not even look at results below the “fold”

* Are any of the metrics we've seen so far appropriate for
web-search?
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Click-Through Rate

Ranked Retrieval
discounted-cumulative gain

CTR Curve

Fd

18.2% @ Click-Through Rate

10.05%
1.22%
\_.u.am
3-05':"":" 2.76%
L1 a
1.88% 1.75% _1.52%

.\"—b——.\el_uu%

Organic Position in SERP

Study Conducted by o Slingshot**°
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Ranked Retrieval
discounted-cumulative gain

* We could potentially evaluate using P@K with several
small values of K

e But, this has some limitations

* What are they?
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Ranked Retrieval
discounted-cumulative gain

e Which retrieval is better?

125

Wednesday, October 23, 13



Ranked Retrieval
discounted-cumulative gain

e Evaluation based on P@K can be too coarse

_(_ K=1 — K=
——— K=5§ e <«— K =5
—— K=10 E— K=10
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Ranked Retrieval
discounted-cumulative gain

 P@K (and all the metrics we've seen so far) assume

binary relevance

— K=]|
«— K=§
«— K=10

«— K=]
«— K=5
— K=10
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Ranked Retrieval
discounted-cumulative gain

 DCG: discounted cumulative gain

e Assumptions:

» There are more than two levels of relevance (e.g.,
perfect, excellent, good, fair, bad)

» A relevant document’s usefulness to a user decreases
rapidly with rank (more rapidly than linearly)
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Ranked Retrieval
discounted-cumulative gain

e Let REL;be the relevance associated with the document
at rank /

»  perfect > 4

» excellent =2 3
»  good => 2

»  fair > 1

» bad =0

129
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Ranked Retrieval
discounted-cumulative gain

 DCG: discounted cumulative gain

REL,
(max(i,2))

DCG@K = Z
1 log,
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Ranked Retrieval
discounted-cumulative gain

a relevant document’s

1.2 -
usefulness decreases
1 - . .
exponentially with rank
- 0.8 -
§ 1
S 0.6 1 :
2 O 1
= 82( )
0.4
0.2 -
O I I I I I I I I I I I I I I I I I I |

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Rank
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Ranked Retrieval
discounted-cumulative gain

K REL;
bLGek = Z; log, (max(i,2))
rank (i)  REL i

1 4 This is given!
2 3
3 4 the result at rank | is perfect
4 2 the result at rank 2 is excellent
5 0 the result at rank 3 is perfect
6 0
7 0 the result at rank 10 is bad
8 1
9 1
10 0
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Ranked Retrieval
discounted-cumulative gain

K REL;
beoek = Z; log, (max(i,2))
rank (i) discount factor
1 1.00
) 1.00 Each rank is associated
; 0.63 with a discount factor
4 0.50 1 .
5 043 log, (max(i,2))
6 0.39 rank | is a special case!
/ 0.36
3 0.33
9 0.32

0.30

N
-
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Ranked Retrieval
discounted- Cumulative gain

DLGek = Z  log, max(z 2))
rank (i)  REL i discount factor gain
1 4 1.00 4.00
2 3 1.00 3.00
3 4 0.63 2.52
4 2 0.50 1.00
5 0 0.43 0.00
6 0 0.39 0.00
/ 0 0.36 0.00
3 1 0.33 0.33
9 1 0.32 0.32
10 O 0.30 0.00

multiply REL;

by the
discount
factor
associated
with the
rank!
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Ranked Retrieval

discounted-cumulative gain

K REL;
DLGek = Z; log, (max(i,2))

rank (i)  REL i discount factor gain DCG |
1 4 1.00 4.00 4.00
2 3 1.00 3.00 /.00
3 4 0.63 2.52 9.52
4 2 0.50 1.00 10.52
5 0 0.43 0.00 10.52
6 0 0.39 0.00 10.52
/ 0 0.36 0.00 10.52
3 1 0.33 0.33 10.86
9 1 0.32 0.32 11.17
10 0 0.30 0.00 11.17
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Ranked Retrieval

discounted-cumulative gain

DCGio=11.17

rank (i)  REL i discount factor gain DCG |
1 4 1.00 4.00 4.00
2 3 1.00 3.00 /.00
3 4 0.63 2.52 9.52
4 2 0.50 1.00 10.52
5 0 0.43 0.00 10.52
6 0 0.39 0.00 10.52
/ 0 0.36 0.00 10.52
3 1 0.33 0.33 10.86
9 1 0.32 0.32 11.17
10 O 0.30 0.00 11.17
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Ranked Retrieval

discounted-cumulative gain

DCGio= 11.17

rank (i)  REL_i discount factor gain DCG_i
1 3 1.00 3.00 3.00
2 3 1.00 3.00 6.00
3 4 0.63 2.52 8.52
4 2 0.50 1.00 9.52
5 0 0.43 0.00 9.52
6 0 0.39 0.00 9.52
/ 0 0.36 0.00 9.52
3 1 0.33 0.33 9.86
9 1 0.32 0.32 10.17
10 0 0.30 0.00 10.17

changed top result from perfect instead of excellent
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Ranked Retrieval

discounted-cumulative gain

DCGio=11.17

rank (i)  REL i discount factor gain DCG |
1 4 1.00 4.00 4.00
2 3 1.00 3.00 /.00
3 4 0.63 2.52 9.52
4 2 0.50 1.00 10.52
5 0 0.43 0.00 10.52
6 0 0.39 0.00 10.52
/ 0 0.36 0.00 10.52
3 1 0.33 0.33 10.86
9 1 0.32 0.32 11.17
10 3 0.30 0.90 12.08

changed |0th result from bad to excellent
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Ranked Retrieval
normalized discounted-cumulative gain

e DCG is not ‘bounded’
* In other words, it ranges from zero to .....
e Makes it problematic to average across queries

 NDCG: normalized discounted-cumulative gain

e “Normalized” is a fancy way of saying, we change it so
that it ranges from O to 1
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Ranked Retrieval
normalized discounted-cumulative gain

e NDCG;: normalized discounted-cumulative gain

* For a given query, measure DCG;

e Then, divide this DCG; value by the best possible DCG;
for that query

* Measure DCG; for the best possible ranking for a given
value i
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Ranked Retrieval
normalized discounted-cumulative gain

e Given: a query has two 4’s, one 3, and the rest are 0's
e Question: What is the best possible ranking for i = 1
e All these are equally good:

» 4,4, 3, ...

» 4,3, 4, ...

» 4,0,0, ....

» ... anything with a 4 as the top-ranked result
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Ranked Retrieval
normalized discounted-cumulative gain

e Given: the query has two 4’s, one 3, and the rest are 0’s
e Question: What is the best possible ranking for i = 2
e All these are equally good:

» 4,4, 3, ...

» 4, 4,0, ...
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Ranked Retrieval
normalized discounted-cumulative gain

e Given: the query has two 4’s, one 3, and the rest are 0’s
e Question: What is the best possible ranking for i = 3
e All these are equally good:

» 4,4, 3, ...
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Ranked Retrieval
normalized discounted-cumulative gain

e NDCG;: normalized discounted-cumulative gain

* For a given query, measure DCG;

e Then, divide this DCG; value by the best possible DCG;
for that query

* Measure DCG; for the best possible ranking for a given
value i
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Metric Review

e set-retrieval evaluation: we want to evaluate the set of

documents retrieved by the system, without considering
the ranking

e ranked-retrieval evaluation: we want to evaluate the
ranking of documents returned by the system

145

Wednesday, October 23, 13



Metric Review
set-retrieval evaluation

e precision: the proportion of retrieved documents that are
relevant

 recall: the proportion of relevant documents that are
retrieved

e f-measure: harmonic-mean of precision and recall

» a difficult metric to “cheat” by getting very high
precision and abysmal recall (and vice-versa)
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Metric Review
ranked-retrieval evaluation

e P@K: precision under the assumption that the top-K
results is the ‘set’ retrieved

e R@K: recall under the assumption that the top-K results
is the ‘set’ retrieved

e average-precision: considers precision and recall and
focuses mostly on the top results

e DCG: ignores recall, considers multiple levels of
relevance, and focuses very must on the top ranks

 NDCG: trick to make DCG range between 0 and 1
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Which Metric Would You Use?
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