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_’ Disclaimers

! This talk presents the opinions of the
authors. It does not necessarily reflect

t

he views of Yahoo! Inc.

! This talk does not imply that these
metrics are used by Yahoo!, or should

t

ney be used, they may not be used In

the way described in this talk.

The examples are just that B examples.

Please do not generalize them to the

level of comparing search engines.

© Dasdan, Tsioutsiou

liklis, Velipasaoglu, 2009.
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@_’ Learning objectives

| To learn about user satisfaction
metrics

! To learn about how to interpret
metrics results

! To get the relevant bibliography
! To learn about the open problems

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



@_’ Scope

«!Web OtextualO search
IUsersO point of view

| Analysis rather than
synthesis

!Intuitive rather than formal
*INot exhaustive coverage

|||||||||||||||||||||||||||||||||||||||||||



@_’ Outline

! Introduction (30min) B Al

! Relevance metrics (50min) ® Emre
! Break (15min)

! Coverage metrics (15min) b Al

I Diversity metrics (15min) B Al
I Discovery metrics (15min) D Al
I Freshness metrics (15min) B Al

I Presentation metrics (50min) B Kostas

! Conclusions (5min) b Kostas

© Dasdan, Tsiouts
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@_’ Why measure? Why metrics?

OTo measure is to knowO

OIf you cannot measure it,
you cannot improve IitO

Lord Kelvin

(1824-1907)

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



Search engine pipeline:
Simplified architecture

Serving Content
system system

_ Frot?et;(;znd ¥d Steizsrr;:h 2l Indexers [& Web graphs [&] Crawlers ‘2@

.1Serving system: serves user gueries
and search results

v
v

|Content system: acquires and
processes content
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J Search engine pipeline:
* Content selection

Serving Content
system system
Front-end [s| Search |5 S S
L Giers & hars € Indexers [&] Web graphs [&] Crawlers

How do you select content to pass to the next catalog?
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J User view of metrics: Example with
* coverage metrics (SE #1)

Web | Images | Video | Local | Shopping | more «
RAIN schedule for Winter Quarter 2008-09 stanford Search Options v Customize w

Research on Algorithms for the Internet - Research Areas

Schedule. Talk Archive. Get Involved. RAIN schedule for Winter Quarter 2008-09 ... Stanford
Home. Contact. Directions to Gates ...

rain.stanford.edu/schedule - Cached

The Unofficial Stanford Blog: Archives
2008.11.18: Stanford-students' FB app gets rid of coding for app-makers ... 2007.03.01: Birdcage

Watch: Winter Quarter, Week 7 ...
tusb.stanford.edu/archives.html - 151k - Cached

Search Engine (SE) #1

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



J User view of metrics: Example with
" coverage metrics (SE #2)

Research on Algorithms for the Internet - Research Areas

Research on Algorithms for the Internet ... RAIN schedule for Winter Quarter 2008-09. RAIN will be
held on Fridays from 2-3pm in Gates 498 (the location might change though, so ...
rain.stanford.edu/schedule - Cached page

NACC Events Calendar

8pm» Intersect, Winter Quarter Series: Sat 7: 9am» Indigenous ... water to return, and to bring back a
good rain ... Stanford University Academic Calendar 2008-09 http://www.stanford.edu ...
www.stanford.edu/dept/nacc/cgi-bin/calendar/view _m.php?id=1&date=20090310 - Cached page

Search Engine (SE) #2

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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J User view of metrics: Example with
" coverage metrics (SE #3)

Stanford Center for Latin American Studies

Oct 28, 2008 ... Edward Larocque Tinker Visiting Professors (2008-09) ... His major study sites
are in the Pantanal and in the Atlantic rain forest. ... During Winter Quarter 2009 at Stanford,
Dr. Galetovic will teach ECON 123: ...

www.stanford.edu/group/las/people/tinker faculty current.html - 19k - Cached - Similar pages

6

Stanford University Academic Calendar, 2008-09
Stanford Academic Calendar 2008-09. Autumn Quarter « Winter Quarter « Spring ... A full
refund schedule is available here. 22 (Mon) First day of quarter; ...
registrar.stanford.edu/academic calendar/ - 36k - Cached - Similar pages

Research on Algorithms for the Internet - Research Areas

RAIN schedule for Winter Quarter 2008-09. RAIN will be held on Fridays from 2-3pm in ...
Luca de Alfaro received his Ph.D. degree from Stanford University, ...
rain.stanford.edu/schedule/ - 20k - Cached - Similar pages

Search Engine (SE) #3

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



J System view of metrics: Example
" with coverage metrics

Serving Content
system system

s Front-end [s| Search || |
_ : : ndexers
<1 tiers <1 tiers [§

N
M

Crawlers

Web graphs

/U/ser \

Web | Images | Video | Local | Shopping | n\Wre «
RAIN schedule for Winter Quarter 2008-09 starNord Search -

v

Research on Algorithms for the Internet - Researh\h Areas
Schedule. Talk Archive. Get Involved. RAIN schedule for WirKer Quarter 2008-09 ... Stagford

Home. Contact. Directions to Gates ...

rain.stanford.edu/schedule -
AV
Check for coverage of expected URL
http://rain.stanford.edu/schedule/
(if missing from SRP)

The Unofficial Stanford Blog: Archives
2008.11.18: Stanford-students' FB app gets rid of coding for app-maker
Watch: Winter Quarter, Week 7 ...

tusb.stanford.edu/archives.html - 1

. 2007.03.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ ldeal vs. reality

| |deal view
—lcrawl all content
—ldiscover all changes instantaneously
—lIserve all content instantaneously
—Istore all content indefinitely
—I'meet user’'s information need perfectly

| Practical view

—! constraints on above aspects due to
I market focus, long tails, cost, resources, complexity

! Moral of the story
—1 Cannot make all the users happy all the time!

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Sampling methods for metrics

! Random sampling of queries

—! from search engine’s query logs

—! from third-party logs (e.g., ComScore)
! Random sampling of URLSs

—! from random walking the Web
| see a review at Baykan et al., WWW’06

—! from directories and similar hubs

—! from RSS feeds and sitemaps

—! from third-party feeds

—! from search engine’s catalogs

—! from competitor’s indices using queries

! Customer-selected samples

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Different dimensions for metrics

Content types and sources

—! news, blogs, wikipedia, forums, scholar; regions, languages;
adult, spam, etc.

Site types

—! small vs. large, region, language
Document formats

—! html, pdf, etc.

Query types
—! head, torso, tail; #terms; informational, navigational,
transactional; celebrity, adult, business, research, etc.

Open web vs. hidden web
Organic vs. commercial
Dynamic vs. static content

New content vs. existing content

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 18



@_’ Further iIssues to consider

Rate limitations
—I search engine blocking, hence, difficulty of large competitive testing
—! internal bandwidth usage limitations

Intrusiveness
—! How can metrics queries affect what's observed?

Statistical soundness
—! in methods used and guarantees provided
—! accumulation of errors
—! the “value” question
-1 E.g., what is “random”? is “random” good enough?
Undesired positive feedback or the chicken-and-egg
problem
—! Focus on popular queries may make them more popular at the expense
of potentially what’s good for the future.
Controlled feedback or labeled training and testing data

—! Paid human judges (or editors ), crowdsourcing (e.g., Amazon’s
Mechanical Turk), Games with a Purpose (e.g., Dasdan et al.,

WWW’09), bucket testing on live traffic, etc.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 19



@_’ Key problems for metrics

| Measure user satisfaction
| Compare two search engines

! Optimize for user satisfaction in
each component of the pipeline

| Automate all metrics
| Discover anomalies

! Visualize, mine, and summarize
metrics data

! Debug problems automatically

Also see: Yahoo Research list at http://research.yahoo.com/ksc
© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 20
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@_’ Example on relevance

Ad for gear. OK if | will
go to the game.

\

No schedule here.

I>

There is a schedule.

A different schedule?

A different Real Madrid!

Web | Images | Video | Local | Shopping | more =

Ireal madrid game schedule Search )pt v tomize v

v

Also try: real madrid schedule, More...

Real Madrid Soccer Gear
Buy Official Real Madrid Soccer Jerseys & More Here in the USA.
www.WorldSoccerShop.com

Real Madrid Schedule - 2009 Real Madrid Game Schedule

Above is a complete Real Madrid schedule. TickCo Premium Seating has the largest selection of
premium Real Madrid tickets online. ...

www.tickco.com/schedule/real-madrid -

Real Madrid News, Schedule. Results, Players, Statistics - Spanish ...

Real Madrid News, Schedule, Results, Players, Statistics - Spanish Primera Division Soccer ... Real
Madrid's all-time leading goal scorer, Raul Gonzalez, plans ...
soccernet.espn.go.com/team?id=86&cc=5901 - 59k - Cac|

Real Madrid News, Scores, Schedule, Stats - Yahoo! Sports

Comprehensive and up-to-date Real Madrid news, scores, schedule, stats and roster ... Real Madrid.

Real Madrid. Team Home. Fixtures & Results. Roster. Last Game ...
sports.yahoo.com/fbes/teams/rem - Cached

Real Madrid of Antelope Valley | Soccer

soccer ... Real Madrid of Antelope Valley. Soccer. Home. About Me. About Us. Game & Practice
Schedule ... The Is Real Madrid. Real Madrid. By Carlos Iglesias ...
www.madridrealfc.com/index.htm - Cached

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ What Is relevance?

! User issues a query to a search engine and
receives an ordered list of resultsk

.l Relevance: How effectively was the userOs
iInformation need met?
—! How useful were the results?
—!I How many of the retrieved results were useful?
—! Were there any useful pages not retrieved?

—! Did the order of the results make the user’s search
easier or harder?

—! How successful did the search engine handle the
ambiguity and the subjectivity of the query?

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Evaluating relevance

ol Set based evaluation
—! basic but fundamental

Rank based evaluation with explicit absolute
judgments

—! binary vs. graded judgments

Rank based evaluation with explicit preference
judgments

—! binary vs. graded judgments

—! practical system testing and incomplete judgments
Rank based evaluation with implicit judgments
—! direct and indirect evaluation by clicks

o/ User satisfaction
el More notes

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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Relevance Metrics:
Set Based Evaluation
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@’ Precision
[

! How many of the retrieved results were useful?

# (relevant items retrieved)

Precision = . .
# (retr1eved 1terns)

TP
(TP+ FP)

= Prob(relevant‘retrieved)

—! True Positive (TP): A retrieved document is relevant
—! False Positive (FP): A retrieved document is not relevant

! Kent et. al. (1955)

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 26



@_’ Recall

! Were there any useful pages left not retrieved?

#(relevant items retrieved)

Recall = .
#(relevant items)

TP
(TP+ FN)

= Prob( retrieveqlrelevant)

—! True Positive (TP): A retrieved document is relevant
—! False Negatives (FN): A relevant document is not retrieved

! Kent et. al. (1955)

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Properties of precision and recall

Precision decreases when false positives increase

False positives:

—! also known as false alarm in signal processing
—! correspond to Type | error in statistical hypothesis testing

Recall decreases when false negatives increase

False negatives

—I also known as missed
opportunities

—! correspond to Type Il error in
statistical hypothesis testing

Judgment

Relevant

Not Relevant

Retreived
Search

True Positive

False Positive
(TYPE I error)

results ]
Not Retrieved

False Negative
(TYPE II error)

True Negative

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ F-measure

! Inconvenient to have two numbers

! F-measure: Harmonic mean of precision and recall
—! related to van Rijsbergen’s effectiveness measure

—! reflects user’'s willingness to trade precision for recall controlled
by a parameter selected by the system designer

e 1 _($2+1)PR |
iyt SPeR (8749
P R
;o 2PR

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 29



9.’ Various means of precision and recall

100%

80%

60%

40% -

Average of precision and recall

20%

0% 1=
0%

20%

40% 60%

Precision

80%

100%

R

—— arithmetic
geometric
F1

—¥—=F2
F.5

Recall = 70%

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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Relevance Metrics:
Rank Based Evaluation
with
Explicit Absolute
Judgments



@_’ Extending precision and recall

! So far, considered:
—! How many of the retrieved results were useful?
—!I Were there any useful pages left not retrieved?
! Next, consider:

—I Did the order of the results made the user’s search for
information easier or harder?

! Extending set based precision/recall to ranked list
—!' It is possible to define many sets over a ranked list.

—! E.g. Start with a set including the first result and progressively
increase the size of the set by adding the next result.

! Precision-recall curve:
—! Calculate precision at standard recall levels and interpolate.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 32



@’ Precision-recall curve example
n

interpolated
rank | relevance| TP FP FN recall |[precision| precision
1 1 1 0 3 0.25 1.00 1.00
2 1 2 0 2 0.5 1.00 1.00
3 o) 2 1 2 0.5 0.67 0.75
4 1 3 1 1 0.75 0.75 0.75
5 0 3 2 1 0.75 0.60 0.60
6 0 3 3 1 0.75 0.50 0.57
7 1 4 3 0 1 0.57 0.57
8 0 4 4 0 1 0.50 0.50
9 o) 4 ) 0 1 0.44 0.44
10 o) 4 6 0 1 0.40 0.40

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Precision-recall curve example

1.0

0.8

0.6

0.4

Precision

0.2

0.0

1.0

—o— precision — — interpolated precision
<>//I
0.0 0.2 0.4 0.6 0.8
Recall

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@’ Average precision-recall curve
n

| Precision-recall curve
IS for one ranked list
(l.e. one query).

| To evaluate relevance
of a search engine:

—! Calculate interpolated
precision-recall curves
for a sample of queries
at 11-points
(Recall = 0.0:0.1:1.0).

—! Average over test sample
of queries.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Mean average precision (MAP)

! Single number instead of a graph
! Measure of quality at all recall levels
! Average precision for a single query:

Hrelevant

AP=-—_1 " (Precision at rank of'krelevant docume%

" #relevant
k=1

I MAP: Mean of average precision over all queries

—!I Most frequently, arithmetic mean is used over the query
sample.

—! Sometimes, geometric mean can be useful by putting
emphasis on low performing queries.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 36



@’ Average precision example
n

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

rank relevance TP FP FN R P P@rel(k)
1 1 1 0 3 0.25 1.00 1.00
2 1 2 0 2 0.5 1.00 1.00
3 0 2 1 2 0.5 0.67 0
4 1 3 1 1 0.75 0.75 0.75
5 0 3 2 1 0.75 0.60 0
6 0 3 3 1 0.75 0.50 0
7 1 4 3 0 1 0.57 0.57
8 0 4 4 0 1 0.50 0
9 0 4 5 0 1 0.44 0
10 0 4 6 0 1 0.40 0
# relevant 4 ave P 0.83

34



@_’ Precision @ k

I MAP evaluates precision at all recall levels.

! In web search, top portion of a result set is more
Important.

! A natural alternative is to report at top-k
(e.g. top-10).
! Problem:

—!I'Not all queries will have more than k relevant results. So, even
a perfect system may score less than 1.0 for some queries.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 38



@_’ R-precision

© Dasdan, Tsio

I Allan (2005)

Use a variable result set cut-off for each query
based on number of its relevant results.

In this case, a perfect system can score 1.0 over all
gueries.

I Official evaluation metric of the TREC HARD track
I Highly correlated with MAP

utsiouliklis, Velipasaoglu, 2009.
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@_’ Mean reciprocal rank (MRR)

! Voorhees (1999)

I Reciprocal of the rank of the first relevant result
averaged over a population of queries

! Possible to define it for entities other than explicit
absolute relevance judgments (e.g. clicks - see
Implicit judgments later on)

#queries

MRR= - E

#queries
=1

1
rank(1* relevant result of query Q)

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

40



@_’ Graded Relevance

ol So far, the evaluation methods did not measure
satisfaction in the following aspects:

—! How useful were the results?

! Do documents have grades of usefulness in meeting an
information need?

—! How successful did the search engine handle the ambiguity
and the subjectivity of the query?

! |s the information need of the user clear in the query?
I Do different users mean different things with the same query?
! Can we cover these aspects by using graded
relevance judgments instead of binary?
—! very useful
—! somewhat useful
—! not useful

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@’ Precision-recall curves
[

! If we have grades of relevance, how can we modify
some of the binary relevance measures?

! Calculate Precision-Recall curves at each grade
level (JSrvelin and KekSISinen (2000))

! Informative but, too many curves to compare

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Discounted cumulative gain (DCG)

- — Gain proportional to

R : utility of result at rank r.
Gain(result@r
DCG =" ( )

r=1 lOgb (r+1) — Discount proportional to

effort to reach result at rank r.

ol JSrvelin and KekSISinen (2002)

! Gain adjustable for importance of different relevance
grades for user satisfaction

! Discounting desirable for web ranking
—! Most users don’t browse deep.
—! Search engines truncate the list of results returned.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



@_’ DCG example

! Galin for various grades
—!'Very useful (V): 3
—! Somewhat useful (S): 1
—! Not useful (N) : O
! E.g. Results ordered as VSN:
DCG = 3/log,(1+1) + 1/log ,(2+1) + O/log ,(3+1) = 2.63

! E.g. Results ordered as VNS:

DCG = 3/log ,(1+1) + O/log ,(2+1) + 1/log ,(3+1) = 2.50

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Normalized DCG (nDCG)

! DCG is yields unbounded scores. It is desirable for
the best possible result set to have a score of 1.

! For each query, divide the DCG by best attainable
DCG for that query.

.l E.g. VSN:

nDCG =2.63/2.63=1.00
! E.g. VNS:

nDCG =2.50/2.63 =0.95

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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Relevance Metrics:
Rank Based Evaluation
with
Explicit Preference
Judgments
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@_’ Kendall tau coefficient

preferences in
agreement

A-D
T =

hA-I-Dﬁ

! Based on counts of preferences

—! Preference judgments are cheaper and easier/cleaner than
absolute judgments.

—! But, may need to deal with circular preferences.
! Range in [-1,1]

Mt =1 when all in agreement

M Tt =-1 when all disagree

! Robust for incomplete judgments
—! Just use the known set of preferences.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Binary preference (bpref)

# of non-relevant docs
above relevant doc r,

1 # e N & A in the first R non-relevant
bpref = ‘E ?$ ( A+ D
r) R

For a query with R relevant
results

! Buckley and Voorhees (2004)

! Designed in particular for incomplete judgments
! Similar to some other relevance metrics (MAP)
! Can be generalized to graded judgments

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Bpref example

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

rank relevance numerator denominator summand
1 0
2 1 1 3 0.66
3 NA
4 1 1 3 0.66
5 NA
6 0
7 0
8 0
9 1 3 3 0
10 0
# relevant 3 bpref 0.44
# non-relevant 5
# unjudged 2

49



Generalization of bpref to graded
= judgments - rpref

! De Beer and Moens (2006)
! Graded relevance version of bpref

! Sakai (2007) gives a corrected version expressed in
terms of cumulative gain.

r=R
penalty(r
rprefrelative (R) CGide];ll(R) g(r)(l_ N ( ))

7

Cumulative gain / r>1g(r)>0
g(1) \

penalty(r) = 2 g(r) _ # of judged

/\ i<r,g(i)<g(r) g(”)N docs above r

Soft count of Relevance gain
out-of-order pairs of result at rank r

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



@ Practical system testing with
= |ncomplete judgments

I Comparing two search engines in practice
—! Scrape top-k result sets for a sample of queries

—I Calculate any of the metrics above for each engine and
compare using a statistical test (e.g. paired t-test)
! Need judgments
! Use existing judgments
! What to do if judgments missing
! Use a metric robust to missing judgments

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@ Comparing various metrics under
= |[ncomplete judgment scenario

! Sakai (2007) simulates incomplete judgments by sampling from
pooled judgments
—! Stratified sampling yields various levels of completeness from 100% to
10%.
! Then tests bpref, rpref, MAP, Q-measure, and normalized DCG
(nDCQG).
—!I Q-measure is similar to rpref (see Sakai (2007))

—! Since all but the first two are originally designed for complete judgments,
he tests two versions of them:

! one based on assuming results with missing judgments are non-relevant,

! and another computed on condensed lists by removing results with missing
judgments.

! nDCG with incomplete absolute judgments

—! As in average precision based measures, one can ignore the unjudged
documents when using normalized DCG.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.



Robustness of evaluation with

@-’ Incomplete judgments

© Dasdan, Tsiou

I Among the original methods only bpref and rpref

stay stable with increasing incompleteness.

NnDCG, Q and MAP computed on condensed lists
also perform well.

—! Furthermore, they have more discriminative power.

| Graded relevance metrics are more robust than

binary metrics for incompleteness.

I nDCG and Q-measure on condensed lists are the

best metrics.

tsiouliklis, Velipasaoglu, 2009.
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@’ Average precision based rank
= correlation

! Yilmaz, Aslam and Robertson (2008)

o/ Kendal tau rank correlation as a random variable

—! Pick a pair of items at random.
—! Define p: Return 1 if pair in same order in both lists, 0 otherwise.

A#D
— =p#(1# p)=2p#1
rp= =2

! Rank correlation based on average precision as a
random variable

—! Pick an item at random from the 15t list (other than the top item).
—! Pick another document at random above the current.

—! Define p’: Return the 1 if this pair is in the same relevance order
in the 2" [ist, O otherwise.

I Agreement on top of the list is rewarded.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009. 54



Relevance Metrics:
Rank Based Evaluation
with
Implicit Judgments
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@_’ Implicit judgments from clicks

! Explicit judgments are expensive.

! A search engine has lots of user interaction data

—! which results were viewed for a query, and
—! which of those received clicks.

! Can we obtain implicit judgments of satisfaction or
relevance from clicks?

—!I Clicks are highly biased.
oI presentation details (order of results, attractiveness of abstracts)
oI trust and other subtle aspects of user’s need

—! Not impossible - some innovative methods are emerging.
| Pros: Cheap, better model of ambiguity and subjectivity

! Cons: Noisy and retroactive. (May expose poor quality search
engines to live traffic.)

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Performance metrics from user logs

I Naeve way to utilize user interaction data is to
develop basic statistics from raw observations:
—! abandonment rate
—! reformulation rate
—! number of queries per session
—! clicks per query
—! mean reciprocal rank of clicked results
—! time to first or last click

| Intuitive but not clear how sensitive these metrics
are to what we want to measure

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@’ Implicit preference judgments
* from clicks

C>Aand C>B A>B
skip click
skip skip
click skip

! Joachims (2002)
! Radlinski and Joachims (2005)

! These are document level preference judgments
and have not been used in evaluation.
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@_’ Direct evaluation by clicks

I Randomly interleave two result sets to be compared.
—! Have the same number of links from top of each result set.

—! More clicks on links from one result set indicates preference.

! Balanced interleaving (Joachims (2003))
—!I Determine randomly which side goes first at the start.

—! Pick the next available result from the side that has the turn
while removing duplicates.

—! Caution: Biased when two result sets are nearly identical

! Team draft interleaving (Radlinski et. al. (2008))

—!I Determine randomly which side goes first at each round.

—! Pick the next available result from the side that has the turn
while removing duplicates.

| Effectively removes the rank bias, but not directly
applicable to evaluation of multi-page sessions.

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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9_’ Interleaving example

Engines to Balanced Team Draft Interleave
Comapre Interleave TDI example 1 TDI example 2
Rank A B A first B first | Captain| Team | Captain| Team
1 a b a b A a B b
b a B b A a
2 b e e A A
e B e B e
3 C a C B B
C A C A C
4 d f d f A d A d
f d B f B f
5 e g g B g A
g A B g
6 f h h B h A
h A B h
7 g k k B Kk B k
K A A
8 h C A B
B A
9 i d i B B
[ A [ A i
10 | [ | A | A |
i B B

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

60



@_’ Indirect evaluation by clicks

! Carterette and Jones (2007)
o/ Relevance as a multinomial random variable

P{R - gradg}

! Model absoj\l}ute judgments by clicks

pRIg.e)=| | p(r,

q.c)

i=1 R .|q,C N
0 AR89 S
p(R=gjlq.c) ~
! Expected DCG (incomplete judgments are OK)
N

E[R;]
log, i

E[DCGy]=E[R]+ Y
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@_’ Indirect evaluation by clicks (contOd)

I Comparing two search engines
E[" DCG|=E[DCG | # E[DCG]

Predict if difference is statistically significant
—!I use Monte Carlo

P(" DCG<0) # 0.95

! Can improve confidence by asking for labels where
R, ifrank(i) =1

Gi=1__ & o/

max (G |- EG¢] g, rank()
g 2

! Efficient but, effectiveness depends on the quality of
the relevance model obtained from the clicks.
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Relevance Metrics:
User Satisfaction
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@’ Relevance evaluation and
= User satisfaction
ol So far, focused on evaluation method rather than
the entity (i.e. user satisfaction) to be evaluated.

! Subtle and salient aspects of user satisfaction are
difficult for traditional relevance.
—! E.g. trust, expectation, patience, ambiguity, subjectivity

—! Explicit absolute or preference judgments are not very
successful in addressing all aspects at once.

—!I Implicit judgment models get one step closer to user
satisfaction by incorporating user feedback.

! The popular IR relevance metrics are not strongly
based on user tasks and experiences.

—! Turpin and Scholer (2006): precision based metrics such as
MAP fail to assess user satisfaction on tasks targeting recall.
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@_’ Modeling user satisfaction

Huffman and Hochster (2007)

Obtain explicit judgments of true satisfaction over a
sample of sessions or any other grain.

Develop a predictive model based on observable
statistics.

—! explicit absolute relevance judgments

—!I number of user actions in a session

—! query classification

| Carry out correlation analysis

Pros: More direct than many other evaluation metrics.

Cons: More exploratory than a usable metric at this stage.
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Relevance Metrics:
More Notes
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@’ Relevance through search system
* components

© { query;

@ ] - did result
crawl catalog|| ™ index selection (— ¢an llate sranking—| set
C doc list -

tier N
~_

! Relevance can explicitly be measured for each search system
component (Dasdan and Drome (2009)).

—!I Use set based evaluation for WWW, catalog, database tiers.

! Rank based evaluation can be used if sampled subset is ordered by explicit
judgments or by using order inferred from a downstream component.
—! Yields approximate upper bounds

—!I Use rank based evaluation for candidate documents and result set.

I Useful for quantifying and monitoring relevance gap
—! inter-system relevance gap by comparing different system stages
—! intra-system relevance gap by comparing against external benchmarks
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@_’ Where to find more

! Traditional relevance metrics have deep roots in
Information retrieval

—! Cranfield experiments (Cleverdon (1991))

—1 SMART (Salton (1991))

—! TREC (Voorhees and Harman (2005))
! Modern metrics addressing cost and noise by using

statistical inference in more advanced ways

! For more on relevance evaluation, see

—! Manning, Raghavan, and Schutze (2008)

—! Croft, Metzler, and Strohman (2009)
! For more on the user dimension, see

—! Baeza-Yates, and Ribeiro-Neto (1999)

—! Spink and Cole (2005)
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’ Example on coverage: Heard some
" Interesting news; decided to search

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago |
Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. agaregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

@finkd: Facebook CEO Mark Zuckerberg Joins Twitter - [SoftRatty] Latest Articles

all 12 blogs »
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Example on coverage: URL was not
* found

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago|
Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. aggregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNextWeb.com

@finkd: Facebook CEO Mark Zuckerberg Joins Twitter - [SoftRatty] Latest Articles

all 12 blogs »

Web | Images | Video | Local | Shopping | more «

http://www.onlinefandom.com/archives/blogs-vs-tw  Search Options w  Customize w

1 — . L

We did not find results for: http://www.onlinefandom.com/archives/blogs-vs-twitter-its-the-interactivity/.
Try the suggestions below or type a new query above.
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Example on coverage: But content
* was found under different URLs

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago |
Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.

Exposed. Mark zuckerberg's public twitter account.. aggregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

PR N g = e P TN £9 0

all]

af—

Web | Images | Video | Local | Shopping | more «

Web
http:|

We d
Try th

zuckerberg tweeting Search Options v Customize

Try before you buy? Zuckerberg has a public Twitter account - Twitter ...
Zuckerberg has a public Twitter account - Facebook chief executive Mark ... Eldon reported that
Zuckerberg has been tweeting publicly under the nickname ...
techblips.dailyradar.com/story/try before you buy zuckerberg has a ...- Cached

BUSTED: Mark Zuckerberg's Secret Twitter Account Blows Up

Mark gets 500 (and counting) new followers overnight after his (possibly) new, ... Eldon reported that
Zuckerberg has been tweeting publicly under the nickname ...
businessinsider.com/busted-mark-zuckerbergs-secret-twitter-account-... - 58k - Cached

tivity/.
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Example on coverage: URL was
= also found after some time

Zuckerberg Tweeting About the Future of Facebook @finkd
Inside Facebook -(31 minutes ago |

Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. aggregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM
Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

. L | — [ ] PN ol N W 1 — 'l . — 4L 1 Lo 4L

:)"' Web | Images | Video | Local | Shopping | more «
— | http://iwww.insidefacebook.com/2009/03/08/zuckerb Search Options v  Customize v
.

Zuckerberg Tweeting About the Future of Facebook @finkd

Facebook and Twitter may have held unsuccessful acquisition talks a few months ... Just this morning,
Zuckerberg tweeted that he is "looking forward to when people ...

insidefacebook.com/2009/03/08/zuckerberg-tweeting-about-the-future-... - Cached
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@_’ Definitions for coverage

! Coverage refers to presence of
content of interest in a catalog.

! Coverage ratio

—ldefined as the ratio of the number of
documents (pages) found to the number of
documents (pages) tested

—1Can be represented as a distribution when
many document attributes are considered
together
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@ Some background:
* Shingling and Jaccard Index

Doc=(abcde)(5terms)
2-grams: (ab,bc,cd,de)

Shingles for 2-grams (after hashing them): 10, 3, 7, 16
Min shingle: 3 (used as a signature of Doc)

Docl=(abcde) / / /
Doc2 = (aefqg) //////

Docl( \Doc2 = (a €)
Docl | JDoc2=(abcdefg)

Jaccard index = |Docl ﬂ)oc2| / |IDocl |(Doc2|
=2/7"!30%
(Shingling estimates this index.)
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@.’ How to measure coverage

! Given an input document with its URL
! Query by URL (QBU)
—!I enter URL at the target search engine’s query interface

—! if the URL is not found, then iterate using “normalized” forms of
the same URL

! Query by content (QBC)
—!I'if URL is not given or URL search has failed, then perform this
search

—1 generate a set of queries (called strong queries ) from the
document

—!I submit the queries to the target search engine’s query interface
—! combine the returned results

—! perform a more thorough similarity check between the returned
documents and the input document

! Compute coverage ratio over multiple documents
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9.’ Query-by-Content flowchart

[ Crawl Page

- — — — —— —— ——— ————— — — — — —— —— ——— ————— ——— - — - ————

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

Web page with URL

Content Search |

1. Generate Signature String signature: Terms from page

Strings combined into queries

2. Make Strong Query

Search results extraction

3. Scrape SEs

4. Compare Signatures Similarity check using shingles

Web page or copy found/not found
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@’ Query by content:
* How to generate queries

! Select sequences of terms randomly
—! find the document’s shingles signature
—! find the corresponding sequences of terms

—! This method can produce the same query signature for the
same document, as opposed to the method of just selecting
random sequences of terms from the document.

! Select sequences of terms by frequency
—! terms with the lowest frequency or highest TF-IDF

| Select sequences of terms by position
—! +/- two terms at every 5" term

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.
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@_’ Further iIssues to consider

| URL normalization
—! see Dasgupta, Kumar, and Sasturkar (2008)

| Page templates and ads
—! or how to avoid undesired matches

ol Search for non-textual content

—! images, mathematical formulas, tables and other similar
structures

! Definition of content similarity
ol Syntactic vs. semantic match

! How to balance coverage against other
objectives
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@_’ Key problems

| Measure web growth in general and
along any dimension

I Compare search engines
automatically and reliably

! Improve content-based search,
iIncluding semantic-similarity search

! Improve copy detection methods for
guality and performance, including
URL based copy detection
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@’ Reference review on coverage
"  metrics

el Luhn (1957)
—! summarizes an input document by selecting terms or sentences
by frequency

—! Bharat and Broder (1998) discovered the same method
independently for a different purpose

! Bar-Yossef and Gurevich (2008)

—! introduces improved methods to randomly sample pages from a
search engine’s index using its public query interface, a
problem introduced by Bharat and Broder (1998)

! Dasdan et al. (2008), Pereira and Ziviani (2004)

—! represents an input document by selecting (sequences of)
terms randomly or by frequency

—! uses the term-based document signature as queries (called
strong queries) for similarity search

—! Yang et al. (2009) proposes similar methods for blog search
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@_’ Example on diversity: Long query

Some banks should be allowed to fail, say two top Republicans

( Search )

Every result is about the same news.

© Dasdan, Tsioutsiouliklis, Velipasaog

Web News

News results for Some banks should be allowed to fail, say two top Republicans

5 GOP Senators Say Some Big Banks Can Be Allowed to Fail - 2 hours ago
Q/ “We should give it some time to work," Peter Orszag, director of the Office of
Management ... Senate Republicans joined with two Democrats late Thursday to ...
New York Times - 28 related articles

Top Republicans say banks should be allowed to fail ...

Mar 8, 2009 ... Top Republicans say banks should be allowed to fail. ... NEW YORK: John
McCain and Richard Shelby, two high-profile Republican senators, said Sunday that the ...
"We should give it some time to work,” Peter Orszag, ...
www.iht.com/articles/2009/03/08/business/shelby.php - 2 hours ago - Similar pages

CNN Political Ticker: All politics, all the time Blog Archive ...

Some banks should be allowed to fail, say two top Republicans. Posted: 01:00 PM ET.
‘We bury the small banks -- we've got to bury some big ...
politicalticker.blogs.cnn.com/2009/03/08/some-banks-should-be-allowed-to-fail-say-
two-top-republicans/ - 3 hours ago - Similar pages

Political Ticker | Some banks should be allowed to fail, say two ...
Some banks should be allowed to fail, say two top Republicans - Read original post.
Posted on 8 March 2009 , 1:00 pm. "We bury the small banks — we've got ...
apps.facebook.com/politicalticker/'some-banks-should-be-allowed-to-fail-say-two-top-
republicans/43006/ - 2 hours ago - Similar p

G.0O.P. Senators Say Some Big Banks Can Be Allowed to Fail ...

G.O.P. Senators Say Some Big Banks Can Be Allowed to Fail ... on Sunday that the
government should allow a number of the biggest American banks to fail. ... Senate
Republicans joined with two Democrats late Thursday to ... “| Twitter the top 10 pork barrel
projects,” he added, a reference to the messaging service. ...
www.nytimes.com/2009/03/09/us/politics/08talkshows.html?hp - Similar pages

US should let some big banks fail - Republicans - MashGet

Top Republicans say tough decisions will reassure market .... (Reuters) -- The United States
should let some big troubled banks fail rather than commit more federal funds to prop them
up, two key congressional Republicans said Sunday. ...
www.mashget.com/us/2009/03/08/us-should-let-some-big-banks-fail-republicans/ - 4 hours
ago - Similar pages

UPDATE 1-U.S. should let some big banks fail - Republicans | Deals ...
Mar 8, 2009 ... Top Republicans say tough decisions will reassure market * Top Democrat ...
The United States should let some big troubled banks fail rather than ... to prop them up, two
key congressional Republicans said on Sunday. ...
www.reuters.com/article/governmentFilingsNews/idUSN0837675420090308 - 4 hours ago -

Q or
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@_’ Example on diversity: Long query

More diverse

© Dasdan, Tsioutsiouliklis, Velipasa
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Some banks should be allowed to fail, say two top|  Search | options v  Customize v

Two U.S. banks fail, first casualties in 2009 - Say Anything: Reader Blogs

Poorly run businesses should be allowed to fail if they cannot compete. ... Redefining the term Over
the Top (Gene) Rush Interviews Ann Coulter (robert108) ...
sayanythingblog.com/.../two_us_banks_fail_first_casualties_in_2009 - 58k - Cached

We Need Lots Of Small Banks, Not A Few Banks So Huge They Cannot Be ...

... Need Lots Of Small Banks, Not A Few Banks So Huge They Cannot Be Allowed To Fail

... in two small banks, both were "merged" or taken over by bigger banks. ...
sayanythingblog.com/entry/we_need lots_of small_banks _not_a few banks_so_huge they cannot_be... -

Why More US Banks Aren't Being Allowed to Fail | NBC Chicago

At the same time, they say some officials may be on the verge of a turning point ... Departmenta€™'s
decision to start using stress tests on the top 20 banks may be a ...
nbcchicago.com/.../\Why_More_US_Banks_Aren_t_Being_Allowed_to_Fail.html - 93k - Cached

Rasmussen Reports™: The Most Comprehensive Public Opinion Data Anywhere
... virtually identical to a survey earlier this month despite two weeks of ... adults and 22% of
Republicans say some banks are too big to be allowed to fail. ...
rasmussenreports.com/public_content/business/general_business/... - Cached

Graham explains stance on banks - Business - The State

Lindsey Graham, a Republican senator from South Carolina, stepped out this week to advocate
government takeovers of ... banks can't be allowed to fail? Is ...
www.thestate.com/business/story/691433.html - 58k - Cached

Newsvine - banks

| want Obama to fail," he said, "not the country. ... March 5 (Reuters) - U.S. credit unions should be
allowed to lend more to small ...

www.newsvine.com/banks - 110k - Cached

Before the Vote, What Did They Say - Financials * US * News * Story ...

Two German federal states have agreed to a $3.8 billion ... Are Any Bank Stocks Safe For Investors to
Buy Yet? Why More US Banks Aren't Being Allowed to Fail ...

www.cnbc.com/id/26945419 - 106k - Cached

Dinocrat " Blog Archive " Some insight into a way of thinking?

There are two countries who have gone through some big financial crises over the ... that no
systemically important financial institution will be allowed to fail. ...
dinocrat.com/archives/2009/02/22/some-insight-into-a-way-of-thinking - Cached

"No Bailouts," So You Say Mr. Paulson?

... to effectively constrain risk, financial institutions must be allowed to fail," he said. ... | say let all of
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’ Example on diversity: Ambiguous
guery [stanford]

See http://en.wikipedia.org/wiki/Stanford_(disambiguation)

© Dasdan, Tsioutsiouliklis, Velipasaoglu,
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stanford Search Options w  Customize v

Also try: stanford university, stanford hospital, More...

Stanford - News Results

2 Stanford women beat Arizona St.. clinch Pac-10 San Francisco Chronicle - Mar 07 04:590n
==} stanford women wrap up Pac-10 title San Jose Mercury News - Mar 07 0 09pn

E ] Stanford hands Texas first loss of season Austin American-Statesman - 7 hours ag

Yahoo! Shortcut - About

Stanford University
Official site includes information about the academic programs, research, admissions, medical center,
athletics, student life, and more.

www.stanford.edu - Cached
Highwire Press Schools
Athletics News
Slac Cantor Center
On ltunes U Medical Center

more results from stanford.edu

Stanford University's Official Athletic Site

Stanford University's Official Athletic Site, partner of CSTV Networks, Inc. ... Junior Carmen Stellar of
the Stanford women's swimming and diving team has been ...

www.gostanford.com - 247k - Cached

Stanford University - Wikipedia, the free encyclopedia
History | Campus | Administration and organization | Academics
Stanford was founded in 1885 by former California governor and senator
Leland ... The ruins of Stanford Library after the 1906 San Francisco
earthquake ...

en.wikipedia.org/wiki/Stanford_University - 274k - Cached

Stanford's

From appetizer to dessert Stanford's is your gathering place. Relax in Stanford's warm interior and
club-like ambiance with exceptional food ...

www.stanfords.com - Cached

Stanford News

... extraordinary Stanford scholarship ... Josh Archibald-Seiffler, Stanford Class of 2010. Rachel
Antonsen, History, ... Stanford researcher uses cell phones ...

news.stanford.edu - Cachec

Stanford University School of Medlcme
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’ Example on diversity: Ambiguous
" query [stanford]

Web | Images | Video | Local | Shopping | more +

stanford Search Options w  Customize v

v

Also try: stanford university, stanford hospital, More...

Stanford - News Results
2 Stanford women beat Arizona St., clinch Pac-10 San Francisco Chronicle - Mar 07 04:590n
/I==§ stanford women wrap up Pac-10 title San Jose Mercury News - Mar 07 03:09pn

n—_lj—zl Stanford hands Texas first loss of season Austin American-Statesman - 7 hours ag

mbiguation)

School Website
District # 12 - 104 4th Ave. South, Stanford, MT 59479, (406) 566-2265 FAX (406) 566-2772 ...

Stanford Public Schools serves approximately 110 students in ...
stanford.k12.mt.us - Cached

Slac Cantor Center
On ltunes U Medical Center

Jwiki/S

more results from stanford.edu

Stanford, Kentucky : Fire Department
Official city web site. Includes history, ordinances, tourism, administration, and events.

www.stanford-ky.com - Cached

[ History Campus Adminisiration and organization Academics

Q Stanford was founded in 1885 by former California governor and senator

== Leland ... The ruins of Stanford Library after the 1906 San Francisco

g' earthquake ...

= en.wikipedia.org/wiki/Stanford_University - 274k - Cached

(¢}

% Stanford's
From appetizer to dessert Stanford's is your gathering place. Relax in Stanford's warm interior and
club-like ambiance with exceptional food ...
www.stanfords.com - Cached

. o . Stanford News
© Dasdan, Tsioutsiouliklis, Velipasaoglu, | extraordinary Stanford scholarship ... Josh Archibald-Seiffler, Stanford Class of 2010. Rachel

Antonsen, History, ... Stanford researcher uses cell phones ...
news.stanford.edu - Cached
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@_’ Definitions for diversity

ol Diversity
—Irelated to the breadth of the content

—lalso related to the quantification of “concepts” in
a set of documents, or the quantification of query
disambiguation or query intent

! Closely tied to relevance and
redundancy

—! excluding near-duplicate results

I May have implications for search
engine interfaces too

—le.q., clustered or faceted presentations
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@_’ How to measure diversity

| Method #1:

—! get editorial judgments as to the degree of diversity in a catalog

| Method #2:

—! use the number of the content or source types for the
documents in a catalog

—! find the set of concepts in a catalog and measure diversity
based on their relationships

! e.g., cluster using document similarity and assign a
concept to each cluster

! Method #3: (with a given relevance metric)
—! iterate over each intent of the input query
—! consider sets of documents relevant to each intent

—!I weight the given relevance metric by the probability of each
intent
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9_’ How to measure diversity: Example

Web | Images | Video | Local | Shopping | more «
stanford Search i - -
v

Also try: stanford university, stanford hospital, More...

Stanford - News Results
2l Stanford women beat Arizona St., clinch Pac-10

?‘ Stanford women wrap up Pac-10 title
- = | Stanford hands Texas first loss of season

Yahoo! Shortcut -

Stanford University

Official site includes information about the academic programs, research, admissions, medical center,
athletics, student life, and more.

www.stanford.edu -

Highwire Press Schools
Athletics News

Slac Cantor Center
On ltunes U Medical Center

Stanford University's Official Athletic Site

Stanford University's Official Athletic Site, partner of CSTV Networks, Inc. ... Junior Carmen Stellar of
the Stanford women's swimming and diving team has been ...

www.gostanford.com - -

Stanford University - Wikipedia, the free encyclopedia
History | Campus | Adr 3
Stanford was founded in 1885 by former California governor and senator
Leland ... The ruins of Stanford Library after the 1906 San Francisco
earthquake ...

en.wikipedia.org/wiki/Stanford_University -

Academics

Administration and organizatior

Stanford's

From appetizer to dessert Stanford's is your gathering place. Relax in Stanford's warm interior and
club-like ambiance with exceptional food ...

www.stanfords.com -

Stanford News

... extraordinary Stanford scholarship ... Josh Archibald-Seiffler, Stanford Class of 2010. Rachel
Antonsen, History, ... Stanford researcher uses cell phones ...

news.stanford.edu -

Stanford University School of Medicine

Coambassd Ahadisdma AAamaminss 4 N 4 Palics © PDacnsacson s OAadAasced

OtambandlPDarkrand Mantar S

*ITypes: News, organic, rich, ads
«ISources for 10 organic results:
!4 domains
*'Themes for organic results:
*16 for Stanford University related
«11 for Stanfords restaurant related
«!1 for Stanford, MT related
-11 for Stanford, KY related
!Detailed themes for organic results:
«12 for general Stanford U. intro
«11 for Stanford athletics
«11 for Stanford medical school
«11 for Stanford business school
«!1 for Stanford news
+I1 for Stanford green buildings
«11 for Stanfords restaurant
*11 for Stanford, MT high school
«11 for Stanford, KY fire department
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@_’ Further iIssues to consider

ol Categorization and similarity
methods

—Ifor documents, queries, sites
| Presentation issues

—Isingle page, clusters, facets, term cloud
| Summarizing diversity

| How to balance diversity against
other objectives

—Idiversity vs. relevance in particular
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@_’ Key problems

IMeasure and summarize
diversity better

IMeasure tradeoffs between
diversity and relevance better

/Determine the best
presentation of diversity
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J Reference review on diversity
" metrics

! Goldstein and Carbonell (1998)

—! defines maximizal marginal relevance as a parameterized linear combination of novelty and
relevance

I novelty: measured via the similarity among documents (to avoid redundancy)
| relevance: measured via the similarity between documents and the query

! Jain, Sarda, and Haritsa (2003); Chen and Karger (2006); Joachims et al. (2008);
and Swaminathan et al. (2008)
—! iteratively expand a document set to maximize marginal gain
—! each time add a new relevant document that is least similar to the existing set
—!I' Joachims et al. (2008) address the learning aspect.
I Radlinski and Dumais (2006)
-1 diversifies search results using relevant results to the input query and queries related to it
I Agrawal et al. (2009)
-1 diversifies search results using a taxonomy for classifying queries and documents
—! also reviews diversity metrics and proposes new ones
! Gollapudi and Sharma (2009)

—! proposes an axiomatization of result diversification (similar to similar recent efforts for ranking
and clustering) and proves the impossibility of satisfying all properties

—! enumerates a set of diversification functions satisfying different subsets of properties

! Metrics to measure diversity of a given set of results are proposed by Chen and
Karger (2006), Clarke et al. (2008), and Agrawal et al. (2009).
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Discovery and Latency
Metrics

PART IV

of
WWWOO09 Tutorial on Web Search Engine Metrics

by
A. Dasdan, K. Tsioutsiouliklis , E. Velipasaoglu
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Example on discovery: Page was
=  pborn ~30 minutes before

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago)
Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. agaregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

@finkd: Facebook CEO Mark Zuckerberg Joins Twitter - [SoftRatty] Latest Articles

all 12 blogs »
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J Example on discovery: URL of page
* was not found

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago|
Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. aggregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNextWeb.com

@finkd: Facebook CEO Mark Zuckerberg Joins Twitter - [SoftRatty] Latest Articles

all 12 blogs »

Web | Images | Video | Local | Shopping | more «

http://www.onlinefandom.com/archives/blogs-vs-tw  Search J Options w  Customize w

We did not find results for: http://www.onlinefandom.com/archives/blogs-vs-twitter-its-the-interactivity/.
Try the suggestions below or type a new query above.
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=  existed under different URLsS

Example on discovery: But content

Zuckerberg Tweeting About the Future of Facebook @finkd

Inside Facebook -(31 minutes ago)

Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.

Exposed. Mark zuckerberg's public twitter account.. agaregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM

Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

@‘ 1.0, ™ | 1. £ AA 1. "» ] aake | - - o iak IS L2023 V) 4 L A ]

Web Images | Video  Local | Shopping | more -

all

zuckerberg tweeting Search Options w

Try before you buy? Zuckerberqg has a public Twitter account - Twitter ...

Zuckerberg has been tweeting publicly under the nickname ...

BUSTED: Mark Zuckerberqg's Secret Twitter Account Blows Up

Zuckerberg has been tweeting publicly under the nickname ...

Zuckerberg has a public Twitter account - Facebook chief executive Mark ... Eldon reported that

techblips.dailyradar.com/story/try before you buy zuckerberg has a ...- Cachec

Mark gets 500 (and counting) new followers overnight after his (possibly) new, ... Eldon reported that

businessinsider.com/busted-mark-zuckerbergs-secret-twitter-account-... - 58k - Cachec
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= also found after ~1 hr

Example on discovery: URL was

Zuckerberg Tweeting About the Future of Facebook @finkd
Inside Facebook -(31 minutes ago |

Facebook and Twitter may have held unsuccessful acquisition talks a few months ago,
but that hasn't stopped Facebook CEO Mark Zuckerberg from using Twitter himself.
Exposed. Mark zuckerberg's public twitter account.. aggregated from
thenextweb.Com... (European Startups / TechNews AM) - TechNews AM
Exposed. Mark Zuckerberg's Public Twitter Account. - TheNext\Web.com

. L | — [ ] PN ol N W 1 — 'l . — 4L 1 Lo 4L

Zuckerberg Tweeting About the Future of Facebook @finkd

Zuckerberg tweeted that he is "looking forward to when people ...

insidefacebook.com/2009/03/08/zuckerberg-tweeting-about-the-future-... - Cached

:)"' Web | Images | Video | Local | Shopping | more «
— | http://iwww.insidefacebook.com/2009/03/08/zuckerb Search Options v  Customize v
.

Facebook and Twitter may have held unsuccessful acquisition talks a few months ... Just this morning,
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@_’ Life of a URL

AGE
|< >
I< LATENCY
BORN DISCOVERED NOW EXPIRED
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> TIME

102



@_’ Lives of many URLs

AGE
|< >
|< Y > TIME
LATENCY
BORN DISCOVERED NOW EXPIRED

,F LATENCY 4

,FLATENCY4
,F LATENCY ;I
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@’ How to measure discovery and
" |atency

! Consider a sample of new pages on the Web
—! Feeds at regular intervals
—! Each sample monitored for a period (e.g., 15 days)

ol User view

—! Discovery: Measure how many of these new pages are in
the search results?
I Using the coverage ratio formula

—! Latency: Measure how long it took to get these new pages
in the search results?
| System view
—! Discovery: Measure how many of these new pages are in a
catalog?

—! Latency: Measure how long it took to get these new pages
in a catalog?
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Discovery profile of a search
engine component: Overview

Convergence
o g ~ No expiration yet
Vh peccccccccccccas ; A
P Y A S
9

...................................

; - v

/C : : L s Content expired
/’ o

Time to reach a certain coverage percentage

Other behaviors

Over many URLS, per search engine component
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J Discovery profiles and monitoring:
* Examples

168 T T T T T T T T 168

i 1 1 1 —~{=a___ } - } ___&L
SBJL__ : 1 T T T

40

DISCOVERY RATE (%)
‘ g I
! L

DISCOVERY RATE (%)

CRAHLER —}— uszul;::i:T—H;(E— INDEX =~ CRAHLER —}— HEB GR::IE—)(— INDEX =¥~
Profiles il I N — A Monitoring
% SO 4 N , of
' profile
| parameters
’ ta t; t ty ’
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9’ Latency profiles of a search engine
*" component: Overview

Close to zero for crawlers € Desired skewness direction

% DOCUMENTS

LATENCY

Over many URLS, per search engine component
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g’ Latency profiles and monitoring:
* Examples

1608 T T T T T T T T 7

DOCUHMENT COVERAGE (%)
AVERAGE LATENCY

i i
2 4 6 8 16 12
LATENCY TIHE

CRAHLER —}— WEB GRAPH —)€— INDEX =i~ CRAHLER =} HEB GRAPH =€~ INDEX —Ji—

Profiles Monitoring
of
profile
parameters

% DOCUMENTS

LATENCY
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@_’ Further iIssues to consider

| How to discover samples to measure
discovery and latency

! How to beat crawlers to acquire
samples

! Discovery of top-level pages
I Discovery of deep links
I Discovery of hidden web content

! How to balance discovery against
other objectives
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@_’ Key problems

| Predict content changes on the Web

| DiIscover new content almost
Instantaneously

! Reduce latency per search engine
component and overall
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@’ Reference review on discovery
n

metrics

Cho, Garcia-Molina, & Page (1998)
—! discusses how to order URL accesses based on importance
scores

! importance: PageRank (best), link count, similarity to query in
anchortext or URL string, attributes of URL string.

Dasgupta et al. (2007)

—! formulates the problem of discoverability (discover new content
from the fewest number of known pages) and proposes
approximation algorithms

Kim and Kang (2007)

—! compares top three search engines for discovery (called
“timeliness”), freshness, and latency

Lewandowski (2008)
—!I compares top three search engines for freshness and latency

Dasdan and Drome (2009)

—! proposes discovery metrics along the lines discussed in this
section
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Freshness Metrics
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J Example on freshness: Stale
* abstract in Search Results Page

Web Images | Video  Local | Shopping | more -

john yoo Search Options v  Customize w

Also try: john yoo berkeley, john yoo memo, john yoo wikipedia, More...

John Yoo - Wikipedia, the free encyclopedia
Biography | Scholarly work | Legal opinions | Works
John Choon Yoo is an American professor of Law at the Boalt Hall School of Law, University of |
California, Berkeley, known for his work from 2001 to 2003 in the United States Justice
Department's Office of Legal Counsel, assisting the Attorney General in his function as...
en.wikipedia.org/wiki/lJohn_Yoo - 86k - Cached
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Example on freshness: Actual page
content

Web Images | Video  Local | Shopping | more -

john yoo

Search Options = oustomize -

Also try: john yoo berkeley, john yoo memo, john yoo wikipedia, More...

John Yoo

- Wikipedia, the free encyclopedia

Biography

Scholarly work Leqgal opinions Works

John Choon Yoo is an American professor of Law at the Boalt Hall School of Law, University of |

California, Berkeley, known for his work from 2001 to 2003 in the United States Justice

Department's Office of Legal Counsel, assisting the Attorney General in his function as...
en.wikipedia.org/wiki’lJohn_Yoo - 86k - Cached

http://en.wikipedia.org/wiki/John_Yoo:

John Choon Yoo (born 1967 in Seoulm[z]) is an American visiting professor of Law at the

Chapman University School of Law in

Orange County, CA.

He is known for his work from 2001 to 2003 in the United States Justice Department's Office of Legal

agencies.

Yoo is on leave from

where his post-torture presence has stirred substantial opposition.
— © Dasdan, Tsioutsiouliklis, Velipasaogiu, Z009.

Counsel,® assisting the Attorney General in his function as legal advisor to President Bush and all the executive branch

the University of California, Berkeley School of Law, where he taught before his government service, and

(4]




’ Example on freshness: Fresh
* abstract now

Web Images | Video  Local | Shopping | more -

john yoo Search Options v  Customize w

Also try: john yoo berkeley, john yoo memo, john yoo wikipedia, More...

John Yoo - Wikipedia, the free encyclopedia

Biography | Scholarly work | Legal opinions | Works

John Choon Yoo is an American professor of Law at the Boalt Hall School of Law, University of |
California, Berkeley, known for his work from 2001 to 2003 in the United States Justice
Department's Office of Legal Counsel, assisting the Attorney General in his function as...
en.wikipedia.org/wiki/lJohn_Yoo - 86k - Cached

John Yoo - Wikipedia, the free encyclopedia
Biography Scholarly work Leqgal opinions Works

John Choon Yoo is an American visiting professor of Law at the|Chapman University School of

Law in Orange County, CA.|He is known for his work from 2001 to 2003 in the United States
Justice Department's Office of Legal Counsel, assisting the Attorney General in his...
en.wikipedia.org/wiki/lJohn_ Yoo - 112k - Cached

© Dasdan, Tsioutsiouliklis, Velipasaoglu, 2009.

114



@_’ Definitions illustrated for a page

> TIME

A A T 'T‘ A

MODIFIED MODIFIED

CRAWLED INDEXED CLICKED
<€ >
AGE=3
Last sync Page is up-to-date or fresh until time 3.

(Dasdan and Huynh, WWW’09)
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@_’ Definitions illustrated for a page

> TIME

A A T T A
MODIFIED MODIFIED
CRAWLED INDEXED CLICKED

FRESHNESS

TIME

(Dasdan and Huynh, WWW’09)
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@_’ Freshness and age of a page

! The freshness F(p,t) of a local page p
attime tis
—11 if p is up-to-date at time ¢
—10 otherwise

! The age A(p,t) of a local page p at
time tis
—10 if p is up-to-date at time ¢
—It-t .4 otherwise, where t_ . is the time of

the first modification after the last sync of p.
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@_’ Freshness and age of a catalog

! S: catalog of documents
| S.: catalog of clicked documents
! Basic freshness and age

‘S’ZF]% S,t) = ﬁzfl(p,t)

peES peES
o Unwelghted freshness and age .
“! pes. “l pes.,

! Weighted freshness and age (c(): #clicks)
ZpGSC F(pa t)C(p, t) ZpESC A(p7 t)C(p, t)

F,(S¢,t) = ; Aw(Se,t) =

ZPESC C(pa t) ZpESC C(p7 t)
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@_’ How to measure freshness

! Find the true refresh history of each page
In the sample

—INeeds independent crawling

I Compare with the history in the search
engine

! Determine freshness and age
—! basic form: averaged over all documents in the catalog

| Consider clicked or viewed documents

—! unweighted form: averaged over all clicked or viewed
documents in the catalog

—!I weighted form: unweighted form weighted with #clicks or
#views (or any other weight function)
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@’ How to measure freshness:
* Example

168

FRESHNESS (%)

95

50
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@_’ Further iIssues to consider

Sampling pages

—! random, from DMOZ, revisited, popular
Classifying pages

—! topical, importance, change period, refresh period
Refresh period for monitoring

—! daily, hourly, minutely

Measuring change

—! hashing (MD5, Broder’s shingles, Charikar's SimHash),
Jaccard’s index, Dice coefficient, word frequency distribution
similarity, structural similarity via DOM trees

*l note: Jaccard index = |A N B|/|A U B|; Dice coefficient = 2|A N B|/(|A| + | B|)
What is change?
—! content, “information”, structure, status, links, features, ads
How to balance freshness against other objectives
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@_’ Key problems

| Measure the evaluation of the
content on the Web

I Design refresh policies to adapt to
the changes on the Web

! Reduce latency from discovery to
serving

ol Improve freshness metrics
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J Reference review on web page

@' change patterns

Cho & Garcia-Molina (2000): Crawled 720K pages once a day
for 4 months.

Ntoulas , Cho, & Olston (2004): Crawled 150 sites once a week
for a year.
—! found: most pages didn’'t change; changes were minor; freq of change

couldn’t predict degree of change but degree of change could predict future
degree of change;

Fetterly , Manasse, Najork , & Wiener (2003): Crawled 150M
pages once a week for 11 weeks.
—! found: past change could predict future change; page length & top level
domain name were correlated with change;
Olston & Panday (2008): Crawled 10K random pages and 10K
pages sampled from DMOZ every two days for several months.
—! found: moderate correlation between change frequency and information
longevity
Adar, Teevan, Dumais, & Elsas (2009): Crawled 55K revisited
pages (sub)hourly for 5 weeks.
—! found: higher change rates compared to random pages; large portions of

pages changing more than hourly; focus on pages with important static or
dynamic content;
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Reference review on predicting

@' refresh rates

! Grimes, Ford & Tassone (2008)

—!1 determines optimal crawl rates under a set of scenarios:
I while doing estimation; while fairly sure of the estimate;
! when crawls are expensive, and when they are cheap;

! Matloff (2005)

—I derives estimators similar to Cho & Garcia-Molina but lower
variance (and with improved theory)

—! also derives estimators for non-Poisson case

—! finds that Poisson model is not very good for its data
! but the estimators seem accurate (bias around 10%)

! Singh (2007)

—! non-homogeneous Poisson, localized windows, piecewise,
Weibull, experimental evaluation

! No work seems to consider non-periodical case.
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@’ Reference review on freshness
[

metrics

! Cho & Garcia-Molina (2003)

freshness & age of one page
average/expected freshness & age of one page & corpus
freshness & age wrt Poisson model of change

weighted freshness & age
sync policies
! uniform (better): all pages at the same rate
! nonuniform: rates proportionally to change rates
sync order
! fixed order (better), random order
to improve freshness, penalize pages that change too often

to improve age, sync proportionally to freq but uniform is not far from
optimal

! Han et al. (2004) and Dasdan and Huynh (2009) add user
perspective with weights.

! Lewandowski (2008) and Kim and Kang (2007) compare top
three search engines for freshness.
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