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Probabilistic IR topics

1. Classical probabilistic retrieval model
* Probability ranking principle, etc.
* Binary independence model (= Naive Bayes text cat)
« (Okapi) BM25

2. Bayesian networks for text retrieval
3. Language model approach to IR
* Animportant development

* Probabilistic methods are one of the oldest but also one of the currently hot topics in IR
« Traditionally: neat ideas, but didn't win on performance
+ Itseems to be different now
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Why probabilities in IR? @
T

Understanding
of user need is
uncertain

Uncertain guess of
Documents  HEEp whether document has
relevant content

+ Intraditional IR systems, matching between each document and query is attempted in a semantically

imprecise space of index terms
- Probabilities provide a principled foundation for uncertain reasoning.
+ Can we use probabilities to quantify our search uncertainties?

The document ranking problem
R

We have a collection of documents

User issues a query

Alist of documents needs to be returned

Ranking method is the core of modern IR systems:

© Inwhat order do we present documents to the user?

© We want the “best” document to be first, second best second, etc.

Idea: Rank by probability of relevance of the document w.r.t. information need
© P(R=1|document;, query)
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The Probability Ranking Principle (PRP)

* The probabilistic model

o Tries to estimate the probability that a document will be relevant to a user query
o Assumes that this probability depends on the query and document representations
only
o The ideal answer set, referred to as R, should maximize the probability of relevance
* But,
© How to compute these probabilities?

© What is the sample space?

Probabilistic Retrieval Strategy

* First, estimate how each term contributes to relevance

© How do other things like term frequency and document length influence your judgments about
document relevance?
> Notatallin BIM
> Amore nuanced answer is given by BMzs

+ Combine to find document relevance probability

* Order documents by decreasing probability

* Theorem: Using the PRP is optimal, in that it minimizes the loss (Bayes risk) under 1/o
loss

o Provable if all probabilities correct, etc. [e.g., Ripley 1996]
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Recall a few probability basics
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+ Forevents Aand B:

* Theorem of Total Probability
© Letd,,0; 0, beaset of mutually exclusive events i, 6
8, = 0)and x isthe union of N mutually exclusive events, then:

P(4,B) = p(ANB) = p(AIB)p(B) = p(BlA)p(4)

. Bayes Theorem I #06) = 3 pGelop(e)

Joint  probability
Posterior
probability _é1

probability

+ By substitution we get

PO pGIOPO)
PO = S ST TP )
+ 0dds:

Prioe
bl
probbiiy pA) P

R e
.
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The Probability Ranking Principle (PRP)

Let d represent a document in the collection

Let R represent relevance of a document w.r.t. given (fixed) query and let R = 1 represent
relevant and R = 1 not relevant
Need to find p(R = 1|d) — probability that a document d is relevant

— _ PWIR=Dp(R=1)
p(R=1ld) — P(R = 1), p(R = 0) - prior probability of retrieving a relevant
or non-refevant document at random

PR =0ld) = P(dIR:O)P(R‘D)

p(d|R = 1), p(d|R =0)- probab\htythat if a relevant (not
relevant) document is retrieved, it is d

p(R=0ld) +p(R = lld) =1

Binary Independence Model

Traditionally used in conjunction with PRP

“Binary” = Boolean: documents are represented as binary incidence vectors of terms:
od = (ty,,tn)

o t;iff termiis presentin document d

“Independence”: terms occur in documents independently

« Different documents can be modeled as the same vector

12
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Binary Independence Model

* Queries: binary term incidence vectors

« Given query g,
o for each document d need to compute p(R|g,d)
o Interested only in ranking

* Will use odds and Bayes’ Rule:

p(R=1]g)p(dIR = 1,q)

p(R=1lg.d) 2(d|g)
ORI d) = R olg.d) ™ p(R = 0|Q)p(d[R = 0.q)
p(dlq)
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Binary Independence Model

O0(Rlg,d) = O(R|q)x

Allmatchingterms | ———

Ei::‘i
;,

oo oo [ 6= =) [H=)
1
g

a= =1

1- 1-
.

All query terms

Binary Independence Model

R =1|q,d
oRlq. ) = "EZHLD

* Using Independence Assumption:

p(R =0lq,d)

n
0(Rlg,d) = O(R|q)x

PR =1lq)
PASLLE ¥
p(R =0lq)
_/

n
PR =1,q)

Lp@r=00
PR = 1,0)
Lp@ir=0.0
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Binary Independence Model

O(Rlg,d) = O(R|q)x

1 u(1—py)

pi(1 — ;)

* Retrieval Status Value:

Pl —u) —

RSV =log
L i(1—-pi)

ti

16

Only quantity to be estimated
for rankings

17

Binary Independence Model

+ Sincet; is either o or 1

PR =1.0) | TIpIR = Lo)
O®lad =00 TEm=t0 B_‘,p(nm =00
© Letpr=pGiR gyjandm 0,q

« Assume, for all terms not occurring in the query (q; = 0) p; = u;:

1-p
0Rlg, a)—o(m)xﬂ- El Z‘)
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Term Incidence Contingency Table

Retrieval Status Value: « Based on these variables, we can build the

following contingency table

pi(l —w)

T Relevant  Non-relevant Total
docs that n -1 n
contain ¢;
© N bethe number of documents in the collection docsthat | R—n | N-mi—R—m) | N—mi
© n; be the number of documents that contain term ¢; do not

© R be the total number of relevant docs to query q comainlt;
© 13 be the number of relevant docs that contain term ¢; Total R N-R N

Sim(q,d) ~ RSV =

- Let,

If information on the contingency table were available for a given query, we could write:
Pi == (the probability of  term appearing in a document relevant to the query)

11; = == (the probability of aterm appearing in a non-relevant document)
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Ranking Formula

DERKIN

Then, the equation for ranking computation in the probabilistic model could be rewritten as

N=—n—R+1;
sin@) = 3, tog( e
oGt
For handling small values of 7, we add 0.5 to each of the terms in the formula above, which changes
Sim(q, d) into

sma= Y o 405 N—n—R+7+05
im(q,d) ~ 0g (s e
4 N S F=7 705 T 705

This formula is considered as the cla:

 ranking equation for the probabilistic model and is known as the
Robertson-Sparck Jones Equation

20

Ranking Example

DERKIN

* Document ranks computed by the previous probabilistic ranking equation

for the query "“to do”

Sim(q,d) ~ ‘;:llog (’%{.}Ors)

doc rank computation rank

| think therefore | am.
Do be do be do.

d3

Do do do, da da da.
Letit be, let it be. s

Todois to be.

To be s to do.

d

To be or not to be.
I am what | am.

di | log 452595 + log 453495 | -1.222

dy log 153408 0

log 453502 -1.222

ds log 153405 -1.222

d;

23

Ranking Formula

* The previous equation cannot be computed without estimates of r; and R
+ One possibility is to assume R = r; = 0, as a way to boostrap the ranking equation, which
leads to:

Sim(q,d) ~ Z IDE'(NT_;E;_,:S)
t=q;=1

* This equation provides an idf-like ranking computation

* Inthe absence of relevance information, this is the equation for ranking in the
probabilistic model

21

Ranking Example

* The ranking computation led to negative weights because of the term “do”

* Actually, the probabilistic ranking equation produces negative terms whenevern; > N /2
* One possible artifact to contain the effect of negative weights is to change the previous
equation to:

N+ 0,5)

Sim(q,d) = Z lo; 05
i +0.

ti=qi=1
* By doing so, a term that occurs in all documents (n; = N) produces a weight equal to zero

24
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Ranking Example

* Using this latest formulation, we redo the ranking computation for our example

collection for the query “to do” and obtain

Todoiis to be.
To beis to do.

d,

| think therefore | am. |

Do be do be do.

d3

Do do do, da da da.
Letit be, letit be.

To be or not to be.
I am what | am.

Sim(q,d) ~ z log “’5)
)

n; + 0.5,

doc | rank computation rank

dy logHUa+log34rUr 1.210

dy log 552 0.847

ds log ﬁ’g—:g 0.362
dy log éfrg:g 0.362

Improving the Initial Ranking

Consider the equation

Sim(q,d) ~ Z Jogee—rd

ti=q;=1

How obtain the probabilities p; and u;?
Estimates based on assumptions:
o pi=05

o u; = where n;is the number of docs that contain ¢;

© Use this initial guess to retrieve an initial ranking

Improve upon this initial ranking

DEAKI

pid—up)
ui(1=pi)

i : the probability of a term appearing in
a document relevant to the query

u;  the probability of a term appearing
in a non-relevant document

28

Improving the Initial Ranking
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Substituting p; and u; into the previous Equation, we obtain:

Sim(q,d) = Z log(N%

ti=qi=1
That is the equation used when no relevance information is provided,

without the o.5 correction factor

Given this initial guess, we can provide an initial probabilistic ranking

DERKIN

Estimaging r; and R

Our examples above considered thatr; = R = 0

An alternative is to estimate r; and R performing an initial search:
o select the top 10-20 ranked documents

o inspect them to gather new estimates for r; and R

© remove the 10-20 documents used from the collection

o rerun the query with the estimates obtained for r; and R

Unfortunately, procedures such as these require human intervention to
initially select the relevant documents

DERKIN
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Improving the Initial Ranking

* We can attempt to improve this initial

Toavoid D = 0 and D; = 0:
ranking as follows

* Let
D: set of docs initially retrieved oy = BB0S
Dy subset of docs retrieved that contain t; o
* Re-evaluate estimates: * Also,
D b
pi== o7
v o= D+1
D¢
=D =D,
* This process can then be repeated 0 Uy = momdh
recursively
»

DERKIY
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Pluses and Minuses

Comparison of Classic Models

1]
DEAKIN

* Advantages:

m
Boolean model does not provide for partial matches and is considered to be the weakest The BM (Best Match) Modelsy . ata technology securlty
o Docs ranked in decreasing order of probability of relevance classic model

. + There is some controversy as to whether the probabilistic model outperforms the vector
« Disadvantages: V]
model
o need to guess initial estimates for p; Croft suggested that the probabilistic model provides a better retrieval performance _§ retrleval

However, Salton et al showed that the vector model outperforms it with general
record tmckmg

o method does not take into account tf factors

business workflow
exchange processing

o the lack of document length normalization collections

reproduction

This also seems to be the dominant thought among researchers and practitioners of IR

__service co

analysls DEAKIN

» » online access DRt
g consulting
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BMa1, BMa1 and BMa5 Formulas

The BM (Best Match) Models . BMz, BM11 and BM15 Formulas
AKIN

* A good term weighting is based on three principles * Atfirst, the Okapi system used the Equation below as ranking formula * Thefirst idea for improving the ranking was to introduce a term-frequency factor Fq in the BMa
formula
o inverse document frequency

N 105 * This factor, after some changes, evolved to become
o X —n; .
o term frequency Sim(q, d) ~ Z log( i — ) »
o document length normalization tisq=1 n; +0. Fra= Slﬁ
=4 1+ tfea
* The classic probabilistic model covers only the first of these principles which is the equation used in the probabilistic model, when no relevance information is Where
rovided o tfyais the frequency of term ¢ within document d
* This reasoning led to a series of experiments, which led to new formulas P

o Ky isaconstant setup experimentally for each collection
« It was referred to as the BM1 formula (Best Match 1) o Sy isascaling constant, normally set to Sy = (Ky+1)

* If K1 = 0 this whole factor becomes equal to and bears no effect in the ranking

34 35 36



BMz, BM11 and BMa5 Formulas

* The next step was to modify the F, 4 factor by adding document length
normalization to it, as follows:

N tfea
= e——id
Fea = S0 FxTen(d) y
avg_doclen ~ “td
Where
o len(d) is the length of document d (computed, for instance, as the number of terms in the
document)

o avg_doclen is the average document length for the collection

37

BMz, BM11 and BMas Formulas

* Introduction of these three factors led to various BM (Best Matching) formulas, as follows:

) N—n +05
Simp (¢,d) = Z 110&% )

6=qi=

v N —n;+05
Simas@d) = Go+ Y. FraFgxlogftiss)

i=qi=1

N N —n; +0.5°
Simpina(q,d) = Gg + Z F,axFrqX log{ﬁs )
RO

6=qi=1

40

BMz1, BM11 and BM15 Formulas

* Next, a correction factor G, dependent on the document and query lengths

was added

avg_doclen — len(d)
avg_doclen + len(d)

Gq = Ky xlen(g)x

Where
o len(q) is the query length (number of terms in the query)

o K isaconstant

38

BMa, BM11 and BM15 Formulas

« Experiments using TREC data have shown that BM11 outperforms BMas
* Further, empirical considerations can be used to simplify the previous equations,
as follows:
o Empirical evidence suggests that a best value of K is 0, which eliminates the G, factor from
these equations
o Further, good estimates for the scaling constants S; and S5 are K + 1and K3 + 1, respectively
o Empirical evidence also suggests that making K3 very large is better. As a result, the Fy,q factor
is reduced simply to tf;.q

o For short queries, we can assume that tf; 4 is 1 for all terms

41

BMz1, BM11 and BM15 Formulas

queries, was defined as

tfs,
K +tfiq

Where

o tfyqisthe frequency of term t within query ¢

o Kzisaconstant

o Szisascaling constant related to K3, normally set to S3 = (K3 + 1)

Athird additional factor, aimed at taking into account term frequencies within

39

BMa1, BMa1 and BMa5 Formulas

* These considerations lead to simpler equations as follows:
) N —ni +05
Simpin (¢, d) ~ Z 10gm )
=G

Somaas(@.d) = z Ky + Dtfea ln(N—niJrO.S)
Kt T 05

i

. ~ (K1 + Ditfea N —n; +0.5
Simp1(q, d) ~ z a x lﬂm )

T
4S0=Tayg doclen + tfea

42
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BM25 Ranking Formula

* Unlike the probabilistic model, the BM25 formula can be computed without
relevance information

* There is consensus that BM25 outperforms the classic vector model for
general collections

* Thus, it has been used as a baseline for evaluating new ranking functions, in
substitution to the classic vector model

46

BM25 Ranking Formula

DERKIN

* BMa25: combination of the BM11 and BM15

+ The motivation was to combine the BM11 and BM25 term frequency factors as follows:

K+ Dtfig

K1 [(1 —-b)+b w—‘—)—]-»tg oclen]+ thea

Where b is a is a constant with values in the interval [0,1]
o If b = 0, it reduces to the BM15 term frequency factor

o Ifb = 1, it reduces to the BM11 term frequency factor

o For values of b between 0 and 1, the equation provides a combination of BM11 with BM15

44
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BM25 Ranking Formula

 The ranking equation for the BM25 model can then be written as:

) N —n; +05
Simppzs(q,d) ~ Z Brax IOg{T‘E )
ti=q;=1
where Ky and b are empirical constants
o Ky = 1 works well with real collections

o b should be kept closer to 1 to emphasize the document length normalization effect present in the BMax
formula

o Forinstance, b = 0.75 is a reasonable assumption

o Constants values can be fine tunned for particular ions through proper experi ion

45

Measures for a search engine

* How fast does it index
Number of documents/hour

(Average document size)
* How fast does it search
Latency as a function of index size
« Expressiveness of query language

Ability to express complex information needs
Speed on complex queries

* Uncluttered Ul
« Isitfree?

48
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Measures for a search engine

* All of the preceding criteria are measurable: we can quantify speed/size

o we can make expressiveness precise

* The key measure: user happiness

o What is this?
o Speed of response/size of index are factors
o But blindingly fast, useless answers won't make a user happy

Need a way of quantifying user happiness

49

Happiness: elusive to measure
DEAI

Most common proxy: relevance of search results
But how do you measure relevance?
We will detail a methodology here, then examine its issues

Relevance measurement requires 3 elements:
1. Abenchmark document collection

2. Abenchmark suite of queries
3. Ausually binary assessment of eithegRelevant qrNonrelevant for each query and each
document

Some work on more-than-binary, but not the standard

52

Measuring user happiness

1]
DEAKIN

Issue: who is the user we are trying to make happy?
© Depends on the setting

Web engine:

© User finds what s/he wants and returns to the engine

> Can measure rate of return users
© User completes task — search as a means, not end
© See Russell http://dmrussell.googlepages.com/JCDL-talk-June-2007-short.pdf
eCommerce site: user finds what s/he wants and buys
o Isit the end-user, or the eCommerce site, whose happiness we measure?

© Measure time to purchase, or fraction of searchers who become buyers?

Measuring user happiness (]
DERKIN

« Enterprise (company/govt/academic): Care about “user productivity”

o How much time do my users save when looking for information?

© Many other criteria having to do with breadth of access, secure access, etc.

50

Evaluating an IR system
R

* Note: the information need is translated into a query

* Relevance is assessed relative to the information need not the query

« E.g., Information need: /'m looking for information on whether drinking red
wine is more effective at reducing your risk of heart attacks than white wine.

* Query: wine red white heart attack effective

* Evaluate whether the doc addresses the information need, not whether it

has these words

51

Standard relevance benchmarks [A]
DERKIY

 TREC - National Institute of Standards and Technology (NIST) has run a large IR
test bed for many years

* Reuters and other benchmark doc collections used

* “Retrieval tasks” specified
© sometimes as queries

* Human experts mark, for each query and for each dog,Relevant or Nonrelevant

o orat least for subset of docs that some system returned for that query

53

54
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Boolean Evaluating Metrics
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Why not just use accuracy?

* How to build a 99.9999% accurate search engine on a low budget.

Snoogle.cor-

Search for: [ ]
0 matching results found.

* People doing information retrieval want to find something and have a certain tolerance for
junk.

58

Unranked retrieval evaluation:
Precision and Recall

* Precision: fraction of retrieved docs that are relevant

= P(relevant|retrieved)
* Recall: fraction of relevant docs that are retrieved

= P(retrieved|relevant)

Relevant Nonrelevant
Retrieved tp fp
Not Retrieved | fn tn

* Precision P = tp/(tp + fp)
* Recall R=tp/(tp+fn)

56

Precision/Recall

* You can get high recall (but low precision) by retrieving all docs for all
queries!

* Recall is a non-decreasing function of the number of docs retrieved

* In a good system, precision decreases as either the number of docs retrieved
or recall increases

o This is not a theorem, but a result with strong empirical confirmation

Should we instead use the accuracy measure for evaluation?

« Given a query, an engine classifies each doc as “Relevant” or “Nonrelevant”
 The accuracy of an engine: the fraction of these classifications that are
correct:
(tp+tn)/(tp +fp+fn+tn)
* Accuracy is a commonly used evaluation measure in machine learning
classification work
* Why is this not a very useful evaluation measure in IR?

5

57

Difficulties in using precision/recall

* Should average over large document collection/query ensembles
* Need human relevance assessments
o People aren’t reliable assessors
« Assessments have to be binary
o Nuanced assessments?
« Heavily skewed by collection/authorship

o Results may not translate from one domain to another

59

60
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A combined measure: F

« Combined measure that assesses precision/recall tradeoff is F measure (weighted harmonic
mean):

Fo 1 _(B+DPR

B’P+R

1 1
a—+(-a)—
P ¢ )R

* People usually use balanced F: measure
o ie,withp=10ra=%

+ Harmonic mean is a conservative average
© See CJvan Rijsbergen, Information Retrieval

61

Evaluating ranked results

* Up until now we've been considering metrics for boolean (set-based)
retrieval
o Precision, Recall, F1

« But users don‘t really care about all results

* Users care about getting results near top of ranking...

64

F: and other averages

Combined Measures

0 20 40 60 80 100
Precision (Recall fixed at 70%)

— Minimum
—— Maximum
—— Arithmetic
Geometric
— Harmonic

DERKIN
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Metrics: Ranking

Ranking results matters for human
consumption of data

.Precision @ k (P@k)

o Percent of relevant results (out of top k)

.Average Precision (AP or AveP)

Weights higher ranks more
More on the exact definition shortly...

Precision at k: P@10.
toes not distinguish
between the two results

Result 1
Rank POk=05
AP=0.68
1 v
2
3 v
4
5 v
3
7 v
8
9 v

DERKIN

Average Pre

prefers Resul

Result 1
Result 2

Pak=05
AP=1.00

BN
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Ranked evaluation metrics
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Evaluating ranked results

* Sometimes we don’t want to fix top “k”

The system can return any number of results

We can evaluate performance for a range of k by looking at the precision-recall curve

o Q:1f you had two different
08 curves, how would you
. compare them?
< A: Area under the curve.
g 06
£Loa
02 One way to generate is to
vary the length k of a
00

(ranked) results list.

& Recall

66
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* Graphs are good, but people want summary measures!
o P@k good for most of web search... why? what k?
© But P@k averages badly
5 If only 10 relevant docs, max P@100 is 0.1
o Also has an arbitrary parameter of k
o Sometimes R-Prec s better
* R-Prec definition: P@k with k=#relevant docs (for query)
+ maxR-Precis 1.0, why?
© But P@k and R-Prec still use a fixed k. Does any ranking metric approximate area under precision-
recall curve?
o Well yes, average precision does just that...

67

Test collection for IR
evaluation
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MAP

Definition of (Mean) Average Precision

2, AveP(q)

AveP

+ Average Precision (AveP or AP) and Mean AP (MAP)

LS (P x rel(k)

© Unlike P@K, ordering matters!

Q

o AP = higher ranked docs are counted more often

number of relevant documents

© AP =~ area under precision-| reca\lcurvewhen n—#all docs!

oo Tni

DERKIN

© Good discussionin

Mean AP (MAP) = mean overquer\es

© Note:

 Enmpirically corrlates with hurman evluation ofrtrieval systerns

68

Test Collections

TABLE 4.3 Common Test Corpora
Collection | NDoce | NQrye | Szo (MB) | TermyDoc | 0D Reldse
41 82| 3
AT 2109 | 14 2 400 | 10000
CACM 204 | &4 2 245
st 1460 | 112 2 465
Cranfield 1400 | 225 2 531
Lisa sa72 | 3 3
Medine 103 | 20 1
WP 11420 | o3 3
OSHMED | 348566 | 106 400 250 16,140
Reuters 21578 | 672 28 131
» TREC 740000 | 200 | 2000 | 89-3543 | » 100000

DERKIN

71

* For a test collection, it is usual that a system does crummily on some
information needs (e.g., MAP = 0.1) and excellently on others (e.g., MAP =
0.7)

* Indeed, it is usually the case that the variance in performance of the same
system across queries is much greater than the variance of different systems
on the same query.

* There are easy information needs and hard ones!

6
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From document collections
to test collections

Still need

o Test queries

o Relevance assessments

Test queries

© Must be germane to docs available

© Best designed by domain experts

© Random query terms generally not a good idea
Relevance assessments

© Human judges, time-consuming

© Are human panels perfect?
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https://en.wikipedia.org/wiki/Information_retrieval

+ TREC Ad Hoc task from first 8 TRECs s standard IR task

o 5o detailed information needs a year

o Human evaluation of pooled results returned

o More recently other related things: Web track, HARD

+ ATREC query (TREC 5)

<top>

<num>Number: 225

<desc> Description:

What is the main function of the Federal Emergency Management Agency (FEMA) and the funding level
provided to meet emergencies? Also, what resources are available to FEMA such as people, equipment,
facilities?

<Jtop>
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Evaluation at large search engines

DEAKI

Search engines have test collections of queries and hand-ranked results
Recallis difficult to measure on the web

Search engines often use precision at topk, e.g., k=10

* ...ormeasures that reward you more for getting rank 1 right than for getting rank 10 right.
© NDCG (Normalized Cumulative Discounted Gain)

* Search engines also use non-relevance-based measures.

Clickthrough on first result

5 Not very reliable if you look at a single clickthrough ... but pretty reliable in the aggregate
Studies of user behavior in the lab
AlB testing

76

Qrels example
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2250EP10030762
2250EP 0926545 2
2250EP 00524832
226 0EPoBs2792
26012548421
2270809950332
2270EP-08557032
2BoEPoksosi0r
238 0EP-orgaos 2
238 0EP1343868 2
290 EPongua 2
2390 EPagiz
2290 EP-os54s68a
300EP0ga62302
2300EP-09315762
2300 EP-10085592

74

A/B testing

DERKIN

Purpose: Test a single innovation

Prerequisite: You have a large search engine up and running.

Have most users use old system

Divert a small proportion of traffic (e.g., 1%) to the new system that includes the innovation
Evaluate with an “automatic” measure like clickthrough on first result

Now we can directly see if the innovation does improve user happiness.

Probably the evaluation methodology that large search engines trust most

In principle less powerful than doing a multivariate regression analysis, but easier to understand

77

Can we avoid human judgment?

* No

* Makes experimental work hard
o Especially on a large scale
* In some very specific settings, can use proxies
o E.g.: for approximate vector space retrieval, we can compare the cosine distance
closeness of the closest docs to those found by an approximate retrieval algorithm
* But once we have test collections, we can reuse them (so long as we don’t
overtrain too badly)
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Result Summaries

* Having ranked the documents matching a query, we wish to present a results list

* Most commonly, a list of the document titles plus a short summary, aka “10 blue links”

John McCain
‘John McCaln 2008 - The Offcial Pr i

winkjohnmecain.com - Cached page

com - McCain-Palin 2008
in 2008 - The Ofcial Pr i

F
v johnmecain.comfinforming/issues - Cached paga

John McCain News- msnbe.com
John McCain. that they were

o766 msn com/id/16438320 - Cached oage

John MeCain | Facebook

John MoCain. Jor
g0 or o start

Facobook.
7 www facebook comjjohnmecain - Cached page.
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Dynamic summaries

DEAKI

= Present one or more “windows” within the document that contain several of the query

terms

© “KWIC” snippets: Keyword in Context presentation

P —
Google Famm— SRR st s

i ek sl-manning - 12 - Cched - Sl agas

Christopher Manning, Stanford NLP

GOOGIE s S ey B oo s o
Sty e ot S

Christopher Manning, Stanford NLP

ol Compuase Soisrcs e Lingusics
= Systoms and ozl

Pl stanford.edu-manning - =11
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* Thetitle is often automatically extracted from document metadata. What about the summaries?
o This description is crucial
© User can identify goodjrelevant hits based on description.
* Two basic kinds:
o Static
© Dynamic
+ Astatic summary of a document is always the same, regardless of the query that hit the doc
+ Adynamic summary is a query-dependent attempt to explain why the document was retrieved

for the query at hand

80

Techniques for dynamic summaries

DERKIN

Find small windows in doc that contain query terms

o Requires fast window lookup in a document cache

Score each window wrt query
o Use various features such as window width, position in document, etc.

© Combine features through a scoring function

Challenges in evaluation: judging summaries

o Easier to do pairwise comparisons rather than binary relevance assessments

Static summaries

In typical systems, the static summary is a subset of the document

Simplest heuristic: the first 50 (or so—this can be varied) words of the document
© Summary cached at indexing time
More sophisticated: extract from each document a set of “key” sentences

o Simple NLP heuristics to score each sentence
© Summary is made up of top-scoring sentences.

Most sophisticated: NLP used to synthesize a summary

o Seldom used in IR; cf. text summarization work
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« For a navigational query such as Google luited atines Search

united airlines user's need likely el Snuncoptions
Unked Alnes s
01l corUnedAines S $10 sl on Unked Aines Arces

satisfied on www.united.com

o
‘Alline ikez, aifine rsservaions, fiar aifare from United Alrines. >
1€ ks, ight seeich. ... Shove stock cuole lor UALA

* Quicklinks provide navigational

cues on that home page
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http://www.united.com/

%) - Search Pad

@ searchs

102,000,000 rosuts o
united ailnes:

© showan
& Unied A Lines

W wiapece

Also try: united airlines reservations, united airlines fight, More.

United Airlines - Airine Tickets, Aiine Reservations
Cllca

et e zeross s
o nitad.com - £

ER

o United Aiines. commac:

and s

Stop o Fls
Spes ssls
Flat Sias
Gt Serucs

Sl & Booking

[NAHOO!, [wweasanes

. (Nasdag: U
A o1 carnir Larsperlng peops, popery

%)

ves Fgres 0o ow, burry

ted ines v
Sace 10 s on Uned A
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Alternative results presentations?

Web Images Video Local

YAHOOW [ uni

Shopping News more

DERKIN

united airlines
univision

university of phoenix

asian unicorn

universal studios

United states postal service
united healthcare

Search

UNITED AIRLINES - AIRLINE TICKET:

Ailine tickets, aifins reservations, flght airfare from United Alrines,
Online reservations,

B www.united.com

MORE WO

Flights Check In Online
Mileage Plus My Hineraries
Baggage Redeem Mies
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