Lecture 5: Alternate Models

e Probabilistic Model
—lIR Chapter 11
— Ignore Olnference NetworksO
e Language Models
—lIR Chapter 12
e Models not covered in the text
— Logistic Regression
— Term Density Ranking

Probabilistic Models

e Rigorous formal model attempts to
predict the probability that a given
document will be relevant to a given
query

e Ranks retrieved documents according to
this probability of relevance (Probability
Ranking Principle)

e Relies on accurate estimates of
probabilities




Probability Ranking Principle

e If a reference retrieval systemOs response to
each request is a ranking of the documents in
the collections in the order of decreasing
probability of usefulness to the user who
submitted the request, where the probabilities
are estimated as accurately as possible on the
basis of whatever data has been made
available to the system for this purpose, then
the overall effectiveness of the system to its
users will be the best that is obtainable on the
basis of that data.

Stephen E. Robertson, J. Documentation 1977

Probabilistic Model

e Angle between two vectors: how empirical!
— Want to compute the probability that a document satisfies a
userOs need
e Biased towards an interactive view of the process
— Initially posit a set of relevant documents
— The user will rate initial documents
— Now the system can make a better guess
e Probabilistic framework
— Compute odds of relevance for a document
— Binary weights are used
— In practice, no human feedback is required




Recall a few probability basics

e For events aand b:
e BayesO Rule

pla.b)y= plaNb)= pla|b)p(b)= p(b|a)p(a)
pla |b)p(h) = p(b|a)pl(a)

( |’ ) P(‘h: (l)[)('(l) p(h ‘“U’(“)/ Prior
pla|o)m= - il -

() (b | x)plx)
POSt\erior p 2 rea,a [ , J
e Odds: O(a) = pla)  pla)

pla) 1= pla)

Courtesy of Manning and Raghavan

Probability Ranking Principle

Let x be a document in the collection.
Let R represent relevanceof a document w.r.t. given (fixed)
query and let NR represent non-relevance.

Need to find p(R|x) - probability that a document x is relevant.

(R| x) = PEIRIP(R) P(R),p(NR) - prior probability
e plx) of retrieving a (non) relevant
(. \rR | ) = 1’(.\’ | .‘\"R )P( A\’R ’ dOCument
P X) plx) p(R x)+ pl NR|x) =1

p(x|R), p(x|NR) - probability that if a relevant (non-relevant)
document is retrieved, it is x.
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Probability Ranking Principle

e How do we compute all those probabilities?
— Do not know exact probabilities, have to use
estimates
— Binary Independence Retrieval (BIR) B which we
discuss later today D is the simplest model
e Questionable assumptions

— ORelevanceO of each document is independent of
relevance of other documents.
+ Really, itOs bad to keep on returning duplicates

— Boolean model of relevance

Courtesy of Manning and Raghavan

Probabilistic Ranking

Basic concept:

"For a given query, if we know some documents that are
relevant, terms that occur in those documents should be
given greater weighting in searching for other relevant
documents.

By making assumptions about the distribution of terms
and applying Bayes Theorem, it is possible to derive
weights theoretically."

Van Rijsbergen

Courtesy of Manning and Raghavan




Binary Independence Model

e Traditionally used in conjunction with PRP
e “Binary” = Boolean: documents are represented
as binary incidence vectors of terms (cf.

lecture 1):
- Xw=(x,...,. X, )

— x, =1 iff term iis presentin document x.

e “Independence”: terms occur in documents
independently

e Different documents could theoretically be
modeled as same vector

Courtesy of Manning and Raghavan

Binary Independence Model

e Queries: binary term incidence vectors

e Given query q,

— for each document d we need to compute
p(Rlq,d).

— replace with computing  p(R|q,x) where xis
binary term incidence vector representing d
Interested only in ranking

e Will use odds and BayesO Rule:
pP(R|g)p(x|R.q)
p(R|g.x) p(xlq)
p(NR |q.%) P(NR|g)p(x| NR.q)
p(x|q)

O(R| ¢.%) =
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Binary Independence Model

OR| ¢, %) =-LRI14X)__ _p(RIG) . pF| R.q)
p(NR |q.x) p(NR|q) p(x|NR.q)

Constant for a

e ‘ Needs estimation

* Using IndependenceAssumption:
p(x|R.q) _ v plx | R.q)
p(xX|NR,q) .t p(x,| NR.q)

*So:NR | g.d)=O(R| q-,.n plx, | J'Q.q)-
.t plx, | NR.g)

Courtesy of Manning and Raghavan

Binary Independence Model

O(R“l'd)-()(qu).l—I P(.t.le.tl!
1 pl(x, | NR.g)
* Since x; is either 0 or 1:

O(R|¢.d) = O(R | g)- TT-LE =Ry plx =0[R.q)
| Hl’(-l'. =1|NR.q) +4 p(x, =0|NR.q)
e Let 7, = P(x, =1 R.q). = plx, =1| NR,q);

* Assume, for all terms not occurring in the query (¢,=0) p, =7,

Meaning: any term not present in the This can be
query is just as likely to occur in relevant changed (e.g., in
and non-relevant documents. relevance feedback)

*Products are over all terms. What happens to third factor?
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Binary Independence Model

O(R| g, X)=O(R | q) Il
l l -1

’ All matching terms ‘

Non-matching
query terms

4

. p(l
+ O(R

All matching terms ‘

’ All query terms

Increase right factor to include all query terms, even those in the
document, but divide left factor to compensate (we shift
probability mass between products)

Courtesy of Manning and Raghavan

Binary Independence Model

O(R| ¢.5) <[O(R | g) | TT 2220 P2
'-'9-""1(1-pa) o=

Constant for
each que

Only quantity to be estimated
for rankings

* Retrieval Status Value:

RSV = log H p,(l—r,)- 2 log pl=r)
S ALin(l-p) T n(l=p)
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Binary Independence Model

* All boils down to computing RSV.
RSV = log I—I pll=n) 2 log pl=r)
T, =q, =l ’:(l—l).) N, =g, =] I'(l—p.)
p(l=r)

RSV = Sec: ¢ =log
2 T r(l-p)

£ o=y -

So, how do we compute ¢ s from our data ?

Courtesy of Manning and Raghavan

Binary Independence Model

* Estimating RSV coefficients.
» For each term i look at this table of document counts:

Documens |Relevant |Non-Relevant |Total
X=1 S n-s n
Xi=0 S-s N-n-S+s N-n
Total S N-S N
) s, (n=s)
* Estimates: /. s "T(N-5)

s/(S =5%)

¢, = K(N.,n S,5)=log
(n=s)(N=n-=S+53)

Courtesy of Manning and Raghavan




Initial Assumptions

e Problem: we don®t know which are the relevant
and non-relevant docs

— Needed to compute values of contingency table...

e Lacking any other knowledge, we can assume
that all terms are equally likely to appear in
relevant documents

— So estimate p ; = 0.5 (a fixed constant)

e Assume terms occur in irrelevant documents
just as often as in the corpus as a whole

— So estimate r ; = n/N, where n ;is the number of
documents in which k ; appears

lteratively estimating  p;

1.! Assume that p;constant over all x; in query
r p;= 0.5 (even odds) for any given doc
2.1 Determine guess of relevant document set:
r Vis fixed size set of highest ranked documents on
this model (note: now a bit like tf.idf!)
3. We need to improve our guesses for p;and r;,
SO

r Use distribution of Xx;indocsinV. LetV ; be set of
documents containing  Xx;
wp; = |Vi|/|V|

r Assume if not retrieved then not relevant
wr; =(n B M) /(N IV

4.! Go to 2. until converges then return ranking

Courtesy of Manning ah8 Raghavan




PRP and BIR

e Getting reasonable approximations of
probabilities is possible.

e Requires restrictive assumptions:
— term independence
— terms not in query donOt affect the outcome

— boolean representation of documents/queries/
relevance

— document relevance values are independent
e Some of these assumptions can be removed

e Problem: either require partial relevance
information or only can derive somewhat
inferior term weights

Courtesy of Manning and Raghavan

Simple Example

d, d, d; d, q Pi T
“apple” 1 1 1 0 0 0.5 0.75
“computer” 1 0 0 1 1 05 05
“energy”’ 0 1 0 1 1 0.5 0.5
“food” 0 1 1 0 0 0.5 0.5
“mouse” 1 0 1 0 0 0.5 0.5
“orange” 0 1 0 0 0 0.5 0.25
“power” 0 0 0 1 1 05 0.25
simdg)= X w iq Fw ;¥ [log (p/(1-py)) +1og ((1-1)/r;) ]

Binary weights

Initially, assume p; = 0.5 and r; = n/N
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Simple Example (cont.)

d, q Pi T
“apple” 1 0 0.5 0.75
“computer” 1 1 05 05
“energy”’ 0 1 0.5 0.5
“food” 0 0 0.5 0.5
“mouse” 1 0 0.5 0.5
“orange” 0 0 05 0.25
“power” 0 1 05 0.25

simdg)= X w iq Wy [log (p/(1-p)) +1og ((1-1)/r;) ] =
(luckily only ‘computer’ (i=2), matters)
1*1* (log (0.5/(1-0.5)) + log ((1-0.5)/0.5))=1*1*(0+0)=0 ~(

Simple Example (cont.)

d, ql Pi Lt
“apple” 0 0 0.5 0.75
“computer” 1 1 05 05
“energy”’ 1 1 0.5 0.5
“food” 0 0 0.5 0.5
“mouse” 0 0 0.5 0.5
“orange” 0 0 05 0.25
“power” 1 1 05 0.25

simdg)= X w iq Wy [log (p/(1-p)) +1og ((1-1)/r;) ] =

1% 1 * (log (0.5/(1-0.5)) + log ( (1-0.5)/0.5) ) +
1% 1 * (log (0.5/(1-0.5)) + log ( (1-0.5)/0.5) ) +
1% 1 * (log (0.5/(1-0.5)) + log ( (1-0.25)/0.25 ) ) =1log(3)
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Statistical Language Models

e Around 1998-2000 three groups developed a
model based on statistical language modelling
— Ponte and Croft, (SIGIR-98)
— Miller, Leek, and Schwartz, (SIGIR-99)

— Hiemstra and de Vries, ( CTIT Tech. Report, May
2000)

e Can be viewed as a Markov process
e Appears to outperform vector cosine

[Formal Language (Model)

e Traditional generative model: generates strings
— Finite state machines or regular grammars, etc.
e Example:

I wish
I wish I wish
>Q/\‘@ I wish I wish I wish

I __~ wish I wish I wish I wish I wish

*wish I wish

Courtesy of Manning and Raghavan
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Stochastic Language Models

e Models probability of generating strings in the
language (commonly all strings over alphabet

)
Model M
0.2 h
the the man likes the woman
0.1 a
0.01 man 0.2 0.01 0.02 0.2 0.01
0.01 woman \
0.03 said multlply
0.02 likes

P(s | M) = 0.00000008

Courtesy of Manning and Raghavan

Stochastic Language Models

e Model probability of generating any

string
Model M1 Model M2
0.2 the
02 the the class  pleaseth yon  maiden
0.01 class 0.0001 class
0.0001 sayst 0.03  sayst 02 001  0.0001  0.0001 0.0005

0.0001 pleaseth|| 0.02  pleaseth| o2 0.0001 0.02
0.0001 yon 0.1 yon

0.0005 maiden 0.01 maiden
0.01 woman 0.0001 woman

Courtesy of and Raghavan

0.1

P(sM2) > P(s|M1)

0.01
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Stochastic Language Models

e A statistical model for generating text

— Probability distribution over strings in a
given language

0=

Pleocee|lM) =P( eM)
P(olM )
P(elM eo0)
P(elM, eoce

aaaaaaaaaaaaaaaaaaaaaaaaaaaa

Unigram and higher—order models

P(oooo )
=P (o )P (0 |9)P (e po)P (e fece )

e Unigram Language Models -
asy.
P(®)P(9 P(4 P(9 @

e Bigram (generally, n-gram) Language Models
P(e)P([o)P(e][°) P(e|e)
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Language Modelling Motivation

e http://www.youtube.com/watch?
v=6hcoT6yxFoU

Using Language Models in IR

e Treat each document as the basis for a model
(e.g., unigram sufficient statistics)

e Rank document d based on P(d | q)
e P(d|qg)=P(q|d) x P(d) / P(q)
— P(q) is the same for all documents, so ignore

— P(d) [the prior] is often treated as the same for all d
» But we could use criteria like authority, length, genre

— P(q | d) is the probability of q given dOs model
e Very general formal approach

Courtesy of Manning and Raghavan
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‘The fundamental problem of LMs

e Usually we donOt know the model M

— But have a sample of text representative of

that model
P(oooo ||\/|(ooooooooo ))

e Estimate a language model from a
sample

e Then compute the observation

probability
000000 0 O |:> @ |:>.O..

Courtesy of Manning and Raghavan

Language Models for IR

e Language Modeling Approaches
— Attempt to model query generation process

— Documents are ranked by the probability that a
query would be observed as a random sample
from the respective document model

* Multinomial approach

P(Q|Mp) = [ P(w|Mp)™

Courtesy of Manning and Raghavan




‘Retrieval based on probabilistic LM

e Treat the generation of queries as a
random process.

e Approach
— Infer a language model for each document.

— Estimate the probability of generating the
guery according to each of these models.

— Rank the documents according to these
probabilities.

— Usually a unigram estimate of words is used

« Some work on bigrams, paralleling van
Rijsbergen

Courtesy of Manning and Raghavan

‘Retrieval based on probabilistic LM

e |ntuition

—Users E

» Have a reasonable idea of terms that are likely to
occur in documents of interest.

» They will choose query terms that distinguish
these documents from others in the collection.

e Collection statistics E
— Are integral parts of the language model.

— Are not used heuristically as in many other
approaches.

« In theory. In practice, thereOs usually some wiggle
room for empirically set parameters

Courtesy of Manning and Raghavan
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‘Query generation probability (1)
e Ranking formula
plO.d)= p(d)p(Q| d)
- p(d)p(O| M)

e The probability of producing the query given the
language model of document d using MLE is:

p(O|M,) -l l;}‘,.u M,)

0=
if T Unigram assumption:
- l l ud) Given a particular language model, the
L1 dl, query terms occur independently

M , : language model of document d
U, 4 raw tf of term t in document d

dl, : total number of tokens in document d

Courtesy of Manning and Raghavan

Insufficient data

e Zero probability plt|M,)=0

— May not wish to assign a probability of zero
to a document that is missing one or more of
the query terms [gives conjunction semantics]

e General approach

— A non-occurring term is possible, but no
more likely than would be expected by
chance in the collection.

—If

= () p(IHI‘,)-("

oy

tf

11.4)

c /, : raw count of term t in the collection
¢y : raw collection size(total number of tokens in the collection)

Courtesy of Manning and Raghavan
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Insufficient data

e Zero probabilities spell disaster
— We need to smooth probabilities
» Discount nonzero probabilities
» Give some probability mass to unseen things
e ThereOs a wide space of approaches to
smoothing probability distributions to deal with
this problem, such as adding 1, " or e to
counts, Dirichlet priors, discounting, and
interpolation

e A simple idea that works well in practice is to
use a mixture between the document
multinomial and the collection distribution

Courtesy of Manning and Raghavan

‘Mixture model

® P(w|d) = APpe(WMg) + (1 DA)P e (WIM,)

e Mixes the probability from the document with
the general collection frequency of the word.
— How should we determine A ?

e A high value of lambda makes the search
Oconjunctive-likeO b suitable for short queries

e A low value is more suitable for long queries

e Can tune A to optimize performance

— Perhaps make it dependent on document size (cf.
Dirichlet prior or Witten-Bell smoothing)

Courtesy of Manning and Raghavan
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Basic mixture model summary

e General formulation of the LM for IR

p(Q.d) = ;)h‘/)l lu_l ~A)p()+ Ap(t| M)

’ general language model ‘

’ individual-document model ‘

— The user has a document in mind, and
generates the query from this document.

— The equation represents the probability that
the document that the user had in mind was
in fact this one.

Courtesy of Manning and Raghavan

Example

e Document collection (2 documents)
— d;: Xerox reports a profit but revenue is down
— d,: Lucent narrows quarter loss but revenue
decreases further
e Model: MLE unigram from documents; A =

e Query: revenue down
— P(Q|d,) = [(1/8 + 2/16)/2] x [(1/8 + 1/16)/2]
= 1/8 x 3/32 = 3/256
— P(Q|d,) = [(1/8 + 2/16)/2] x [(0 + 1/16)/2]
=1/8 x 1/32 = 1/256

e Ranking: d ; > d,

Courtesy of Manning and Raghavan
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Ponte and Croft Experiments

e Data

— TREC topics 202-250 on TREC disks 2 and 3
» Natural language queries consisting of one sentence each
— TREC topics 51-100 on TREC disk 3 using the
concept fields
« Lists of good terms

Courtesy of Manning and Raghavan

<num>Number: 054

<dom>Domain: International Economics
<title>Topic: Satellite Launch Contracts
<desc>Description:

.. </desc>

<con>Concept(s):
1. Contract, agreement
2. Launch vehicle, rocket, payload, satellite

3. Launch services, ... </con>

Precision/recall results 202-250

el LM Twhg | D | Sign | Wilc-
Rel: GH0L G501
Rret.: FH0L 3364 | 15.00 | 56/42 | 0.0000% | 0.0002%
Prec.
0.00 | 0.7439 | 0.7500 2.0 | 10/22 [ 0.7282 | 0.5700
0.10 | 0.4521 | 0.4010 488 | 24/42 | 0.2204 | 0.0761
0.20 | 0.3514 | 0.4045 | 4151 | 27/44 | 0.0871 | 0.0081«
0.20 | 02761 | 0.3342 | +421.0 | 28/43 | 0.0330% | 0.0054%
0.40 | 02003 | 0.2572 | 422,90 | 25/29 | 0.0541 | 0.O158«
0.50 | 0.1558 | 0.2081 | +432.3 | 24/35 | 0.0205+ | 0.0018«
0.60 | 0.1024 | 0.1405 | +37.1 | 22/27 | 0.0008« | 0.0027+
0.70 | 0.0451 | 0.0780 | +68.7 | 13/15 | 0.0037% | 0.0082«
0.80 | 0.0160 | 0.0432 | +160.6 | 9/10 | 0.0107% | 0.0035«
0.00 | 0.0033 | 0.0063 | +89.3 2/3 | 0.5000 | undef
100 | 0.0028 | 0L0050 | +76.9 2/3 | 0.5000 | undef
Avg: | 0.1268 | 02233 | +10.55 | 32/49 | 0.0222« | 0.0003%
Prec.
5 | 0.4939 [ 0.5020 F1.7 | 10/21 | 0.6682 | 0.4106
10 | 0.4449 | 0.4808 | +10.1 | 22/30 | 0.0081% | 0.0154%
15 | 0.2032 | 0.4435 | +12.8 | 19/26 | 0.0145% | 0.0038«
20 | 0.2643 | 0.4051 | +11.2 | 22/34 | 0.0607 | 0.0218«
30 | 0.3313 | 0.3707 | +11.9 | 28/41 | 0.0138% | 0.0070x
100 | 0.2157 | 0.2500 | +15.9 | 32/42 | 0.0005% | 0.0003
200 | 0.1655 | 0.1903 | +150 | 25/44 | 0.0001% | 0.0000%
500 | 0.1004 | 01119 | 4114 | 36/44 | 0.0000% | 0.0000%
1000 | 0.0653 | 0.0887 451 | 26/43 | 0.0000% | 0.0002%
RPr | 0.2473 | 0.2876 | +16.32 | 34/43 | 0.0001% | 0.0000%

Courtesy of Manning and Raghavan
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LM vs. Prob. Model for IR

e The main difference is whether
ORelevanceO figures explicitly in the
model or not

— LM approach attempts to do away with
modeling relevance

e LM approach as ssumes that documents

and expressions of information problems
are of the same type

e Computationally tractable, intuitively
appealing

Courtesy of Manning and Raghavan

LM vs. Prob. Model for IR

e Problems of basic LM approach

— Assumption of equivalence between
document and information problem
representation is unrealistic

— Very simple models of language

— Relevance feedback is difficult to integrate,
as are user preferences, and other general
iIssues of relevance

— CanOt easily accommodate phrases,
passages, Boolean operators

e Current extensions focus on putting
relevance back into the model, etc.

Courtesy of Manning and Raghavan
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OCover Density RankingO

e Developed by Clarke et al. at U. Waterloo
e Like Coordination Level Ranking

— But adds relative rankings within each level
e Key ideas

— Documents that possess most of the query terms,
together in close proximity , are likely to be relevant

— Documents with many such spans are more likely to
be relevant

e Requires a different kind of inverted file

— Word positions must be stored for each word
occurrence

e Suited for short queries
— 4 words or fewer

Erosion’

1% took® the* sea® a® thousand’ ycars,N

A? thousand'” years'' to'? trace"

The' granite'® features'® of'” this' cliff,"®
In*® crag?' and®? scarp®® and* base.”®

2% 27 4 28 .29 30 3 2 .3
11 took?” the®™ sea® an®® hour’ one™ night,
An** hour® of* storm*? to*® place™
The*® sculpture®! of*? these® granite** seams,*

46 47 48, 49 0
Upon™ a*" woman™s™" face.
.51 4 52 53 554 55
—E.7 J.77 Pratt ™ (18827°7-1964)
Superscripts indicate term positions. The term set
T' = {"sea”, “thousand’, “'years”)
has the cover set
€' = ((5. 8), (10, 29)}.

The extents (5, 11), (8, 29) and (1, 55) all satisfy 7", but are not included in the cover set
since they contain shorter extents that satisfy 7". Similarly, the term set

T" = {“granite”, “'sea’}
has the cover set

€" ={(5, 15, (15, 29), (29, 44)};
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Cover Set Ranking

e A document is scored by summing the
scores for each span in the cover set

n
S(€) =Y I(p;. ¢p).
j=I

e Each span is scored as:

A
g-—p+1

fg—p+1=.0,

l( 7, (') =
P, q otherwise.

Logistic Regression

e Based on work by William Cooper, Fred
Gey and Daniel Dabney.

e Builds a regression model for relevance
prediction based on a set of training data

e Uses less restrictive independence
assumptions than standard model

— Linked Dependence
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Dependence assumptions

e In Model 2 term independence was assumed
- P(R|A,B) = P(R|A)P(R|B)
— This is not very realistic as we have discussed before
e Cooper, Gey, and Dabney proposed linked
dependence:

— If two or more retrieval clues are statistically dependent in the
set of all relevance-related query-document pairs then they are
statistically dependent to a corresponding degree in the set of
all nonrelevance-related pairs.

— Thus dependency in the relevant and nonrelevant documents
is linked

Linked Dependence

e Linked Dependence Assumption: there
exists a positive real number K such that
the following two conditions hold:

— P(A,B|R) = K P(A|R) P(B|R)

—P(A,B|R) = K P(A|R) P(B|R)

— When K=1 this is the same as binary
independence

PiA ... \|R) llP(f]R’
P(-"|- .' N ™| P‘ ’
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Logistic Regression

e Estimates for relevance based on log-
linear model with various statistical
measures of document content as
independent variables.

Log odds of relevance is a linear function of attributes:

log(R|g,.d t,)=c, +cv,+0,v, 440V,
Term contributions summed.:
logO(R|q,.d,)= Ellog O(R | g,.d t,)=logO(R)]

Probability of Rel'ei/ance is inverse of log odds:

P(R|q,.d, )=

~logl O Ky, d )
l+¢

Attributes for Logistic Regression

I~ .
X, = m '2 log QAF

.\’: - v'rQ—L

X, =- ' z log DAF,
M

X, =vDL
L@ .
X, = F}:m\um,
N=n
IDF =
n,
X, =logM

Average Absolute Query Frequency
Query Length

Average Absolute Document Frequency
Document Length

Average Inverse Document Frequency

Inverse Document Frequency

Number of Terms in common between
query and document -- logged
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Dates

e Mar5

e Week of 3/6
e Mar5

e Mar 12

e Mar 12

e Mar 19

e Mar 26

Pick a paper to present
Submit brief project proposal
Lecture on Text Classification
Lecture on Web Retrieval
HW #3 due

No class (JHU Spring Break)
In class midterm
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