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PART (A)

— Avdkrnon kai PiAtpdpioua
Eiocaywyn ora MovréAa AvrAnong
— Karnyopiegc MovréAwv
— Exact vs Best Match
— Ta kAaooikd povréAa avakrnong

» To Boolean MovréAo

« Zraniotikd MovréAa - Bapuvon

Opwv
» To Aiavuouariko MovréAo
» To [M6avokparikd MovréAo

PART (B):EvaAAakTika povréAa

— (1) ZuvoAoBswpnTiKa povréAa
* Fuzzy Retrieval Model
» Extended Boolean Model
— () AAyeBpika MovréAa
» Latent Semantic Indexing
» Neural Netwok Model

PART (C):

— (lll) MBavokparika MovréAa
« Bayesian Network Model
» Inference Network Model
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EvaAAakTika MBavokpaTtikd MovtéAa

» Probability Theory
— Semantically clear
— Computationally clumsy
» Why Bayesian (Belief) Networks?

— Clean formalism to combine distinct sources of evidence
» past queries, past feedback cycles, distinct query formulations
— Modularize the world (dependencies)

» Bayesian Network Models for IR:
 Inference Network (Turtle & Croft, 1991)
 Belief Network (Ribeiro-Neto & Muntz, 1996)
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Bayesian Inference

Basic Probability Axioms:
0<PA)<T1;
P(sure)=1;
P(AV B)=P(A)+P(B) if Aand B are mutually exclusive

Other formulations
* P(A)=P(A A B)+P(A A -B)
+ P(A)=%,, P(AAB), where B, , is a set of exhaustive and mutually exclusive
events
* P(A) + P(-A) =1
* P(AIK) beliefin A given the knowledge K
» if P(A|B)=P(A), we say:A and B are independent
» if P(AIB A C)= P(AIC), we say: A and B are conditionally independent, given C
« P(A A B)=P(A|B)P(B)
« P(A)=x, P(A| B)P(B)
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Bayesian Inference

Bayes’ Rule : the heart of Bayesian techniques

P(Hle) = P(e|H) P(H)
P(e)

where, H : a hypothesis
e : is an evidence
P(H) : prior probability
P(H|e) : posterior probability
P(e|H) : probability of e if H is true
P(e) : a normalizing constant, then
we write: P(H|e) ~ P(e|H)P(H)
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Bayesian Networks
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Bayesian networks are directed acyclic graphs (DAGS) in which the
nodes represent random variables, the

arcs portray causal relationships between these variables, and the

strengths of these causal influences are expressed by conditional probabilities.

y; : parent nodes (in this case, root nodes)
x : child node

y; cause X a 0 ceoo @

Y the set of parents of x

The influence of Y on x /

can be quantified by any function

F(x,Y) such that X, F(x,Y) =1 Q
0<F(x,Y)<1

For example, F(x,Y)=P(x|Y)
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I'm at work, neighbor John calls to say my alarm is ringing, but neighbor Mary
doesn't call. Sometimes it's set off by minor earthquakes. Is there a burglar?

Variables: Burglary, Earthquake, Alarm, JohnCalls, MaryCalls

Network topology reflects "causal" knowledge:
A burglar can cause the alarm
An earthquake can set the alarm
The alarm can cause Mary to call

The alarm can cause John to c:
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: Bayesian Networks and Joint Probabilities

Vrvgas'

The full joint distribution is defined as the product of the local conditional
distributions:

P (x;, ....x,) =I1,_, , P (x;| Parents(x;))]
Examples:

> @ ®
&m0 ® o

o ®
& ©

P(x;, Xy X35 Xy X5)= PGAmAaan—-ba—e)=
P(x,) P(x,] x;) P(x5l x;) P(x4l X,, X;) P(x5l x;)| P (Gla)P(mla)P (al=b,—e)P (=b) P (—e)
P(x,) : prior probability of the root node

CS-463, Information Yannis Tzitzikas, U. of Crete, Spring 123

s Also

Z -
VivERS

In a Bayesian network each variable x is

conditionally independent of all its e
non-descendants, given its parents.
(ave€apTnTng TWV PN aTToyévwy d0BEvVTWwY

TWV TTATEPWV) Q 6

For example:

P(X4, Xs| X5 , X3)= P(X4| X5, X3) P( X5| X3) @ @
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Information Retrieval Models

Inference Network Model

Inference Network Model

« EmoTnuoAoyikr) armoywn tou TTpoBAfpaTog tng All
* 2XOAEG OKEWYNG OTIG TNOAVOTNTEG:
— frequentist:
mOAVOTNTA = OTATIOTIKO EYEOOG OXETIOMEVO ME TNV TUXN
— epistemological

mlavoeTnTa = BaBUOG TTIOTNG TOU OTTOIOU N TTEPIYPAPR MTTOPEI VA gival
ammaAAaypévn a1ré CTATIOTIKA TTEIPAPATA

* H mpoaéyyion Tou Inference Network Model:
— EmoTtnuoloyikA xprion Twv mmeavoTATwyv
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Inference Network Model: Tuxaiec peTaBAnTéC

* Eyypdowv
— H 1uxaia uetaBAnTA TTou OXeTiCeTaI pE £va £yypago d; TTapIoTAVEl TO CUPBAV
TTAPATAPNONG TOU £YYPAPOU aUTOU
« Opwv
— H mapatripnon evég eyypdeou gival n aitia yia au§nuévn ioTn oTIG TUXAiEg
METABANTEG TTOU AVTIOTOIXOUV GTOUG OPOUG TTOU TTEPIEXEI TO KEIPEVO

Etrepwtiocwv
— eKQPAlel To faBPG IKAvoTTOiNONG TNG ETTEPWTNONG

OAec ol Tuxaisc petaBAntéc (d.k.,q) sival duadikéc (03 1) !
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Inference Network Model: Aoun
== (documents => terms => queries)

di has index terms k,, k;, and k,

g has index terms k;, k,, and k;

g, and g, model boolean formulation
di=((kiA ko) v K;);

I=(qva)

Nodes
documents (d)
index terms (k;)

queries (q, g;, and qy)
user information need (I)
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Inference Network Model: Ranking

9
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* OA\eg o1 Tuxaieg petapBAnTég (d,k,q) €ival duadikég (0 1) !

* Kardaragn Rank(q,dj)
— Rank(q,dj) = P(q A dj)
— ganddj €ival cuvtopoypagieg Tou g=1 and dj =1
— Rank(q,d)) :

+ expresses how much evidential support the observation of dj provides to
the query q

— Rank(q,dj) = P(g=1 A d=1)
— (dj stands for a state where dj = 1 and Viz] = di =0, because we
observe one document at a time)
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How an inference network can be tuned to subsume the

- - =P(dj) = 1/N

=== Pk 1d)= lLif wij=1

\ P(q | k) =1if EIqcc l (qccE qdnf) A (V ki’ gl(k): gi(qcc)
0 otherwise

=> one of the conjunctive components of the query must be matched by

the active index terms in k
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Inference network and TF-IDF

_ - = P(dj =l

- - = P(k; | d) = tf;

- — - P(q ki) =idf,

CS-463, Information

Yannis Tzitzikas, U. of Crete, Spring

= reflects the importance of
document normalization

= however the obtained ranking is distinct of the one provided by the vector model
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Inference Network Model: Z0voyn

» EmoTtnuoAoyikh TTpooéyyion
» Tomoloyia diktiou d -> k -> q
* Ek@paoTikn IkavoTnTa

— ZuMapBavel To Boolean Model (pe duadikég Tuyaieg ETABANTEG)
— MrTTopEi va TTpooeyyioel apKeETE TO dIAVUCUATIKO

— AuvatétnTa oUVOUACHOU TTOAAWYV ATTODEIKTIKWV TTNYWV

e 2uoThuaTa Baciopéva o€ auto TO YOVTEAO
— Inquery system

(CS-463, Information
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Information Retrieval Models

Belief Network Model

Belief Network Model
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» Otrwg kai oto Inference Network Model
— EmoTtnuoloyiki dmown Tou TTpofArjpaTog Tng All
— Tuxaieg yeTaBANTEG yIa £yypa@a, OPOUG Kal ETTEPWTHTEIG

* AvriBeta pe 10 Inference Network Model, edw éxoupe
— Mo §ekABapOo dEIYUATIKO XWPO
— ouvoAOBewpPNTIKA TTPOCEYYION
— O1agopeTIKr TotTToAOYia SIKTUOU
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¢ Belief Network Model: The Probability Space

Asryparikog Xwpog: K={k;, ko, ...,k} (sample space)

KaBe 6pog ki gival pia oToixeiwdng évvola (elementary concept)
Ka&Be auvoro u c K gival pia évvola

2e KGBe u c K avrioTtoixigetal £éva duadikd diavuopa k=(k4, Ky, ...,k
T.0). W|=1 = kl (S U

k; a binary random variable associated with the index term k;, (k= 1
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Belief Network Model: Documents and Queries
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Eyypago d:
éva UTTooUVOAO Tou K (TTOou TTEPIEXEI TOUG OPOUG ToU d)

Emrepwtnon q:
éva utTooUVOoAO Tou K (TTou TTEPIEXEI TOUG OPOUG TNG Q)

OpiCoupe pia karavoun moavotTnTag P o1o K wg €€AG:
P(c)=%,,P(c|u) P(u) / the degree of coverage of the space K by ¢
c: a generic concept representing a document or a query

Apxiké (TTou dev yvwpiloupue Ta P(u)), uttoBéTouuE OTI:
P(u)=(1/2)t =1/2KK
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Belief Network Model:
TotroAoyia AIKTUoU Kail 2nuaaioloyia

- = P(q)=1 means that q covers completely
the concept space

- - P(dj)=1 means that dj covers completely
the concept space

So user queries and documents are modeled as subsets of index terms.

The concept space K works as the common sample space.
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Belief Network Model:
" Ranking : P(d|q)

()
P(d] q)

@ @ o0o @ soo |  Exepdler to abpd kdivyng tov d
amd TV TV EXEPMTNOT

Ooco mo peydiog givat, T0c0 To
@ @ @ cuvaég etvor o d pe to q
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Belief Network Model:
Computing P(d|q)

P(d )
@ @ @ oo k= Exopalet to fabuod xdAiovyng tov d
OO TNV TNV ENEPADTNOT q

ONONO

P(dla) = P(d, A q) / P(q) (€€ opiopou: Bewpnua Bayes)
~P(d, A Q) (&1611 0 TTapavopaoTg P(q) eivail idiog yia 6Aa Ta d)
~ZyP(djAqu) Pu) (€€ opiopou)

~ 2, Pd P(q | u) P(u) (Bayesian networks)
~ 24 P(d; 1 k) P(q | k)P (k)

Apkei va opicoupe auTd
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Defining P(g|k) and P(d|k) to model the vector
model

W.
_P(qlk)=— “__ if gcontains k; (otherwise = 0)

W..
~P(d k)= ,U if d ; contains k; (otherwise =0)

>w

i=1

N

|| In this way we get the ranking of the classic Vector Space Model ! ||
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= Belief Network Model:
2uvoyn
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« EmoTtnuoAoyIKr TTpooEyyion
» Tomoloyia diktiou d <- Kk -> q
— (1o inference network €ixe doun d -> k -> q)
* Ek@paoTikn ikavotnta
— ZuMapBavel To Boolean Model (pe duadikég Tuxaieg HETABANTEG)
— ZuMAapBavel To Alavuopatikdé MovTéo
— Mrtropei avattapayel otroiadnitrorte didtagn Tou Inference Network (1o
avTioTPoQo dev IoYUEI)
— AuvatéTtnta cuvOuaouoU TTOAAWY ATTOOEIKTIKWV TTNYWV
* Inference Network Model:
— TO TTPWTO KAl TTIO YVWOTO
— EMITUXNMEVN XPrioN oTo guoTnua Inquery
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AidpBpwon
PART (A) PART (B):EvaAAakTika povréAa

— Avdkrnon kai @iAtpdpioua
— Eioaywyn ora MovréAa AvrAnong — () ZuvoAoBswpnTiKd povTéAa
— Karnyopiss MovréAwv  Fuzzy Retrieval Model
— Exact vs Best Match » Extended Boolean Model
— Ta kAagoika povréAa avdkrnong _ (”) AAyeBpikd MovréAa

* To Boolean MovréAo « Latent Semantic Indexing

» Zrariotikda MovréAa - Bapuvon « Neural Netwok Model

Opwv

* To Aiavuouariké MovréAo
» To M6avokpariké MovréAo

PART (C):
— () Méavokparika MovréAa
» Bayesian Network Model
» Inference Network Model
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Tagivopia MovTéAwv TToU €CETAOANE

Set Theoretic

Fuzzy
Extended Boolean

Classic Models

boolean / Algebraic
o~—

vector :

probabilistic Generalized Vector
Lat. Semantic Index

Neural Networks

Probabilistic

Inference Network
Belief Network
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Tagivopia MovTéAwv TToU £€eTACAUE

Set Theoretic

L

Fuzzy
Extended Boolean

Classic Models

l_probabilistic Generalized Vector
— T Y Lat. Semantic Index

Neural Networks

Probabilistic

Inference Network
Belief Network

n
I
boolean I Algebraic
[ vector _r‘/T
I
I
I
L

r—————

| Partial Matching |

— — — — —
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Tagivopia MovTéAwv TToU €CETAOANE

Set Theoretic
S e

Fuzzy
Extended Boolean

-e-|

seseseses
Seeseses

Classic Models .
boolean Algebraic
.o '_\‘/m.r_' be— =
Generalized Vector

|_probabilistic )
—_— Lat. Semantic Index

I sesescss eececsccce l....

Neural Networks

secesesesscscscscscsesscscscd

Probabilistic

Inference Network

D Y R TR TR

:Boolean Queries:

sesesscscscsesesesscscscscsnses

Belief Network

..l. sesecsccesescsesssssscscscsed
o — — — —

cee,

X

r—————

| Partial Matching |

— — — — —
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WRT Expressive Power (incomplete)

Extended Boolean Belief Network
Fuzzy Inference Network Neural Network

Boolean Vector Probabilistic
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AAAol TUTTOI
MovTéAwv AvakTnong
TTOU 0 SOUNE apyoTEpa

* MovTtéAa Avaktnong Aopnuévwy Eyypaowyv
— Non Overlapping Lists
— Proximal Nodes
— Retrieval Models for XML
* MovtéAa Avaktnong loTtooeAidwyv
— 'EMgQOon 0TOUG CUVOETOUG
* MovTtéAa Avaktnong NMoAupéocwv
* MovtéAa Baoiopéva otn Aoyikn

— Carlo Meghini and Umberto Straccia, A Relevance Terminological Logic for
Information Retrieval,Proceedings of SIGIR'96, Zurich, Switzerland, 1996
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