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Apology
Aln the 6good ol d day
I talks were about theory
I not burdened by actual results
Ain some mature disciplines (chemistry,

physics) there Is an acceptable division
between theory and experimentation

A used to be a theoretical physicist

At h er e fthistatk &ill have no
experimental resultsJ
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Overview
A Phenomenological approach to IR

A Diversity as a virtue

I A few approaches
Aaround center of mass
Aat and away from the best
Asticking out
Aquantum searchers

A Psychology: what does ranking have to do
with matching the us
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Phenomenology

AR This course deal s w
teaches the theory. My only apology is that
next year the facts will be the same, but the
t heori es wi [Sdm Bbleeimani f

AIn IR, a variety of theories , sit behind a
factual array of computations in many
cases the computations are alike, although
theories are different
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The (vector?) space of documents

A A document might be

I whole book
| article
| paragraph
| passage
A A document is represented by its features
d- f(d)
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What kind of a vector space

AThe components are r
t he real so)

I should it be over the complex?
AVan Rijsbergen
Acase not yet made

Ais it a linear vector space?
| Salton-- by default
I permits linear combination
I can be equipped with inner product
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Linear VS- more

A Has a very nice property: the space of linear
functions on the space is also a LVS

Aso we can Orepresent
documents in the same space

A every linear function can be written as an
iInner productf,d) for some (dual) vectdr

A so the problem is to map each query into a
dual vector.
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Actual computations

A Query-> a functionQ
A Document> a variabled
AAScor e o a real numb

Q:D¥%Y% R
A or any other ordered set. Not so good if

Q:D¥%% R"
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The static view

A The static view: user unaffected by what
he sees

I There are documents D={d..} where D Is
called the corpus. Might be
Acompany files;
Athe web:
Aeavesdropped messages,
Aetc.
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There are needs: guests

ere |I's some set of

guestso) that we h
{qge}

ne might say that the combined &iD)

|l S a speci al ki nd of
defines the static problem that we face.
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A System sees only the query

A system sees not the Quest, but a sparse
iIndication of it, the query, hereaftey,

set of words (most web queries); or a

set of words with weights (Inquery) or a

set of ordered word

Boolean structure (these AND (those OR
others) BUT NOT undesirables) or

I windows: this(5w)that; this(5n)that. DIALOG
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Less is more (popular)

A This was a surprise to many who are expert
In the more esoteric forms,

A The most simple form of query, {words,
more, words} has become hugely popular.
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System returns lists

A at each stage in a search, the system
presents to the user an ordered (ranked) list
of offereddocuments.
| Offer 1
| Offer 2

| Offer 3

| Offer 4

| Offer 5
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Whatorderis best?

AThe goal is to put t

Al 611 assume that fdbe
Ifnmaxi mum t ot al expect e
revenue] OR

fAnminit mum cli cks unti |
customer satisfaction and thus loyalty].

Acompr omi s e 6l argest

sati sf i Motlafamuay s 0. (
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Offers Out of order are less good

A Consider the short list:
i Offer 4
| Offer 5

ASuppose 6satisfact.i
discounted gain. Then if Offer 5 would
completely satisfy more people than

Offer_4, we have them in the wrong order
here.
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The case where a single item
satisfies

A To provide a formalism, we will focus on
t he case of o6finding
sati sfi eso and

A consider the functiop(q,d), defined as

A the probability that a user whose quest has
been currently represented gpyvill be
completely satisfied by finding documaeaaht
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Smoothness

A We hope that we can learn abpuiy
observations. Ip Is a completely unsmooth
function, this would not be possible. So we
all assume that it is, In some sense, smooth
as a function ofl.
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Smoothness requires a metric

I Can we really imagine that documents are of
such a nature that one may believe that some
pairs are closer than others.

iIltos very easy to be
(because it might well depend on the reader)
I For example:
AiRomeo and Judnd et o in E
AiRomeo and Julieto in C

| are entirely different for me, but rather close to
each other, for many at this workshop.
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We will agree representations
admit a metric

ALet 0s n adcunerdsye clode,aut
lets talk about theepresentationsf them.

A Soin some settingd hate to be saying this)
we can say that a nagle cldse to each
other.

A This is described mathematically by a

metric, which we might write ag( d ,. d 0 )
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Vectors: sets of labeled features

A All the work | know of represents a
document in terms of numerical features

A could be summarized as a set of pairs
{label:value}.

A As we noted, when the values are real
numbers, mathematicians call such a set a
Nnvect or over t he r ea
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Willful suspension of disbelief

A Usually we deal with sets of vectors that
form a o6l i near vecto
lot of conditions such as: \f , aredvectors,
thenv + 3 @ also a vector; and solig a
vector.

ASo we donodot really b
naturally form a linear vector space. We
agree to pretend.
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Linearity of probabillity

A Also, we often pretend that the probability
function would be linear 1d if we could
just find the right representation.

A This meansp(q,d) is linear ind. But any
linear function oD,
I If D Is a linear vector space !

A can be written as an inner product
(something(q), d) =<something|d> (Dirac)

7/23/2009 SIGIR 2009 Workshop on Learning 22
to Rank (LR4IR 2009)



Two notations

A In mathematics we often writg,y) for the
iInner product of the vectorsy.

A In qguantum mechanics Paul Dirac
iIntroduced the notatiolx>f or a n st

vector xo0 and call ed
space Is a Hilbert space, and the dual vector

I s ¢ al | «|dtheannai radao®,y)
t hen becomes<xlyhe Obr
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The dual space

A For finite dimensional (or Hilbert) spaces
there Is a natural map of the space of
somethings representing queriesthe space
of vectors such ad So we could say that
something(qgls the (dual) vector
representing the queny

A if somethings also linear irg, we have the
general representation for a linear rule

p(g,d)=(Wq g =(qW d
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Word- or term basedliagonal
models

A Consider W. Ifthe features are indexed by
words (stemmed?) and W is diagonal, we
have the general family of functions based
on term frequenciesiote indices same: t

p(a. ) =a7(q)W &)

A truth in advertising. We allow monotone
transforms of p to get actual probability
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Off diagonal terms

ABut we know t hat t e
t oo each ot her,

A And so there are many ingenious schemes
i (LS,
| spreading activation,
iPCA, &)

A for computing W in a way that is not
diagonal.
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Corpus or bicorpus

A LSI uses only information about the
documents.

A Dr. Bing* Bai (of NEC, this workshop) will
present a very interesting dimension
reduction scheme based on using both parts
of the btcorpus.

ANot a Microsoft system
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Weakness of Iinearit‘

A Linearity has implications ‘
I For example: linearity means that if

d'"isnearad+ 1 ad

I then the value gb will be the corresponding
linear combinations of values fdr, d 0

| this rules out queries whose answers fall into
separate (green) islands as shown above

I Linear mixing of scores cannot solve this
problem because linear combinations of linear
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There are tr

A Nonlinear features can do it (SVM)but
we must be careful about size of space

A Non' linear combinations rules can do it
Boolean; continuous Boolean; fuzzy
Boolean)

A Progress is made, and the web gives us nev
features (link based)

AAnd users ar e cansnvatoi s
more?
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The effect of memory:
Non-static case

I Really, users are influenced by what they see. If
the quest is not resolved by single documents,
then order matters. How do we represent that?

A somewhat related to diversity).
I Two steps: consider a:

i {U}containsalldobgood enough t

I We have two options:

A(a) keep them similar assume that the answer is
Omonolithico
A(b) try not to keep them similar (multthic?)
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Promoting diversity

I We need ways to make them different.

I (a) find centroid (first); look at the-c then most
remote; then most remote

I (b) portfolio--- look at each vector (centered) and
divided by its norm (so the inner product is a
Acorrelationo) and AmMi ni m
sel ectAefdi nsdet onegati vely 0o0c

I anticlusteringi use any similarity measureform an
Inverse, then do ordinary (hierarchical) clustering on
the resulting measure.
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Why should we cluster?
A We need it for the muHithic case

I If the same guery can arise from several quests
that are quite different

I This is the multilithic case.

A Then, if components of the answer form

single islands,

A we believe the set U consists of components that are
O0clusterabl eb.

Acluster U by your favorite means

Amy favorite means: lower order projections and

convex hulli not yet based on evidence.
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My preferred idea*

A Think of the entities as points in a vector
space.
I This set has a convex hull

I Points on the hull are as different from each
other as they can be

I Restrict the search for exemplars to that hull

I There are fast convex hull algorithms, O(N),
rather than N

I Suppose there are H clusters to be found
* Due to time limitations the slides with green background were

ngJZCQZIO%gussed In det%ﬂ;IR 2009 Workshop on Learning 33

to Rank (LR4IR 2009)



So 1t looks like this
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But document space IS not 2
dimensional

A Actual dimension is a matter of some
debate.

I Naively, ~400,000 words in English
I Many millions of proper names

I LSI/LSA techniques get away with a few
hundred

A But, roughly, the actual returned set is more
like a very high dimensional porcupine:
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In high dimensional space

A Finding the convex hull is much larger
A It has a huge number of points (potentially
all of them)

I Related to the (folk) theorem

I Given any documemt, there is a query for
whichd is the very best match

A So we need some help
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Random Projections

A Rather than work in the high dimensional
space,

A (1) We could project onto a smaller space
(d=10, or 15)

A (2) But we are even lazier, and simply
consider the pairs of axes

A This gives us very easy2 hull problems

A We solve them over and over, and keep
frack of the vertices (entities) that appear
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Simulation Studies

A Make ten clusters, each with 100 elements
(so 1,000 ndocument s

A There are ten distinct dimensions on which
these clusters differ (rather than, for
example, being groups specifically at high
and low values of some key discriminator
I Specifically: center3(0,0,1,0,0,0,0,0,0,0), etc.

A We add 1,000 more dimensions on which
the documents differ randomly~[-.5,.5]
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Number of projection pairs
Each red bar marks another pair
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How fast does this work?

A We ask if we have picked up all ten
clusters, after saviny different vert Optlcal
projection hulls. Here are quite a
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How well does it work?

A The result is fundamentally stochastic:
I Prob{still missing some clusters| v vertices}
I Decreases; details not worked out yet

I Question: if we color the dots in one cluster, do
they seem attracted to their vertices

Awould require that the vertices from one cluster be
near each other along the convex hull

Alabel them to see
I 1If not, must cluster real documents to find the centers
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And even worse, !l

A | am kidding myself because the clusters are
big (each is 10%) of whole, and

A 1-.9728.433= 0.9500

A So | could see each cluster, with 95%
confidence, just by picking points at random

ASo, | etds make one c
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To find cluster of size n=2

3998 6 1@00
Pr{miss| sample sizg k- ;k /8 %

c
_(998- k 41)(998 k 2

1000® 999

=.05

775.0614 n
1000 224.9386 0.224939

999 223.9386 0.224163
0.050423 chance to miss
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But

A Using the 2D projections plus
A Convex Hull trick
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Real Users are Affected by what
they see: The persistence of memory

A Can we represent the fact that a user does
not want to see the same thing over and
over? pmmm |

¥
A g
. ,:. ~— N\ \
. < | | s
s /' 4
b \
e

Copy of a
Painting
by
Salvador
Dall
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The Density Matrix

A In Quantum Mechanics, the D.M. this is
used to represent states of physical systems

ALet 6s specul ate that
matrix to represent states of the user:

A The density matrix can include both
guantum effects and classical. | am using it
only for classical mixtures, but | am
borrowing the quantu
measur ement 0.
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Projections

A If |k> then the operator written #s><k|
(note that they are Iin the reverse order)
has the effect of projecting any ket [x> Into

Its component along t

ne ket k.

A x --> \k><k|x> corres
In ordinary notation.

ponds to x> (k,x)k
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Sum of projections on pure states

We can formaweighted sumof projections
s'=a p |k > K|
k
Theeffect of observation | proposethat
If we see document,m theuser stdtes ischal

s- (I [m>wm)ql |m AK
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The user s st a

A Presumably, whefm> is seen, some value
ARaccumul at or o | S 1 n
related top

A The transformation of means that the state
Im> IS not worth seeing again

AThis is an irrever si
stat eo.
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Details are not complete

A This can be expanded to deal with queries
that represent a mixture of users,
I Not the usual measurement model
I Notation a bit messy.
I Not quite clear how to handle the impact of the

severa
A Work in

7/23/2009

documents

DIrogress
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Can we move Beyond Ranking?

A All of this research is done in the context of
presenting a ranked list at any step in the
search

A And, indeed, this is surely a hard enough
problem

A but might we serve the users better if we
made our problem even harder?.

A Consider the modern food court
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The food court

A When we go to the food court, there are
many options

A | prefer Chinese food for lunch

Awhy isndét the Chines
a ranked list)
I when | arrive?

A But, of course, that would not make sense
for my friend who likes Indian food
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Psychology

A Philip Golden (192&€006)*

A An innovator in cafeteria desid]
I We do not have a web photo
I But we was my uncle, and looked a lot like me.

A * my motherés brother. We dondt hav
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Benefits of innovation

A Cafeteria design
A Used to be linear slide trays on rails; then pay

A He designed
I free flow layout

I customers can move to any station (in the forward
direction)

I computable increase in throughput, freshness of food;
I decrease in unsold food; customer irritation
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A talk should have pictures

A 'and what is the use of a book,' thought Alice,
'‘without pictures or conversations?'

ARAl ice in Wonderlando, L

A | have searched for relevant images of the
free fl ow conc o n

!‘; o> =
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Query: Cafeteria free flow
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