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A corpus contains the following five documents:

dy | To be or not to be, this is the question!

ds | 1 have a pair of problems for you to solve today.

ds | It's along way to Tipperary, it's a long way to go. ..

d4 | I've been walking a long way to be here with you today.
ds | 1 am not able to question these orders.

The indexing system only considers nouns, adjectives,qumos, adverbs and verbs. All forms are converted to
singular, verbs are converted to the infinitive tense, resaa@ll punctuation marks and translates all letters to
uppercase. Conjunctions, prepositions, articles andheations are discarded as well. Multiple occurrences of
the same term within a document are not counted.

For instance, the phrase

Hey, it's not too late to solve these exercises!
becomes
IT BE NOT TOO LATE SOLVE THIS EXERCISE

1.1) What is the minimum dimension (number of coordinates) of iB¢DF vector space for this collection of
documents?

1.2) Fill the 5 x 5 matrix of Jaccard coefficients between all pairs of docusent

1.3) Apply an agglomerative clustering procedure to the calbect as a measure of similarity between two
clustersD; and D, consider the highest similarity betweénandds, with d; € D1 andds € Ds.

1.4) Draw the resulting dendrogram.

Solution — The stripped-down documents are the following (the thirdimms count the number of different terms
in each document, just to ease up the calculation of the dhcoafficient):

d1 | BENOT THIS QUESTION

d2 |  HAVE PAIR PROBLEM YOU SOLVE TODAY

ds | IT BE LONG WAY TIPPERARY GO

ds | 1 HAVE BE WALK LONG WAY HERE YOU TODAY
ds | | BENOT ABLE QUESTION THIS ORDER

~N| O[O N~

1.1) The collection includes 20 different terms: ABLE, BE, GO,V |, IT, HERE, LONG, NOT, ORDER, PAIR,
PROBLEM, QUESTION, SOLVE, THIS, TIPPERARY, TODAY, WALK, WA and YOU. Therefore, the vector represen-
tation requires at least 20 dimensions.

1.2) The table of Jaccard coefficients is the following. Only thaper triangular part is shown, since the Jaccard
coefficient is symmetrical.

| l[di]do|ds | du [ d5 |

di 1| 0 |19 112 4/7
da 1 0 1/3 | 1/13
ds 1 1/4 | 1/12
da 1 1/7
ds 1

1.3) The two most similar documents aie andds, so they can be joined in the same partition. The similarigtrin
becomes:



| | {di,ds} [ {do} | {ds} | {da} ]

{d1,ds} 1 /13 | 1/9 1/7
{d2} 1 0 1/3
{ds} 1 1/4
{da} 1

After this step, singletonsds } and{d,} are most similar, and shall be joined:

| H {dlvdf)} | {d2:d4} | {d:s} |

{di,ds} 1 1/7 1/9
(45, da} 1 14
{ds} 1

Next, singletonds joins cluster{ds, d4}:

| [ {d,ds} [ {d>,ds. da] |
{dy,ds} 1 1/7
{d2,ds, ds} 1

Finally, the two remaining clusters can be merged togeffiee. corresponding dendrogram is the following:

1 5 2 4 3

In the same setting as in the previous exercise, estimatiatteard coefficient for all document pairs based on
the application of five random permutations.



The network of references for a set of five hypertexts is gindigure:

o o

Compute the first 5 iterations of the PageRank and HITS alyus in the following hypotheses:

No damping factor.

Initial PageRank vector gives probability 1 to node 1.

Initial hub and authority vectors are uniformly 1 over aldes.

e No normalization required.

Let D be a set of documents over the $&if terms,n;; counts the number of occurrences of térimdocument
d.
4.1) Consider the following term frequency measures:

1 if Ntd 75 0
0 otherwise,

As(t,d) =" Ayt d) = log(1 + ngg).

Al(tvd) = Ntd, AQ(tvd) = { |d| )

Consider each measure according to each of the followitgrzseparately

1. The size of a document should not matter (e.g., concatgnaio copies of the same document should
not change the measure).

2. The number of occurrences of the term should not mattéy,ispresence is important.

3. Increasing the number of occurrences of a term should déegser impact on the measure if the term is
already frequent.

4.2) Which of the following are suitable IDF functions, and why?

Bl(t) = —lOg 1-— <Z Al(t,d)> N Bg(d) = (1 + ZAQ(t’d)> 5

deD teT

By(t) =) m, By(d) = (Z A4(t,d)>

deD teT

A document retrieval system must be implemented in a stredtprogramming language (Java, C, C++). Doc-
uments and terms are represented with their numeric IDs.

5.1) Define the appropriate array and record structures to gftigistore the matrix.4 counting the number of
occurrences of each terfin each document, considering that it is very sparse. Define the structureédes
inverse document frequency values.

5.2) Write a functionr et r i eve( q) which, given the arrayg of term indices, returns an array with the IDs of
the five nearest documents according to the cosine meastive TFIDF space.

Describe the har@-means algorithm in terms of the Expectation-Maximizafiamework.



Solution — Let X = (zx1,...,,) be the vector of observables (each being a vector in the TE{aEe), i.e., the
documents that we want to cluster intopartitions.
Our clustering model uses the cluster centroids as parameters:

©=(01,...,00m).

Our hypothesis is that document belongs to the cluster having the nearest centroid. To tinipgse we introduce the
hidden variable

Y = (717--'777»

wherey; € {1,...,m} defines the true cluster of documerit
The E-M algorithm works in steps, at theth step we have an initial guess of parameter vatdigsand we refine it by
building the expectation functio@(©, ©,) and optimizing it. Given the-th guess at parameter values

65 :( i77076‘b)7
we can compute the corresponding clustering:

Ye=((1,--7) where  ~; = arg mind(x;, 65). )

Jj=1,..., m
Given this new clustering hypothesis, we can improve outro@hpositions:

jiyS=1 T
Oor1 = (6571,...,05Y)  where ot = T~
K5 =1}
In particular, being centroids the average of the positafrthe documents, they minimize the sum of the squares of thei
distances, so we can reformulate (2) as follows:

)

0% = arg min d*(0,x;).
99 J;:Z (0,z;)
J

Note that then centroids are determined independently, so that miniimozatan be done simultaneously onwiliclusters.

Let us define .
QO,0,)=>" > (6 )

i=1 j:’yj:i

where dependence @, comes from (1). Then the parameter guess for stepl is

Os4+1 = arg mnQ (O, 0;)
S

as required by the E-M algorithm. Note that we arimimizing rather than maximizing as in the original E-M formulation.

The network of references for a set of four hypertexts ismindigure:

7.1) Execute the first four steps of the PageRank algorithm staftom user being with certainty at node 1 (no
damping factor).
7.2) Compute the stationary PageRank scores of the documents.



Suppose that a query, executed on the same network as Exérceturns nodes 1 and 2, and that we want to
use the HITS algorithm in order to rank the pages.

8.1) Define the root set and the extended set for the given query.

8.2) Compute the first five iterations of the HITS algorithm for theended set.

8.3) Which hub and authority values will asymptotically domifat

An IR system manages a corpus of six documents. Given the quehe system computes the following
probabilities for the documents to be relevant:

il 1. 2 3 4 5 6
pi | 100% 80% 20% 80% O 100%

9.1) What strategy can the system adopt in order to maximizedalirecore? What strategy can maximize its
precision score?

9.2) Suppose that the only documents that are relevant with cespeueryqg are 1, 2, 4 and 6 (of course, the
system does not know this). The system implements two altemalgorithms:

1. let document appear in the returned list iff; = 100%, or
2. let document appear in the list with probability;.

Compute the expected values of precision and recall agsigpehe user (who knows the actual document
relevance) to the list of documents returned by each algarit

Hint — Note that algorithm (1) is deterministic, only algorithmm) {2 stochastic.

Solution —
9.1) Letr = (r;), wherer; is the “true” relevance of documentremember that the query is fixed). Let= (z;),
wherez; = 1 iff the IR system returns documenin response to the query. Then,

Precision (z) = a;’r . Recall(z) =

E xT; E T4
i=1 =1

In other words, the “precision” of the answer is the amounetdvant documents within the list provided by the IR system
Its maximum value is attained when all returned documerggeevant, so we need to return only the two documents, 1
and 6, which are certainly relevant to the user. The “reaaflithe answer is its property of containing as many relevant
documents as possible, and it is maximized by returningaalchents (with the possible exception of 5, which is irretev
for sure).

9.2) In the first case, the IR system provides a deterministic anskaving precisiori00% and recall50%. In the
second case, we need to compute precision and recall scorak possible return strings, and compute their probghbili
weighted average:

- -T

E(Precision = ZPr ) Precision (z),  E(Recall ZPr )Recall. ().

Note that documents 1 and 6 are always returned, while datufnis never returned; moreover, documents 2 and 4 are
indistinguishable, so we can determine the following tableere precision (left) and recall (right) scores are pedi
together with their probabilities (in parentheses).

T2+ T4
0 1 2
(09 | (39 | (o0
. 0 (8) o3y (256) [ (312)
1 (2 Hogd o iz




Finally,
4
E(Precision = .8 + 5 .008 + —-.064 + 5 128 = .8 +.005 + .048 + .102 ~ 96%,

4
E(Recal) = = - .04 + D324 764 = .02+ .24+ .64 = 90%.

With the same data of Exercise 9, suppose that the systenalgseghm (1).
10.1) Compute the expected precision and recall scores from the pbview of the IR system, who only
knows the probabilitiep; for document to be relevant.

Solution — In this case the IR system’s answer is known, but the actualment relevance is a random variable with
the given probabilities. Therefore, the average values trisomputed against probabilities of the unknawn

E,(Precision = ZPr ) Precision (z), - (Recal) ZPr ) Recall. ().

We know the answet of the IR system, which i§l, 0,0, 0,0, 1), therefore we can compute a table which is similar to that
of Exercise 9:

T2+ T4
0 1 2
04 | (32 | (69
HEIEIEIERE
. 0 (8 o33y T (256) | (512)
1 (2 Mo rosar o8

Therefore, as expected,
E..(Precision = 100%

because we are sure that only relevant documents are rétumethe other hand,

2 2 2 2 2 2
E.(Recal) = 5-.O32+§~.256—|—Z.512+§~.OO8+Z~.064+5~.128 ~ .032+.171+4.256+.005+.032+.051 =~ 55%.

Write in your favorite high-level language a function thatplements the FastMap algorithm. In particular,
define what input must be provided and which output shall hemed.

Solution — Let matrixd be the input data (mutual distances between couples of Jtefie matrix is symmetric,
SO many optimizations are possible. lebe the output matrix with one column per document and one @vwegtracted
coordinate. We assume that the number of documeatsd the number of extracted dimensiensare encoded into matrix
sizes; otherwise, we can pass them as two additional inpegameters.

. void FastMap doubled[][], double z[][])

2 |

. [ intn=d.length,m = z.length;

4. for (ints=0;s<m;s++){ Repeat for the desired number of coordinates

5. [ 4,j < arg max ;d[i][j]; Find the two farthest points

6. for (int k=0;k <n; k++) Compute the s-th coordinate
d)[k]* + d[i][5]* — d[k][5])?

: z[s][k] < o )

7 LIl 24017 |

8. for (inti; =0;41 <n;ip++) Recompute the mutual distances

5 [ for (1 =0;j1 <m;ji++)

o || dl 1]l 1] — VA — @) — e[S

1 | }

2}



Note that the term within the square root sign at line 10 mighhegative, so a bit of care must be taken when actually
implementing the algorithm. ..

The columns of the following matrix represent the coordisaif a set of documents in a TFIDF space:

0
1
1

—_
NN O N
NN O N

-1

Let document similarity be defined by the cosine measuregdmtuct).

12.1) Compute the rank of matrix.

12.2) Letq = (1,3,0,—2)T be a query. Find the document in the set that best satisfiegigrg.
12.3) Given the matrices

= = O
—_

10
., V=—|0 1
10

== O =

-1

determine coefficient and the diagonal matriX so thatl is column-orthonormal and = USV ™.

12.4) Project the query; onto the LSI space defined by this decomposition and veriyahswer to ques-
tion 12.2. Why isn’t the requirement thitbe column-orthonormal important in our case?

12.5) Suppose that we want to reduce the LSI space to one dimer&tiom how the new approximate document
similarities tog are computed.

Solution —

12.1) Notice thatA has two linearly dependent (actually equal) columns (thu$ K 3), while the first two columns
are independent (thus rk > 2), therefore rkA = 2.

12.2) Similarities are computed by dot products, let’s do it inragg shot for all documents:

The most similar is document 2.
12.3) The column normality condition for matri& impliesa = 1/+/3. By expliciting the calculation of some entries
of matrix A, we obtain
2 0
()

12.4) Projection onto the document LS| space is achievedviaU ™ :

Similarity to the documents is computed via &2 matrix. If all computations are right,

vaig=ATq.

Specify in the MapReduce framework the Map and Reduce fomstio find the number of occurrences of
one/more given pattern/s in a collection of documents.

Solution — Let us define the two functions.

Map: NxT* — (T xN)*
(offsetline) +—  [(match1)]
Reduce TxN" — (IT'xN)*
(match [n1,...,nk]) —  [(match > n;)]



FunctionMapreceives a key (related to the document ID or line offsetjctvive can disregard, and a sequence of terms
(a line or a full document). It gives as output a list of pinsatch 1), one for each match of the pattern in the received
value.

FunctionReducetakes as input a paifmatch, [n1,...,nx]) where the value part is a list of previously computed
occurrences (originally all’s) and returns the list of matching patterns (only one elanirethis case) with the number of
occurrences for each match.

The pseudo-code for the Map and Reduce functions is thenfivitp

1. map Effset line)
2. [ whilepatternmatchesl{ne)
emit (pattern 1);

reduce (nhatch valueg values is an iterator over counts
[ result=0;
for each vin values
result+=v;
L emit (match resuld;

LA A

Consider a document corpus with= 6 documentsy = 5 terms. Suppose that documents have been clustered
intom’ = 2 clusters and terms have been clusteredirite- 2 clusters. The following document-term matrix
and cluster attribution has been determined:

112|3]4]|5

111|212
111 (X
2|2 X1 | X
311X | X|] [|X
411 | X| [|X
5|2 X | X
6|2 X | X

14.1) Consider the Jaccard index as similarity measure. Suppas@lt we know about a document is that it
contains term 2. Which other term is most likely to occur ia #ame document?
14.2) Compute the following probabilities for all suitable indeadues:

o the probabilityp;: that a random document belongs to cluster
o the probabilityp, that a random item belongs to clusiér
o the probabilityp; ; that a document in clustéf contains a term in cluster.

14.3) Perform a step of the Gibbs Sampling technique on documbptcomputing the posterior probabilities
w4 fori’ =1,2. Was the proposed cluster attribution likely, or will it beopably changed?

Given the following three documents (each row is a documediesch cell corresponds to a term and contains
its term id)

1/1(2|1|5]|2]2
2141313121
3121254 |3]|3

assume a multinomial model for the document generation stirdate the parameters of the term distribution by
using the maximum likelihood estimation meth@g8how all the steps to obtain the best parameter estimation)
As all the documents have the same length, ass#tte = [4/©) = 1 in the multinomial model
P(lg,n(d,t)|O©).



Solution — The multinomial model for a document generation is the fuii:

P(d|®) = P(l4,n(d,t)|©) = P(L = 14|0) < > Hen(d ) @)

ted

where® = (6,Vt € T') andT’ is our vocabulary.
We have a seD = (d1, d2, d3) of iid observations, thu®(D|0) = [],., P(d|©)
In this case, as we assum¥ L = [4|©) = 1, then:

re)= ()T

This model corresponds to the likelihood functib(®©|D).

We want to estimate th® parameters which maximize the likelihood function. We cartttht by computing the partial
derivatives with respect to each one of the paramekteasnd putting them equal to zero.

From now on we will consider the log likelihood function whits easier to derive:

logL(©|D) = log( <{n(ij t)}> )+ > n(d,t)log(6:) (5)

moreover there is one constraint to the maximization, nprdél 6, = 1, thus we perform a standard Lagrangian
optimization:

aiet[log(<{ ) +ZZ (d, t)log(0:) — Zﬁt—l (6)

dlogL > ,n(d,t)
00, 0
then the estimation of our parameters is:

—A=0 (7)

d,t
6, — 2za(dD) (8)
A
In order to compute the Lagrangian multipligrwe consider the constraidt, ; = 1 which become$ ", M =
Landthus\ = 3>, >, n(d,t) = >, la = n - la, wheren = |D].
The parameters are:

d,t
et — Zd n( ) (9)
n- ld
Substituting the values we obtafil = 2= = 2,60, = 5,03 = =,604 = £,05 = 3.

Solve the previous exercise by using the least square metBadw all the steps to obtain the best parameter
estimation)

Given the following three documents (each row is a documediesch cell corresponds to a term and contains
its term id)
1[1]2]1]5]2]2[3]2]
2/1|3|1|5(2|2
3/2|2|5[4]|3[3]|2
assume a multinomial model for the document generation stich&te the parameters of the term distribution
by using the least square meth@8how all the steps to obtain the best parameter estimation)




Given the following relevance ranking vector in responsa tpueryq:
dlv@a @7 d47%7%

(the underlined documents are exactly all the relevant pnes

18.1) Determine the interpolated precision at leyet 0.5 of recall,

18.2) Determine the “global’Fy; — measure (for the system returning all the six documents),

18.3) Determine the Break Even Point (BEP), which is the point afieglence between (interpolated) precision
and recall.

Solution — 18.1) We are given a ranked list of documents returned in resparsegtieryg with their associated relevance
values. In this ranked retrieval context, precision andli@an be computed by considering as the set of retrievedrdents
the topk ranked documents:

k Tk R P
00 0 1
110 0 0
211 0.25| 0.5
311 0.5 | 0.66
410 05| 05
5| 1 0.75| 0.6
6| 1 1 0.66

The interpolated precisioR;,...-, at a certain levep of recall is defined as the highest precision found for angltdéevel
/
p 2P

Pinter'p(p) = HIIaX P(p/)
p'Zp
Thus the interpolated precision at leyet= 0.5 of recall iSPinterp(0.5) = 0.66
18.2) The F1 — measure = 2;’3{? when all the documents are returnedris = 0.795 (by taking the P and R values
computed in the last row of the table).

18.3) To find the BEP we plot th&1-point interpolated precision curve

1e]
08
[ — Qe O mm Qe @—————<———-Bé§z0.€6—— R E]
0.6 i -]
-
g L] L]
a
0.4
0.2
0.2 04 0.6 08 1

Recall



Suppose that a user’s initial querydeeap CDs cheap DVDs extremely cheap CDke user examines two
documents¢d; andds. She judgesl;, with the contenCDs cheap software cheap CBalevant andi, with
contentcheap thrills DVDsonrelevant. Assume that we are using direct term frequémithl no scaling and

no document frequency). There is no need to length-normaéztors. Using Rocchio relevance feedback what
would the revised query vector be after relevance feedbAskBmen = 1,5 = 0.75, v = 0.25.

("An Introduction to Information Retrieval” preliminary ft, Manning, Raghavan, Satze, Cambridge Uni-
versity Press 2008)

Omar has implemented a relevance feedback web search sygtere he is going to do relevance feedback
based only on words in the title text returned for a page (ficiency). The user is going to rank 3 results. The
first user, Jinxing, queries for:

banana slug
and the top three titles returned are:
1. banana slug Ariolimax columbianus
2. Santa Cruz mountains banana slug
3. Santa Cruz Campus Mascot

Jinxing judges the first two documents relevant, and thel thinrelevant. Assume that Omar’s search engine
uses term frequency but no length normalization nor IDFufssthat he is using the Rocchio relevance feed-
back mechanism, with = 3 = v = 1. Show the final revised query that would be run. (PleaseHistector
elements in alphabetical order.)

("An Introduction to Information Retrieval” preliminary ft, Manning, Raghavan, Satze, Cambridge Uni-
versity Press 2008)



