
The inner product rewards documents that have a strong association with important query
terms. Euclidean distance is not a good choice for a match function because it ignores the
direction of the vectors. For example, assuming that the d[j]’s are based just on counts,
a document that contains just “Google” is closer in Euclidean distance to the vector for a
query “cat” than the vector for a document that consists of the term sequence “cat cat cat
cat”.

3.2 Term-weighting

Now we turn into the issue of setting the weight d[j] for a document d and a term vj. This
is an important and open research problem, but there are three consensus points in the
information retrieval community.

1. Corpus-distinctive terms are more important to match. One interpretation of this state-
ment is that the user forms a query q to distinguish the relevant from the non-relevant
documents so we should pay the most attention to distinguishing terms. Another view
of this idea is that distinctive terms are likely to relate to important concepts. For
example, suppose we have a query “computer modeling of neural processes”. In a CS
corpus, the word “neural” is more important than the other words. In a neurobiology
corpus the word “computer” would be more important. We can conclude that the
words that come up quite often are not really heplful for our task. Therefore we have
to penalize somehow the words that appear in many documents. One way to do this
is to use some notion of the inverse document frequency (IDF) of a term that varies
inversely with the number of documents that contain the term.

2. The term frequency of vj in document d (TFd(j)) is correlated with some underlying
document-concept association. If a term vj appears in a document d many times, then
the document is to some extent related to the concept that vj represents. But . . .

3. Some normalization norm(d) is necessary e.g. to compensate for length bias. For
example, consider a document that contains the word “cars” 100 times. Is it relevant
to cars? Perhaps yes, if the document is, say, 300 words long, but what if it is 100000
words long?

The general formula for term weighting is thus

d[j] =
TFd(j)× IDF (j)

norm(d)

but the exact functional forms of all three quantities have been intentionally unspecified.

4 Finger Exercise

1. Suppose we have two rankings which are identical except that in the first the j-th
document is relevant and the (j + 1)-th is not and in the second the j-th document is
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not relevant and the (j + 1)-th is relevant. Suppose further that there are r relevant
documents in both rankings and p of them are ranked above position j. What is the
difference in their precision at k for different values of k? What is the difference in
average precision of the two rankings? How is it affected by p and j?

2. For ease of notation we represent a ranking as a string from the language {n, r}∗.
For example the string nrnnr represents a ranking of 5 documents where only the
second and fifth are relevant. We also use cj to denote j repetitions of character c.
We will investigate the importance of getting the first document right. Say, we have
the following rankings A = rnkrk−1 and B = nrknk−1. How big should k be so that
ranking B has better average precision than A? Repeat your calculations for rankings
C = n4rnkrk−1 and D = n5rknk−1.

3. Professor Martingale wants to use some probability theory for evaluating a ranking and
he comes up with this. Assuming an infinite number of documents, the probability that
the user of the IR system will select to view a document at rank k is given by

Pr[k-th doc viewed] =
1

2k

Assuming that the user looks at only one document, we can then define the expected
observed (and one-time) relevance of a ranking r as:

E[Rel(r)] =
�

k

Pr[k-th doc viewed]rk

where rk takes the value 1 if the k-th document is relevant and 0 otherwise. Briefly
explain why this measure may not be a satisfying way to evaluate a ranking.

4. What would be good way to define a probability distribution on the quality of a ranking
(which may be thought as a random variable since different users have different needs),
perhaps in terms of other things such as the actual relevances of the documents, the
apparent relevance of the k-th snippet shown to the user, the user taking a look at the
k-th snippet and any other factor you think it should be taken into account?
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5 Solution

1. If k �= j then the difference is zero. For k = j the first ranking will have prec@k = p+1
k

and the second will have prec@k = p
k so their difference is 1

k . Let i = {i1, i2, . . . , ir} and
i� where i�� = i� for � �= p+1 and i�p+1 = j +1 be the ranks of the relevant documents in
the first and second ranking respectively. The difference in average precision comes only
from the j-th document. Indeed if we subtract the two average precision expressions

1

r

r�

�=1

prec@i� −
1

r

r�

�=1

prec@i�� =

1

r

�
�

� �=p+1

prec@i� −
�

��=p+1

prec@i�� + prec@ip+1 − prec@i�p+1

�

the first two terms cancel and we get

1

r
(prec@j − prec@(j + 1)) =

1

r

�
p + 1

j
− p + 1

j + 1

�
=

p + 1

j + 1

1

rj

We see that the change in average precision due to a swap at position j is proportional
to how big p is relative to j and inversely proportional to j.

2. Probably the least tedious way to find the appropriate value of k is by writing a small
script that tries different values of k. We can verify that for the first case for k = 3 we
have the rankings A = rn3r2 B = nr3n2.

avg-prec(A) =
1

3

�
1 +

2

5
+

3

6

�
= 0.633

avg-prec(B) =
1

3

�
1

2
+

2

3
+

3

4

�
= 0.638

For k = 2 we would get

avg-prec(A) =
1

2

�
1 +

2

4

�
= 0.75

avg-prec(B) =
1

2

�
1

2
+

2

3

�
= 0.583

For C and D and for k = 2 we have the rankings C = n4rn2r D = n5r2n

avg-prec(C) =
1

2

�
1

5
+

2

8

�
= 0.225

avg-prec(D) =
1

2

�
1

6
+

2

7

�
= 0.226
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and for k = 1 it is obvious that C is better than D. We observe that even though the
difference between rankings A and B and rankings C and D follows the same pattern,
the latter is “easier” to compensate for because it happens further down the list of
ranked documents.

3. The expected relevance measure is not good because it emphasizes the first few doc-
uments too much. For example, if the first document is not a relevant one, then no
matter how good the rest of the ranking is, the expected relevance will not exceed 1

2 .
In general, a mistake at position i cannot be compensated for even if all documents
after position i are relevant.
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