
Pivoted Byte Size Normalization

Cosine Slope

0.25 0.30 0.35 0.40

6,526 6,634 6,678 6,689 6,570

0.2840 0.3258 0.3277 0.3261 0.3088

Improvement +14.7% +li?i.4~o +14.8% +8.7%

Improvement

over best (0.3361 ) - 3.1’% - 2.5% -3.070 -8.1%

Pivoted Uniaue

Table 4: Estimation of a good slope m pivoted byte s]ze normabzat]on for TREC quer]es 151–200 Each entry shows the total number of relevant

documents retrieved (out of 9,805) for all fifty queries, and the non-interpolated average precmon The Improvements in average preclslon over

cosine normabzatlon and over pivoted unique normalization are also shown The pivot value was set to 2,730, which 1s the average number of
lndexable bytes In a document for TREC disks one and two

Based on this tf factor (which we call the L factor in

Smart’s term weight triple notation [8]) and pivoted unique

normalization (which we call the u normalization factor), we

obtain the final weighting strategy of the documents (called

Lnu weighting in Smart):

l+[og(tf)

1+ /og( average tf)

(1.0 – siope) x pivot+ slope x # of unique terms

Once again, we can use the average number of unique terms

in a document (computed across the entire collection) as the

pivot, and train for a good slope value.

The results of switching to pivoted unique normaliza-

tion from pivoted cosine normalization for TREC queries

151–200 are listed in Table 3. We observe that the best piv-

oted unique normalization yields another 6~0 improvement

over the best pivoted cosine normalization, resulting in an

overall 18.3 ~0 improvement over cosine normalization. A

deeper analysis of retrieval using Lnu weighted documents

(Figure 6(a)) reveals that in comparison to pivoted cosine

normalization (Figure 6(b)), the probability of retrieval us-

ing pivoted unique normalization is, in fact, even closer to

the probability of relevance for documents of all lengths. We

also notice in Figure 6(c) that the advantage that very long

documents had by the use of pivoted cosine normalization is

removed by using pivoted unique normalization. The addi-

tional 670 improvement in Table 3 shows that as the retrieval

probabilities come closer to the relevance probabilities, re-

trieval effectiveness increases. The closer the two curves are,

the higher is the retrieval effectiveness.

To verify the general applicability of pivoted unique nor-

malization schemes, we also tested it on various sub-collections

of TREC. Substantial improvements over cosine normaliza-

tion are obtained for all the collections. Also, the slope value

is very stable, Z.e., the changes in retrieval effectiveness with

minor deviations in slope (from the optimal slope value) are

very small for all the collections. A constant slope value

of 0.20 was effective across collections. These observations

are reassuring in terms of the general applicability of the

pivoted normalization schemes.

6 Degraded Text Collections

When large text collections are constructed by electronically

scanning the documents and rising optical character recog-

nition (OCR), the resulting text is usually degraded because

of faulty recognition by the OCR process. Term weighting

strategies that are effective for correct text collections might

not be effective for degraded text collections. For example,

if we use pivoted unique normalization in a degraded text

collection, the normalization factor for documents will be

affected by the poor quality of the input text (usually the

number of unique terms in a document will be artificially

high because different occurrences of a term can yield dif-

ferent unique terms in the degraded text).

Term weighting strategies that are not affected by the

errors in the input text are needed for degraded text col-

lections. [11] For correct collections, we have used the co-

sine factor and the number of unique terms to represent a

document’s length. In a degraded text collection, length

measures that undergo little distortion in the OCR process

should be used for document length normalization. Since

longer documents have more words and thus a greater num-

ber of bytes, fnnctions of the nnmber of bytes in a document

could possibly be used for normalization. The Okapi sys-

tem successfully uses the document size (in bytes) for length

normalization of (correct) documents. [5] In OCR environ-

ments, the byte sizes of the documents are less distorted,

and this distortion is much more uniform across documents.

For this reason, byte sizes of documents should provide a

more stable normalization function. [11]

We use byte size of a document to denote the document’s

length in the pivoted normalization function. Using the av-

erage byte size as the pivot, we obtain the following normal-

ization function:

pivoted byte size normalization =

(1 – slope) x average byte size+ slope x b@e stze

Since the byte size of a document increases with the multiple

occurrences of the same word, as well as with the presence

of different words, this normalization function compensates

for both the reasons that necessitate normalization (see Sec-

tion 1). Using this normalization function, which we denote

by the letter bin Smart’s notation, and 1 + log( tf) weighted

term frequency factors, we tested various slope values on
the correct TREC disks one and two, using TREC queries

151–200. The results of using /nb weighted documents and

itb weighted queries are shown in Table 4.

Table 4 shows that pivoted byte size normalization also

yields important improvements over cosine normalization.

It is slightly worse than using the best pivoted unique nor-

malization on the correct text. When we compare the prob-

ability of retrieval using the pivoted byte size normalization

to the probability of relevance for documents, we observe

that pivoted byte size normalization retrieves very long doc-
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uments with lower chances than their chances of relevance.

This can be fixed by using a milder normalization function

(like b@esize080 or bytesize060) with a stronger (higher)

slope. Very small improvements (less than one percent) were

obtained using these milder normalization functions. Over-

all, pivoted byte size normalization is an effective way to

normalize, and it will be especially useful in degraded text

collections.

7 Conclusions

This study shows that if documents of all lengths are re-

trieved with similar chances as their likelihood of relevance,

retrieval effectiveness improves. Pivoted normalization is

a powerful technique to make any normalization function

weaker or stronger, thereby reducing the systematic devi-

ation in the retrieval probabilities of documents (retrieved

using the normalization scheme) from their likelihood of rel-

evance. Substantial improvements are achieved by pivoting

the cosine normalization function. This study also observes

the weakness of the cosine function for very long documents

and proposes a fix — pivoted unique normalization. The

byte size of documents can also be pivoted to obtain an-

other effective document length normalization function.
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