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Apply parsimonization to re-estimate the term

TREC Enterprise 2007 topic 38: “managing salinity”
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Parametrizing documents

In a language modeling setting, document models are
generally estimated using a maximum likelihood
approach (ML) and smoothed with a large background
model, such as the collection:
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Maximum likelihood estimates may emphasize general
terms or terms related to the domain of interest that are
not pertinent to the query. To assign more probability
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Results
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occur frequently in the back-
ground model; "managing,"
"medical,” and "treatment" in
these examples. This also
automatically removes stop-
words.
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blind relevance feedback, by interpolating the initial
guery with the found terms:

provements on TREC Robust
2004 are especially interes-

Results per test collection for the baseline query-likelihood run (QL), rel-
evance models (RM), and parsimonious relevance models (PRM) (best
results are marked in boldface). /1 indicates a statistically significant
difference as compared fo the baseline or 1o the RM run respectively,
using a two-tailed paired t-tfest at p < 0.01.

ting, since this collection is
known for its difficulty at
handling relevance feedback.
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Evaluation Conclusion

We use parsimonious language models to re-estimate term probabilities assigned by
relevance models. Parsimonious relevance models (i) improve retrieval
effectiveness in terms of MAP on all collections, (ii) significantly outperform their
non-parsimonized counterparts on most measures, and (iii) have a precision
enhancing effect, unlike other blind relevance feedback methods.

multimatch

We use test collections from six different TREC tracks
for our evaluation; TREC-7 adhoc, TREC Robust 2004
(both use TREC disks 4 and 5, minus the congressional
record), TREC Blog 2006, TREC Blog 2007, TREC
Genomics 2007, and TREC Enterprise 2007
(document search task, using relevance level 1).
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