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Problem Description

Given a parameterized retrieval model, set of queries, relevance judgments, and
an evaluation metric, what is the best way to estimate the model parameters?

A Dual View of the Parameter Space

The parameter space can be viewed geometrically (evaluation metric surface) or
statistically (posterior distribution over optimal parameter settings).

Parameter Selection Techniques

. Maximum metric — Choose parameter that maximizes metric.
. Maximum a posteriori © Choose parameter that is mode of posterior.
. Bayesian — For each query, sample parameter from posterior.

Estimating the Posterior Using Bootstrapping

Algorithim 1 Bootstrap estimate of posterior

Input: T, m, and B
for b=1to B do
T =1}
fori=11t0 T do
t = (Q, R) uniformly sampled from T
To = Tp + {t}
end for
fy, = arg maxg mi{#, Ty)
end for &
return P(#|0.T) = Eﬂ@

Very little difference in parameter selection techniques. Both maximum metric
and maximum a posteriori estimation techniques perform almost identically.
However, for multi-modal distributions, sampling techniques may be a better
choice.

Sensitivity

Problem Description

Given a retrieval model, how is the effectiveness of the model affected by
perturbations of the optimal parameter setting?

Sensitivity Measures

We measure sensitivity along two dimensions using the entropy and spread of

P(d* | T) . The entropy captures the

spread captures how the effectiveness varies over the support of the distribution.
H = —jP(e | T)log P(O|T)
o
S = max m(0;T)— mn m(6;T)
0:P(0|T)>0 0:P(6|T)>0

Results

Language modeling (Dirichlet) and axiomatic (F2EXP) models are generally
less sensitive than BM25 or dependence models.
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Generalization

Problem Description

Given a parameterized retrieval model and parameter setting that was learned
on collection C / query set Q, how effective is the model when evaluated on
coll ecti on C intracollectieny y os etcoQl edt i o
Q' intdrcollection)?

Generalization Measures

ener al “fl atness’ of t he di stri

We measure a model ' s generali z
timal a learned parameter 1s on a test set.

Given a trained model, let m’ be the actual ev al

test set and m™ be the optimal (largest) evaluation metric possible under the
given model. Then, effectiveness ratio (G) 1s defined as:

Results

W] robust04 wtllg
MAP* [ MAP* [ MAP* [
dir 0.3272 | 99.57 | 0.2920 | 100.0 | 0.1975 | 94.28
bm?25 0.3342 | 99.67 | 0.2931 | 98.67 | 0.1993 | 98.34
f2exp 0.3219 | 99.97 | 0.2932 | 97.95 | 0.1976 | 95.50
dm 0.3482 | 97.39 | 0.3112 | 99.23 | 0.2212 | 100.0

Intracollection G for all models

BM25 generalizes the best across query sets on the same collection, coming
within 1% of the optimal effectiveness on average.

Train', Test ap ws] | robustO4 | wtllg | gov2 | Avg. Train', Test ap ws] | robustO4d | wtllg | gov2

ap 99.2 94.3 93.0 93.6 | 95.0 ap 100 99.7 98 .4 98.9

WS 99.1 97.4 96 .4 96.2 | 97.3 ws] 100 99.7 08.4 98.9

robustid 95.0 | 97.7 97.5 99.6 7.4 robust04 99.6 | 99.6 99.7 099.3

wtllg 91.8 | 92.7 96.5 934 | 93.4 wtllg 9.1 [ 989 99.5 97.0

gov2 95.6 | Y8.2 99.3 97.2 - 97.6 gov2 99.6 | 994 99.7 98.0 -

Avg. 95.4 | 96.9 96.9 96.0 95.8 | 96.2 Avg. 99.3 | 99.5 99.7 098.7 98.5

Intercollection G for F2EXP model Intercollection G for dependence model

Language modeling (Dirichlet) and dependence models exhibit better
intercollection generalization properties than F2ZEXP and BM235.

Less sensitive models do not necessarily generalize better. The most important
characteristic 1s how the posterior (or metric surface) changes across query sets
and/or collections.




