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Abstract. We propose a proximity probabilistic model (PPM) that
advances a bag-of-words probabilistic retrieval model. In our proposed
model, a document is transformed to a pseudo document, in which a
term count is propagated to other nearby terms. Then we consider three
heuristics, i.e., the distance of two query term occurrences, their order,
and term weights, and try four kernel functions in measuring a position-
dependent term count, which can be viewed as a pseudo term frequency.
Finally, we integrate term proximity into the probabilistic model BM25
by using the pseudo term frequency to replace term frequency. Exper-
imental results on TREC data sets indicate that the proximity proba-
bilistic model with the reverse kernel function consistently improves the
BM25 model by 5% - 11%, in terms of Mean Average Precision.

1 Introduction

Bag-of-words models are criticized in Information Retrieval (IR) because they
ignore the dependency of terms. It is intuitive that the document where the
matched query terms occur closely to each other is more likely to be relevant
than the document where the matched query terms are isolated. However, it is
not trivial to integrate term dependency or term proximity into IR models and
achieve consistent improvements over the bag-of-words models.

Some previous works obtained promising results [6][9][1][10]. The recent work
[4][11] internally integrated proximity factors into language models. However, few
studies have been conducted based on the state-of-the-art probabilistic models.

In this paper, we propose a proximity probabilistic model (PPM) that in-
tegrates term proximity into the state-of-the-art probabilistic model BM25. We
allow a term to propagate its term count to its surrounding terms and transforms
a document into a pseudo document. In estimating a position-dependent term
count, we model three heuristics, i.e., the distance between two terms, whether
the order is the same as they occur in the query, and term weights, and propose
four proximity kernel functions, i.e., the Gaussian, linear, parabola, and reverse
functions. Finally, we integrate position-dependent term counts into the BM25
model by replacing term frequency.

We evaluate the proposed proximity probabilistic models and the baseline
BM25 model on public data sets from Text Retrieval Conference (TREC). Ex-
perimental results show that the proximity probabilistic model is effective to
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improve the bag-of-words model in terms of Mean Average Precision. In partic-
ular, the reverse kernel function, which is new, performs better than the other
kernel functions that have been experimented in the previous work [4].

The remaining part of this paper is organized as follows. We briefly introduce
related works in Section 2. Then we describe our proposed proximity model in
Section 3 and report experimental results in Section 4. Finally, we conclude our
work in Section 5.

2 Related Work

2.1 Probabilistic IR Models

The classic probabilistic model introduced in 1976 by Robertson and Sparck
Jones [7], a.k.a. the binary independence retrieval (BIR) model, is based on
Probabilistic Principle. Let P(R|d) be the probability that the document d is
relevant to the query ¢ and P(R|d) be the probability that d is non-relevant to
q. Documents are ranked by the following ratio:

P(R|d)
P(R|d)

BM25 is the state-of-the-art implementation of the BIR model [8]. Given
a query ¢, the relevance score of a document d with respect to the query is
calculated as follows:

tfi
RSb = Z w; * m
qi€q

l
avdl

K =ki((1—b)+b—>)

Here, ¢; denotes a key term in the query g; tf; is term frequency of ¢;; I is
document length, and avdl is average document length; k; and b are parameters.
w; is g;’s term weight, usually estimated by the formula proposed by Robertson
and Sparck-Jones [7]:

N —df; +0.5

i =1
Wi =08 e 05

where N is the number of documents within a collection, and df; is document
frequency of ¢;. The BM25 retrieval model performs robustly and effectively as
shown in previous TREC experiments. We choose it as the reference model in
this study.
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2.2 Proximity Related IR Models

When we integrate term proximity in IR models, two key issues should be con-
sidered: One is how to measure term proximity, and another is how to integrate
the proximity measures into a retrieval model.

As Tao and Zhai [10] summarized, there are two kinds of approach on measur-
ing proximity: (1) Pair-based approaches, such as [6][1][11], measure the proxim-
ity based on the distance between two terms. (2) Span-based approaches, such
as [2][3][9][5], measure the proximity based on text segments, i.e. spans, that
cover more than one query term. Lv and Zhai’s approach is somehow in be-
tween [4]. They define a language model for each position of a document, which
is estimated based on the propagated word counts from the words at all other
positions. Thus, the score for a position conveys the compactness of surrounding
query terms that compose a soft span.

On integrating the proximity measures into retrieval, three strategies have
been proposed: (1) Best score strategy, such as [2][3], uses the maximum score
for spans. (2) Score combination strategy, such as [6][1][10], combines the score
based on proximity measures with the score based on term independent models.
(3) Internal integration strategy, such as [9][4][11], transforms a document into
a pseudo bag-of-words document, which combines the original document model
with the document’s proximity model with respect to a query at term level. As
a result, term frequency is transformed into a pseudo term frequency.

Our work considers the influence from a term’s surrounding terms in count-
ing term frequency and integrates proximity heuristics into probabilistic models.
In some sense, our work is close to [9] in that our proximity model also inte-
grates proximity measures into probabilistic models by pseudo term frequency.
However, our model is different in that we do not detect spans nor calculate
pseudo term frequency by span scores. Our proximity model also differs from
[11][4] because we integrate proximity factors into a probabilistic model, rather
than a language model.

3 A Proximity Probabilistic Model

3.1 Integrating Proximity into the BM25 Model

In this section, we discuss how to integrate the proximity of query terms in
a document into the BM25 retrieval model. Similar to the ideas proposed in
[9][4][11], the proximity information could be seen as being transformed to word
count information, which is the primary factor that the unigram probabilistic
model takes advantage of. Consider a document d represented by:

d= (t17t27”'7tl)

where t; is the ith term occurrence in document d. In the bag-of-words model,
the terms are assumed independent to each other. Thus any term occurrence
counts one in its corresponding term frequency, independent of other terms. For
example, term frequency of a query term g; is calculated as:



4 Ruihua Song, Ligian Yu, Ji-Rong Wen, and Hsiao-Wuen Hon

tfi=> 1

ti=q;

The main idea of a proximity probabilistic model is to estimate a position-
dependent term count f(¢;), which is related not only to the number of occur-
rences of ¢; but also to the term counts propagated from other terms, as defined
in Section 3.2. Therefore, a document is transformed to a pseudo bag-of-words
document represented as follows:

dp = (f(tl)vf(t2>7 o '7f(tl))

Based upon such a proximity based document representation, the problem of
ranking d with respect to ¢ is changed to ranking d,,. Our proximity probabilistic
model estimates the relevance score as follows:

tfpi
RS, = Y w s P
qi€q K+tfpi

where ¢ fp; is a pseudo term frequency based on d, calculated as follows:

tfpi = Z )

tj=q;

3.2 Position-Dependent Term Count

The key problem in the proximity probabilistic model is how to estimate the
position-dependent term count f(-). Since in the retrieval model a term other
than a query term does not influence relevance scores, we ignore non-query
terms in the document representation. For example, suppose a query “ABC”
and a document as follows:

BiAI XXX AsBaCoX X XXXXXXXXXXA3X

Here, X denotes a term other than a query term, and A; represents that the
ith occurrence of the query term A.

In this paper, we consider the following heuristics in measuring term prox-
imity:

1. Distance: The closer two query terms are, the more a term’s count propagates
to another term. For example, A receives more propagated word counts from
B in “AB” than from B in “AXXXXXB".

2. Order: A receives more propagated word counts from B in a pair “AXXB”
which preserves the same order between A and B as in the query, than in a
pair “BXXA” which does not preserve the order.

3. Term Weight: Stronger terms propagate higher term counts. For example,
if wp > we, A receives more word counts from B in “AB” than from C in
“AC”.
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Now we present how we integrate these proximity intuitions in f(-). When
calculating f for a term occurrence t;, we regard the term as the central term.
Then we search forwards and backwards respectively for another query term. In
practice, we stop searching when the distance is larger than Max Dist. Whenever
we find another different key term, denoted as ¢;, we define the distance between
t; and t; as the number of steps one has to move ¢; in order to obtain the same
relative positions for ¢; and ¢; as in the query. Specifically, we define the distance
as follows:

diSt(tivtj) = |(p(tivd) _p(tjad)) - (p(ti,(]) _p(tj,Q))|~

where p(t,d) is the position where term ¢ occurs in the document d, and p(t, q)
is the position where ¢t occurs in the query g. For example,

dist(Az, B2) = |(=1) — (=1)| = 0;
dist(As, C) = [(=2) — (=2)
dist(Ay, Br) = |1 = (-1)| = 2.

As a result, we punish the unordered term pair in a natural way. e.g.,
dist(Aq, By) is larger by two than dist(As, Bs).

Next, we define a proximity kernel function g to transform dist into a score.
Four different functions g are used:

1. Gaussian:

22

gla) = e 57
2. Linear:

glx)=axzx+1,a <0;
3. Parabola:

g(x) =ax2*+1,a <0;
4. Reverse:

gx)=1/(a*z+1);

The four kernel functions represent different ways in which the propagated
term count decreases when dist increases. For example, the linear function means
that the propagated term count from term t; decreases linearly. The reverse
function means that the propagated term count from ¢; decreases rapidly when
dist(t;, t;) is small while it decreases slowly when dist(t;,t;) gets large. The first
two kernels have been used by Lv and Zhai [4], and the parabola kernel is also
similar to the circle kernel in their work. The unique kernel function that we try
is the reverse function. It is different from the other three because it is concave.

Finally, by considering term weights and handling multiple occurrences of
the same term, we obtain the final f as follows:

f(ti) =4 324 h(ti t5)
h(ti,t;) = w1 * wo * g(min{dist(t;,t;)}).
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Table 1. Basic statistics on query sets from TREC Terabyte Tracks

l 104 adhoc[OE) adhoc[OG adhoc‘

queries 701-750 | 751-800 | 801-850
#qry (with grel) 49 50 50
#total qrels 10617 10407 5893
#qry of two terms 13 13 12

where ¢ is a constant term count that ¢; contributes to itself. When no other
query terms appear around t;, the default f(t;) is ¢, instead of zero. When more
than one t; occurs near ¢;, we use the one with the smallest dist to calculate h.
For t;, f sums the term count of ¢; and those propagated from other key terms.
If MaxDist = 10, for the earlier example, we have:

f(A1> =c+ h(Al7 Bl)
f(AQ) =c++ h(AQ, BQ) + ]’L(AQ, 02)
f(Ag) = C.

and the proximity based term frequency for A is:

tfpa = f(A1) + f(A2) + f(43)

This new term frequency is used to replace the raw term frequency in BM25.
According to the function g used, four proximity probabilistic models (PPM)
are thus defined: PPM-G, PPM-L, PPM-P, and PPM-R.

4 Experiments

We use the query sets of TREC Terabyte tracks to evaluate our proposed PPMs
and the baseline BM25. Only the title fields of TREC topics are used as queries.
Table 1 shows some basic information on these data sets. The document col-
lection is GOV2 consisting of about 25 million pages. To avoid the uncertainty
of combining different fields, we do not index the title, URL, or anchors of a
page. We conduct retrieval on the text parsed from an HTML page’s body or a
PDF file. We perform stemming with Porter stemmer, but do not remove stop
words. In each experiment, we first use the BM25 retrieval model to retrieve
3,000 documents for each query, and then apply the PPM or the BM25 with
new parameters to re-rank them. The top 1,000 documents are finally used to
evaluate all runs using Mean Average Precision (MAP). To tune the parameters
of BM25 and PPM, we use the Terabyte’04 set for training and the other two
sets for testing. The results are shown in Table 2. Results marked with “*” mean
that the differences with the baseline are statistically significant in t-test at the
level of p < 0.05.

The results show that proximity information is useful to improve the bag-of-
words model in terms of overall MAP. For example, the PPM with the Gaussian
kernel (PPM-G) performs well on the data set of 04 query set, and the PPM



A Proximity Probabilistic Model for Information Retrieval 7

Table 2. Comparing BM25 and our proposed PPM

l [04 adh0c105 adhoc[OG adhoc‘

| BM25 [ 0262 | 0.314 | 0.288 |
PPM-G 0.278% | 0.326 [ 0.309%
PPM-L 0.269 | 0.329 [ 0.317*
PPM-P 0.274% | 0.326 | 0.309%
PPM-R 0.280% [ 0.329 | 0.319*

[PPM-R over BM25] 6.87% [ 4.76% [ 11.0% |

with the linear kernel (PPM-L) performs well over 05 and 06 query sets. The
best kernel is the reverse function (PPM-R) that we propose in this study (which
has not been used in the previous work [4]). It consistently outperforms BM25
on three query sets, and the improvements over 04 and 06 query sets are sta-
tistically significant. This indicates that the reverse function we propose better
captures the relationship between proximity and relevance than the other func-
tions. More specifically, the positions nearby a key term have the highest impact
on the estimation of the probability of relevance, whereas the influence from
more distant positions is low and its form vs. distance tends to be flat.

5 Conclusion

In this paper, we propose a proximity probabilistic model (PPM) based on the
BM25 retrieval model. The model estimates a position-dependent term count by
considering heuristics on the distance between the query term and its surround-
ing query terms, their order, and term weights. In transforming the distance into
a measure of relevance, we have tried four kernel functions. Among them, the re-
verse function has not been experimented with yet in previous works. Finally, we
replace term frequency by pseudo term frequency based on position-dependent
term counts and update the BM25 model to the PPM models. Experimental re-
sults show that the PPM model with the reverse kernel consistently outperforms
the BM25 model across different TREC data sets. The reverse function performs
better than the other three functions proposed in previous works. This indicates
that the impact of a surrounding query term to the query term decays rapidly
when the distance is small and then goes flat when the distance is large.
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