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Abstract. We present an approach to query modeling that uses the temporal distribution of documents in an initially retrieved set of documents. Such distributions tend to exhibit bursts, especially in news-related document collections. We
hypothesize that documents in those bursts are more likely to be relevant and
update the query model with the most distinguishing terms in high-quality documents sampled from bursts. We evaluate the effectiveness of our models on a test
collection of blog posts.

1 Introduction
In this paper, we consider chronologically ordered document collections, such as those
related to news. Here, discussions around a certain topic have a transient character and
relevant documents are likely to appear in bursts. Previous approaches to exploiting
the transient and bursty nature of relevance in temporally ordered document collections
assume either that recent documents are more relevant [3] or they compute a temporal
similarity to retrieve recent or diverse documents [5].
We automatically identify one or more bursts in the result set and find the most
discriminating terms in the top ranked documents of the burst. Those terms are then
used as a basis for query modeling.

2 Related Work
A typical example of query modeling is based on (pseudo-)relevance feedback [6].
More recent examples include Meij and de Rijke [10], who perform semantic query
modeling by linking queries to Wikipedia, or Balog et al. [1], who also incorporate
information from an entity’s category in the setting of entity retrieval.
News corpora are inherently temporal. Early work by Li and Croft [7] tries to make
use of this feature under the assumption that recent documents are more likely to be read
and deemed relevant, creating an exponential recency prior. Efron and Golovchinsky
[3] expand upon this and incorporate an exponential decay into the query likelihood.
Dakka et al. [2] propose a more general framework to incorporate time into a language
model. Jones and Diaz [4] classify queries according to the temporal distribution of
result documents. Focusing on the blogosphere, the number of approaches to blog (post)
retrieval that make specific use of temporal aspects is limited. Weerkamp and de Rijke
[12] use timeliness of a blog post as an indicator for determining credibility of blog
posts. Under the assumption that more recent documents are more relevant, Massoudi
et al. [9] use an exponential decay for query expansion on microblogs.
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3 Adaptive Temporal Query Modeling
Our approach to query modeling is based on pseudo-relevance feedback, which aims
to improve the language model of the query by first retrieving a set R of N top-ranked
documents and identifying and weighting the most distinguishing terms in documents
in R. The updated query model is then used to retrieve the final ranked list of documents. We proceed in a similar fashion, but take into account the temporal distribution
of documents in R. This leads to the key assumption of this paper: documents in bursts
are more likely to be relevant.
Identification of bursts. More formally, each document D has an associated timestamp
time(D). A term w in the document D is sampled with probability P (w|D). We denote
the set of bursts for R as bursts(R) ⊆ P(R), the calculation of which is based on the
temporal distribution of documents in R. Let {counts(t, R) : t ∈ T } be the (discrete
and binned) distribution of timestamps of documents in R. The set of timepoints Ti
for a burst Bi ∈ bursts(R) is defined as {time(D) : D ∈ Bi }. We then define key
properties of a burst Bi as follows:
– There exists t ∈ Ti , where counts(t, R) is more than two standard deviations away
from the mean of all time points in R. Such t are called peaks.
– For all timepoints t ∈ Ti , counts(t, R) is more than one standard deviation away
from the mean of all time points in R.
– For each timepoint t ∈ Ti , either t − 1, t, or t + 1 is a peak.
Term reweighting. For a burst B, we sample terms according to:
P (w|B) =

1 
P (w|D)P (D|B),
NB

(1)

D∈B

where P (D|B) is the probability of the document given the burst (defined below). We
only use documents with the highest scores from the bursts, so D has to be in the
top-NB documents in the burst. The expansion terms are the M highest scored terms
of each burst that occur in at least 10 documents without being stopwords (based on
preliminary experiments). Their final probability is calculated as:
P (w|q) =

1
|bursts(R)|



P (w|B).

(2)

B∈bursts(R)

The weight is normalized and set to zero for all non-expansion terms. For retrieval,
documents are ranked using the divergence between the query model and the document
model with the Kullback-Leibler (KL) divergence [8].
Decay functions. Adapted to bursts, Pexp (D|B) decreases exponentially with its distance to the peak of the burst. Formally,
Pexp (D|B) = eγ(| max(B)−time(D)|) ,

(3)

Adaptive Temporal Query Modeling

457

where γ is the decay parameter and max(B) is the peak containing the most documents. The decay parameter γ is a free parameter, which needs to be trained or estimated; we propose a burst-adaptive variant for γ. Let σ(B) be the standard deviation of
counts(t, B) for all t ∈ T . Then, γB = 1/(2σ(B)2 ) is the decay parameter for exponential decay. This decay function is the best fitting gaussian. We call this an adaptive
2
exponential decay, and Pexp-adapt (D|B) = e1/(2σ(B) )·(| max(B)−time(D)|) .

4 Experimental Evaluation
We compare the effectiveness of our two models (trained γ and adaptive exponential γ) with the baseline used in [3] and the temporal prior [7]. Our test collection is
Blogs06 [11], a collection of blog posts collected during a three month period (12/2005–
02/2006) from a set of 100,000 blogs. After standard preprocessing we are left with just
over 2.5 million blog posts and 150 topics for the blog collection (divided over three
TREC Blog track years, 2006–2008). We only use the title field of the topics, that is,
the keyword query.
We use two baselines, QL (query likelihood with Jelinek-Mercer smoothing) and
EXP (due to [7]) which is like QL but with a non-uniform document prior P (D) =
β · e−β(time(q)−time(D)) . We follow [3] and set the smoothing parameter λ = 0.4
and β = 0.015. We compare the baselines against a temporal query model with a
trained γ and with an adaptive γ; for the trained model we split the dataset in different
ways: (i) leave-one-out cross validation (LV1), and (ii) three-fold cross-validation split
by topic sets over the years (YSPLIT). The temporal granularity for burst estimation
is days. Based on preliminary experiments, we fix the number of results returned to
N = 250, the number of top documents per burst to NB = 25, and a term should occur
in at least 10 of those documents. We return M = 5 terms per burst.
As to the results, in general,
Table 1. MAP scores on TREC Blog track data sets
we can see in Table 1 that
for the complete set of queries
trained γ
(“all”) the MAP scores are sigYear QL EXP (YSPLIT) (LV1) adaptive γ nificantly higher than the baselines for all approaches. The
2006 0.2571 0.2573 0.2783 0.3875 0.2776

performance using a γ trained
2007 0.3742 0.3758 0.3798 0.4220 0.3838

with LV1 is significantly better
2008 0.3088 0.3084 0.3165 0.3423 0.3118
than using data set split over
all 0.3134 0.3138 0.3249 0.3702 0.3244
years. Thus, optimizing γ pays
off: leave-one-out cross validation results in a different value from using split training sets (−0.8 vs. −0.9) and a
significant improvement over using split training data. Queries modeled with LV1 seem
to be more focused.
Table 1 provides an overview of the results split by year, and indeed, the significance
of the results decreases, as over the years, the assessors gained distance from the data
and specific events. Thus, later queries are not as temporally focused but more general.
This is reflected in the number of temporal queries per collection: temporal queries are
much more common in the 2006 collection (64%) than in 2008 (40%).
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5 Conclusion
We have introduced two temporal query models, a trained model and an adaptive exponential model. We have analyzed their effectiveness on news-related data and found
that they consistently improve MAP without decreasing precision on the TREC Blog
track collection. Our models are situation dependent: given enough training data, the
optimal parameter settings can be found using a grid search to tune the adaptive model,
while the alternative model can be used in situations with insufficient training data.
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