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ABSTRACT
Language modeling approa hes to information retrieval are
attra tive and promising be ause they onne t the problem
of retrieval with that of language model estimation, whi h
has been studied extensively in other appli ation areas su h
as spee h re ognition. The basi idea of these approa hes is
to estimate a language model for ea h do ument, and then
rank do uments by the likelihood of the query a ording to
the estimated language model. A ore problem in language
model estimation is smoothing , whi h adjusts the maximum
likelihood estimator so as to orre t the ina ura y due to
data sparseness. In this paper, we study the problem of language model smoothing and its in uen e on retrieval performan e. We examine the sensitivity of retrieval performan e
to the smoothing parameters and ompare several popular
smoothing methods on di erent test olle tions.

1.

INTRODUCTION

The study of information retrieval models has a long history. Over the de ades, many di erent types of retrieval
models have been proposed and tested [21℄. There has been
a great diversity of approa hes and methodology developed,
rather than a single uni ed retrieval model that has proven
to be most e e tive; however, the eld has progressed in two
di erent ways. On the one hand, theoreti al studies of an
underlying model have been developed; this dire tion is, for
example, represented by the various kinds of logi models
and probabilisti models (e.g., [14, 3, 15, 22℄). On the other
hand, there have been many empiri al studies of models, inluding many variants of the ve tor spa e model (e.g., [17,
18, 19℄). In some ases, there have been theoreti ally motivated models that also perform well empiri ally; for example, the BM25 retrieval fun tion, motivated by the 2-Poisson
probabilisti retrieval model, has proven to be quite e e tive
in pra ti e [16℄.
Re ently, a new approa h based on language modeling has
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been su essfully applied to the problem of ad ho retrieval
[13, 1, 10, 5℄. The basi idea behind the new approa h is
extremely simple|estimate a language model for ea h do ument, and rank do uments by the likelihood of the query
a ording to the language model. Yet this new framework
is very promising, be ause of its foundations in statisti al
theory, the great deal of omplementary work on language
modeling in spee h re ognition and natural language proessing, and the fa t that very simple language modeling
retrieval methods have performed quite well empiri ally.
The term smoothing refers to the adjustment of the maximum likelihood estimator of a language model so that it will
be more a urate. At the very least, it is required to not assign a zero probability to unseen words. When estimating
a language model based on a limited amount of text, su h
as a single do ument, smoothing of the maximum likelihood
model is extremely important. Indeed, many language modeling te hniques are entered around the issue of smoothing.
In the language modeling approa h to retrieval, the a ura y
of smoothing is dire tly related to the retrieval performan e.
Yet most existing resear h work has assumed one method
or another for smoothing, and the smoothing e e t tends to
be mixed with that of other heuristi te hniques. There has
been no dire t evaluation of di erent smoothing methods,
and it is un lear how the retrieval performan e is a e ted
by the hoi e of a smoothing method and its parameters.
In this paper, we study the problem of language model
smoothing in the ontext of ad ho retrieval, fo using on
the smoothing of do ument language models. The resear h
questions that motivate this work are (1) how sensitive is
retrieval performan e to the smoothing of a do ument language model? (2) how should a smoothing method be sele ted, and how should its parameters be hosen? We ompare several of the most popular smoothing methods that
have been developed in spee h and language pro essing, and
study the behavior of ea h method.
Our study leads to several interesting and unanti ipated
on lusions. We nd that the retrieval performan e is highly
sensitive to the setting of smoothing parameters. In some
sense, smoothing is as important to this new family of retrieval models as term weighting is in the traditional models.
Interestingly, the e e t of smoothing is very sensitive to the
type of queries, whi h suggests that smoothing plays two
di erent roles in the query-likelihood ranking method: One
role is to improve the a ura y of the estimated do ument
language model, while the other is to a ommodate gen-

eration of ommon and non-informative words in a query.
Di erent smoothing methods have behaved somehow di erently. Some methods tend to perform better for on ise title
queries while others tend to perform better for long verbose
queries. And some methods are more stable than others,
in the sense that their performan e is less sensitive to the
hoi e of parameters.

2.

THE LANGUAGE MODELING
APPROACH

The basi idea of the language modeling approa h to information retrieval an be des ribed as follows. We assume
that a query q is \generated" by a probabilisti model based
on an do ument d. Given a query q = q1 q2 :::qn and a do ument d = d1 d2 :::dm , we are interested in estimating the
onditional probability p(d j q ), i.e., the probability that d
generates the observed q . After applying the Bayes' formula
and dropping a do ument-independent onstant (sin e we
are only interested in ranking do uments), we have

p(d j q )

/ p(q j d)p(d)

As dis ussed in [1℄, the righthand side of the above equation
has an interesting interpretation, where, p(d) is our prior
belief that d is relevant to any query and p(q j d) is the query
likelihood given the do ument, whi h aptures how well the
do ument \ ts" the parti ular query q .
In the simplest ase, p(d) is assumed to be uniform, and
so does not a e t do ument ranking. This assumption has
been taken in most existing work [1, 13, 12, 5, 20℄. In other
ases, p(d) an be used to apture non-textual information,
e.g., the length of a do ument or links in a web page, as well
as other format/style features of a do ument. In our study,
we assume a uniform p(d) in order to fo us on the e e t
of smoothing. See [10℄ for an empiri al study that exploits
simple alternative priors.
With a uniform prior, the retrieval model redu es to the
al ulation of p(q j d), where language modeling omes in.
The language model used in most previous work is the unigram model.1 This is the multinomial model whi h assigns
the probability

p(q j d) =

Y
i

p(qi j d)

Clearly, the retrieval problem is now essentially redu ed to
a unigram language model estimation problem. In this paper we fo us on unigram models only; see [10, 20℄ for some
explorations of bigram and trigram models.
On the surfa e, the use of language models appears fundamentally di erent from ve tor spa e models with TF-IDF
weighting s hemes, be ause the unigram language model
only expli itly en odes term frequen y|there appears to
be no use of inverse do ument frequen y weighting in the
model. However, there is an interesting onne tion between
the language model approa h and the heuristi s used in the
traditional models. This onne tion has mu h to do with
smoothing, and an appre iation of it helps to gain insight
into the language modeling approa h.
Most smoothing methods make use of two distributions,
a model ps (w j d) used for \seen" words that o ur in the
do ument, and a model pu (w j d) for \unseen" words that
1
The work of Ponte and Croft [13℄ adopts something similar to,
but slightly di erent from the standard unigram model.

do not. The probability of a query q an be written in terms
of these models as follows, where (w; d) denotes the ount
of word w in d.
X
log p(q j d) =
log p(qi j d)
=

X

i: (qi ;d)>0

X

i

log ps (qi j d) +

X

i: (qi ;d)=0

log pu (qi j d)

p (q j d) + X log p (q j d)
log s i
u i
p
u (qi j d)
i
i: (qi ;d)>0
The probability of an unseen word is typi ally taken as
being proportional to the general frequen y of the word,
e.g., as omputed using the do ument olle tion. So, let us
assume that pu (qi j d) = d p(qi j C ), where d is a do umentdependent onstant and p(qi j C ) is the olle tion language
model. Now we have
=

X

X

p (q j d)
log p(q j d) =
log s i
+ n log d +
log p(qi j C )
d p(qi j C )
i
i: (qi ;d)>0

where n is the length of the query. Note that the last term
on the righthand side is independent of the do ument d, and
thus an be ignored in ranking.
Now we an see that the retrieval fun tion an a tually be
de omposed into two parts. The rst part involves a weight
for ea h term ommon between the query and do ument
(i.e., mat hed terms) and the se ond part only involves a
do ument-dependent onstant that is related to how mu h
probability mass will be allo ated to unseen words, a ording to the parti ular smoothing method used. The weight
of a mat hed term qi an be identi ed as the logarithm of
ps (qi j d) , whi h is dire tly proportional to the do ument
d p(qi j C)
term frequen y, but inversely proportional to the olle tion
frequen y.
Thus, the use of p(qi j C ) as a referen e smoothing distribution has turned out to play a role very similar to the wellknown IDF. The other omponent in the formula is just the
produ t of a do ument-dependent onstant and the query
length. We an think of it as playing the role of do ument
length normalization, whi h is another important te hnique
to improve performan e in traditional models. Indeed, d
should be losely related to the do ument length, sin e one
would expe t that a longer do ument needs less smoothing
and thus a smaller d ; thus a long do ument in urs a greater
penalty than a short one be ause of this term.
The onne tion just derived shows that the use of the
olle tion language model as a referen e model for smoothing do ument language models implies a retrieval formula
that implements TF-IDF weighting heuristi s and do ument
length normalization. This suggests that smoothing plays a
key role in the language modeling approa hes to retrieval.
A more restri tive derivation of the onne tion was given
in [5℄.

3. SMOOTHING METHODS

As des ribed above, our goal is to estimate p(w j d), a
unigram language model based on a given do ument d. The
simplest method is the maximum likelihood estimate, simply
given by relative ounts
pml (w j d) = P (w; d)
w (w; d)

Method

Jelinek-Mer er
Diri hlet
Absolute dis ount

ps (w j d)
) pml (w j d) +  p(w j C )
(P
w; d) +  p(w j C )
w (w; d) + 
max(P(w; d) Æ; 0) Æ j d ju
+
j d j p(w j C )
w (w; d)
(1

d



P (w; d) + 
w
Æ jdju
jdj

Parameter



Æ

Table 1: Summary of the three primary smoothing methods ompared in this paper.
However, the maximum likelihood estimator will generally
under-estimate the probability of any word unseen in the
do ument, and so the main purpose of smoothing is to assign
a non-zero probability to the unseen words and improve the
a ura y of word probability estimation in general.
There are many smoothing methods that have been proposed, mostly in the ontext of spee h re ognition tasks [2℄.
In general, all smoothing methods are trying to dis ount
the probabilities of the words seen in the text, and to then
assign the extra probability mass to the unseen words a ording to some \fallba k" model. For information retrieval,
it makes mu h sense, and is very ommon, to exploit the olle tion language model as the fallba k model. Following [2℄,
we assume the general form of a smoothed model to be the
following:

p(w j d) =



ps (w j d) if word w is seen
d p(w j C ) otherwise

where ps (w j d) is the smoothed probability of a word seen in
the do ument, p(w j C ) is the olle tion language model, and
d is a oeÆ ient ontrolling the probability mass assigned
to unseen words, so that all probabilities sum to one. In
general, d may depend on d. Indeed, if ps (w j d) is given,
we must have
P
1
p (w j d)
Pw: (w;d)>0 ps(w j C )
d =
1
w: (w;d)>0
Thus, individual smoothing methods essentially di er in their
hoi e of ps (w j d).
A smoothing method may be as simple as adding an extra
ount to every word ( alled additive, or Lapla e smoothing),
or more sophisti ated as in Katz smoothing, where words of
di erent ount are treated di erently. However, be ause a
retrieval task typi ally requires eÆ ient omputations over
a large olle tion of do uments, our study is onstrained by
the eÆ ien y of the smoothing method. We sele ted three
representative methods that are popular and relatively eÆient to implement. We ex luded some well-known methods,
su h as Katz smoothing [7℄ and Good-Turing estimation [4℄,
be ause of the eÆ ien y onstraint2 . Although the methods
we evaluated are simple, the issues that they bring to light
are relevant to more advan ed methods. The three methods
are des ribed below.
The Jelinek-Mer er method. This method involves a linear interpolation of the maximum likelihood model with the
olle tion model, using a oeÆ ient  to ontrol the in uen e of ea h model.

p (w j d) = (1 ) pml (w j d) +  p(w j C )

(1)

2
They involve the ount of words with the same frequen y in a
do ument, whi h is expensive to ompute.

Thus, this is a simple mixture model (but we preserve the
name of the more general Jelinek-Mer er method whi h involves deleted-interpolation estimation of linearly interpolated n-gram models).
Bayesian smoothing using Diri hlet priors. A language
model is a multinomial distribution, for whi h the onjugate prior for Bayesian analysis is the Diri hlet distribution
with parameters
(p(w1 j C ); p(w2 j C ); : : : ; p(wn j C ))
Thus, the model is given by
w; d) +  p(w j C )
p (w j d) = (P
(2)
w (w; d) + 
The Lapla e method is a spe ial ase of this te hnique.
Absolute dis ounting. The idea of the absolute dis ounting method is to lower the probability of seen words by subtra ting a onstant from their ounts [11℄. It is similar to
the Jelinek-Mer er method, but di ers in that it dis ounts
the seen word probability by subtra ting a onstant instead
of multiplying it by (1-). The model is given by
max(P(w; d) Æ; 0)
+ p(w j C )
(3)
pÆ (w j d) =
w (w; d)
where Æ 2 [0; 1℄ is a dis ount onstant and  = Æ j d ju =j d j, so
that all probabilities sum to one. Here j d ju is the number
of unique terms in do ument d, and j dP
j is the total ount of
words in the do ument, so that j d j = w (w; d).
The three methods are summarized in Table 1 in terms of
ps (w j d) and d in the general form. It is easy to see that a
larger parameter value means more smoothing in all ases.
Retrieval using any of the three methods an be implemented very eÆ iently, when the smoothing parameter is
given in advan e. The 's an be pre- omputed for all do uments at indexing time. The weight of a mat hed term
w an be omputed easily based on the olle tion language
model p(w j C ), the query term frequen y (w; q ), the do ument term frequen y (w; d), and the smoothing parameters.
Indeed, the s oring omplexity for a query q is O(k j q j),
where j q j is the query length, and k is the average number
of do uments in whi h a query term o urs. It is as eÆ ient
as s oring using a TF-IDF model.

4. EXPERIMENTAL SETUP
Our goal is to study the behavior of individual smoothing methods as well as to ompare di erent methods. As
is well-known, the performan e of a retrieval algorithm may
vary signi antly a ording to the testing olle tion used.
It is generally desirable to have larger olle tions and more
queries. We use the following ve databases from TREC, inluding three of the largest testing olle tions for ad ho retrieval, i.e., the oÆ ial TREC7 ad ho , TREC8 ad ho , and
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Figure 1: Performan e of Jelinek-Mer er smoothing.
Do ument
olle tion
FBIS
FT
LA
TREC7&8
WEB

Queries
351-400 (Tre 7) 401-450
Title
Long
Title
fbis7T fbis7L fbis8T
ft7T
ft7L
ft8T
la7T
la7L
la8T
tre 7T tre 7L tre 8T
N/A
web8T

(Tre 8)
Long
fbis8L
ft8L
la8L
tre 8L
web8L

Table 2: Labels used for test olle tions.
TREC8 web tra k testing olle tions: (1) Finan ial Times
on disk 4, (2) FBIS on disk 5, (3) Los Angeles Times on disk
5, (4) Disk 4 and disk 5 minus CR, used for the TREC7 and
TREC8 ad ho tasks, and (5) the TREC8 Web data.
The queries we use are topi s 351{400 (used for the TREC7
ad ho task), and topi s 401{450 (used for the TREC8 ad
ho and web tasks). In order to study the possible intera tion of smoothing and query length/type, we use two di erent versions of ea h set of queries: (1) title only, (2) long
version (title + des ription + narrative). The title queries
are mostly two or three key words, whereas the long queries
have whole senten es and are mu h more verbose.
In all our experiments, the only tokenization applied is
stemming with a Porter stemmer. We deliberately indexed
all the words in the language, sin e we do not want to be biased by any arti ial hoi e of stop words and we believe that
the e e ts of stop word removal should be better a hieved
by exploiting language modeling te hniques.
In Table 2 we give the labels used for all possible retrieval
testing olle tions, based on the databases and queries des ribed above.
For ea h smoothing method and on ea h testing olle -

tion, we experiment with a wide range of parameter values.
In ea h run, the smoothing parameter is set to the same
value a ross all queries and do uments. (While it is ertainly possible to set the parameters di erently for individual queries and do uments through some kind of training
pro edure, this is out of the s ope of the present paper.)
For the purpose of studying the behavior of an individual
smoothing method, we sele t a set of representative parameter values and examine the sensitivity of pre ision and re all
to the variation in these values. For the purpose of omparing smoothing methods, we rst optimize the performan e of
ea h method using the non-interpolated average pre ision as
the optimization riterion, and then ompare the best runs
from ea h method. The optimal parameter is determined by
sear hing over the entire parameter spa e.3

5. BEHAVIOR OF INDIVIDUAL METHODS
In this se tion, we study the behavior of ea h smoothing method. We rst derive the expe ted in uen e of the
smoothing parameter on the term weighting and do ument
length normalization implied by the orresponding retrieval
fun tion. Then, we examine the sensitivity of retrieval performan e by plotting the non-interpolated pre ision and reall at 1,000 do uments against the di erent values of the
smoothing parameter.
Jelinek-Mer er smoothing. When using the Jelinek-Mer er
smoothing method with a xed , we see that the parameter
d in our ranking fun tion (see Se tion 2) is the same for
3
The sear h is performed in an iterative way, su h that ea h iteration is more fo used than the previous one. We stop sear hing
when the improvement in average pre ision is less than 1%.
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Figure 2: Optimal  range for tre 8t (left) and tre 8l (right) in Jelinek-Mer er smoothing. The line shows
the optimal value of  and the bars are the optimal ranges.
all do uments, so the length normalization term is a onstant. This means that the s ore an be interpreted as a
sum of weights over ea h mat hed term. The term weight
is log(1 + (1 )pml (qi jd)=(p(qi j C ))). Thus, a small 
means more emphasis on relative term weighting. Indeed, if
 approa hes one, then all term weights tend to zero, and
the s oring formula approa hes oordination level mat hing,
whi h is simply the ount of mat hed terms.
The plots in Figure 1 show the average pre ision and re all
for di erent settings of , for both large and small olle tions. It is evident that both pre ision and re all are mu h
more sensitive to  for long queries than for title queries.
The web olle tion, however, is an ex eption, where performan e is very sensitive to smoothing even for title queries.
For title queries, the retrieval performan e tends to be optimized when  is small (around 0.1), whereas for long queries,
the optimal point is generally higher, and usually around
0.7. The di eren e in the optimal  value suggests that long
queries need more smoothing, and less emphasis is pla ed on
the relative weighting of terms. The right end of the urve
(when  is very lose to one) should be lose to the performan e of oordination level mat hing.
Su h sensitivity and trend an be seen more learly from
the per-topi plot of the optimal range of  shown in Figure 2. The optimal range is de ned as the maximum range
of  values that deviate from the optimal average pre ision
by no more than 0.01.
Diri hlet priors. When using the Diri hlet prior for smoothing, we see that the d in the retrieval formula is do umentdependent. It is smaller for long do uments, so an be interpreted as a length normalization omponent that penalizes
long do uments. The weight for a mat hed term is now
log(1 + (qi ; d)=(p(qi j C ))). Note that in the Jelinek Merer method, the term weight has a do ument length normalization impli it in ps (qi j d), but here the term weight is
a e ted by only the raw ounts of a term, not the length
of the do ument. After rewriting the weight as log(1 +
jdjpml (qi j d)=(p(qi j C ))) we see that jdj= is playing the
same role as (1 )=, but di ers in that it is do umentdependent. The relative weighting of terms is emphasized
when we use a smaller . As  gets large, d tends to 1,
and all term weights tend to zero. Thus, the s oring formula
tends to, again, that of oordination level mat hing.
The plots in Figure 3 show the average pre ision and re all
for di erent settings of the prior sample size . It is again
lear that both pre ision and re all are mu h more sensitive

to  for long queries than for title queries, espe ially when 
is small. However, the optimal value of  does not seem to
be mu h di erent for title queries and long queries. While it
still tends to be slightly larger for long queries, the di eren e
is not as large as in Jelinek-Mer er. The optimal prior 
seems to vary from olle tion to olle tion, though in most
ases, it is around 2,000. The tail of the urves is generally
at, as it tends to the performan e of oordination level
mat hing.
Absolute dis ounting. The term weighting behavior of the
absolute dis ounting method is a little more ompli ated.
Obviously, here d is also do ument sensitive. It is larger
for a do ument with a atter distribution of words, i.e., when
the ount of unique terms is relatively large. Thus, it penalizes do uments with a word distribution highly on entrated
on a small number of words. The weight of a mat hed term
is log(1+( (qi ; d) Æ )=(Æ jdju p(qi j C ))). The in uen e of Æ on
relative term weighting depends on jdju and p( j C ), in the
following way. If jdju p(w j C ) > 1, a larger Æ will make term
weights atter, but otherwise, it will a tually make the term
weight more skewed a ording to the ount of the term in
the do ument. Thus, a larger Æ will amplify the weight differen e for rare words, but atten the di eren e for ommon
words, where the \rarity" threshold is p(w j C ) < 1=jdju .
The plots in Figure 4 show the average pre ision and reall for di erent settings of the dis ount onstant Æ . On e
again it is lear that both pre ision and re all are mu h more
sensitive to Æ for long queries than for title queries. Similar
to Bayesian smoothing, but di erent from Jelinek-Mer er
smoothing, the optimal value of Æ does not seem to be mu h
di erent for title queries and long queries. Indeed, the optimal value of Æ tends to be around 0.7. This is true not
only for both title queries and long queries, but also a ross
all testing olle tions.
The behavior of ea h smoothing method indi ates that, in
general, the performan e of longer queries is mu h more sensitive to the hoi e of the smoothing parameters than that
of title queries. This suggests that smoothing plays a more
important role for long verbose queries than for title queries
that are extremely on ise. One interesting observation is
that the web olle tion has behaved quite di erently than
other databases for Jelinek-Mer er and Diri hlet smoothing, but not for absolute dis ounting. In parti ular, the title
queries performed mu h better than the long queries on the
web olle tion for Diri hlet prior. Further analysis and evaluation are needed to understand this observation.

Precision of Dirichlet Prior (Small Collections)

Recall of Dirichlet Prior (Small Collections)

0.4
0.8
0.35

0.7

recall

precision

0.3

0.25
fbis7T
fbis8T
ft7T
ft8T
la7T
la8T
fbis7L
fbis8L
ft7L
ft8L
la7L
la8L

0.2

0.15

0.6
fbis7T
fbis8T
ft7T
ft8T
la7T
la8T
fbis7L
fbis8L
ft7L
ft8L
la7L
la8L

0.5

0.4

0.1
0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

0

500

1000

1500

2000

2500

3000

3500

prior

prior

Precision of Dirichlet Prior (Large Collections)

Recall of Dirichlet Prior (Large Collections)

4000

4500

5000

0.3
0.8

0.28
0.26

0.7
0.24

0.6

recall

precision

0.22
0.2

0.5

0.18
0.16

0.4
0.14

trec7T
trec8T
web8T
trec7L
trec8L
web8L

0.12

trec7T
trec8T
web8T
trec7L
trec8L
web8L

0.3

0.1
0

2000

4000

6000

8000

10000

prior

0

2000

4000

6000

8000

10000

prior

Figure 3: Performan e of Diri hlet smoothing.
6.

COMPARISON OF METHODS

To ompare the three smoothing methods, we sele t a best
run (in terms of non-interpolated average pre ision ) for ea h
method on ea h testing olle tion and ompare the noninterpolated average pre ision, pre ision at 10 do uments,
and pre ision at 20 do uments of the sele ted runs. The
results are shown in Table 3 for both titles and long queries.
For title queries, there seems to be a lear order among
the three methods in terms of all three pre ision measures:
Diri hlet prior is better than absolute dis ounting, whi h is
better than Jelinek-Mer er. Indeed, Diri hlet prior has the
best average pre ision in all ases but one. In parti ular,
it performed extremely well on the Web olle tion, signi antly better than the other two. The good performan e is
relatively insensitive to the hoi e of . Indeed, many nonoptimal Diri hlet runs are also signi antly better than the
optimal runs for Jelinek-Mer er and absolute dis ounting.
For long queries, there is also a partial order. On average, Jelinek-Mer er is better than Diri hlet and absolute
dis ounting by all three pre ision measures, though its average pre ision is almost identi al to that of Diri hlet. Both
Jelinek-Mer er and Diri hlet learly have a better average
pre ision than absolute dis ounting.
When omparing ea h method's performan e on di erent types of queries, we see that the three methods all perform better on long queries than on title queries (ex ept
that Diri hlet prior performs worse on long queries than title queries on the web olle tion), but the in rease of performan e is most signi ant for Jelinek-Mer er. Indeed,
Jelinek-Mer er is the worst for title queries, but the best
for long queries. It appears that Jelinek-Mer er is mu h

more e e tive when queries are more verbose.
Sin e the Tre 7&8 database di ers from the ombined set
of FT, FBIS, LA by only the Federal Register database, we
an also ompare the performan e of a method on the three
smaller databases with that on the large one. We nd that
the non-interpolated average pre ision on the large database
is generally mu h worse than that on the smaller ones, and
is often similar to the worst one among all the three small
databases. However, the pre ision at 10 (or 20) do uments
on large olle tions is all signi antly better than that on
small olle tions. This is not surprising, sin e a given preision at a uto point of 10 do uments would orrespond
to a mu h lower level of re all for a large olle tion than
for a small olle tion. This is exa tly the same reason as
why one an expe t a higher pre ision at 10 do uments
when a query has many more relevant do uments. For both
title queries and long queries, the relative performan e of
ea h method tends to remain the same when we merge the
databases. Interestingly, that the optimal setting for the
smoothing parameters seems to stay within a similar range
when databases are merged.
The strong orrelation between the e e t of smoothing
and the type of queries is somehow unexpe ted. If the purpose of smoothing is only to improve the a ura y in estimating a unigram language model based on a do ument,
then, the e e t of smoothing should be more a e ted by the
hara teristi s of do uments and the olle tion, and should
be relatively insensitive to the type of queries. But the results above suggest that this is not the ase. One possible
explanation is that smoothing a tually plays two di erent
roles in the query likelihood retrieval method. One role is to
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Figure 4: Performan e of absolute dis ounting.
improve the a ura y of the estimated do uments language
model, and an be referred to as the estimation role. The
other is to \explain" the ommon and non-informative words
in a query, and an be referred to as the role of query modeling. Indeed, this se ond role is expli itly implemented with
a two-state HMM in [10℄. This role is also well-supported by
the onne tion of smoothing and IDF weighting derived in
Se tion 2. Intuitively, more smoothing would de rease the
\dis rimination power" of ommon words in the query, beause all do uments will rely more on the olle tion language
model to generate the ommon words.
The e e t of smoothing that we observed is generally
a mixed e e t of both roles of smoothing. But, for title
queries, the e e t is more dominated by the estimation role,
sin e in our experiments the title queries have few or no
non-informative ommon words, whereas for long queries,
the e e t is more in uen ed by the role of query modeling
for they often have many non-informative ommon words.
Thus, the fa t that the Diri hlet prior method performs the
best on title queries suggests that it is good for the estimation role, and the fa t that Jelinek-Mer er performs the
worst for title queries, but the best for long queries suggests
that Jelinek-Mer er is good for the role of query modeling.
Intuitively this also makes sense, as Diri hlet prior adapts
to the length of do uments naturally, whi h is desirable for
the estimation role, while in Jelinek-Mer er, we set a xed
smoothing parameter a ross all do uments, whi h is ne essary for query modeling.

7.

INTERPOLATION VS. BACKOFF
The three methods that we have des ribed and tested so

far belong to the ategory of interpolation-based methods,
in whi h we dis ount the ounts of the seen words and the
extra ounts are shared by both the seen words and unseen
words. One problem of this approa h is that a high ount
word may a tually end up with more than its a tual ount
in the do ument, if it is frequent in the fallba k model. An
alternative smoothing strategy is \ba ko ." Here the main
idea is to trust the maximum likelihood estimate for high
ount words, and to dis ount and redistribute mass only
for the less ommon terms. As a result, it di ers from the
interpolation strategy in that the extra ounts are primarily
used for unseen words. The Katz smoothing method is a
well-known ba ko method [7℄. The ba ko strategy is very
popular in spee h re ognition tasks.
Following [2℄, we implemented a ba ko version of all the
three interpolation-based methods, whi h is derived as follows. Re all that in all three methods, ps (w) is written as
the sum of two parts: (1) a dis ounted maximum likelihood
estimate, whi h we denote by pdml (w); (2) a olle tion language model term, i.e., d p(w j C ). If we use only the rst
term for ps (w) and renormalize the probabilities, we will
have a smoothing method that follows the ba ko strategy.
It is not hard to show that if an interpolation-based smoothing method is hara terized by ps (w) = pdml (w)+ d p(w j C )
and pu (w) = d p(w j C ), then the ba ko version is given by
ps (w) = pdml (w) and pu (w) = 1 Pi: (wd p;d(w)>j0Cp)(wi j C) . The
i
form of the ranking formula and the smoothing parameters
remain the same. It is easy to see that the d in the ba ko version di ers from that in the interpolation version by
a do ument-dependent term whi h further penalizes long
do uments. The weight of a mat hed term due to ba ko
0
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0.167, 0.366, 0.315 (0:3)
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0.243, 0.348, 0.293 (0:01)
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Jelinek-Mer er
avgpr, pr10d, pr20d ()
0.224, 0.339, 0.279 (0:7)
0.279, 0.331, 0.244 (0:7)
0.264, 0.350, 0.286 (0:7)
0.341, 0.349, 0.283 (0:5)
0.375, 0.427, 0.320(0:8)
0.290,0.296, 0.238 (0:7)
0.222, 0.476, 0.401 (0:8)
0.265, 0.504, 0.434 (0:8)
0.259, 0.422, 0.348 (0:5)
0.280, 0.388, 0.315

Diri hlet Prior
avgpr, pr10d, pr20d ()
0.197, 0.282, 0.238 (2000)
0.236,0.283, 0.213 (4000)
0.220, 0.294, 0.233 (2000)
0.334, 0.367, 0.292 (500)
0.324, 0.367, 0.297 (800)
0.258, 0.271, 0.216 (500)
0.186, 0.412, 0.342 (2000)
0.256, 0.448, 0.398 (800)
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Diri hlet Prior
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0.281, 0.329, 0.248 (2000)
0.265, 0.354, 0.285 (2000)
0.347, 0.349, 0.290 (2000)
0.347, 0.380, 0.297 (2000)
0.277, 0.282, 0.231 (500)
0.224, 0.456, 0.383 (3000)
0.260, 0.484, 0.4 (2000)
0.275, 0.410, 0.343 (10000)
0.279, 0.373, 0.303

Absolute Dis ounting
avgpr, pr10d, pr20d (Æ)
0.177, 0.284, 0.233 (0:8)
0.215, 0.271, 0.196 (0:8)
0.194, 0.268, 0.216 (0:8)
0.319 , 0.363, 0.288(0:5)
0.326, 0.367, 0.296 (0:7)
0.238, 0.282, 0.224 (0:8)
0.172, 0.382, 0.333 (0:7)
0.245, 0.466, 0.406 (0:6)
0.242, 0.370, 0.323 (0:7)
0.236, 0.339, 0.279
Absolute Dis ounting
avgpr, pr10d, pr20d (Æ)
0.185,0.321, 0.259 (0:6)
0.249, 0.317, 0.236 (0:8)
0.251, 0.340, 0.279 (0:7)
0.343, 0.356, 0.274 (0:7)
0.351, 0.398, 0.309 (0:8)
0.267, 0.287, 0.222 (0:6)
0.204, 0.460, 0.396 (0:7)
0.248, 0.518, 0.428 (0:8)
0.253, 0.414, 0.333 (0:6)
0.261, 0.379, 0.304

Table 3: Comparison of smoothing methods on title queries (top) and long queries (bottom). The three
numbers in ea h ell are average pre ision, pre ision at 10 do uments, and pre ision at 20 do uments. The
parameter hosen for ea h data set and method is shown in parentheses.
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Figure 5: Interpolation versus ba ko for Jelinek-Mer er (top), Diri hlet smoothing (middle), and absolute
dis ounting (bottom).
smoothing has a mu h wider range of values (( 1; +1))
than that for interpolation ((0; +1)). Thus, analyti ally,
the ba ko version tends to do term weighting and do ument length normalization more aggressively than the orresponding interpolated version.
The ba ko strategy and the interpolation strategy are
ompared for all three methods using the FBIS database
and topi s 401-450 (i.e., fbis8T and fbis8L). The results are
shown in Figure 5. We nd that the ba ko performan e is
more sensitive to the smoothing parameter than that of interpolation, espe ially in Jelinek-Mer er and Diri hlet prior.
The di eren e is learly less signi ant in the absolute disounting method, and this may be due to its lower upper
bound ( jdjdjuj ) for the original d , whi h restri ts the aggressiveness in penalizing long do uments. In general, the ba ko strategy gives worse performan e than the interpolation
strategy, and only omes lose to it when d approa hes zero,
whi h is expe ted, sin e analyti ally, we know that when d
approa hes zero, the di eren e between the two strategies
will diminish.

8. CONCLUSIONS AND FUTURE WORK
We have studied the problem of language model smoothing in the ontext of information retrieval. By rewriting
the query-likelihood retrieval model using a smoothed do ument language model, we derived a general retrieval formula where the smoothing of the do ument language model
an be interpreted in terms of several heuristi s used in
traditional models, in luding TF-IDF weighting and do ument length normalization. We then examined three popular interpolation-based smoothing methods (Jelinek-Mer er
method, Diri hlet priors, and absolute dis ounting), as well
as their ba ko versions, and evaluated them using several
large and small TREC retrieval testing olle tions. We nd
that the retrieval performan e is generally sensitive to the
smoothing parameters, suggesting that an understanding
and appropriate setting of smoothing parameters is very important in the language modeling approa h. An interesting
observation is that the e e t of smoothing is strongly orrelated with the type of queries. The performan e is generally
more sensitive to smoothing for long and verbose queries

than for on ise title queries. This suggests that smoothing
may be playing two di erent roles in the query likelihood
retrieval method. One role is to improve the a ura y of the
estimated do ument language model, while the other is to
a ommodate generation of non-informative ommon words
in the query. The results further suggest that Diri hlet prior
may be good for the estimation role, while Jelinek-Mer er
may be good for the query modeling role.
While our results are not ompletely on lusive as to whi h
smoothing method is the best, we have made several interesting observations that help us understand ea h of the
methods better. The Jelinek-Mer er method generally performs well, but tends to perform mu h better for long queries
than for title queries. The optimal value of  has a strong
orrelation with the query type. For on ise title queries,
the optimal value is generally very small (around 0.1), while
for long verbose queries, the optimal value is mu h larger
(around 0.7). The Diri hlet prior method generally performs well, but tends to perform mu h better for on ise
title queries than for long verbose queries. The optimal
value of  appears to have a wide range (500-10000) and
usually is around 2,000. A large value is \safer," espe ially
for long verbose queries. The absolute dis ounting method
performs well on on ise title queries, but not very well on
long verbose queries. Interestingly, there is little variation
in the optimal value for Æ (generally around 0.7 in all ases).
Considering the role of query modeling that smoothing is
playing, we believe that the optimal setting of smoothing
parameters may also be sensitive to the appli ation of stopword list.
While used su essfully in spee h re ognition, the ba ko
strategy did not work well for retrieval in our evaluation.
All interpolated versions perform signi antly better than
their ba ko version.
There are several interesting future resear h dire tions
that will help better understand the role of smoothing. First,
it would be interesting to test with queries that are long,
but non-verbose, or short but verbose. This will help larify whether it is the length or the verbosity of the query
that is intera ting with the e e t of smoothing. Se ond,
one an de- ouple the two di erent roles of smoothing by
adopting a two stage smoothing strategy in whi h Diri hlet smoothing is rst applied to implement the estimation
role and Jelinek-Mer er smoothing is then applied to implement the role of query modeling. Finally, there are many
other e e tive smoothing algorithms that we have not yet
tested (e.g., Good-Turing smoothing [4℄, Katz smoothing [7℄,
Kneser-Ney smoothing [8℄); evaluation of them would be a
natural further resear h dire tion. It is also very important
to study how to exploit the past relevan e judgments, the
urrent query, and the urrent database to train the smoothing parameters, sin e, in pra ti e, it would not be feasible
to sear h the whole parameter spa e as we did in this paper.
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