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ABSTRACT
A limitation of standard information retrieval (IR) models is
that the notion of term composionality is restricted to pre-
defined phrases and term proximity. Standard text based IR
models provide no easy way of representing semantic rela-
tions between terms that are not necessarily phrases, such as
the equivalence relationship between ‘osteoporosis’ and the
terms ‘bone’ and ‘decay’. To alleviate this limitation, we
introduce a relevance feedback (RF) method which makes
use of word embedded vectors. We leverage the fact that
the vector addition of word embeddings leads to a semantic
composition of the corresponding terms, e.g. addition of the
vectors for ‘bone’ and ‘decay’ yields a vector that is likely
to be close to the vector for the word ‘osteoporosis’. Our
proposed RF model enables incorporation of semantic re-
lations by exploiting term compositionality with embedded
word vectors. We develop our model for RF as a gener-
alization of the relevance model (RLM). Our experiments
demonstrate that our word embedding based RF model sig-
nificantly outperforms the RLM model on standard TREC
test collections, namely the TREC 6,7,8 and Robust ad-hoc
and the TREC 9 and 10 WT10G test collections.

Keywords
Word Vector Embedding, Word Compositionality, Relevance
Feedback, Kernel Density Estimation

1. INTRODUCTION
Standard information retrieval (IR) models for text search

are based on the mutual term independence assumption. In-
corporating representation of term dependencies within the
framework of IR is generally expected to improve retrieval
effectiveness. These methods to incorporate terms depen-
dencies range from representing terms in a reduced dimen-
sional space by algebraic or probabilistic approaches [5, 13]
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to making use of generative models for term dependence
that are based on word translation models or latent topic
models [1, 23]. However, none of these methods provide an
easy way of representing semantic relations involving multi-
word concepts, such as the semantic equivalence between
the term ‘osteoporosis’ and the concept expressed together
by the terms ‘bone’ and ‘decay’.

The recently developed theory of word embeddings [19],
where a word, instead of being treated as a categorical vari-
able, is transformed into a vector of real numbers, opens up
a new avenue for exploring the benefits of leveraging term
compositionality in the context of IR. One of the most pow-
erful features of word embedding is that the addition of word
vectors corresponds to a semantic composition of the terms.
Thus, addition of the vectors for ‘bone’ and ‘decay’ yields
a vector that is in close proximity (within the embedded
vector space) to the vector for ‘osteoporosis’. Most exist-
ing research exploring the use of word embeddings for IR
has involved improving the effectiveness of initial retrieval
via improved document representations that incorporate se-
mantic similarities between terms [22, 9]. For instance, the
work in [22] represents documents and queries as composed
vectors of their constituent words in order to compute the
semantic similarity between them. The compositional char-
acteristic of the word vectors has also been used recently to
learn the weights of query terms during retrieval [26].

However, there has been very little work which system-
atically examines the use of word vector embeddings for
relevance feedback (RF) and query expansion (QE). This
is an interesting direction for study because the additional
information about the semantic relations between potential
expansion terms (as captured by the distances between the
corresponding vector embeddings) may be utilized to fur-
ther improve retrieval effectiveness. In fact, this constitutes
the key idea behind our proposed feedback method. The
only existing studies, that we are aware of, which explore
word embeddings for QE are somewhat ad-hoc in nature.
For example, both [10] and [11] simply use the k nearest
neighbours of a query word vector as additional query terms
for the purpose of medical and advertisement search respec-
tively. A major limitation of these approaches is that QE is
done prior to the initial retrieval. As a result, these methods
have no way of utilizing information which has been shown,
in general, to be useful for RF, e.g. the co-occurrence of
terms in the query with those in the top ranked documents,
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(c) Mixture of Gaussians

Figure 1: KDE operates by smoothing a histogram by combining Gaussians centred around the data points.

the document similarity scores, etc. (see [3] for an axiomatic
analysis of RF).
Our goal in this study is to develop a formal RF model

that provides a seamless way to incorporate both semantic
relationships and compositionality between terms. The key
idea in our proposed method is that we treat the query word
embeddings as data points, around which kernel functions
are placed in order to construct a kernel density estimator
of the underlying probability density function that gener-
ates the observed query word vectors. Documents may then
be ranked according to their KL divergence from this esti-
mated density function. Intuitively speaking, the (Gaussian)
kernels placed around the data points (query word embed-
dings) ensure that a word which is semantically related to a
query term, i.e., is close to a query term vector, is assigned
a high likelihood by the estimated density function. We
argue that our proposed model also provides a framework
to utilize term compositions during QE. More specifically,
a composed word vector (denoting the concept represented
by the addition of two or more query term vectors) can be
treated as an additional data point to control the shape of
the density function in its local neighborhood.
To empirically validate our approach, we conduct exper-

iments on two standard collections, the TREC 6-8 and Ro-
bust adhoc news retrieval and the TREC 9-10 WT10G web
retrieval test collections. Our results show that our pro-
posed feedback method significantly outperforms the stan-
dard relevance model (RLM). The remainder of this paper is
organized as follows. Section 2 provides background on the
RLM and Kernel Density Estimation. Section 3 describes
our proposed RF method. Section 4 discusses how word
compositionality can be integrated into the model. Section
5 presents experimental results. Section 6 reviews related
research before we draw conclusions in Section 7.

2. BACKGROUND
In this section, we briefly describe kernel density estima-

tion (KDE), a statistical technique for probability distribu-
tion estimation, which we utilize in our proposed RF model.
This is followed by a short review of the RLM [15], the un-
derlying principle of which is applicable to our model.

2.1 A Brief Introduction to KDE
Kernel density estimation (KDE) is a widely used non-

parametric method to estimate the probability density func-
tion of a random variable. Formally, if {x1, . . . , xn} are in-
dependent and identically distributed (IID) samples drawn
from some distribution, the shape of the density function f
from which these points are sampled can be estimated as

shown in Equation 1. In Equation 1, f̂(x) is the estimated
value of f(x), the true density function, and K is a kernel
function scaled by a bandwidth parameter h.

f̂(x) =
1

nh

n∑
i=1

K(
x− xi

h
) (1)

Equation 1 can be generalized to a weighted version of
KDE in which the local kernel function around the ithdata
point is weighted by αi, where

∑
i αi = 1.

f̂(x, α) =
1

nh

n∑
i=1

αiK(
x− xi

h
) (2)

It can be seen from Equation 1 that KDE is a data driven
method that can be thought of as estimating the density
function with the help of soft or smoothed histograms. This
is conceptually illustrated in Figure 1. A histogram or dis-
crete frequency distribution (Figure 1a) can be approximated
by a sum of Gaussian kernels, each centred around one of
the data points, as shown in Figure 1b. For this particular
example, the mixture distribution (Figure 1c) is obtained
by applying Equation 1, with the kernel K defined to be a
Gaussian function centred around each xi.

In our work, as discussed in Section 1, we treat the query
terms as the observed sample points, and use KDE to esti-
mate the latent distribution that generates the query terms.
Further, the weights αi in Equation 2 are set according to
the co-occurrence statistics computed over the feedback doc-
uments.

2.2 Review of the Relevance Model
The relevance model (RLM) hypothesises that both a

query and its relevant documents are sampled from a latent
relevance model R, which needs to be estimated. In the ab-
sence of training data, top ranked documents are taken as
the set of relevant documents and the queryQ = {q1, . . . , qk}
serves as the (only) absolute evidence about the relevance
model. Thus, the probability density function of the RLM,
or the probability of sampling a term w from this model,
denoted by P (w|R), is approximated by P (w|Q) that is, the
conditional probability of observing w together with query
terms q1, . . . , qk. This conditional probability can be ex-
pressed as the joint probability of observing the term w along
with the query words.

P (w|R) ≈ P (w|Q) =
P (w,Q)

P (Q)
∼ P (w,Q) (3)

The probability P (w|Q) is then estimated in the following
two ways (see [15] for more details).



IID Sampling. The term w is sampled conditionally,
together with q1, . . . , qk from the same distribution, under-
lying a top ranked document. Thus the proability estima-
tion of P (w|R) will follow Equation 4, where M is the set
of (pseudo-)relevant documents.

P (w|R) =
∑
D∈M

P (w|D)
∏
q∈Q

P (q|D) (4)

Conditional Sampling. The term w is sampled con-
ditionally, together with q1, . . . , qk from independent docu-
ment models, each corresponding to a document retrieved
at top rank. Following this process of sampling, P (w|R) is
estimated as shown in Equation 5.

P (w|R) = P (w)
∏
q∈Q

P (q|w) = P (w)
∏
q∈Q

∑
D∈M

P (D|w)P (q|D)

(5)
The two variants of RLM in Equations 4 and 5 are referred
to as ‘RM1’ and ‘RM2’, respectively, in the literature [17].
The RLM, as proposed in [15], does not consider the orig-

inal query terms for estimating the density function. The
work in [14] shows that RLM feedback works well as a mix-
ture model in conjunction with the query likelihood model,
as shown in Equation 6.

P ′(w|R) = µP (w|R) + (1− µ)P (w|Q) (6)

In Equation 6, the query model P (w|Q) is computed us-
ing maximum likelihood estimation (MLE). In Equation 6,
P (w|R) can be computed using either Equation 4 (RM1) or
Equation 5 (RM2). These are known as RM3 and RM4, re-
spectively. Since RM3 has been shown to empirically outper-
form RM4 (and hence also RM1 and RM2, i.e., the respec-
tive models without the query mixture components) [17], we
use the RM3 version of RLM as the baseline for our exper-
iments, and simply refer to it as RLM throughout the rest
of the paper.
In the context of our work, described in Section 3, we es-

tablish that the KDE based RF method is a generalized way
to estimate the RLM. The advantage is that while the RLM
can only take into account the statistical co-occurrence of
terms computed at the level of documents, the KDE based
approach can also incorporate semantic relationships be-
tween the terms with the help of word vector embeddings.

3. KDE BASED RELEVANCE FEEDBACK
In this section, we first introduce a one dimensional ver-

sion of our proposed RF model which makes use of the dis-
tances between the embeddings of words from the top ranked
documents and those of the query terms. We then present
an extended version of the model which selectively considers
the contribution from each individual feedback document.

3.1 One Dimensional KDE
The objective of our approach is the same as that of

RLM, which is to estimate the probability density func-
tion P (w|R), where R is the generative model of relevance.
Since the only observed variables are the query terms, we
approximate this distribution with P (w|Q). However, RLM
(Equation 6) only takes into account the document-level co-
occurrence of terms, ignoring all semantic relationships be-
tween the terms (see Section 2.2). Our goal is to use seman-
tic information as further evidence for better estimation of
P (w|Q).

In order to go beyond binary-term-independence based co-
occurrence statistics, we use a general purpose word vector
embedding scheme, specifically word2vec [19]. According to
this scheme, if a word w and a query term qi are semantically
related, they will occur in similar contexts; consequently, the
vector embeddings of w and qi will be in close proximity.

Now with the query terms embedded as vectors, the prob-
ability density function P (w|R) can be estimated with KDE
(see Section 2.1). To see how this happens, imagine the
existence of a continuous probability density function f(w)
from which the discrete probabilities P (w|R) of the RLM
(see Equations 4 and 5) are sampled. The shape of this rel-
evance density function is controlled by a set of pivot points
consisting of the query term embeddings. The key idea is
illustrated in Figure 2, which shows a sample query with
three terms. Note that the embedding of the query terms
as vectors makes it possible to define the notion of distances
between them. This enables the relevance model probability
distribution function to be visualized as a function pivoted
around the query vectors projected on a one dimensional
line, as shown in Figure 2a.

The weighted version of the KDE for the relevance func-
tion is shown in Figure 2b, where in addition to the query
points themselves, the shape of the function is also controlled
by a set of weights α1, . . . , αk, each weight αi ∈ R associated
with the query term qi. Intuitively speaking, these weights
provide a mechanism to better control the shape of the den-
sity function. In general, for a query Q = {q1, . . . , qk}, com-
prising k terms, the probability density function for rele-
vance, denoted by f(w,α), is estimated by KDE, as shown
in Equation 7. In particular, to simplify the model descrip-
tion, we define the kernel function as a Gaussian one, as a
result of which, the scaled kernel around the query vector
data point, qi, is defined as K(w−qi

h
) = N (w

h
; qi

h
, σ), a no-

tation used to refer to a normal distribution of the scaled
variable w

h
parameterized by the mean qi

h
and standard de-

viation σ.

f(w,α) =
1

hk

k∑
i=1

αiK(
w − qi

h
) ≈

k∑
i=1

αiN (
w

h
;
qi
h
, σ)

=

k∑
i=1

αi
1

σ
√
2π

exp(− (w − qi)
T (w − qi)

2σ2h2
)

(7)

It is important to note that the vector embedding of the
words of the collection vocabulary makes it possible to define
and compute the value of w− qi as a distance measure, e.g.
the squared Euclidean distance, (w−qi)

T (w−qi), between
two word vectors w and qi

1.
After describing the key idea, we are now ready to look

into the relation between the density function f(w) (Equa-
tion 7) and the P (w|R) estimates from the relevance model
theory (Equation 4). To see the relation of one dimensional
KDE with the standard RLM, imagine that the document
boundaries of the top retrieved documents are ignored, i.e.,
we consider the union of the set of feedback documents as a
single document model. It is easy to see that this leads us to
a slightly different interpretation of the IID sampling based
RLM, as shown in Equation 8 (compare it with Equation 4).

P (w|R) = P (w|M)

k∏
i=1

P (qi|M) (8)

1w (bold face) denotes the vector embedding of a word w.
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Figure 2: Relevance model density estimation with 1 and 2 dimensional KDE.

In Equation 8, M represents the set of terms of the union
of M top ranked documents retrieved for query Q. P (w|M)
and P (q|M) are computed by MLE. Note that for a term
w to have a high likelihood of being sampled from this rel-
evance model, it needs to occur frequently in the set of top
ranked documents. This is because to maximize P (w|R),
both P (w|M), i.e., the normalized frequency of term w in
the set of top ranked documents, and P (q|M), i.e. the nor-
malized frequency counts of the query terms in the set of
top ranked documents, should be maximized.
With appropriate choice of the weight vector α, the den-

sity function, estimated from Equation 7, conforms to this
characteristic, i.e., frequently co-occurring terms are assigned
higher likelihoods values. Defining αi = P (w|M)P (qi|M)
and substituting in Equation 7 yields Equation 9.

f(w) =

k∑
i=1

P (w|M)P (qi|M)
1

σ
√
2π

exp(− (w − qi)
T (w − qi)

2σ2h2
)

(9)
For a term w that is not a query term, the closer w is to a
query point, the higher is the value of this density function.
This can be observed in Figure 2a which shows two terms
w1 and w2 in the neighbourhood of a query term q2. As w2

is closer to q2 than w1, the value of the density function at
w2, i.e. f(w2) will be higher than that at w1, i.e. f(w1).
Thus, while the traditional relevance model of Equation

4 (simplified to Equation 8) can only take into account the
statistical co-occurrence of terms, the KDE based relevance
model can estimate P (w|R) values by additionally consider-
ing the semantic relationships between the terms with the
help of vector embeddings. The semantic relationship be-
tween words provides more reliable evidence than co-occurrence
statistics because of the local contexts involved in deducing
the term relationships. This makes the KDE based model
more general than the standard RLMs.

3.2 Two dimensional KDE
While developing the one dimensional KDE model, the

set of all top ranked documents was considered as a single
document model. We now generalize the one dimensional
KDE described in Section 3.1 to two dimensions so as to
weight the contributions obtained from different documents
in the ranked list separately. This idea is shown in Figure
2c. For a query consisting of k terms, Q = {q1, . . . , qk}, in-
stead of k pivot points, as in the one dimensional KDE, we

now consider kM points, where M is the number of feed-
back documents. Each pivot point represents a query term
qi, i = 1, . . . , k occurring in a document Dj , j = 1, . . . ,M ,
the points being shown in a grid layout in Figure 2c. The
x-axis corresponds to the query term vectors similar to one
dimensional KDE (Figures 2a and 2b). The y-axis, in this
case, represents the normalized term frequency of query
terms in respective feedback documents. The shape of the
density function, which is now a mixture of two dimensional
Gaussians, is shown as contour lines.

It can be seen from Figure 2c that the value of the den-
sity function is maximum at the pivot points themselves
and gradually decreases with increasing neighbourhood size.
This is shown with different shades of grey in Figure 2c,
where a darker shade denotes a higher value for the density
function and a lighter one denotes a smaller value. In this
model, unlike the one dimensional counterpart, the shape of
the density function, not only depends on the distance of a
term from a query word vector (along the x-axis as in the
one dimensional model), but also on the likelihood of sam-
pling that query term from a particular feedback document
(along the y-axis), as seen from the different shades of the
contour lines in Figure 2c. The value of the density func-
tion decreases slowly for the document D1, the top ranked
one, as can be seen from the three contour regions of darker
shades centred around the query points. The value of the
density function decreases more rapidly for document D3,
as can be seen from the shades of gray lighter than those of
D2 and D1 making up the contour regions.

Formally speaking, the kernel functions around the data
points, used to estimate the density function, are bivariate
normal distributions. A pivot point xij = (qi, Dj) in this
two dimensional space encapsulates the word vector for the
ith query word qi and its normalized term frequency in feed-
back document Dj , i.e. P (qi|Dj). For simplicity, we define
the covariance matrix Σ as a diagonal matrix with equal co-
variance σ for both the dimensions (notice in Figure 2c that
the contours are circles instead of ellipses).

f(x, α) =
1

kMh

k∑
i=1

M∑
j=1

αijK(
x− xij

h
) ≈

k∑
i=1

M∑
j=1

αijN (
x

h
;
xij

h
, σ)

=
k∑

i=1

M∑
j=1

αij
1

2πσ2
exp(− 1

2σ2h2
(x− xij)

T (x− xij))

(10)



With this simplifying assumption about the bivariate nor-
mals, the density function estimation for a point x = (w,Dj)
is shown in Equation 10. Substituting the values of x and
the pivot points xij in Equation 10, we get Equation 11.

f(x, α)=

k∑
i=1

M∑
j=1

αij

2πσ2
exp(

(w − qi)
2 + (P (w|Dj)−P (qi|Dj))

2

−2σ2h2
)

(11)
In Equation 11, the values for the weights for the kernels,
αij , are set to P (w|Dj)P (qi|Dj), analogous to the weights
set for Equation 9. From Equation 11, we can observe that
a term w in document Dj , denoted as the two dimensional
vector x, will get a high value of the density function if:

1. the embedded vector of w is close to the query terms
qi, i = 1 . . . , k, or in other words, w is semantically
related to the query terms; and

2. w frequently co-occurs with the query terms in each
top ranked document Dj , j = 1 . . . ,M .

To see the relationship of the 2 dimensional KDE with the
RLM, note that to maximize P (w|R) in Equations 4 and 5,
the MLE estimates P (q|D) and P (w|D) should be maxi-
mized. Maximizing both would amount to minimizing their
relative difference, i.e. P (w|D) − P (q|D) thus contributing
to maximizing f(x, α) in Equation 11.
Further, in comparison to the RLM, the two dimensional

KDE method of RF is more general because in addition to
the term sampling probabilities from individual documents,
it can also accommodate the distances between the word
vector, or in other words, the semantic similarity between a
word in the set of top documents and the query terms.

4. WORD COMPOSITIONALITY
After introducing the KDE based RF model and establish-

ing it as a generalization of the RLM in Section 3, in this
section, we discuss how the KDE based RF model makes
provision for the incorporation of word compositionality.

4.1 Vector Addition for Compositionality
With vector embedding of words, the conceptual meaning

of the composition of two or more words can be achieved by
performing an addition operation over the embedded vectors
[19]. The reason for this is that in ‘word2vec’, two words u
and v are close in Rd, d being the dimensionality of the
vector space, if they have similar contexts. Now, if w is
the sum of the vectors u and v, w may not match exactly
with the vector of a word which represents the concept of
the composition of the words u and v. However, it can be
said that the neighbourhood around the vector w represents
the concept corresponding to the composition of the words u
and v, because any word vector found in this region is likely
to have a context that is similar to that of both u and v.
Figure 3 illustrates this concept in a two dimensional word
vector space.
In Figure 3, the vector addition of the words u and v

results in a vector w = u+v (shown as the grey dot), which
does not correspond to a word in the vocabulary. However,
in a neighbourhood around w, we can expect to find words,
e.g. w1 and w2 as shown in Figure 3, that occur in similar
contexts as both u and v, and hence can be said to represent
the meaning of the composition of u and v. Clearly, the fact
that w1 is closer to the vector sum (the grey dot in Figure 3)
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Figure 3: Word vector Compositionality.
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Figure 4: Illustration of query term composition in
KDE feedback for a two term query.

than w2, indicates that w1 is a more accurate description of
the composition of words u and v; e.g., if the word denoted
by u is ‘bone’ and that by v is ‘decay’, then the word w1,
say ‘osteoporosis’, is expected to be closer to the vector sum
than the word w2, say ‘calcium’.

4.2 Compositions in KDE based RF
Extending the set of pivot points. The KDE based

RF, which we proposed in Section 3, provides a natural way
to incorporate compositionality. To see why this is the case,
recall that the density estimation of the relevance model is
done with a set of pivot points corresponding to the query
word vectors (see Equations 9 and 11). Now, this set of
pivot points can be extended to include the compositions
between the query terms. The idea is illustrated in Figure
4. Figure 4a shows the shape of the one dimensional KDE
function f(w) for a query comprised of two terms q1 and q2.
It can be seen how the shape of the function changes after
including the pivot point q1 + q2 in the density estimation,
due to the additional kernel function around the composed
word in Figure 4b. In fact, the sampling likelihood of a term
w in a neighbourhood around the composed point q1 + q2

increases with the addition of the composed point. This
is useful when the meaning of the composed term is more
focused than its constituent terms. For example, addition
of the vectors for ‘bone’ and ‘disease’ yields a vector that
is likely to be in close proximity to the vector for the word
‘osteoporosis’. It is easy to see that the same arguments
apply for the two dimensional KDE as well. The weight
of the new pivot point can then be set to the average of
the weights of the constituent points, composition of which
formed the new point.

Deriving composed words. Given a query of k terms,
Q = {q1, . . . , qk}, we compose the vectors corresponding to
the query words in a linear chain from left to right, i.e., for
a k term query, we obtain the set Qc, comprised of k − 1



composed query points, as shown in Equation 12. The query
used for KDE RF in Equations 7 and 11 is then Q′ = Q∪Qc,
with the composed vectors of the form qi + qi+1 acting as
additional data points for the density estimation.

Qc =

k−1∪
i=1

(qi + qi+1) (12)

We consider only the linear chain composition from left to
right instead of considering all possible combinations, be-
cause the query terms are formulated in such a way that
it is mostly unlikely that qi and qj (j − i > 1) would refer
to a meaningful composition with other words appearing in
between them.
RF with concepts (beyond terms). It should be noted

that we do not need to find meaningful word compositions
from either the whole collection, which is computationally
expensive, or even from the set of feedback documents. In-
stead, the inherent non-parametric (data driven) character-
istic of the KDE feedback ensures that the desired word
composition effect can be achieved from the query side in
a computationally efficient way. It is easy to see that even
without explicitly extracting a term, say ‘osteoporosis’ (w),
which is closest in meaning with respect to the concept rep-
resented by the composition, say ‘bone decay’ (q1 + q2),
the KDE feedback model is able to assign a high likelihood
of relevance to such terms which are close to the composed
word vector (see Equations 7 and 11, and Figure 4). If the
composition of two query terms does not refer to a concept
that differs in meaning from the constituents, say qi and
qi+1, the additional pivot point will be close to either of
the two points, qi or qi+1. The shape of the density func-
tion will not change significantly in such a case. Thus, the
KDE RF model provides a natural way to achieve concept
based RF without the computational overhead of checking
meaningful compositions in the collection or pseudo-relevant
documents.
We summarize our proposed KDE RF method in Algo-

rithms 1 and 2. Following the exposition in [14], we linearly
interpolate the derived density function with the underlying
query model (similar to Equation 6) to compute the overall
mixture model used for our KDE RF based experiments.

5. EVALUATION
The objective of our experiments is to investigate whether

semantic information (relative semantic similarities between
terms), when used in conjunction with co-occurrence statis-
tics within the top ranked documents, can improve IR effec-
tiveness.
In our first set of experiments (described in Section 5.2),

we rerank the initially retrieved documents in ascending or-
der of the KL divergence between the document language
models and the estimated relevance models corresponding
to RLM or the KDE models (Algorithms 1 and 2). As
shown in [6], reranking involves a substantially lower compu-
tational overhead compared to a full second-round retrieval
using a relevance model. Further, to explore the full poten-
tial of the models when not constrained by computational
resources, we report results obtained after a second-round
retrieval using an expanded query. For these experiments,
the expansion terms are selected using the P (w|R) values.
These experiments are reported in Section 5.2.3.

Algorithm 1: 1-dim KDE Relevance Feedback

Data: Query Q = {q1, . . . , qk}
Data: Initial retrieval result list {Dj}Rj=1

Data: Set of pseudo-relevant documentsM = {Dj}Mj=1

begin
1 Modify the query Q by including additional word vectors

according to Equation 12 .
2 // Iterate over words in pseudo-rel docs

for w ∈M do
wvec← LookupV ec(w) // get vector for w
// Iterate over query terms
for qi ∈ Q do

qvec← LookupV ec(qi) // get vector for qi
α← P (w|M)P (qi|M)
dist← EuclideanDist(wvec, qvec)

kernelF ← 1
σ
√

2π
exp(− dist√

2σh2 )

f(w)← f(w) + (alpha× kernelF )

3 // Compute KL-Div for reranking
for j = 1, . . . , R do

kldiv ← 0
// Iterate over words of top docs
for w ∈M do

kldiv ← kldiv + (f(w) log(
f(w)

P (w|Dj)
))

score[Dj ]← kldiv

Sort initial retrieval result list by score[Dj ] values

5.1 Experimental Setup
Datasets. Our experiments were conducted on several

standard TREC adhoc test collections. Specifically, we used
TREC disks 4 and 5 (comprising mostly news articles) along
with the topic sets for the TREC 6, 7, 8 and Robust ad-
hoc tasks, and the TREC Web track collection WT10G,
comprising web pages, along with the TREC 9 and 10 Web
track topics. The dataset characteristics are summarized
in Table 1. For all our experiments, we used the TREC
6 and the TREC 9 topic sets as our development set for
parameter tuning, while the topic sets TREC 7, 8, Robust
and TREC 10 were used as test sets with the parameter
values set according to the corresponding development sets.

Since we aimed to investigate whether semantic relation-
ships between words can improve IR effectiveness, we tested
our approach on collections with relevance judgements col-
lected with significant pool depths, mostly giving a chance
for semantically similar relevant documents (with likely vo-
cabulary mismatch) to be considered for evaluation. Both
the TREC ad-hoc and the WT10G datasets use a pool depth
of 100 for relevance assessments. This is, in fact, the reason
why we did not use some of the newer collections, e.g. TREC
Terabyte track (pool-depth 50) [2] or TREC web track (pool-
depth 25) [4].

Baselines and Implementation Tools. As our base-
line model for initial retrieval, we used the standard LM
with Jelinek Mercer smoothing [12, 25], which is distributed
as a part of Lucene2, an open source IR framework. The
smoothing parameter λ for LM was set to 0.4 after a grid
search on the development sets of topics for the respective
test collections (see Table 1). We implemented our baselines
and the KDE RF as a part of Lucene3. Since we argued in
Section 3.2 that the two dimensional KDE based RF is a

2https://lucene.apache.org/core/
3Accessible at https://github.com/gdebasis/kderlm



Table 1: Dataset Overview
Document Document #Docs Vocab Query Query Set Query Ids Avg qry Avg # Dev Test
Collection Type Size Fields length rel docs Set Set

TREC
News 528,155 242,036 Title

TREC 6 ad-hoc 301-350 2.48 92.2 ✓
TREC 7 ad-hoc 351-400 2.42 93.4 ✓

Disks 4, 5 TREC 8 ad-hoc 401-450 2.38 94.5 ✓
TREC Robust 601-700 2.88 37.2 ✓

WT10G Web pages 1,692,096 1,659,231 Title
TREC 9 Web 451-500 3.46 52.3 ✓
TREC 10 Web 501-550 4.62 67.2 ✓

Algorithm 2: 2-dim KDE Relevance Feedback

Data: Same as Algorithm 1
begin

Modify the query Q similar to Step 1 in Algorithm 1.
// Iterate over each pseudo-rel doc
for m = 1, . . . ,M do

// Iterate over its constituent words
for w ∈ Dm do

wvec← LookupV ec(w) // get vector for w
// Iterate over query terms
for qi ∈ q do

qvec← LookupV ec(qi) // vector for qi
for j = 1, . . . ,M do

α← P (w|M)P (qi|M)
dist1 ← EuclideanDist(wvec, qvec)
dist2 ← P (w|Dm)− P (qi|Dj)

kernelF ← α
2πσ2 exp(

dist21+dist22
−2σ2h2 )

f(w)← f(w) + (alpha× kernelF )

Perform KL divergence reranking similar to Step 3 in
Algorithm 1

generalization of the RLM, we used RLM as our baseline.
More specifically, we used RM3, i.e. query mixture model
with IID sampling (see Equation 6), as our RLM baseline
method, since RM3 is reported to out-perform the other
variants of RLM [14].
Parameter Settings. There are two parameters specific

to the KDE feedback models, h and σ, i.e., the bandwidth
and standard deviation of the Gaussians. Instead of explor-
ing the full grid for these two parameters, in order to restrict
the parameter settings to a tractable number of configura-
tions, we set the bandwidth parameter h to 1, and then var-
ied the parameter σ to optimize the retrieval effectiveness in
terms of mean average precision (MAP). The intuition be-
hind setting the value of h to 1 is that the distance between
two word vectors always lies between 0 and 1. Thus it would
be a reasonable choice to set h to 1, i.e., for each pivot point
(query term), the points with distance of at most 0.5 (h/2)
from each pivot point were estimated to be similar to the
query term. These KDE-based parameters were also tuned
on the development topic sets (i.e. TREC 6 and TREC 9)
and tested on the corresponding test topic sets (see Table 1).
For KDE feedback experiments, word vectors were embed-
ded with the help of word2vec [19], trained on pre-processed
content, i.e. stop words removed and stemmed with the
Porter stemmer, extracted from the respective document
collections. The number of dimensions for the word vectors
was set to 200 and the neural network architecture used was
the ‘continuous bag-of-words’ (cbow) model. Training was
conducted with negative sampling. These were as per the

parameter settings of [19]. For RLM experiments, we set µ
to 0.6 (similar to [14]). For computing the KL divergences
between the estimated (KDE-)RLM models and the respec-
tive document language models, we used all terms from the
set of feedback documents.

5.2 Results

5.2.1 TREC Ad-hoc Search Results
The spread of the Gaussian kernels, σ, is an important

parameter to tune in the KDE feedback models. Values
of the kernel width which are too small results in a sparse
multi-modal density function which fails to capture the se-
mantic relations between query terms and the words in the
top ranked documents. A higher width of the Gaussians
smooths out the effect and the density estimates become
more reliable. Similarly, values of the kernel widths which
are too high tend to over-smooth the peaks of the distribu-
tion centred around the query word vectors for both the 1d
KDE and the 2d KDE models.

Sensitivity of KDE feedback to the parameter σ on the
TREC 6 development set is shown in Figure 5a. In these
experiments, we did not use the query term composition to
expand the query word vectors (Equation 12 and Section
4). We selected the best value of σ to perform further ex-
periments with query composition. From Figure 5a, it can
be seen that the best results with 2d KDE feedback are ob-
tained when σ = 0.6. For the purpose of comparison, the
figure also shows the MAP values obtained with the RLM
as constant lines, since its value does not depend on the
σ parameter. For small values of σ less than 0.5, the re-
sults obtained with KDE feedback are worse than the MAP
values obtained with RLM. With values of σ in the range
between 0.5 to 0.9, the feedback models outperform their
RLM counterpart. The one dimensional KDE (1d KDE) is
more sensitive to changes in the σ parameter than its two
dimensional counterpart (2d KDE).

On the basis of our experiments on the TREC 6 develop-
ment set, we set the the optimal value of KDE parameter
σ to 0.6 for the experiments on the test set of queries, i.e.
TREC 7, 8 and Robust. Additionally, to test the usefulness
of the word vector composition method, described in Section
4, we also report two sets of results for the KDE feedback
approaches, one with word composition and one without it
(denoted by the boolean parameter ‘wvec cmpos’ in Table 2
and 3).

Results for the test topic sets4 are shown in Table 2. The
following interesting observations can be made from Table
2.

4Results for the development set are included for complete-
ness.



Dataset Method wvec Metrics

cmpos MAP GMAP P@5

TREC 6

LM - 0.2355 0.0907 0.4040
RLM - 0.2453∗ 0.0894∗ 0.4600∗‡

1d KDE no 0.2408∗ 0.0932∗ 0.4480∗

1d KDE yes 0.2446∗ 0.0949∗ 0.4520∗

2d KDE no 0.2537∗† 0.0993∗† 0.4480∗

2d KDE yes 0.2589∗†‡ 0.0993∗† 0.4640∗‡

TREC 7

LM - 0.1787 0.0830 0.4040
RLM - 0.1953∗ 0.0908∗ 0.4160∗

1d KDE no 0.2012∗ 0.0913∗ 0.4239∗

1d KDE yes 0.2107∗ 0.0938∗ 0.4440∗†

2d KDE no 0.2109∗† 0.0935∗ 0.4479∗†

2d KDE yes 0.2124∗†‡ 0.0943∗ 0.4520∗†‡

TREC 8

LM - 0.2466 0.1386 0.4560
RLM - 0.2445 0.1448 0.5079
1d KDE no 0.2420 0.1510 0.5160
1d KDE yes 0.2599 0.1539 0.5240
2d KDE no 0.2648∗† 0.1583 0.5240
2d KDE yes 0.2741∗†‡ 0.1594∗† 0.5120

TREC

LM - 0.2699 0.1723 0.4464

Robust

RLM - 0.3105∗ 0.1956∗ 0.4989∗

1d KDE no 0.2932 0.1766 0.4808∗

1d KDE yes 0.3042 0.1847 0.4869∗

2d KDE no 0.3158∗ 0.2015∗ 0.5192∗†‡

2d KDE yes 0.3327∗†‡ 0.2128∗†‡ 0.5071∗

Table 2: Comparisons between KDE and the RLM
with reranking of retrieved results without QE. Pa-
rameters are tuned on the TREC 6 topic set. ∗,
† and ‡ denote significant improvements over LM,
RLM and 1d KDE (with composition) respectively.

Firstly, the KDE feedback models significantly5 outper-
form the RLM based model. This empirically validates the
hypothesis that the semantic relationships between the words,
represented by the distances between the word vectors, play
an important role in improving the RLM model. More-
over, a high increase in the GMAP values with the 2d KDE
model shows that the retrieval performance for a majority of
queries is consistently improved. This arises since GMAP,
being the geometric mean of average precision values of in-
dividual queries, is more sensitive to per query performance
degrades than MAP.
Secondly, the use of word vector compositions improves re-

sults for both the KDE feedback models, which shows that
our proposed models provides a natural framework to make
use of the concepts in RF. More specifically, the models are
able to use the contribution of terms from the top ranked
documents that are semantically related to the concept de-
rived by composing the query terms. The additional query
word vectors derived by word compositions of the original
query terms can lead to an improved estimate of the density
function, as illustrated in Figure 4.
Thirdly, 2d KDE consistently outperforms its one dimen-

sional counterpart. This is because the two dimensional
version of the KDE feedback model is able to utilize the
contributions from the pseudo-relevant documents in a non-
uniform way that depends on their similarities with the

5t-test with 95% confidence measure

(a) TREC 6 (b) TREC 9

Figure 5: Effect of varying σ (h set to 1) for KDE
feedback models.

Dataset Method wvec Metrics

cmpos MAP GMAP P@5

TREC 9

LM - 0.1814 0.0798 0.2839
RLM - 0.1853 0.0571 0.2840
1d KDE no 0.1983∗† 0.0833∗† 0.2760
1d KDE yes 0.1995∗† 0.0848∗† 0.3000
2d KDE no 0.2042∗† 0.0842∗† 0.3040
2d KDE yes 0.2046∗† 0.0844∗† 0.3120∗†

TREC 10

LM - 0.1625 0.0901 0.3224
RLM - 0.1766∗ 0.0835 0.3592
1d KDE no 0.1761∗ 0.0908 0.3932∗†

1d KDE yes 0.1792∗ 0.0934 0.4000∗†

2d KDE no 0.1908∗† 0.0956 0.3825
2d KDE yes 0.1931∗†‡ 0.0992 0.3959∗†

Table 3: Comparison between KDE feedback meth-
ods (reranking of retrieved documents without QE)
on the WT10G dataset. ∗, † and ‡ denote signifi-
cance with respect to LM, RLM and 1d KDE (with
composition) respectively.

query (as explained in Section 3.2), which the one dimen-
sional KDE model cannot achieve.

5.2.2 WT10G Results
In this section, we present results on the TREC 9 and 10

web track datasets. Similar to the TREC ad-hoc experi-
ments on news collection, we use the TREC 9 topic set as
the development set to tune the parameter σ on MAP values
and use the optimal value of σ on the TREC 10 query set.
The effect of varying σ on the MAP values is shown in Figure
5b. Since we have already observed that the vector compo-
sition of the query terms improves the results, we applied
composition of the query term vectors for the experiments
reported in Figure 5b.

The findings for this development topic set are identical
to those reported for TREC 6 development set. It turns out
that the KDE models significantly outperform the initial re-
trieval and the RLM, which shows that the robustness of the
method for collections involving large vocabularies. Similar
to the observation on the TREC dataset (see Figure 5a),
we observe that the 2d KDE method is more insensitive to
the parameter σ than 1d KDE on the WT10G dataset as
well. We observe that the optimal value of σ for the TREC
9 dataset is 0.5, which is in fact quite close to the value of
0.6 obtained on TREC 6. In Table 3, we show the results
obtained by setting σ to 0.5 on the development and the
test sets. It can be seen that the observations are mostly
similar to the ones seen for the TREC news collections in
Table 2. We observe that the KDE feedback models signif-



icantly outperform the RLM on both the query sets. The
results obtained with the KDEmethods are significantly bet-
ter than both the LM and the RLM. The results obtained
with the 2d KDE are mostly significantly better than 1d
KDE. Moreover, word compositions improve results similar
to the observation on the ad-hoc TREC dataset. However, in
general, the magnitude of the improvements obtained with
query term compositions is less than that obtained on the
TREC ad-hoc collection.

5.2.3 Results with Query Expansion
In Sections 5.2.1 and 5.2.2, we saw that the KDE models

outperform the RLM feedback without QE, i.e. by reranking
the documents only based on the KL divergence values with
respect to the respective relevance models. To verify that
this performance of the KDE feedback is consistent with
QE, in this section, we report results with QE for the KDE
feedback models.
Parameters. For this set of experiments, we expanded

the queries with N additional terms with the highest rele-
vance model probabilities, i.e. the P (w|R) values estimated
by the respective models. The weights of these additional
terms were set to these probability values. Since, we have
already demonstrated that word composition improves re-
trieval effectiveness (see Tables 2 and 3), for this set of ex-
periments, we applied the query word compositions.
The common parameters for the feedback models are the

number of documents (M) and terms to use for RF (N).
These parameters were optimized on the respective devel-
opment topic sets and then applied on the test topic sets.
Incidentally, for both the development sets, we found that
considering 70 terms from 20 documents produces the opti-
mal results for RLM. In the case of the proposed KDE based
method, the best results are obtained when using 80 terms
for expansion from 10 top ranked documents. Hence for a
fair comparison, the RLM and the KDE methods use differ-
ent parameter values (each being optimized individually) for
M and N . The query mix parameter of RLM, µ (see Equa-
tion 6), is set to 0.6 after optimizing it on the development
sets. This value of µ agrees with the query mix parameter
reported in [14].
Additional Word-Vector based QE Baseline. Since

we utilize the word vector embeddings in our proposed RF
method, we also employ a previously reported technique of
QE which simply expands each query term by adding a set
of words, the embedded vectors of which constitute the k
nearest neighbours of the query word vector [10, 11]. Note
that this method, being very ad-hoc in nature, does not use
any information from top ranked documents and hence does
not need the initial retrieval step. We refer to this approach
as k-NN query expansion, where k denotes the number of
expansion terms to be added for each query term. Table 4
shows the results of the RF models with QE.
Firstly, we observe that the performance of k-NN based

pre-retrieval ad-hoc QE using word vectors similarity (k-NN
in Table 4) is poor (as somewhat expected). This emphasizes
the point that only using the word vectors in an ad-hoc way
for QE is not helpful for improving IR effectiveness. Instead,
one needs to make use of the word vectors in conjunction
with the information from the top ranked documents, which
is what we propose in the KDE based RF method, and the
results clearly show that the KDE based models significantly
outperform the naive k-NN based pre-retrieval QE method.

Dataset Method Parameters Metrics

M N MAP Recall P@5

TREC 6
LM n/a n/a 0.2355 0.5100 0.4040
k-NN n/a 40 0.2406 0.5214 0.4000
RLM 20 70 0.2634 0.5368 0.4360
1d KDE 10 80 0.2818† 0.5757† 0.4680†

2d KDE 10 80 0.2850† 0.5724† 0.4600†

TREC 7
LM n/a n/a 0.1787 0.4893 0.4040
k-NN n/a 40 0.1806 0.4833 0.4080
RLM 20 70 0.2151 0.5432 0.4160
1d KDE 10 80 0.2351† 0.6001† 0.4425†

2d KDE 10 80 0.2380 0.6108†‡ 0.4400

TREC 8
LM n/a n/a 0.2466 0.5936 0.4560
k-NN n/a 40 0.2535 0.6178 0.4320
RLM 20 70 0.2701 0.6410 0.4760
1d KDE 10 80 0.2746 0.6749† 0.4888
2d KDE 10 80 0.2957†‡ 0.6887† 0.5120†‡

TREC Rb
LM n/a n/a 0.2699 0.7938 0.4464
k-NN n/a 40 0.2842 0.8075 0.4949
RLM 20 70 0.3304‡ 0.8559 0.4949
1d KDE 10 80 0.3228 0.8725 0.4929
2d KDE 10 80 0.3456†‡ 0.8772†‡ 0.5152†‡

TREC 9
LM n/a n/a 0.1814 0.6175 0.2839
k-NN n/a 40 0.1817 0.6224 0.3080
RLM 20 70 0.1930 0.6755 0.3233
1d KDE 10 80 0.1984 0.6851 0.3360
2d KDE 10 80 0.2145†‡ 0.6878 0.3562†‡

TREC 10
LM n/a n/a 0.1625 0.6640 0.3224
k-NN n/a 40 0.1629 0.7033 0.3429
RLM 20 70 0.1759 0.7386 0.3347
1d KDE 10 80 0.2192† 0.7499 0.4004†

2d KDE 10 80 0.2213† 0.7502 0.4204†

Table 4: Results of KDE feedback methods with QE.
Parameters M (#fdbk docs) and N (#expansion
terms) are tuned on the development sets - TREC 6
and 9 respectively. † and ‡ denote significance with
respect to RLM and 1d KDE respectively.

Secondly, Table 4 shows that the KDE models with QE al-
most always outperform (often significantly) the RLMmodel
with QE, which shows that the probability estimates, i.e. the
P (w|R) values, computed with the help of the KDE models
act as better term selection scores than those computed with
RLM. This shows that utilizing the word vector distances as
a part of density estimation can result in selection of bet-
ter terms for QE. Further, it can also be concluded that the
KDE based RF, regardless of being used with or without QE,
is a better performing RF model than the RLM, and hence
can be applied in both parsimonious and non-parsimonious
situations.

6. RELATED WORK
Similar to our work on application of kernel density esti-

mation, the work in [7] applies KDE in microblog retrieval
for reranking the set of initially retrieved tweets based on
the timestamps of the documents. In our work, we apply
KDE for the word vectors rather than on the time scale.
Other work on applications of word vectors for modeling
term dependence in indexed document representaions is re-
ported in [9] and [22] for monolingual and cross lingual IR re-
spectively. Repesenting relative semantic distance between



words derived from manually compiled resources, such as
the ‘WordNet’, has been applied to weight query terms [20].
Contrastingly, in our work the relative distances between
words is computed using vector space distance measures.
Another approach to incorporation of semantic distances be-
tween terms is by the application of topic models, assuming
that words in the same topic are semantically close to each
other [24, 8]. However, neither of these two reported studies
addresses word compositionality. Compositionality of query
terms is investigated in [16], whereas [26] learns a regression
model to predict optimal weights of query terms trained on
available relevance judgements. A different approach to uti-
lize the context of terms is proposed in [21], which applies
principles of quantum mechanics to learn semantic repre-
sentations for words and phrases to perform QE. To capture
term dependencies in RF, a Markov random field based ap-
proach was reported in [18]. Similar to our work, the au-
thors of [18] used a set of proximity-based features along
with term-occurrence statistics. A limitation of [18] is that
it cannot address word compositionality like the KDE RF
models.

7. CONCLUSIONS AND FUTURE WORK
In this paper, we have proposed a non-parametric statisti-

cal framework for making use of the vector embedded words
for RF. Instead of taking an ad-hoc approach of weighting
the co-occurrence statistics between terms of the top ranked
documents and the query terms, we systematically establish
this weighted co-occurrence computation with the help of
kernel density estimation (KDE). In particular, the terms
of a query are considered to be the data vectors control-
ling the shape of the estimated probability density function.
We argue that it is easy to incorporate the notion of word
compositionality (the composed word referring to a different
concept than those of the constituents) within our model by
term wise vector addition of the query word vectors.
We evaluated our proposed feedback approach on a num-

ber of standard IR test collection, namely several TREC
ad-hoc and the Web track test collections. Experiments
demonstrate that the proposed KDE based RF method sig-
nificantly outperforms the relevance model based feedback
methods, which only use statistical co-occurrences between
query terms and words within top ranked documents. From
the results, it can be concluded, that representing the words
as vectors can effectively capture the semantic relationships
between terms, and hence can act as sources of useful infor-
mation for RF in addition to term co-occurrences. For RF,
this semantic relationship between the terms, when system-
atically used inside the framework of a density estimation
model, proves beneficial in modeling term relations effec-
tively.
As a part of future work, we would like to explore potential

applications of larger units of embeddings, such as those of
sentences and paragraphs, for further improving retrieval
effectiveness.
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