
Diversifying Query 
Suggestion Results

Saturday, 5 June 2010



Query Suggestion

Saturday, 5 June 2010



Query Suggestion

Saturday, 5 June 2010



Query Suggestion

We need to diversify query suggestions

Satisfy different users

Boost long tail queries

Saturday, 5 June 2010



Query Suggestion

(a) (b)

Figure 1: Example for Query Suggestion. (a) Query-
URL Bipartite Graph. (b) Converted Query-URLBipar-
tite Graph

rithm actually will bring down the ranks of similar unranked
queries, thus encouraging diversities in the suggestion re-
sults.

We evaluate our model for query suggestion using click-
through data of a commercial search engine. We measure
the performance from different aspects. In terms of the rel-
evance measurement, we design two measurement methods
to both automatically and manually evaluate the relevance
between the original query and the suggested queries, where
the results are assessed by the ground truth extracted from
the ODP1 (Open Directory Project) database and a panel of
three experts. On the other hand, in order to judge the qual-
ity of diversity, we propose a novel metrics to examine the
diversities among the suggested queries. The evaluation re-
sults show that our method is effective for generating both
semantically related and diversified queries to the users.

2 Diversifying Suggestions

In this section, we introduce how to employ random walks
and hitting time analysis to diversify the query suggestions
using the clickthrough data.

2.1 Graph Construction

From a statistical point of view, in clickthrough data, the
query word set corresponding to a Web page contains hu-
man knowledge on how the pages are related to their issued
queries (Sun et al. 2005). Thus, in this paper, we utilize
the relationships between queries (q) and Web pages (l) for
the construction of bipartite graphs containing two types of
vertices 〈q, l〉.
We cannot simply employ the bipartite graph extracted

from the clickthrough data into our model, since this bi-
partite graph is an undirected graph, and cannot accu-
rately interpret the relationships between queries and URLs.
Fig. 1(a) illustrates a toy example. The values on the edges
in Fig. 1(a) specify how many times a query is clicked on a
URL. Hence, we convert this bipartite graph into Fig. 1(b).
In this converted graph, every undirected edge in the origi-
nal bipartite graph is converted into two directed edges. The
weight on a directed query-URL edge is normalized by the
number of times that the query is issued, while the weight
on a directed URL-query edge is normalized by the number
of times that URL is clicked.

1http://www.dmoz.org

2.2 Determining the First Suggested Query

In this section, we introduce how to determine the first sug-
gested query by employing a Markov random walk.
Let G = {V , E} denote a directed graph, whereV = Q∪L

is the vertex set, and Q represents the set of query nodes
while L denotes the set of URL nodes. E = {(qi, lj)| there
is an edge from qi to lj} is the edge set which consists of
two types of edges.
For all the edges in the edge set E , we define the initial

transition probability P̃0(i, j) from node i to node j as

P̃0(i, j) =
Cij∑
p Cip

, (1)

where Cij is the number of click frequency between node i
and node j. If i ∈ Q, j ∈ L, the normalization term

∑
p Cip

is the total number of times that the query node i has been
issued in the dataset. If i ∈ L, j ∈ Q, then the normaliza-
tion term

∑
p Cip is the total number of times that the URL

node i has been clicked in the dataset. The notation P̃0(i, j)
denotes the initial transition probability from node i to node
j. While the countsCij are symmetric, the transition proba-

bilities P̃0(i, j) generally are not, because the normalization
varies across different nodes.
The random walk can then diffuse using the transition

probability defined above. In fact, in addition to the tran-
sition probability, there are random relations among differ-
ent queries, even if these queries are unrelated in their literal
meaning: People of different cultures, genders, ages, and
environments may implicitly link these queries together, but
we do not know these latent relations. To capture these re-
lations, we add a uniform random relation among different
queries. More specifically, let α denote the probability that
such phenomena happen, and (1 − α) is the probability of
taking a “random jump”. Without any prior knowledge, we
set d = 1

n
1, where d is a uniform stochastic distribution

vector, 1 is the vector of all ones, and n is the number of
queries. Based on the above consideration, we modify the
transition probability to

P = αP̃ + (1 − α)d1
T , (2)

where matrix P is the transition probability matrix with the
entry of the ith row and jth column defined in Eq. (1). Fol-
lowing the setting of α in PageRank (Eiron, McCurley, and
Tomlin 2004), we set α = 0.85 in all of our experiments
conducted in Section 3.
With the transition probabilistic matrix P defined using

Eq. (2), we can now perform the random walk on the query-
URL graph. We calculate the probability of transition from
node i to node j after a t step random walk as:

Pt(i, j) = [Pt]ij . (3)

The random walk sums the probabilities of all paths of
length t between the two nodes. It gives a measure of
the volume of paths between these two nodes; if there are
many paths the transition probability will be high (Craswell
and Szummer 2007). The larger the transition probability
Pt(i, j) is, the more the node j is similar to the node i.
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