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Abstract-Recommender systems are systems that suggest
items to the users of the web to help them find most relevant
items of interest. These recommended items could include a
movie, an image, query suggestions, tag recommendation etc.
Data sources are modelled as graphs and are subjected to a
naive diffusion method called heat diffusion method. The heat
diffusion method identifies the similarities between different
nodes to suggest recommendations. This method is applied to
query suggestion which is a technique used to provide related
queries to the user’s search query. A query-URL bipartite
graph is constructed which is then mined to generate top-K
recommendations for the query. In order to improve the
sear ch results, the heat values of the URL are also taken into
account during the ranking of results. This technique is also
extended to image recommendation.

Index Terms— Recommendation, query suggestion, image
recommendation

1. INTRODUCTION

The widespread information available on the web is highly
unstructured and user specific. Thus there is a need for
systems that suggest items to users of the web to help them
locate the most relevant item of interest. These systems
typically are called recommender systems. Two different
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movie ratings and so on. The utilities are not known and
have to be estimated through data. The unbalanced data
distribution induces significant data sparseness and makes
regularization and smoothing essential. Several modern
machine learning models [2] tackle the problem of cold
start and data sparsity in high dimensional categorical data.
Another challenge is to take into account the
personalization feature. This paper puts forward a general
method called heat diffusion method that can be applied to
many recommendation tasks on the web to provide latent
semantically related results.

2. RELATED WORK

2.1 CollaborativeFiltering

Collaborative filtering agorithms usually require a user-
item rating matrix. It finds out patterns within a dataset of
user-item ratings. This method detects many interesting
similarities between items that are not obvious given the
item properties. Algorithms that directly work with the
user-item rating matrix are known as memory based while
algorithms that construct some model (e.g. a decision tree)
are known as model based [11]. Given that we are only
adlowed a limited number of recommendations, it is
important to try to maximize the value the user gains from
the recommendations. However, on the Web, in most of the
cases, rating data are always unavailable since information
on the Web is less structured and more diverse. Hence,
collaborative filtering algorithms cannot be directly applied
to most of the recommendation tasks on the Web, like
guery suggestion and image recommendation

2.2 Query logs and clickthrough data

Query suggestion aims to suggest full queries from the
queries typed by users previoudy [4] so that the integrity
and the coherence among the queries are preserved. Queries
are recommended based on user logs [9] and also from click
through data. [3] proposes to optimize the recommendations
on web portals by mining the clickthrough data. Based on
[5], a context-aware query suggestion method is developed
by mining clickthrough and session data. This work first
extracts some concepts from the click through data by
building clusters. Then, these concepts as well as the query
sessions are employed to build a concept sequence suffix
tree for query suggestion. Mei et al. [6] proposes a query
suggestion method using hitting time on the query click
bipartite graph. This method can generate semanticaly
relevant queries to users information needs. The main
advantage of this work is that it can suggest some long tail
queries (infrequent queries) to users.
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3 SUGGESTIONS USING HEAT DIFFUSION

A clickthrough data consists of the following information:
user id, query, URL on which the user clicked, the rank of
the URL, and time, which can be represented by the tuple
<u,g,l,r,t>.The relationships between queries and the URLs
they correspond to, can be captured as a bipartite graph
with queries as one set and URLS as other set [14]. The
bipartite graph is first converted into a directed graph
G = {V,E,W} with n nodes where V isthe vertex set, E is
the set of all edges and W is the weight associated with
each edge. The query-URL edge is weighed by normalizing
the number of times the query is issued. The URL-query
edge is weighed by normalizing the number of times the
URL isclicked. A subgraph is constructed using depth first
search of G.

Let ; beaflagtoidentify if node v; has any outlinks. Heat
matrix (H) and diagonal matrix (D) be defined as

Wji
X(jk)eE Wk
0,wheni =j (D)
0, otherwise

Hij =

D, j:{n. i=j
0,0therwise

2

Let £(0) be the initia heat value of the query g. Let f(1)
represent the heat at the node at the next unit of timet. Let
R denote the randomness of nodes connecting to each
other. Let y denote the probability of a random relation
existing in the graph. Let g denote the stochastic
distribution vector. Set «= 1 and y = 0.85.

The heat valuesis computed by,

f(1) = e*Ef(0) ©)
where,

R=y(H-D)+(1-y)g 4
g=- 5)

Thetop K queries are ranked based on the largest values of
heat of queries and the URLs. As reported in [6], severa
ranking algorithms exists which includes PageRank [7],
HITS [8] etc. Ranking using similarity is proposed in
SimRank [10] and ranking using affinity graph is also
proposed in [12].

The diffusion between the nodes in the graph will generate
heat values for both the URLs and the queries. For a given
query, after the diffusion process, the heat values represent
the relatedness to the original query. When search results
are ranked based on the heat values of the queries and the
URLSs, search results can beimproved to a great extent.
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Experiments are done in AOL clickthrough dataset. A
snapshot of the dataset format is presented in Table 1.

o | Query calendar | Renk | click URL

217 Theonering ?/8]:.262006 1 http://www.theonering.net
217 ask.com if%JlZOOG 1 http://www.ask.com
2178 E.S;Fz:lﬁ (15/71:362006 8 http://people.yahoo.com

Table 1. Format of AOL clickthrough dataset

(@) (b}

Fig 1. Construction of bipartite graph. (a)Query URL
bipartite graph. (b)converted graph

After cleaning and removing duplicates, the query URL
bipartite graph is constructed as shown in Fig 1(8). This
undirected graph is converted into a directed graph as shown
in Fig 1(b). The edgesin the graph are normalized based on
the weight of the edges. For example, query g, connects to
links I, and ls. Weight of edge q»-1,=(4/5)=0.8 After
congtruction of the graph, query suggestion is done using
the heat values of both the queries and the URLSs.

4 CONCLUSION
A general framework for recommendations on web graphs
is proposed. This can be applied to many recommendation
tasks such as query suggestion, image recommendation, etc.
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