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ABSTRACT
The approach of random walk on heterogeneous bibliographic graph
has been proven effective in the previous studies. In this study, by
using various kinds of positive and negative feedbacks, we propose
the novel method to enhance the performance of meta-path-based
random walk for scholarly recommendation. We hypothesize that
the nodes on the heterogeneous graph should play different roles
in terms of different queries or various kinds implicit/explicit feedbacks. Meanwhile, we prove that the node usefulness probability has significant impact for the path importance. When positive
and negative feedback information is available, we can calculate
each node’s proximity to the feedback nodes, and use the proximity to infer the usefulness probability of each node via the sigmoid function. By combining the transition probability and the usefulness probability of nodes on the path instance, we propose the
new random walk function to compute the importance of each path
instance. Experimental results with ACM full-text corpus show
that the proposed method (considering the node usefulness) significantly outperforms the previous approaches.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval

Keywords
Meta-path-based Random Walk, Feedback, Heterogeneous Graph

1.

INTRODUCTION

The volume of scientific publications has increased dramatically
in the past couple of decades, which challenges existing systems
and methods to retrieve and access scientific resources. Classical text-based information retrieval algorithms can recommend the
candidate publications for scholars. However, most of them ignored the complex and heterogeneous relations among the scholarly objects. Not until recently, some studies proved that adopting the mining approaches on heterogeneous information networks
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could significantly improve the scholarly recommendation performance [3,7,9,12]. For instance, Liu et al., [2,3] constructed the heterogeneous scholarly graph and proposed a novel ranking method
based on pseudo relevance feedback (PRF), which can effectively
recommend candidate citation papers via different kinds of metapaths on the graph.
In this paper, we intend to further investigate feedback information and enhance the meta-path-based random walk performance.
Intuitively, for different information needs, when user feedbacks
are available, the nodes on the graph should play different roles
in the final measure. For example, given two different queries
"Content-based Citation Recommendation" and "Heterogeneous Information Network", the same paper "ClusCite: effective citation
recommendation by information network-based clustering" may be
retrieved by scholarly search engines, e.g., Google Scholar. But the
target paper can be more useful (positive) for the second query than
the first one. As another example, for user X, if she prefers to cite
influential scholars’ work, the highly cited authors will be useful for
her. While for user Y, if she tends to cite the frontiers, she will mark
the newest publications and the newly topics as the useful feedback
information. Therefore, the same node may perform significantly
different based on different information needs and feedback information. Furthermore, by using (implicit/explicit positive/negative)
feedbacks, it is possible to infer the usefulness probability of other
nodes on the graph. So that, the importance of path instance will
vary in terms of the probability of node usefulness.
The main contribution of this paper is threefold. First, in
this paper, the feedback is not limited to documents. In scholarly
network, user could provide feedback judgments for authors, keywords and venues, either useful or not useful. If the explicit user
feedback is unavailable, we propose an approach to automatically
generate the feedback nodes based on user queries and the relationships among the entities on the heterogeneous graph. Second, we
infer the usefulness of the nodes in terms of feedback information.
For instance, a node is less useful when it is close to the negative
node(s). We make a conjecture that the usefulness probability of
each node depends on its average proximity to the feedback set and
can be estimated via sigmoid function. Third, we emphasize the
node usefulness has a great impact on the path importance. Our approach about computing the random walk probability differs from
the previous study in that, not only the transition probability, but
also the usefulness probability of the node should be taken into account for random walk. To verify these hypotheses, we adopt a
number of meta-paths on the graph (Figure 1) and make a comparison between the classical random walk function and the novel
method. Experimental results on ACM corpus show that the proposed method significantly outperforms the original one.
The remainder of this paper is structured as follows. We 1) re-

view relevant methodologies for pseudo relevance feedback, 2) introduce the preliminaries, 3) propose the improved methods, 4) describe the experiment setting and evaluation results, and 5) conclude with a discussion and outlook.

2.

RELATED WORK

Pseudo relevance feedback, also known as blind relevance feedback, provides a way for automatic local analysis. When the user
judgments or interactions are not available, it turns out to be an effective method to improve the retrieval performance. Traditional
pseudo relevance feedback tends to treat the top ranked documents
as relevant feedback, and then expand the initial queries. However, some of the top retrieved documents may be irrelevant, which
could result in noisy feedback into the process. So that, there are
various efforts to improve the traditional pseudo feedback. [11] exploited the possible utility of Wikipedia for query dependent expansion. From the perspective of each query and each set of feedback documents, [4] proposed how to dynamically predict an optimal balance coefficient query expansion rather than using a fixed
value. [1] suggested to use evolutionary techniques along with semantic similarity notion for query expansion. [6] introduced an approach to expand the queries for passage retrieval, not based on
the top ranked documents, but via a new term weighting function,
which gives a score to terms of corpus according to their relatedness to the query, and identify the most relevant ones. Instead of
using term expansion, graph-based feedback provides a new ranking assumption based on topology expansion. [2] used the pseudo
relevant papers as the seed nodes, and then explored the potential
relevant nodes via specific restricted/combined meta-paths on the
heterogeneous graph. Our study is motivated by this approach and
mainly focused on updating the random walk algorithm by investigating both the positive and negative feedbacks. In fact, positive and negative feedback approach has been studied in image retrieval [5]. With several steps of positive and negative feedback,
the retrieval performance could be increasingly enhanced. From
the view of negative feedback, [10] studied and compared different
kinds of methods, it addressed that negative feedback is important
especially when the target topic is difficult and initial results are
poor. Besides, using multiple negative feedback methods could be
more effective.

3.

PRELIMINARIES

Following the work [2,8], an information network can be defined
as follows.
D EFINITION 1. (Information network) An information network
is defined as a directed graph G = (V, E) with an object type
mapping function τ : V → A and a link type mapping function
φ : E → R, where each object v ∈ V belongs to one particular
object type τ (v) ∈ A, each link e ∈ E belongs to a particular
relation φ(e) ∈ R, and if two links belong to the same relation
type, the two links share the same starting object type as well as
the ending object type.
When there are more than one type of node or link in the information network, it is called heterogeneous information network.
In [8], Sun further defined meta-path as follows.
D EFINITION 2. (Meta-path) A meta-path P is a path defined
on the graph of network schema TG = (A, R), and is denoted
R

R

R

1
2
l
in the form of Ȧ1 −→
Ȧ2 −→
. . . −→
Ȧl+1 , which defines a
composite relation R = R1 ◦ R2 ◦ . . . ◦ Rl between types Ȧ1 and
Ȧl+1 , where ◦ denotes the composition operator on relations.

Given a specific scholarly network, there can be many kinds of
w
w
meta-paths. For example, P ∗ → A ← P ? is a simple meta-path
on the scholarly network, denoting all the papers published by the
seed paper’ author. P ∗ is the starting paper node (seed node) in this
path. P ? denotes the candidate publication node. More examples
can be found in Table 1.

4.

RESEARCH METHODS

4.1

Generate the Feedback Nodes

Generally, given user initial queries, a list of ranking publications
would be found via text retrieval. Based on the top ranked documents, user would probably give explicit judgments on whether the
related keywords, authors or venues are useful or not. However,
explicit feedback is not easy to get. In this study, we propose methods to infer the implicit feedback nodes on the heterogeneous graph
according to the given information.
The feedback is a collection of multiple nodes marked with useful (positive) or unuseful (negative) on the heterogeneous graph.
We represent this collection as N F . N FP and N FN denote the
positive and negative nodes set respectively. The kinds of feedback
nodes in discussion include keyword (K), author (A) and venue (V).

4.1.1

Generate the Positive Feedback Nodes

Since we know the initial queries (i.e., author provided paper
keywords) that the users should be most concerned with, it is reasonable to take the explicit keywords KP as the positive feedback
nodes. Next, we will infer the positive authors and venues based on
KP . We deem that the authors or venues that are highly likely related to KP are positive as well. So we rank authors via meta-paths
con
r
w
KP −−→ A? and KP ← P −
→ A? , and take the top ranked Kpos
authors as the pseudo positive authors AP . Similarly, we locate the
p
con
r
positive venues via KP −−→ V ? and KP ← P −
→ V ? , and select
the top ranked Kpos venues as the positive nodes VP .

4.1.2

Generate the Negative Feedback Nodes

Intuitively, to generate the negative feedbacks, our basic assumption is that the negative nodes should be directly related to the
searched results, but least relevant to the explicit positive keywords.
First, based on text retrieval results, we define the top ranked topK
papers as Pr , and then we locate the keywords, authors and venues
r
that are directly connected to Pr via different meta-paths, Pr →
p
w
Kr , Pr → Ar and Pr → Vr .
Next, we filter collections of Kr , Ar and Vr . 1. Rank the keycon
r
words Kr via the transition probability of meta-path KP → P →
Kr . Use the last ranked Kneg keywords as the pseudo negative
nodes KN . 2. Similar to keywords, rank the authors Ar via the
con
w
transition probability of meta-path KP → P → Ar , and use the
last ranked Kneg authors as the pseudo negative nodes AN . 3.
p
con
Rank the venues Vr via KP → P → Vr , and use the last ranked
con
Kneg venues as the negative nodes VN . Here we use KP → P inr
stead of KP ← P because the "contribution" characterizes the importance of each paper, given a topic. It does not necessarily means
paper is relevant to topic [2]. Even if one paper is not explicit relevant to some topic, it might also be important. The "contribute"
conveys more information.
Thus, we obtain all the positive and negative feedback nodes.
N FP includes KP , AP and VP . N FN contains KN , AN and VN .

4.2

Infer the Usefulness Probability of Node

Unlike previous studies, in this paper, the importance of nodes
on scholarly network is not even. The usefulness probability of

node Ni is determined by the feedback nodes. Intuitively, if node
Ni is more closely related to the positive nodes, it could be more
useful. Conversely, if Ni is much closer to the negative nodes,
and further away from the positive nodes, it indicates that Ni may
be not very useful. Therefore, the proximity between given node
and feedback node set is very crucial. We should note that the
usefulness probability of each node varies from different feedback
node sets.
To infer the usefulness probability of node Ni , we adopt the sig1
to convert the proximity
moid function Pu (Ni ) = 1+e−αD(N
i)
into probability, where α controls the convergent rate (default is
1). In our assumption, if Nj is positive node, Pu (Nj ) = 1, otherwise P (Nj ) = 0. D(Ni ) denotes the proximity between Ni and
the feedback node set N F . It can be derived from the following
formula.
P
P
Nj ∈N FP d(Ni ,Nj ))
Nk ∈N FN d(Ni ,Nk )
D(Ni ) =
−
, where
|N FN |
|N FP |
|N FN | and |N FP | represents the size of collection N FN and N FP
respectively. d(Ni , Nj ) indicates the proximity between node Ni
and node Nj . In this paper, we will estimate the proximity d(Ni , Nj )
based on the paths Ni
Nj on the graph. There could be lots of
path instances connected node Ni and Nj . If the length of path is
too long, the influence would be too small to be considered. We assume the maximum of path length is 10. Then we select the shortest
path and define its length as the proximity d(Ni , Nj ).
If D(Ni ) is negative, it reflects node Ni is closer to negative
nodes than positive ones, which means node Ni could be less important, and vice versa. Particularly, if D(Nj ) → +∞, it indicates that Nj is far away from negative feedback nodes, so the importance of this node approach to 1; If D(Nj ) = 0, it indicates
that Nj has the same distance to negative and positive nodes, then
Pu (Nj ) = 0.5 ; If D(Nj ) → −∞, it indicates that Nj is closest
to negative feedback node, then Pu (Nj ) → 0.

4.3

Compute the Random Walk Probability
Based on Meta-path

Meta-path illustrates how the nodes are connected in the heterogeneous graph. Once a meta-path is specified, a meta-path-based
ranking function is defined, so that relevant papers determined by
the ranking function can be recommended [3]. It turns out that
meta-path based feedback on heterogeneous graph performs better
than other methods (PageRank) based PRF [2]. Random walk on
heterogenous network can explore more global information, combining multiple feedback nodes, which might be very important for
the recommendation tasks.
In order to quantify the ranking score of candidates relevant to
the seeds following one given meta-path, a random walk based approach was proposed in [2]. The relevance between P ∗ and P ?
P
(l+1)
(1)
) =
can be estimated via s(ai , aj
(1)
(l+1) RW (t),
t=a
a
i

(1)

j

(l+1)

following the
where t is a path instance from node ai to aj
specified meta-path, and RW (t) is the random walk probability of
the instance t.
(1)
(2)
(l+1)
Suppose t = (ai1 , ai2 , . . . , ail+1 ), the random walk probaQ
(j)
(j+1)
bility can be computed via RW (t) = j w(aij , ai,j+1 ). While
this formula only considers the weight of link on the path instance.
Based on our hypothesis, the node usefulness probability has a
great effect on the path importance. So in this study, we propose a
novel randomQ
walk function as follows.
(j)
(j+1)
(j+1)
RW (t) = j (β ·w(aij , ai,j+1 )+(1−β)·Pu (ai,j+1 )), where
(j+1)

(j+1)

Pu (ai,j+1 ) is the usefulness probability of the node ai,j+1 on the
path (derived from section 4.2), and β determines which factor is
more important. Theoretically, we need to tune β for each meta-

path to optimize the weight of each sub-meta-path. For this study,
we set β = 0.6.
Then, the random walk probability will be decided by the transition probability and the usefulness probability of the node on the
path instance. In this paper, we use eight meta-paths to investigate
the novel random walk method with node feedback information for
citation recommendation. All the meta-paths are listed in Table 1.

5.
5.1

EXPERIMENT
Data Preprocessing

We used 41,370 publications (as candidate citation collection),
published between 1951 and 2011, on computer science for the experiment (mainly from the ACM digital library). As [2] introduced,
we constructed the heterogeneous graph shown in Figure 1 and Table 2.
For the evaluation part, we used a test collection with 274 papers.
The selected papers have more than 15 citations from the candidate
citation collection.

5.2

Generate Feedback Nodes

Attaining different types of feedback information is the most important part in this research. Since it is not available to get the user
judgments right away. We used the method introduced in section
4.1 to create positive and negative feedback nodes. As aforementioned, the collection KP is the set of user given keywords. It is explicit positive feedbacks. While AP and VP can be derived by their
connectivity to set KP based on the heterogeneous graph. Here we
set Kpos = 10, and take the top 10 ranked authors/ venues as the
implicit positive feedbacks.
Next, we produced the implicit negative feedback nodes. Through
the text retrieved results, we grabbed the top ranked papers as Pr
(topK = 20). Then we located the list of keywords/ authors/
venues which have direct correlations to Pr , but the least relevance
to KP . Find the last ranked Kneg = 10 and used them as KN , AN
and VN respectively.

5.3

Experiment Result

In the evaluation part, we experimented with 8 different metapaths. For each meta-path, two sets of results were shown on row
‘N’ and ‘Y’ in Table 3. The ‘N/Y’ column in Table 3 indicates
whether we use the positive and negative feedback nodes or not for
computing the path importance. ‘N’ indicates that the result was
from the baseline in [2], while ‘Y’ means multiple feedback nodes
were employed and the node influence was appended into the final
random walk function. MAP and NDCG are used as the ranking
function training and evaluation metrics. For MAP, binary judgment is provided for each candidate cited paper (cited or not cited).
NDCG estimates the cumulative relevance gain a user receives by
examining recommendation results up to a given rank on the list.
We used an importance score, 0-4, as the candidate cited paper importance to calculate NDCG scores. Apparently, in most cases,
row ‘Y’ significantly outperforms row ‘N’ , which shows that the
positive/negative feedbacks enhance the random walk performance
quite well. We also used t-test to verify this improvement and most
meta-paths are significantly refined.

6.

CONCLUSION AND LIMITIONS

In this study we use multiple kinds of feedback nodes and propose a new method to enhance the meta-path-based random walk
performance. The new random walk function considers both transition probability and node usefulness probability on the path instance. We find that the node influence varies from the set of

feedback nodes, which could be inferred based on the explicit user
queries via a series of steps. Experimental results with ACM data
illustrate that the new approach with positive/negative feedback information helps to improve the performance of meta-path-based
recommendation.
For further study, we will continue this approach based on real
user explicit feedbacks and design the personalized recommendation model to improve user experience. Not only the node usefulness is related to the feedback nodes, but also the weight of each relation type may be affected by the feedback nodes or retrieval task.
If the retrieval task is to search the relevant papers based on given
authors, the author feedback nodes will be more useful for "writtenby" relation, "writtenby" and "co-author" relation might be more
important. This hypothesis will be discussed in the next step. Besides, more sophisticated inference models will be adopted which
may enhance the ranking performance.

7.

FIGURES AND TABLES

Table 2: Graph statistics
Node/Edge
P
A
V
K
c
P →P
w
P →A
p
P →V
co
A→A
r
P →K
con
K → P
con
K → A
con
K → V

1

Meta-path
w
w
P ∗ −→ A ←− P ?

2

P∗ −
→ P?

3

P∗ −
→P −
→ P?

4

P∗ −
→ P −→ A ←− P ?

5

P∗ → A → A ← P?

6

P ∗ −→ A ←− P −
→ P?

7

P∗ → V ← P → P?

8

P ∗ → V ← P −→ A ←− P ?

c

c

c

w

w

w

co

w

w

w

p

p

c

c

p

p

c

w

w

Feedback ranking hypothesis
Relevant paper’s author’s other papers
can be relevant
Relevant paper’s cited papers can be relevant
Relevant paper’s cited paper’s cited paper can be relevant
Relevant paper’s cited papers’ authors’
papers can be relevant
Relevant paper’s author’s co-author’s papers can be relevant
Relevant paper’s author’s cited papers
can be relevant
Paper can be relevant if it is cited by the
ones published at the same venue as the
relevant paper
Paper can be relevant if its authors’ papers are published at the same venue as
the relevant paper

N
Y

3

N
Y

4

N
Y

5

N
Y

6

N
Y
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N
Y
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N
Y
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