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Abstract. In this paper, we propose a novel strategy for fast computation of
random walk probability for all node pairs on large graphs. Since computation of
random walk includes a large number of random accesses to adjacency lists, it is
time consuming task when whole graph cannot be loaded into main memory.
We devise an efficient random walk computation algorithm for large graphs by
reducing the number of random accesses to adjacency lists. We reduced the
number of random accesses by reusing pre-computed results of other similar
nodes. We also provide some discussions about related issues.
Keywords: graph, random walk

1 Introduction
Recently utilizing heterogeneous graphs gets attentions by researchers in knowledge
management and recommendation fields. PathSim[1] and HeteSim[2] are the recent result
of the studies that shared the point of view. Computation of random walk probability is
the basic and core task of heterogeneous graph analysis.
For example, the probability that a random walker starting from some user node
Like

Like-1

goes through the path " User -> Movie
User » and reaches some
other user node means "the probability that some user likes the movies that are liked
by the some other user". This result can be used as a similarity measure between
users. In the similar way, the random walk probability going through the path "

User

Neighbor

>User LMovie" can be utilized as a relevance measure of

movies to users. Random walk computation can be viewed as matrix-matrix
multiplication, and there exist many efficient implementations performing the task.
However, they perform the task after loading whole matrices on main memory, and it is
not possible to load large graphs like social networks on main memory. Thus we need
other method considering non-memory based environments.
In this paper, we propose a novel random walk computation strategy for large graphs.
The random walk computation includes a large number of random accesses to adjacency
lists, and the random access count is one major factor of the performance. Our novel
algorithm can perform the random walk computation with reduced number of random
access count by reusing pre-computed result of similar nodes.
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The remained part of paper is organized as follows; we describe the detail of our novel
algorithm to solve the problem in chapter 2. We also provide some related issues at the
end of chapter, and we conclude this paper by chapter 3.

2 Strategy for All Pairs Random Walk Computation
In this chapter, we provide the formal definition of all-pairs random walk computation and
describe the efficient algorithm to solve it. Firstly, all-pairs random walk computation
problem is defined as follows.
E1 E2
Definition 1. When a heterogeneous graph G.(V, E), and a path P = N1 —> N2 —>
Ek

where N i is a node type and E i is a edge type, the all pair random walk
computation problem is defined as computing the probability that the random walker
starting from the node n1 reaches the other node n2 by going through the path P for all
node pairs (n1, n2) E Vx V. it can be alternatively defined as computing the probability
vector r(n) representing the probability that the random walker starting from the node n
reaches all other nodes through the path P for all node n E V.
-+ Nk + i,

Solving the all pairs random walk computation problem is exactly same as the matrixmatrix multiplication of matrices that represent the each transition in the path.
Consequently, this problem can be solved with matrix-matrix multiplication.
However, because of the problems that we stated the previous chapter, the current
matrix-matrix multiplication method cannot be directly applied to large graphs. The
other problem is that large graph data is stored in the form of a massive adjacency list,
not a sparse matrices format for a mathematical computation.
Our main idea is reusing the pre-computed results of the similar nodes. If the adjacency
list of one node is similar to the one of some other node, we can expect that the random
walk computation result from each node is also similar to each other. We utilize the
intuition.
Let's start with the case of computing 2-step random walk following any type of node
and edge. If we Assume that each adjacency list of two nodes ni, and n1 differs only one
node from each other, we can say that Adj(ni) = {n1, n2, ... , nk, nk,i}, and
Adj(n;) = {n1, n2,
, nk, n' k+1}, where Adj(n) is the adjacency list of node n. If we
have r(n,), we can compute r(n;) using r(n,) by the following equation;

r(r(n;)1 ____________________________________1=r(ni)

a(nk+i)+IAdj(ni)la(n'

(1)

k+i)
a(n) represents the normalized vector representation of the adjacency list of a node n.
By using the equation (1), we can compute r(n;) without accessing all adjacency lists
of n; s adjacent node. Random access count required for computing r(n;) is reduced
from lAdj(01 + 1 to 3. If the degree of nodes are larger, this strategy speed up more
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the random walk computation. In general case, we can rewrite the above equation as
follows.

_I Adj(ni)1(r(n,)

L1

1

Nia(nk))+

1
Niao,k)
1 Adj(ni)1Li

(2)

In the equation (2), nk represents the node that is included in Adj(n;) but not Adj(ni), and n
l represents the node that is included in Adj(n3) but not Adj(nt). In general case, the
random access count is 1 + a(nk) + a(n'k), and the speed up can be assessed as (1 + IA dj
(ni)l) 1 (1 + E a (n k) + a(n'k)). The algorithm computing all pair random walk is described
in Fig. 1.
c

'

2 step all-pairs random walk computation (G, P)
begin
foreach node n in G do
n' getComputedSimilarNode(n);
if n' null then compute r(n) from r(n') using equation (2);
else compute r(n) by referring Adj(a) for each node a E Adj(n);
end
end
Fig. 1. Algorithm for two-step random walk computation
Finding pre-computed similar nodes can be done in various ways. It is important
implementation issue affecting performance. We can use fast node clustering algorithms
like METIS [3] or MinHash[4] to judge similarity between adjacency lists.
Utilizing parallel computation capability is also important issue. This strategy is
inherently sequential. However, we can parallelize the algorithm by split it into two
phases: 1) seed computing phase and 2) seed referencing phase. In seed computing
phase, we compute the random walk results from seed nodes, and compute the random
walk result from other nodes by reusing the result from the first phase. Internal
process of each phase can be performed in parallel fashion. We can make full use of
parallelism by setting the number of seeds as the degree of parallelism.
We discussed 2-step random walk computation without type constraint so far.
However, our strategy can be easily extended to multi-step random walk computation
since two-step computation results can be seen as another 1-step relationship. We can
compute any length of random walk probability by iteratively applying the previous
algorithm. Type constraints also can be easily applied by using type-filtered adjacency
lists.
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3 Conclusion
In this paper, we propose the efficient strategy for all pair random walk computation
on large graphs. We optimize the random walk computation by reusing pre-computed
result of other nodes that have similar adjacency lists. We plan to implement the
algorithm and evaluate the effectiveness of our strategy.
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