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ABSTRACT
Nowadays distributed graph computing is widely used to process
large amount of data on the internet. Communication overhead
is a critical factor in determining the overall efficiency of graph
algorithms. Through speculative prediction of the content of com-
munications, we develop an optimization technique to significantly
reduce the amount of communications needed for a class of graph
algorithms. We have evaluated our optimization technique using
five graph algorithms, Single-source shortest path, Connected Com-
ponents, PageRank, Diameter, and Random Walk, on the Amazon
EC2 clusters using different graph datasets. Our optimized imple-
mentations have reduced communication overhead by 21-93% for
these algorithms, while keeping the error rates under 5%.
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1 INTRODUCTION
Graphs arewidely used in practice tomodel the relationships among
entities in various networks. With the rapidly increasing scale of
data on the internet, distributed graph computing has become a ne-
cessity to adequately process the large amount of data [17]. A num-
ber of the parallel graph computing frameworks, e.g., Pregel[16],
Giraph[1], PowerGraph[7], among others [8, 9, 29], exploit a vertex-
centric programming model, which repetitively invokes a user-
defined function over all vertices of a graph. Each function typically
includes a computation phase, where each participating thread per-
forms local computation for vertices it owns, and a communication
phase, where data are exchanged among the neighboring vertices.
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When an algorithm is evaluated on such graph computing frame-
works, all the vertices of its input graph are first partitioned, typi-
cally based on a random hash function [1, 2, 8, 16, 27], e.g., a modu-
lus operation between a global unique identifier for each vertex and
the number of partitions. Then, each partition is packaged as a task
and mapped to a compute node. Due to the lack of consideration
for locality when partitioning the vertices, heavy network traffic
is often resulted as the tasks intensively communicate with one
another[13, 19, 26]. For example, in our study of the Giraph[1] on
Amazon EC2, each graph algorithm has spent 50-80% of its time in
the communication phase.

Existing graph computing platforms have mostly explored two
types of communication optimization: aggregation of messages to
reduce communication overhead [1, 16], where messages to the
same destinations are combined, and locality-aware vertex parti-
tioning where densely connected vertices are placed on the same
nodes [23, 24]. This paper presents a new optimization technique,
speculative message prediction, which reduces network communi-
cations by revising the graph algorithms to predict the content of
the communications, so that a network communication is triggered
only when the prediction is inaccurate, where the differences be-
tween the original messages and the incorrectly-predicted ones are
communicated to correct the mis-predictions.

Our optimization targets a special class of graph algorithms,
where it is acceptable to sacrifice a small degree of precision for a
faster turnaround time, e.g. in the case of computing shortest paths
for GPS users. Therefore it targets a similar set of applications as
the field of approximate computing [3, 20, 21, 28]. The key insight
is that by allowing a small degree of errors in each communication,
the overall runtime can be significantly reduced, not only through
the reduction of the amount of network communications, but also
by allowing an iterative algorithm to converge faster and terminate
early. Therefore, a small degree of communication errors can be
tolerated without significantly affecting the final outcome of the
overall algorithm.

To illustrate our optimization, Figure 1(a) shows the original
implementation of the PageRank algorithm by using Giraph[1],
an iterative BSP (Bulk Synchronous Parallel)[25] graph computing
system. The PageRank algorithm aims to rank the importance of a
web page based on the number of links to it from other pages. In
particular, the compute function in Figure 1(a) updates the rank of
each page v by iteratively having v receiving messages about the
ranks of neighboring nodes that link to v (lines 4-6), computing
a new rank for v (lines 7-8), and then propagating the rank of v
to all the other pages linked by v (lines 9-11). The дetSuperstep
function invoked at line 2 returns the current superstep (iteration)
of the computation, which is then compared with a pre-configured
maximum to determine when to terminate the algorithm, and if yes,
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1. void compute (Vertex vertex, Iterable<T> messages){
2. if (getSuperstep() <= MAX_Superstep ) {
3.            double sum=0;
4.            for (T msg : messages) {
5.                  sum += msg;
6. }
7.             double PR = 0.15 / NumVertices() + 0.85 * sum;
8.             vertex.setValue(PR);
9.            long edges = vertex.getNumEdges();
10.           double msg = PR /edges;
11.           sendMessageToAllEdges(vertex, msg);
12. } else {
13.           vertex.voteToHalt();
14.     }
15. }

(a)
//add class members preSum and preMsg for the class Vertex

//the definitions are private double preSum = 0; private double preMsg = 0;

1.  void specCompute (Vertex vertex,  Iterable<T> messages){

2.      if  (getSuperstep() <= MAX_Superstep ) {

3.            double sum=predictMsg(vertex.getPreSum(), getSuperstep());

4.            for (T msg : messages) {

5.            sum += msg;

6.    }

7.            vertex.setPreSum(sum);

8.            long edges = vertex.getNumEdges();

9.            double PR = 0.15 / NumVertices() + 0.85 * sum;

10.          vertex.setValue(PR);

11.          double msg = PR/edges;

12.          double pmsg = predictMsg(vertex.getPreMsg(), getSuperstep()+1);

13.          vertex.setPreMsg(msg);

14.          boolean succeed = verify(msg, pmsg); 

15.          if (!succeed) {

16.             double delta = msg - pmsg;

17.        sendMessageToAllEdges(vertex, delta);

18.          }

19.     } else {

20.             vertex.voteToHalt();

21.     }

22. }

(b)

Figure 1: Optimizing the PageRank algorithm with specula-
tive message prediction. (a) The original algorithm. (b) The
optimized algorithm.

the algorithm is terminated by invoking the VoteToHalt function
at line 13 so that the vertex no longer needs to be updated.

Figure 1(b) shows our optimized algorithm, which makes two
key modifications to line 11 and line 3 of the original algorithm in
Figure 1(a). Line 11 of the original algorithm is modified so that in-
stead of having each vertex sending the actual page rank, PR/edдes ,
to its neighbors, the modified algorithm in Figure 1(b) sends the
differences between the original message and a value speculated
by invoking the predictMsд function at line 12 of Figure 1(b). This
difference is sent at line 17 of the modified algorithm only if the
speculated message (pmsд) (calculated at line 12) is different from
the original one (msд) at line 11 by a significant margin (determined
by invoking the veri f y function at line 14 of the algorithm in Fig-
ure 1(b)). Note while lines 4-6 in both algorithms look identical, the
messages they receive are different — in the original algorithm, each
vertex receives the new page ranks of its neighbors; in the modified
algorithm, each vertex receives differences between the actual and
predicted page ranks of its neighbors, sent when predictions are

inaccurate in the remote neighbors. The remote messages are then
used to correct the local prediction of a new page rank for each
vertex v , made at line 3 of the modified algorithm, by adding (on
top of the local predicted page rank) the differences received from
all the neighboring vertices of v .

The optimized algorithm in Figure 1(b) is correct only if the pre-
diction function predictMsд, invoked at line 3 and line 12 respec-
tively, are consistent with each other, in that the local prediction for
the new page rank of each vertexv at line 3 equals to the the sum of
predicted page ranks of all neighbors of v (predicted at line 12), so
that any local mis-prediction can be corrected by simply adding on
top of it the messages sent from all the neighbors. This constraint
is readily satisfied by making the prediction function distributive to
the addition operator, the operator used to relate the page rank of
each vertex v with those of its incoming neighbors in the original
algorithm. The same optimization technique can be readily applied
to a number of other popular graph algorithms, e.g., Connected
Components and Single-source shortest path. The optimization is
profitable only if the content of the communications is predictable,
i.e., the prediction function is correct for a non-trivial number of
times. Since no communication is needed when the predictions are
sufficiently accurate, the overall amount of communications can be
significantly reduced.

We have expanded three computing frameworks, Giraph[1],
PowerGraph[7], and PowerLyra[4] to support the predictMsд and
veri f y functions illustrated in Figure 1(b) and have validated our
optimization by using the extended model to implement five algo-
rithms, Single-source shortest path (SSSP), Connected Components
(CC), PageRank, Diameter, and Random Walk (RW). When evalu-
ated on Amazon EC2 Cloud, our optimized implementations have
consistently out-performed their original implementations over a
variety of data sets. Our main contributions include:

• We introduce a new speculation-based optimization approach
to reduce the communication overhead and reason about
the correctness and error bounds of the optimization when
applied to commonly used graph algorithms. We experi-
mentally study the communication overhead of these graph
algorithms implemented on top of three graph computing
platforms: Giraph[1], PowerGraph[7], and PowerLyra[4].

• We develop two approaches to predict the content of mes-
sages based on their histories and apply the techniques to
optimize the graph algorithms. We were able to significantly
speed up these algorithms compared to using their original
implementations.

The rest of the paper is organized as follows. Section 2 reasons
about the correctness and generality of our optimization in more
detail. Section 3 presents the prediction methods. Section 4 presents
experimental results. Section 5 presents the related work. Finally,
conclusions are shown in Section 6.

2 OVERVIEW OF OPTIMIZATION
Figure 2(a) shows the typical workflow of an algorithm expressed
using the vertex-centric computation model. In particular, an algo-
rithm is typically expressed by defining a function, say compute(v,msд),
where v is an arbitrary vertex of the graph, andmsд is the set of
messages sent from other vertices to v in the previous iteration.

2



Process messages 
obtained for vertex v 
to update its value

Send messages to 
neighbors of vertex v

Process the incoming 
messages

titeration t iteration t+1

Vertex v Neighbors of vertex v

(a)

Process messages 
obtained for vertex v 
to update its value
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based on the user-
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(b)

Figure 2: (a)Workflow of the original implementation. (b)Workflow of the optimized implementation.

Figure 1(a) illustrates such a function for the PageRank algorithm.
Each time this function is invoked, it essentially computes a new
value for a given vertex v , based on the old value of v and a set
of updates sent from the other vertices. Our revised workflow is
shown in Figure 2(b), where before sending each message from a
vertex v , a predictMsд function is invoked to predict the content
of the message. The predicted content is then compared with the
message to be sent. If their differences are within a pre-specified
allowable error rate, the communication is omitted. All the graph
computing framework we use automatically support the needed
communications among operations on the vertices, where the user
only has to specify the content and destinations of each message
to be sent, and all messages are automatically delivered without
requiring anything from the receiving end. The following first uses
the PageRank algorithm as an example to reason about correctness
constraints of our algorithmic optimization. Then, additional prop-
erties of the optimization are studied after classifying a variety of
other graph algorithms.

2.1 Example: The PageRank Algorithm
Given an arbitrary graph G = (V ,E), where V and E are the ver-
tices and edges of the graph respectively, PageRank in Figure 1(a)
repetitively computes the following two functions for each vertex
v until they converge.

valuei (v) = 0.85 ∗msдi−1(v) + 0.15/|V | (1)

msдi (v) = Σ∀u ∈V s .t .(u,v)∈E (valuei (u)/|Outu |) (2)
Here valuei (v) is the new value for the vertex v at the ith iteration,
|V | is the overall number of vertices in the graph, msдi (v) and
msдi−1(v) are the sums of all messages received by v at the ith and
i − 1th iteration respectively (computed at line 4-6 of Figure 1(a)),
and for each vertex u that is connected to v in the graph, valuei (u)
and |Outu | are the new value computed for u at the ith iteration
and the number of edges going out from u respectively.

Our optimized code in Figure 1(b) modifies the PageRank algo-
rithm in Figure 1(a) by introducing a new function,predictMsд, and
by invoking theveri f y(x ,y) at line 14 to conditionally skip commu-
nications where the prediction is successful. Suppose veri f y(x ,y)
returns true only if x = y. The computation becomes:

valuei (v) =0.85 ∗ (predictMsд(sumi−1(v), i)+

msдi−1(v)) + 0.15/|V |
(3)

sumi (v) = predictMsд(sumi−1(v), i) +msдi−1(v) (4)

msдi (v) =Σ∀u ∈V s .t .(u,v)∈E (valuei (u)/|Outu |−
predictMsд(valuei−1(u)/|Outu |, i + 1))

(5)

Here both valuei (v) andmsдi (v) have been modified to incorpo-
rate the results of a series of predictMsд invocations as new factors
in the calculations. The prediction baseline used in calculating
valuei (v) is a recursively defined function sumi (v), which repre-
sents the accumulated page ranks of all incoming neighbors of v .
On the other hand, the prediction baseline for calculatingmsдi (v)
is simply the scaled-down value of most recent page rank of each
individual incoming neighbor of v .

In order for themodified algorithm to compute the samevaluei (v)
as the original algorithm for each vertex v , the following equation
needs to hold.

Σ∀u ∈V s .t .(u,v)∈Evaluei−1(u)/|Outu | =
predictMsд(sumi−1(v), i)+

Σ∀u ∈V s .t .(u,v)∈E (valuei−1(u)/|Outu |−
predictMsд(valuei−2(u)/|Outu |, i))

(6)

The above equation can be simplified to

predictMsд(sumi−1(v), i) =

Σ∀u ∈V s .t .(u,v)∈E (predictMsд(valuei−2(u)/|Outu |, i))
(7)
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The above equation requires that the predictMsд function can be
distributed across the addition (Σ) operator. In this case, the equa-
tion becomes

sumi−1(v) = Σ∀u ∈V s .t .(u,v)∈E (valuei−2(u)/|Outu |) (8)

The above equation can be proved via induction on the variable
i , which represents the iteration index where the compute function
is invoked. Therefore, as long as the predictMsд function can be
distributed across the addition (Σ) operator, and the veriy function
returns true only if its given parameters are identical, the optimized
code is guaranteed to compute the same page ranks for all vertices
as the original algorithm. In our optimized algorithm, we have im-
plemented the function predictMsд(x , i) so that given an arbitrary
floating point number x and a designated iteration i , the function
returns r (i) ∗x , where r (i) is a function that maps each iteration i to
a floating point number that is ≥ 1. So each prediction essentially
scales up the value of the previous iteration by some factor, since
the page rank of each vertex is expected to continuously increase
as more iterations are completed.

Suppose the veri f y(x ,y) function allows approximation, in that
it returns true as long as |x −y | ≤ α ∗x , where α is an allowed error
ratio. Then a messages is sent only if the result of the prediction
differs from the correct value x by at least α ∗ x . Suppose for the
first time at some iteration i , veri f y(msд,pmsд) returns true when
msд , pmsд for some neighbors of a vertex v . Then the value
of sumi+1(v) computed via Equation (4) at iteration i + 1 can be
off by at most α ∗ sumi (v). So valuei+1(v) can in the worst case
differ from the correct value by 0.85 ∗ α ∗ sumi (v)| ≤ α ∗valuei (v).
Therefore the error ratio accumulates (compounds) by at most α
each time the computation proceeds to the next iteration. Suppose
the computation iterates N times, the compounding of the error
ratios per vertex can be calculated in the worst case as N ∗α + (N −

1)∗α2+ ...2∗αN−1+αN . The whole application error rate therefore
can be bounded in the worst cases. Note that the actual error rates
at runtime will vary when different input graphs are processed. It
is beneficial to be able to dynamically predict the expected error
rate as each input graph is processed. However, this is currently
outside the scope of this paper and belongs to our future work.

2.2 Extending To Other Graph Algorithms
In the context of vertex-centric graph computing, our optimization
can be applied to all graph algorithms that require communications
among vertices, where the patterns and content of the communi-
cations are predictable, and mis-predictions can be corrected by
simply re-integrating their mis-predicted portions. In particular, the
predictability of communication, both in terms of the participating
vertices and in terms of the content exchanged among the vertices,
is key to both the applicability and profitability of the optimization.
The requirement on the ease of re-integrating mis-predictions has
more implications in terms of the profitability of the optimization
than applicability, because an operation can always be defined, so
that the original content of communications is simply recovered,
and the progress of the algorithm rolls back if needed. Such recov-
ery mechanisms, however, are likely too expensive and should be
used only if a very high prediction accuracy can be assured.

To study how frequently graph algorithms can and are likely
to benefit from our optimization, Table 1 classifies 11 widely used

graph algorithms that we have collected from various sources[7, 21],
based on their runtime behavior relative to five properties related
to whether they can potentially benefit from our optimization. Cur-
rently we were able to optimize only five out of these 11 algorithms,
and our current selection criteria requires that the algorithm must
take a non-trivial number of iterations (A=1), each vertex of the
graph must always communicates with the same partners (B=1),
the content of communication must be predictable (D=1), and the
differences of communication content must be differentiable and
re-integratable (E=1). Repeating Communications between each
pair of vertices (C=1) turns out to be not required as long as the
messages are predictable (D=1). The most stringent requirement is
the predictability of the communications (column D), as the other
requirements can be potentially met by most graph algorithms,
especially after some manual modifications to their original imple-
mentations. The following briefly describes each of the other four
algorithms that we optimized besides PageRank.

Table 1: Graph algorithms

Algorithm Abbr. A B C D E
Bipartite Matching BM 1 0 1 0 0

Connected Components∗ CC 1 1 0 1 1
Diameter∗ D 1 1 1 1 1

Graph coloring Gc 1 1 1 0 1
K-core Kc 1 1 0 0 0
KMeans KM 1 1 1 0 1

Label Propagation LP 1 1 1 0 1
PageRank∗ PR 1 1 0 1 1

Random Walk∗ RW 1 1 1 1 1
Single-source Shortest Path∗ SSSP 1 1 0 1 1

Triangle Counting TC 0 1 0 0 0
1 A: whether the algorithm iterates a non-trivial number of times; B: whether each
vertex always communicates with the same partners; C: whether repeated commu-
nications are needed among vertices; D: whether the content of communication
has regularity (can be predicted). E: whether the differences of communication
content can be extracted and re-integrated.

2 1 vs 0 indicate yes vs no.

The Single-source shortest path (SSSP) algorithm aims to com-
pute the shortest distance from a pre-designated vertex s to v . The
original algorithm starts by first initializing the shortest distance
for each vertex v to be a maximum value and then iteratively up-
dates the value for each vertex by computing the minimum of all
the paths to v from incoming neighboring nodes of v . Since the
shortest distance recorded for each vertex can only become smaller
at each iteration, and each vertex v always communicates with
the same partners (its neighbors), the communication pattern of
the algorithm is relatively regular and predictable. The Connected
Components (CC) algorithm aims to identify vertices that are con-
nected with one another in a graph. The original algorithm starts
by initially assigning to each vertex a unique integer identifier and
then repetitively compute the minimum integer identifier among its
neighbors. The logic of CC algorithm is quite similar to that of the
SSSP algorithm. We can optimize both SSSP and CC by having each
vertex first predict the minimum among its incoming messages
and then use the minimum operator to revise the predicted value
based on incoming messages from its neighbors, which send the
differences between their respective updated and predicted values,
omitting communications when the differences are minor.
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The Diameter algorithm aims to compute the effective diameter
of a graphG in which 90% of all connected pairs of nodes can reach
each other) [12], by iteratively computing a function N (v, i), which
counts the number of neighbors of vertexv in ≤ i hops. In particular,
k bitstrings [18] b(i,v) are encoded to remember vertices reachable
tov within distance i (i.e., the neighborhood for each vertexv), and
are iteratively updated by computing the union(OR) between its
previously updated neighborhood and each received neighborhood
from its neighboring vertices until it converges or reach the pre-
defined number of iterations. Then N (i,v) is estimated by using
the Flajolet-Martin [18] equation with the maintained bitstrings of
each vertex. As the original computation proceeds, the bit-masks
for some vertices will stay the same across the iterations. Therefore
by predicting the bit-mask of each vertex does not change, a subset
of the communications can be omitted. Since the bit-masks do not
admit a reasonable definition of approximation, a communication
is omitted only when the prediction is 100% accurate.

The Random Walk (RW) algorithm [11] tries to simulate a sto-
chastic or random process, by constructing a path that consists of
a succession of random steps on an given input graph. Since each
vertex v randomly selects its neighboring nodes to send messages,
the communication pattern of RW is relatively obscure. However,
the algorithm demonstrates a varying level of repeatability among
successive communications when having a large number of random
walks being computed in parallel. It is also relatively easy to extract
and re-integrate the differences of the communication content. The
Random Walk algorithm is quite similar to PageRank (both use the
addition operator to combine incoming messages for each vertex),
except that the communication content is randomly decided in RW.
It can be optimized in the same fashion as PageRank, except that we
disabled approximation in the optimized algorithm to avoid chain
reactions in the randomly selected values.

Among the other graph algorithms that we were not able to opti-
mize in Table 1, Bipartite Matching have each vertex communicate
with a randomly selected neighbor in each iteration. In this case,
communications are hard to predict because the successive mes-
sages are sent to randomly selected neighbors. Triangle Counting
has only two iterations in its entire computation, and only in one of
the iterations vertices communicate with each other. The rest of the
algorithms, Graph coloring, K-core, KMeans and Label Propagation,
assign special-purpose labels as values to their vertices, in fashions
that are hard to predict due to the lack of regularities.

2.3 Correctness And Error Compounding
Among the five algorithms we optimized, PageRank and Random
Walk both use addition to combine incoming communication mes-
sages, while SSSP and CC both use the minimum operator, and the
OR operator is used in the Diameter algorithm. The correctness of
these algorithms can be similarly proved as PageRank under the
constraint that the predictMsд function can be distributed across
the respective operators.

Since each algorithm may demand its own acceptable level of
accuracy, our optimization allows the user to control what levels of
approximation are allowed to trace off the accuracy of a distributed
graph computing algorithm with its runtime communication cost
and efficiency, by defining the veri f y function invoked at line 14

of Figure 1 differently. In particular, the user can allow no approxi-
mation by setting the veri f y function to returns true only when
its to input parameters are identical. The user can also allow a per-
message error rate by allowing the two input messages to differ by
a pre-set percentage, which will be compounded as multiple itera-
tions of the algorithm are evaluated. The error rates of SSSP and CC
are compounded similarly to PageRank, except that the eventual
error rate for each vertex equals to the minimal of the error rates
across all iterations, so their overall error rates are much smaller
than that of PageRank. For Diameter and Random Walk, the com-
pounding of the errors is rather unpredictable. So we conservatively
disabled approximation in these algorithms are not acceptable, by
setting the veri f y function for them to return true only when the
prediction is 100% accurate.

For the purpose of this paper, we define the overall error rate
of the whole algorithm to be the average or the maximum of the
percentages of differences between the expected and final computed
values for each vertex. Since approximations are allowed in three
of the five algorithms we studied, Figure 3 shows the average and
maximum error rate per vertex for the algorithms (SSSP, CC, and
PageRank) when the max allowed error ratio per communication
is 0.5%. As the computation proceeds through each iteration, the
average error rate at each iteration i is computed as:

Ri (u,v) =

∑n
k=1 |ui (k) −vi (k)|∑n

k=1 |vi (k)|
(9)

where u and v are vectors saving the values of all the vertices
(k=1,...,n) by using and without using message prediction respec-
tively. The maximal error rate among all vertices at each iteration i
is computed as:

Rmax (u,v) =max{
|ui (k) −vi (k)|

|vi (k)|
,ui (k) ∈ u,vi (k) ∈ v} (10)

These results confirm our worst-case error compounding calcula-
tions and show that in average, the error rates are much smaller
than the worst case. Since the number of expected iterations can be
anticipated, the allowed per-message error rate can be configured
to be a sufficiently small percentage to bound the allowed whole
application error ratio.

3 PREDICTION METHODS
For our optimization to be beneficial, the time spent in predicting
the content of a message must take significantly less time than
the time to actually transmit the message among different tasks,
either across the network or within a single node. Since it is more
difficult to enhance the accuracy of predictions than to simply
reduce the runtime overhead of the prediction method, a predic-
tion method with a smaller runtime overhead can improve the
overall performance with a similarly lower prediction accuracy. We
have developed two message prediction strategies, a memory-based
method and a curve-fitting method, both are simplistic (fast) and
therefore require a low prediction accuracy to outweigh the run-
time overhead. For the purpose of this paper, we define prediction
accuracy as the percentage of the successfully predicted messages
among all the messages transferred among vertices.
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Figure 3: Compounding of error rates (the max allowed per message error ratio is 0.5%). (a) SSSP on USA-road[5]. (b) CC on
web-google[22]. (c) PageRank on web-google[22].

3.1 Memory-based method
The memory-based approach is designed for graph algorithms that
are similar to SSSP, CC, and Diameter, which successively modify
the value of each vertex as a monotonic function of the values of the
incoming messages, e.g., by taking the minimum of the incoming
messages in SSSP and CC, or taking OR operator in Diameter. Given
two input parameters, x , the value in the previous iteration, and
i , the new iteration to predict, this method simply returns x as
the new value for i , essentially predicting value will stay the same
across iterations.

Table 2 shows the resulting runtime (normalized to the execu-
tion time of the respective original implementations) and prediction
accuracy (calculated as the percentage of the successfully predicted
messages among all the messages transferred among vertices) of
this prediction method, when using it for SSSP, CC and Diameter
on different input datasets. The prediction method has the low-
est prediction accuracy, 5.56%, when used to predict the content
of messages for the Connected Component algorithm using the
live-journal[14] input dataset, where the revised algorithm shown
slight superiority in the runtime compared to the original algorithm
without prediction. A higher prediction accuracy in the other use
cases had uniformly resulted in better performances.

Table 2: Prediction accuracy of memory-based method

Algorithm Dataset Runtime Accuracy
SSSP USA-road-W 37.85% 86.05%
SSSP USA-road 8.89% 94.59%
CC live-journal 95.35% 5.56%
CC indochina 84.0% 38.66%

Diameter web-google 86.05% 25.4%
Diameter wiki-topcats 86.89% 21.21%

3.2 Curve fitting method
The curve-fitting method is used for the PageRank algorithm, where
the value of each vertex is a non-obvious function of its previous
values. Given two input parameters, x , the value in the previous it-
eration, and i , the new iteration to predict, this curve-fitting method
predicts that x will change in the similar ways as in the past. It
uses curve fitting, where a curve is constructed as a mathematical
function that has the best fit to a series of data points, to model the
most likely content of the next value for x .

In PageRank, the algorithm iteratively updates the value for
each vertex by increasing its rank as needed at each iteration. The
new value of each vertex, after being divided by the out-degree of
the vertex, is then communicated to the neighboring vertices for
additional updates. As more iterations are completed, the results are
expected to eventually converge, so that the ranks of the vertices
would slowly increase, and the content of themessages approximate
to those of the previous iteration. Based on understanding of the
algorithm, we used the following exponential function to predict
the values at different iterations for PageRank.

PRsp
(
vt

)
=
(
1 + α ∗ βt

)
∗ PR

(
vt−1

)
β < 1 (11)

Here, α and β are parameters to be optimized. Based on our experi-
mental results of using different values for these variables to predict
values at different iterations for PageRank on a small graph dataset,
we have selected α to be 0.1 and β to be 0.5. Table 3 shows the re-
sulting runtime (normalized to the execution time of the respective
original implementations) and prediction accuracy of the imple-
mentation. Here because the runtime overhead of the curve-fitting
method is higher than thememory-basedmethod, a higher accuracy
is required for the prediction to improve application performances.

Table 3: Prediction accuracy of curve-fitting method

Algorithm Dataset Runtime Accuracy
PageRank web-google 80.56% 57.89%
PageRank uk-2002 39.13% 63.16%

3.3 Combination of memory-based and
curve-fitting

This strategy is used for the RandomWalk algorithm [11], which im-
plements a stochastic process to traverse a path via a succession of
random steps on an given graph, as a very special case of a Markov
chain. It is studied and validated by having a large number of ran-
dom walks being computed in parallel. When using web-google as
the input graph, the algorithm demonstrated varying levels of re-
peatability among the successive communications. To approximate
such patterns, we used a combination of the memory-based and
the curve-fitting method. In particular, the memory-based method
is used repetitively to predict the content of messages for a few suc-
cessive iterations, and a curve-fitting method is used intermittently
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to change the saved content of messages when the memory-based
prediction leads to a wrong prediction. After using the curve-fitting
method to model the next most likely content, the memory-based
method is again used. The curve-fitting method is adaptively ad-
justed by gradually increasing or decreasing the previously saved
message, based on how the previous messages change across it-
erations. Table 4 shows the resulting execution time (normalized
to the execution time of the respective original implementations)
and prediction accuracy of the implementation. Here because the
runtime overhead of the combination method is also a little higher
than the memory-based method, a higher accuracy is required for
the prediction to improve application performances.

Table 4: Prediction accuracy of combination method

Algorithm Dataset Runtime Accuracy
RandomWalk web-google 75.3% 26.94%
RandomWalk live-journal 76.78% 28.9%

4 EXPERIMENTAL EVALUATION
We have implemented five graph algorithms, SSSP, CC, PageR-
ank, Diameter and Random Walk, on three open-source computing
frameworks, Giraph[1], PowerGraph[7], and PowerLyra[4], both
with and without our optimization. While Giraph supports bulk
synchronous communication, both PowerGraph and PowerLyra are
more recent frameworks that support asynchronous communica-
tions [4, 7] with more advanced optimizations. The input data sets
shown in Table 5, which represent a variety of different scales of
graphs, are used to study study the effectiveness of our optimization,
particularly its implications to the overall performance, communica-
tions behavior, and the accuracy of the graph algorithms, Additional
graphs from [14], including uk-2014, in-2014, frwiki, dewiki and
uk-2002, are used to validate the effectiveness of the curve-fitting
prediction designed for PageRank.

Table 5: Graph data in our experiments

Dataset |V | |E |

USA-road-W[5] 6,262,104 15,248,146
USA-road[5] 23,947,347 58,333,344
frwiki[14] 1,352,053 34,378,431

indochina[14] 7,414,866 194,109,311
web-google[22] 916,428 5,105,039
uk-2002[14] 18,520,486 298,113,762

wiki-topcats[22] 1,791,489 28,511,807
live-journal[14] 5,363,260 7,902,314

We conducted all studies on the Amazon EC2 Cloud with 8 in-
stances, each instance using two dual-core CPUs and 8G memory.
Each algorithm is evaluated with the number of computing threads
equal to the number of available CPU cores on each node of the
cluster. Each node is configured with Ubuntu Server 14.04(64bit)
and Apache Hadoop 0.20.203 and Java 1.7. Each measurement is
conducted five times, and the averages across different runs are re-
ported. what is the variation across runs of the same measurement?

4.1 Communication overhead and runtime
performance

Figure 4 compares the amount of inter-vertex communications (the
cumulative number of bytes of all messages communicated) for the
algorithms implemented with and without our optimization on the
three platforms when using graphs from Table 5 as their inputs and
allowing a maximum 0.5% per message error rate is this correct?.
Figure 5 compares the respective runtime of these algorithms on
the same inputs. Less communications are observed for Diameter
and Random Work in Figure 4(d) and (e) because they used smaller
input graphs and have converged faster. Why do they use smaller
graphs and converge faster? On all platforms, the optimization
has significantly reduced the amount of communication for SSSP,
which had accordingly resulted in the most significant performance
speedups in Figure 5(a). The communication and execution time
reductions for CC, PageRank, Diameter and Random Walk are not
as significant, due to lower prediction accuracies. In particular, the
amount of communication for SSSP is reduced by 91-94% on the
three platforms, because the predictMsд function was able to cor-
rectly predict that the shortest distance does not change for many
vertices at each iteration. On the other hand, the reductions for
the other algorithms are 21-40%, as their communication patterns
are less regular (harder to predict) Since Giraph produced the most
communication for all algorithms, greater execution time reduc-
tions are observed on the Giraph platform. Allowing approximation
in SSSP, CC, and PageRank has also allowed the respective algo-
rithms to converge faster and therefore requiring fewer iterations
to converge, resulting in more significant performance speedups.

To further break down the impact of communication reduction in
terms of network latencies vs system overheads, Figure 6 compares
the runtime of executing the graph algorithms with and without
our optimization on PowerGraph and PowerLyra, by using only
a single compute node, where the communication overhead in-
cludes only system overheads and no network latency. Here the
runtime reduction is still significant, even when no network latency
is involved in the communications.

4.2 Error Analysis
Since three of our optimized algorithms (SSSP, CC, and PageRank)
allow the eventual results of computation to be approximated, for
each of these algorithms, we computed an average per-vertex error
rate on the Giraph platform, as the differences in the final results
of all vertices computed by the optimized algorithm, normalized
against their final results in the original algorithm. This is a com-
mon formulation for error analysis [21]. For SSSP and PageRank,
the error rate reflects in average the expected degree of approxima-
tion for the final computed results. For CC, it reflects how likely
a connected component is mistakenly divided into smaller ones,
Note that our optimization can be used even when approximation
is not allowed, as in many cases of realistic applications, by having
theveri f y function to return true only when the prediction is 100%
accurate.

Table 6 shows the resulting relative error rates, which range be-
tween 0.02%-5%. As a case study, we looked deeper into the results
of the PageRank algorithm using web-google as input. We found
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Figure 4: Comparison of communication overhead between without and with using optimization. (a) SSSP on USA-road. (b)
CC on indochina. (c) PageRank on uk-2002. (d) Diameter on wiki-topcats. (e) RandomWalk on live-journal.
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Figure 5: Comparison of runtime between without and with using optimization. (a) SSSP on USA-road. (b) CC on indochina.
(c) PageRank on uk-2002. (d) Diameter on wiki-topcats. (e) RandomWalk on live-journal.
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Figure 6: Comparison of runtime between without and with optimization on 1-computing node. (a) SSSP on USA-road-W. (b)
CC on frwiki. (c) PageRank on web-google.(d) Diameter on web-google. (e) RandomWalk on web-google.

 

 

0 
2 
4 
6 
8 

10 
12 
14 
16 

0.01 0.05 0.5 1 1.5 2 2.5 3 ev
en

ta
l r

el
at

iv
e 

er
ro

r r
at

e(
%

) 

limited maximum relative error rate(%) 

PageRank 
SSSP 
CC 

(a)
 

0 

20 

40 

60 

80 

100 

0.01 0.05 0.5 1 1.5 2 2.5 3 

no
rm

al
iz

ed
 ru

nt
im

e(
%

) 

limited maximum relative error rate(%) 

PageRank 
SSSP 
CC 

(b)

Figure 7: (a) Relationship between the limited per-message error rate and thewhole application error. (b) Relationship between
the limited per-message error rate and the runtime normalized to the runtime of the original implementation.
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Table 6: Relative errors for applications implemented with
our optimization

Application Dataset Relative error(%)
SSSP USA-road-W 0.8772
SSSP USA-road 1.6734
CC frwiki 1.0618
CC indochina 1.1923

PageRank web-google 4.3483
PageRank uk-2002 4.6043

that 99% of the pages in top 100 computed using the original algo-
rithm also appear in the top 100 from using the revised algorithm
and that 98.8% of the pages in top 1000 from the original algorithm
also appear in the top 1000 from the revised algorithm. Overall, the
results obtained via the optimized algorithms are expected to be
close approximations of the original results, trading off a limited
amount of overall accuracy for the benefit of better performance.

Figure 7(a) correlates the allowed per-message error rates with
the eventual average per-vertex error rates, for SSSP, CC and PageR-
ank operating on USA-road-NY[5], frwiki[14] and uk-2014[14] re-
spectively. Here it can be observed that the eventual per-vertex
error rate roughly correlates linearly with the per-message error
rate, with the correlation ratio determined by how the per-message
errors accumulate/compound at each global iteration of the algo-
rithms. In particular, for CC and SSSP, the per-vertex error rates
are the minimum of the errors of all the incoming messages, so
their correlation ratios are lower than that of PageRank, where the
per-vertex error equals to the sum of the errors of all the incoming
messages.

Figure 7(b) further correlates the allowed per-message error
rates with the runtime of the algorithms. Here again the relation is
roughly linear, and a significant runtime reduction is observed even
when allowing a small per-message error rate, say 0.5%. This is
because that as the per-message allowed error rate increases, more
communications can be potentially omitted as a bigger differences
is allowed between the predicted and the actual messages, thereby
reducing the amount of communication and overall runtime.

4.3 Effectiveness of curve-fitting method
A curve-fitting function was used to predict the growth of vertex
values in our optimized PageRank algorithm. Figure 8 validates
the effectiveness of this method when using a single version of
the optimized algorithm to operate on a variety of different inputs,
including uk-2014, in-2014, frwiki, dewiki and uk-2002[14], with
the size of input data ranging from 250MB to 4.7GB. Here a single
set of curve-fitting parameters, α = 0.1 and β = 0.5, are used across
all inputs. The overall runtime of the algorithm is reduced by 37%,
32%, 39%, 37% and 62% respectively while keeping the relative
error rate under 6.1%. These results validate our hypothesis that for
PageRank, while the accuracy of curve-fitting prediction will differ
when used on different input data, the patterns of vertex updates
are sufficiently similar across different inputs, so that reasonable
performance improvements can be expected across all inputs.

 

 

 

0 

10 

20 

30 

40 

50 

60 

70 

80 

no
rm

al
iz

ed
 ru

nt
im

e(
%

) 

(a)
 

0 

1 

2 

3 

4 

5 

6 

7 

ev
en

ta
l r

el
at

iv
e 

er
ro

r r
at

e(
%

) 
 

(b)

Figure 8: (a) Execution time normalized to the execution
time of the original implementation without prediction. (b)
Eventual relative error rate between the approximate results
and the accurate results.

5 RELATEDWORK
Pregel[16] is the first distributed parallel graph computing sys-
tem using the Bulk Synchronous Parallel (BSP) model[25]. Apache
Giraph[1] is developed as an open-source version of Pregel and is
used by Facebook to analyze social networks. Maiter[29] introduces
a delta-based accumulative iterative computation model, which it-
eratively updates values of vertices by accumulating the changes
between iterations to avoid the negligible updates. GraphLab[15] is
designed for asynchronous parallel graph computations in machine
learning and allows the vertices to be processed asynchronously
based on a scheduler. PowerGraph[7] introduces the concept of
vertex-cuts, where the edges instead of vertices of an input graph
are distributed to reduce the storage and communication require-
ment of large distributed power-law graphs. PowerLyra[4] provides
a hybrid graph partitioning that combines edge-cut and vertex-cut
and a hybrid graph computation that combines the synchronous
and asynchronous execution.

A large collection of graph partitioning strategies[13, 19, 23, 24,
26] have been introduced to reduce communication overheads of
distributed graph systems. Streaming partitioning[23, 24] is an on-
line approach that dynamically places each vertex as it is loaded
from storage based on the locations of its neighbors. Dynamic
repartitioning[13, 19, 26] provides a way for the partitioning to
self-adapt to balance computation, by monitoring the runtime char-
acteristics of the system and migrating the vertices across workers
during graph processing. This paper also aims to reduce the com-
munication overhead of graph systems but does so by allowing the
user to define a way to predict the content of transmitted data.

Speculative prediction of values is widely studied in parallel-
ing algorithms. Gardner[6] modifies the particle swarm optimiza-
tion(PSO) algorithm by speculatively concurrently evaluating the
t+1th time-step with all possible results of iteration t . Jang[10]
enhances variable-length decompression by speculating on the
starting points of compressed blocks.

6 CONCLUSIONS
This paper presents a new optimization to reduce the communica-
tion overhead of vertex-centric distributed graph algorithms. The
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optimization has been applied to five graph algorithms, Single-
source shortest path, Connected Components, PageRank, Diam-
eter and Random Walk, on three graph computing frameworks,
Giraph[1], PowerGraph[7], and PowerLyra[4]. The performance of
these algorithms with and without the optimization is systemati-
cally studied on Amazon EC2 Cloud, where our optimization has
reduced the communication overhead by 39% and the execution
time by 27% in average, while keeping the error rate under 5%.
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