
Table 3: Sharing-scans tagging
key B7 B6 : : : B0 value reduce function
key 1 0000100 v1 reduce3
key 1 0000100 v2 reduce3
key 1 0000100 v3 reduce3
key 1 0000010 v4 reduce2
key 1 0000010 v5 reduce2
key 1 0000001 v6 reduce1

from one input tuple, sorted according to key. The tag()
fleld is byte long (B7; : : : ; B0), as before.

Table 4: Map output of n pipelines
job key B7 B6 : : : B0 value
1 1 1 0000001 v1
3 1 1 0000100 v1
2 1 1 0000010 v1
4 2 1 0001000 v2
6 2 1 0100000 v2
5 3 1 0010000 v3

Going back to our example, the output produced by the
mapping pipelines can be shared as shown in Table 5. Ob-
serve that the MSB of tag() is set according to the number
of originating pipelines.

Table 5: Merged map output
job key B7 B6 : : : B0 value

1,2,3 1 0 0000111 v1
4,6 2 0 0101000 v2
5 3 1 0010000 v3

Table 6 depicts some groups’ examples, processed at the
reduce side. The last column indicates the reduce functions
to which each tuple needs to be pushed. We remark that
we need to maintain the states of multiple reduce functions.
However, since the group is sorted also on tag(), we are able
to flnalize some reduce functions as the tuples are processed.

I. EXPERIMENTAL EVALUATION

I.1 Experimental Setting
We ran all experiments on a cluster of 40 virtual machines,

using Amazon EC2 [1], unless stated otherwise. We used the
small size instances (1 virtual core, 1.7 GB RAM, 160GB of
disk space). All settings for Hadoop were set to defaults.
Our real-world 30GB text dataset, consists of blog posts [2].
We utilized approximately 8000 machine hours to evaluate
our framework. We ran each experiment three times and
averaged the results.

We ran wordcount jobs, which were modified to count
only words containing given regular expressions (aka grep-
wordcount). Hence, we were able to run jobs with vari-
ous intermediate data sizes, depending on the selectivity
of the regular expression. We remark that wordcount is a
commonly used benchmark for MapReduce systems. How-
ever, we cannot use it in our experiments because we cannot
control the map-output sizes. Another reason for choosing
grep-wordcount is that it is a generic MapReduce job. The
map stage filters the input (by the given regular expres-
sion), while the reduce stage performs aggregation. In other
words, any group-by-aggregate job in MapReduce is simi-
lar in its structure to grep-wordcount. We clarify that we
produced random jobs with various intermediate data sizes.
In real-world settings, however, the information about ap-
proximate intermediate data sizes would have been obtained

Table 6: Processing a group at the reduce side
key B7 B6 : : : B0 value reduce function
k 1 0100000 v1 reduce6
k 1 0010000 v2 reduce5
k 0 0001001 v3 reduce1; reduce4
k 0 0000111 v4 reduce1; reduce2; reduce3

Figure 4: MRShare scale independence.

either from historical data, or by sampling the input, or by
syntactical analysis of the jobs.

I.2 System Dependent Parameters
The first step of our evaluation was to measure the system

dependent parameters, f and g, by running multiple grep-
wordcount jobs. Our experiments revealed that the costs of
reading from the DFS and the cost of reading/writing locally
during sorting, were comparable, hence we set f = 1:00.
This is not surprising, since Hadoop favors reading blocks
of data from the DFS, which are placed locally. Hence, the
vast majority of data scans are local.

The cost of copying the intermediate data of jobs over
the network was approximately g = 2:3 times the cost of
reading/writing locally. This is expected, since copying in-
termediate data between map and reduce stages involves
reading the data on one machine, copying over the network,
and writing locally at the destination machine.

We remark that our experiments revealed that the cost
of scanning the input is rarely dominant, unless the map
output sizes are very small. For example, when we ran a
series of random grep-wordcount jobs, the average cost of
scanning was approximately 12% of the total execution time
of a job. Thus, even if there is no scanning at all, the overall
savings from sharing scans cannot exceed this threshold.

I.3 MRShare Scale Independence
We demonstrate the scalability of MRShare with respect

to the size of the MapReduce cluster. In particular, we show
that the relative savings, using MultiSplitJobs for sharing
scans, do not depend on the size of the cluster. We ran
queries G4 with random map-output-ratio (see Table 2), and
measured the resulting savings for 4 cluster sizes, 40,60,80,
and 100. Figure 4 illustrates our results. In each case, the
left bar represents the normalized execution time, when no
sharing occurs. The relative saving from sharing scans were
approximately the same in each case, independent of the size
of the cluster. Indeed, our cost model does not depend on
the number of machines and this is confirmed by our results.
The overall cost is only distributed among the machines in
the cluster. However, the relative savings from sharing e.g.,
scans do not depend on the cluster’s size.
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