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Mitigating Partitioning Skew in MapReduce Computations

J. Berlinnska - M. Drozdowski

Abstract In this paper we analyze handling partitioning skew in MapReduce com-
putations. The basic MapReduce implementations strongly depend on the assumption
that the data is partitioned evenly for reducing. However, in practical applications the
data distribution is often skewed, what leads to decreasing MapReduce system perfor-
mance. Using divisible load theory we analyze two methods of handling data skew in
MapReduce computations. The proposed algorithms are evaluated in a series of compu-
tational experiments. To our best knowledge this is the first analytical study comparing
mitigation of partitioning skew in two different stages of MapReduce applications.

1 Introduction

MapReduce is a parallel programming model for processing large data sets on big num-
bers of computers [10,17]. A MapReduce application consists of two stages: mapping
and reducing. In the first stage a user-defined Map function processes the input dataset
(e.g. a text or HTML file), and generates a set of intermediate (keyl,valuel) pairs.
In the second step the intermediate pairs are sorted by keyl, and a Reduce function
merges pairs with equal values of keyl, to produce a list of result pairs (keyl, value2).
As an example, consider constructing the inverted index for a set of documents, where
all documents comprising certain words must be found [10]. The Map function parses
the documents and generates a sequence of pairs (word, docI D), where docI D is a doc-
ument identifier (e.g., a URL of a web page). The Reduce function accepts all (word,
docI D) pairs containing a given word, sorts them and returns a (word, list_docIDs)
pair, where list_docI Ds is a sorted sequence of docI Ds.

Both map and reduce operations are performed in parallel in a distributed com-
puter system. The intermediate data obtained by a computer in the mapping stage are
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divided into many parts, which are then assigned to the reducing processors by hash-
ing. The obtained partitioning of the intermediate data has a big impact on the whole
MapReduce application performance [13-15]. In the ideal case all reducing processors
should finish computations at the same time. In reality the data distribution is often
skewed and some processors work longer than others. Consequently, the total running
time of the application increases. In this work we analyze this problem and present
algorithms to solve it. Although practical methods of handling skew in MapReduce
have been proposed earlier [13-15], to our best knowledge this is the first theoretical
study dedicated to comparing approaches mitigating the skew in different stages of
computations.

We propose a mathematical model of MapReduce based on the divisible load the-
ory. Divisible load theory (DLT) was introduced in papers [1,9]. It is a model of dis-
tributed processing which assumes that the data to be processed, called load, can be
continuously divided into pieces. There are no precedence constraints between these
pieces, so that they can be processed independently on remote computers. Divisible
load theory covers scheduling problems and performance modeling for various types
of interconnection networks [9,11,8], systems with memory limits [16,3,5], and other.
Surveys of divisible load theory, including applications, can be found e.g. in [2,7,12,18].
A divisible load model of MapReduce applications has been first proposed in [4,6]. In
this work this model is expanded by relaxing the assumptions about the organization
of communication between computers. We also provide a more detailed view of the
reducing stage.

The rest of this paper is organized as follows. In Section 2 we present a mathemat-
ical model of MapReduce computations. The methods of handling partitioning skew
in MapReduce applications are described in Section 3. The algorithms are compared
experimentally in the following section. The last section is dedicated to conclusions.

2 Mathematical Model of MapReduce

In this section we present the mathematical model of MapReduce computations.

We assume that the application is run by a homogeneous computer system. We
will use the terms computer, processor and worker interchangeably. Each computer
comprises a CPU, some memory and an independent network interface (e.g. NIC and
DMA). A processor can open at most one communication channel at a time, i.e. the
so-called one-port model is used. The communication speed for two computers com-
municating in otherwise unused network is 1/C. However, the bandwidth limit for
concurrent channels in the whole network is I/C, so that at most ! communication
channels can be opened simultaneously without reducing the communication speed.
We will call I the bisection width limit. If n > | communications take place at the same
time, then the bandwidth is shared equally between them, and the communication
speed decreases to [/(nC).

The total amount of load (input data) to be processed is V' (e.g. bytes).

The execution of a MapReduce application begins with starting many copies of
the program on a cluster of computers. A master computer assigns work to the other
computers (workers). There are m processors executing map tasks (the mappers) and
r processors executing reduce tasks (the reducers). The master starts processing a
MapReduce application with dividing the input data into so-called splits and assigning
them to the mappers. As the number of load splits is very big [10], the granularity of



the input load is fine. Hence, according to the methodology of DLT, we assume that
the load is arbitrarily divisible. Each mapper obtains the same amount of data.

A mapper reads the assigned input load splits and processes the data using the
Map function. We perceive these operations as processing with rate A (e.g. sec/bytes)
[4,6]. Each mapper receives load of total size V//m and processes it in time AV/m. The
results of mapping are divided into r parts by the partitioning function (usually of the
form hash(keyl) mod r) and written to r files on the local disk. Each file is dedicated
to a particular reducer. We assume that the amount of results produced by mappers is
proportional to the input size. For a bytes of input, ya bytes of output are produced.
The information about the locations of the files containing the intermediate results is
sent back to the master. We will denote the size of a single piece of information, such
as the location of a file, by €. Thus, the communication of all mappers with the master
takes time C'mre, as each of the m mappers created r files. The master forwards it to
the reducers (again in time C'mre, because each of the r reducers obtains the locations
of m files).

When a reducer receives the information about the files locations, it reads the
buffered data from the local disks of the mappers. In order to guarantee that no
computer performs two communications at the same time, a special communication
organization is necessary. If m < r, then mapper ¢ communicates consecutively with
reducers 4,7 + 1,...,7,1,...,4 — 1. If m > r, then reducer j communicates consecu-
tively with mappers 7,5 +1,...,m,1,...,5 — 1. Each communication starts without
unnecessary delay and no computer performs more than one communication at the
same time. In the ideal case, when parts of data sent from mapper i to reducer j are
equal for all 7,7, there are always min{m,r} communications taking place at a given
time, and the total time needed for sending load from the mappers to the reducers is
max{C, C min{m, r}/l}yV/ min{m, r}.

After reading all intermediate data, a reducer sorts it by the intermediate keys in
order to group together all occurrences of the same intermediate key. The time needed
sort 1 Jog . Bach key and the corresponding set of values
are then processed by the Reduce function. The computing rate of a reducer will be
denoted by a"®?. Thus, the reducer execution time for input data of size z is a"*%z.
The output generated for each intermediate key is appended to a final output file for
a given reducer. Thus, the final output of MapReduce is available in r output files
located on the reducers.

to sort the data of size x is a

In the ideal case, the partitiong function divides the space of intermediate keys so
that each reducer obtains from each mapper data of the same size YV /(mr), i.e. the
total load received by any reducer is vV/r. Then, the running time of the MapReduce
application is

T* = AV/m + 2Cmre + max{C, C min{m, r}/I}yV/ min{m, r} + (1)
a**"t (yV /) log(AV/T) + ared’yV/r.

However, in reality the load partition is not ideally balanced and some reducers
receive more data than the others. Such partitionig skew may lead to a performance
drop, as the execution of the whole application finishes when the last reducer completes
computations. The running time of the application depends in this case on many factors
and cannot be presented by a simple formula similar to (1).



3 Algorithms

In this section we present two algorithms for mitigating partitioning skew in MapRe-
duce: a static and a dynamic method. The static approach to the problem is to improve
the load partitioning before sending the data from the mappers to the reducers. In the
dynamic methods, the load distribution between the reducers can only be changed after
the reducers obtained the data and started processing.

3.1 Static Method

A static method of load balancing, called fine partitioning, was proposed in [13]. The
idea was to change the partitioning function so that it divides the space of the key
values not into r parts, but into kr parts for some k£ > 1. This allows to decrease the
impact of creating parts of different sizes by appropriately assiging the parts to the
reducers. After the mappers finish their computations, they send the information about
the obtained part sizes to the master computer. In order to obtain the optimum load
assignment for the reducers, it is necessary to solve an NP-hard bin-packing problem.
Therefore, the master uses heuristic approach similar to LPT algorithm. It sorts the
partitions according to non-increasing sizes and assigns them one by one to the reducers
with the smallest total load. The reducers obtain the information about the partitions
they are to process, read the data from the mappers and process them.

We will now present a divisible load model of MapReduce with fine partitioning. In
the first step, all mappers read and process the load with rate A, what takes time AV/m.
Afterwards, each of the mappers sends the information about the sizes of kr partitions
it created to the master. As we use 1-port model, the communications with the master
must be sequential and the time necessary to complete them is Ckrme. The master
computes the total sizes of the partitions, sorts them and assigns to the reducers, what
can be done in total time ¢t = M5 (kpm 4 kr log(kr) +kr log ), where a™5te"
is the computing rate of the master. The information about the assignment is then sent
sequentially to the reducers, in time Ckrme. Next, the reducers start reading the data
from the mappers. After obtaining its load of size d;yV" (where 2;21 d; = 1), reducer j

sorts the data and performs reducing, in total time a*"*(5;7V) log(6;4V) + ared(sij.

3.2 Dynamic Method

A system allowing for MapReduce skew mitigation in a dynamic way, called SkewTune,
was described in [15]. The goal of SkewTune was to handle different types of skew, in
both mapper and reducer stage of computations. As partitioning skew only is the
subject of this work, we propose here a simpler approach. While SkewTune tries to
balance the load distribution each time when a reducer finishes computations, we stop
the computations to redistribute the load only once.

In our algorithm mapping and sending load from the mappers to the reducers
proceeds as described in Section 2. Each reducer starts sorting (and then reducing) as
soon as it receives all data. It notifies the master when it finishes sorting and when it
finishes reducing. As soon as all reducers completed sorting and at least one reducer
processed all its load, the master sequentially stops the r; reducers which still have
some load to process, in time Crie. Afterwards, each of these reducers informs the



master about the amount of its remaining load, in total time C'r1e. Based on this data,
the master computes the expected time of finishing the application. Then, it analyzes
the scenario in which the most loaded reducer sends part of its remaining data to the
least loaded reducer (which already finished processing its part), so that they finish
computations at the same moment. According to the methodology of DLT, the master
assumes that it is possible to divide the load into parts of any sizes, although in practice
some rounding may be necessary, as records with the same key must be processed by
the same reducer. If balancing the load assignment in this way is profitable, the master
checks the next scenario, in which two most loaded processors hand over parts of
their data to the least loaded reducers. This process continues as long as it is possible
to decrease the total processing time. The running time of master computations is
proportional to the number of analyzed cases. After choosing the best option, the
master notifies the reducers to resume computing and informs them about the load
parts they should send to different computers. The reducers perform the operations
indicated by the master, rounding the load sizes if necessary. The execution of the
application is completed when the last reducer finishes computing.

4 Computational Experiments

In this section we analyze the influence of system parameters on the improvement of
MapReduce performance achieved by the proposed algorithms. In all test instances
the number of keys in the input data is 1E6. The key frequencies are obtained in
the following way. For each key i a number f; is selected randomly with uniform
distribution from interval (1 — A, 1+ A). The frequency of i is set to f;/ Ej fj. Thus,
the key frequencies are not very unbalanced, as the maximum possible value is 1 + A
times greater than the average.

Two types of instances will be analyzed. In the easy instances the partitioning
function is consctructed by assigning the keys to the reducers randomly in such a way
that each reducer receives the same number of keys. Hence, the load partitioning for
the reducers will be rather balanced. In the hard instances each reducer obtains the
same number of keys, but reducer 1 receives the keys with the greatest frequencies,
reducer 2 the remaining keys with the greatest frequencies, and so on. Thus, the load
distribution will be unbalanced.

Unless stated otherwise, we assume the following parameter values: V = 1E12,
e =28, m=1000, r = = 100, v = 0.1, C = 1E-8, A = g™t = ¢%°"t = 1E-7,
a"®? = 1E-6, A = 1. The reducing rate a"? is greater than the remaining computation
rate parameters in order to emphasize the reducing phase, for which load balancing is
crucial. The number of partitions per reducer created by the static algorithm is & = 10.

The algorithms performance will be measured by the speedup of the whole MapRe-
duce application with load balancing (dynamic or static) in comparison to executing
MapReduce as described in Section 2. Each point on the charts presents the average
value over 10 instances.

We will first study the number of processors in the system executing MapReduce
application. Fig. 1 presents the influence of the mapper number m on the performance
of a system with » = 100 reducers. It can be seen that the speedup improves with
growing m for both algorithms and both instance sets. This can be explained by the
fact that when the number of mappers grows, then the time of mapping decreases.
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Fig. 1 Speedup vs. m. a) Hard instances, b) easy instances.

25 1.05

#static, k=10 - static, k=10 s
-+-dynamic 1.04 -+ dynamic A

2.0 \-\ 1.03 /

speedup
speedup

1.0 T T 1.00 T T
1E+0 1E+1 1E+2 1E+3 1E+0 1E+1 1E+2 1E+3

a) b)

Fig. 2 Speedup vs. r. a) Hard instances, b) easy instances.

Therefore, changes in the reducing time, which are caused by the load balancing al-
gorithms, have a greater impact on the whole schedule length. The speedup is much
larger for hard instances than for the easy ones. This is natural, as in the easy in-
stances the initial load distribution is already balanced. Therefore, there is less room
for improvement.

For hard instances the static algorithm performs much better than the dynamic
method, because balancing the load dynamically can only start after all reducers finish
sorting. If the load distribution is unbalanced, many processors have to wait idle until
the last reducer sorts all its load. The situation is different for easy instances, for
which the dynamic algorithm performs better for small m. In this case, the amounts
of load sent from a mapper to a reducer are big. In consequence, the time between
the beginning of computations on the first and on the last reducer is long. Therefore,
it is better to create unbalanced load distribution, such that the reducers which start
processing earlier obtain more data. This can be done by the dynamic method, but not
by the static algorithm. When m gets larger, the reducers start computing around the
same time and this effect disappears.

The influence of the reducer number r on the application speedup is shown in Fig.
2. In the instances with r > 100 the bisection width limit was increased to { = r, so that
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it was not limiting the communication speed. For the hard instances, the performance
of both algorithms first increases, and then decreases. When the number of reducers is
very small, the load distribution found by the heuristic in the static algorithm is often
not very balanced. Hence, the speedup is smaller than for larger reducer numbers.
When there are many reducers (r > 100), the load obtained by a single reducer, and
hence the reducing time, decreases. Thus, we observe decreasing speedup, because the
contribution of reducing to the total application running time is smaller. A similar
effect can be seen for the dynamic algorithm, but its range is not so significant.

The speedup of both algorithms does not decrease for the easy instances. As the
number of keys in the input data is constant, for larger r the number of keys per
reducer is smaller. Hence, the load distribution between the reducers tends to be more
unbalanced, and hence, the algorithms have better opportunity to fix it. This effect is
stronger than the impact of decreasing the reducing time. For hard instances it is not
so significant because the load distribution for small r is already skewed.

In Fig. 3 we present the speedup for different values of the multiplicity v of results
created by the mappers. As could be expected, increasing - leads to better speedup for
both algorithms and both instance sets. When ~ is larger, the reducers receive more
load and the significance of the reducing time, which is shortened by the algorithms,
increases.

The results of experiments with changing communication rate C are presented in
Fig. 4. Note that increasing C 10-fold is roughly equivalent to decreasing [ also 10-fold
at fixed C. Thus, Fig. 4 demonstrates also the effect of changing [ on the performance.
When C grows, the speedup for both algorithms decreases. This effect is stronger for
the dynamic method, because it performs additional transfers of large amounts of data
between the reducers. When C' becomes very big, moving load between the reducers
is unprofitable and the speedup achieved by the dynamic method decreases to 1. In
the static method the only additional communication in comparison to MapReduce
without skew handling is sending some information from the mappers to the master
and from the master to the reducers. These messages are short and do not contribute
much to the application running time. Hence, the results obtained by this method for
the hard instances and big C' are still good.

The main disadvantage of the dynamic algorithm is that it starts working after
the reducers finish sorting data. If sorting dominates in the reducing time, this may
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Fig. 5 Speedup vs. a™¢?, a) Hard instances, b) easy instances.

be too late to significantly improve the execution time of the application. In Fig. 5 we
present the application speedup for different values of are?. Indeed, the performance of
dynamic load balancing improves with growing a"®® and reaches the same level as the
static algorithm, because sorting time becomes less important. However, for the tested
parameter range the dynamic method does not outperform the static one.

In the next set of experiments we expose the impact of parameter A (cf. Fig.
6). Increasing A makes the key frequencies more diversified and the load distribution
more distorted. Therefore, both algorithms have more opportunities for introducing
improvements and achieve better speedup.

Finally, let us analyze the influence of parameter & on the performance of the static
algorithm. On the one hand, big k gives us greater freedom in choosing the load sizes
assigned to the reducers. On the other hand, too large value of k means creating many
files, sending a lot of information from the mappers to the master and from the master
to the reducers, and longer master computation time. The results of the experiments
with changing k, for different values of r, are presented in Fig. 7. As before, for » > 100
we set [ = r in order to avoid influencing the speedup by the communication speed.
The lines for » = 1000 end with & = 1E3, because for £k = 1E4 there would be more
partitions than keys in the input data. It can be seen that the speedup for k = 2 is
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almost the same as for k£ = 10 (the numerical results show that & = 10 is slightly better
for r = 2,100). Thus, big values of k are not necessary to obtain good speedup. The
effect of increasing k depends on the number of reducers r. When r = 2, the number
kr of partitions created by the static algorithm is not very big even for k =1E4. The
time needed for sending the information about the partition sizes to the master and for
assigning the partitions to the reducers is short, and hence, the application speedup
does not change. When the number of reducers grows, the impact of increasing the
number of partitions per reducer becomes more visible. For the easy instances the cost
of sending additional messages and assigning the partitions to the reducers is greater
than the profit from load balancing.

5 Conclusions

In this work we analyzed the partitioning skew in MapReduce applications. A mathe-
matical model of MapReduce based on divisible load theory was presented. Two meth-
ods of mitigating the skew were proposed. Both of them are easy to implement in
practice and do not rely on any specific assumptions about the executed application.
The static algorithm creates many data partitions on the mappers and then assigns



them to the reducers so that the load distribution becomes balanced. The dynamic
algorithm transfers parts of data between the reducers, but only after sorting the in-
termediate data.

Both algorithms were tested in a series of computational experiments. It was shown
that mitigating the partitioning skew is an important issue, as for many cases it al-
lows for decreasing the running time of MapReduce more than twice. For most of the
test instances the static algorithm performed better than the dynamic method. The
disadvantage of the dynamic algorithm is that it has to wait with load balancing un-
til all reducers finish sorting. If the time needed for reducing is not greater than the
time of sorting, then sorting unbalanced data precludes obtaining good application
execution time. However, there are situations in which the dynamic algorithm achieves
significantly better results. Namely, for a system with a particular combination of pa-
rameters it may be necessary to divide the load between the reducers unequally in
order to achieve the best performance. The dynamic algorithm can handle this situa-
tion, because it refers to the running time of the reducers, whereas the static algorithm
operates on data sizes and therefore cannot construct good load partitioning in this
case.

We also showed that the influence of skew mitigating depends on a combination
of the system parameters. The effects of load balancing are most significant when the
time of reducing dominates in the total running time of the application.
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