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Abstract

In-Memory cluster Computing (IMC) frameworks (e.g., Spark)
have become increasingly important because they typically
achieve more than 10X speedups over the traditional On-Disk
cluster Computing (ODC) frameworks for iterative and in-
teractive applications. Like ODC, IMC frameworks typically
run the same given programs repeatedly on a given cluster
with similar input dataset size each time. It is challenging to
build performance model for IMC program because: 1) the
performance of IMC programs is more sensitive to the size
of input dataset, which is known to be difficult to be incorpo-
rated into a performance model due to its complex effects on
performance; 2) the number of performance-critical configu-
ration parameters in IMC is much larger than ODC (more
than 40 vs. around 10), the high dimensionality requires more
sophisticated models to achieve high accuracy.

To address this challenge, we propose DAC, a datasize-
aware auto-tuning approach to efficiently identify the high
dimensional configuration for a given IMC program to achieve
optimal performance on a given cluster. DAC is a significant
advance over the state-of-the-art because it can take the size
of input dataset and 41 configuration parameters as the pa-
rameters of the performance model for a given IMC program,
— unprecedented in previous work. It is made possible by two
key techniques: 1) Hierarchical Modeling (HM), which com-
bines a number of individual sub-models in a hierarchical
manner; 2) Genetic Algorithm (GA) is employed to search the
optimal configuration. To evaluate DAC, we use six typical
Spark programs, each with five different input dataset sizes.
The evaluation results show that DAC improves the perfor-
mance of six typical Spark programs, each with five different
input dataset sizes compared to default configurations by a
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factor of 30.4X on average and up to 89%x. We also report that
the geometric mean speedups of DAC over configurations
by default, expert, and RFHOC are 15.4X%, 2.3%, and 1.5X,
respectively.
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1 Introduction

Recently, In-Memory cluster Computing (IMC) frameworks
such as Spark [41, 59] achieve much higher performance than
traditional On-Disk cluster Computing (ODC), e.g., MapRe-
duce/Hadoop [7, 45] and Dryad [17], for iterative and in-
teractive applications. As a result, IMC has become increas-
ingly popular in the past few years. A survey from Typesafe
Inc. [47] shows that more than 500 organizations, including
big companies such as Google and many more small compa-
nies, use Spark in production as of early 2015. Spark has been
used in a wide range of domains including machine learn-
ing [30], graph computing [51], streaming computing [44],
and database management [3].

Typically, an IMC program runs repeatedly with similar
input dataset sizes. For example, the e-companies on Taobao
need to sort their products according to the saleroom every
day or every week [36]. In this scenario, the input dataset
size of different runs of the same program is almost the same
because it is determined by the total number of the sorted
products of an e-company. Depending on e-companies, the
data content may be significantly different. We call this kind
of programs as periodic (daily, weekly, and etc.) long jobs [36].

To achieve optimal performance of periodic long jobs,
the end users are required to determine a large number of
performance-critical configuration parameters. We consider
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the key challenge as the high dimensional configuration is-
sue. For example, the performance of a Spark program can
be determined by more than 40 configuration parameters
such as spark.executor. cores, which specifies the num-
ber of cores, and spark.executor.memory, which specifies
the amount of memory used by the job, with nonlinear in-
teractions. As a result, manually tuning the configuration
parameters of a given IMC program to achieve the opti-
mal performance on a given cluster is extremely difficult. It
strongly motivates an auto-tuning approach to automatically
generate configuration parameters.

Due to the number of configuration parameters, naively
running a program with all configurations and choosing the
one with the best performance is not feasible because of:
1) the huge number of parameter combinations; and 2) the
long accumulative running time, — the execution of each
IMC program may take several minitues to hours. To over-
come the challenge, performance models are investigated to
predict the execution time of a program with a given config-
uration, making the configuration search dramatically faster
than the naive approach. Currently, this approach is widely
used to tune the performance of ODC programs [4, 5, 10, 12—
14, 19, 25, 48], and traditional distributed systems [35, 37].
The key is that the performance models must be highly accu-
rate with tolerable overhead in a certain environment such
as ODC or HPC. Otherwise, the optimal performance can
not be achieved.

To tune the performance of IMC program, a straightfor-
ward solution is to follow the same approach and apply the
existing performance models. However, two factors make
it not as trivial as expected: 1) the performance of IMC pro-
grams is more sensitive to the size of input dataset, which is
known to be difficult to be incorporated into a performance
model due to its complex effects on performance [52]; 2) the
number of performance-critical configuration parameters
in IMC is much larger than ODC (more than 40 vs. around
10) [13], the high dimensionality requires more sophisticated
models to achieve high accuracy. Due to the combination of
the two factors, building an accurate performance model for
IMC programs is quite challenging. This observation is sup-
ported by recent works. For example, [35] builds its model
with a large number of parameters (e.g., 27) but without
considering input dataset size. In contrast, [49][57] take in-
put dataset size as a parameter of their performance model
but they only consider 15 and 4 configuration parameters,
respectively.

To overcome the challenge, this paper proposes DAC, a
datasize-aware auto-tuning approach, that efficiently identi-
fies the optimal high dimensional configuration parameters
for IMC programs. DAC is a significant advance over the
state-of-the-art because it can take the size of input dataset
and 41 configuration parameters as the parameters of the
performance model for a given IMC program, — unprece-
dented in previous work. It is made possible by two key

techniques: 1) Hierarchical Modeling (HM), which combines
a number of individual sub-models in a hierarchical man-
ner. It is more practical to construct an accurate model by
combining multiple simpler sub-models than building an
accurate sophisticated large model. HM is performed recur-
sively, producing first-, second-, or higher-order hierarchical
models. 2) Genetic Algorithm (GA) is employed to search
the optimal configuration. While data skew may affect the
performance of an IMC program, we do not consider it in
this paper for a practical reason: the configuration parame-
ters of current IMC frameworks can only specify the same
settings for all tasks. In another word, a parameter related to
data skew cannot be conveyed in the configuration to affect
execution.

To evaluate DAC, we use six typical Spark programs, each
with five different input dataset sizes. The results show that
DAC improves the performance of all 30 executions com-
pared to default configurations by a factor of 30.4X on aver-
age and up to 89x. To compare with the configurations gen-
erated by DAC to auto-tuning approaches for ODC programs,
we reimplement RFHOC [4], the state-of-the-art approach, in
the context of Spark. We demonstrate that DAC significantly
outperforms RFHOC by a geometric mean speedup of 1.5X,
and even configurations determined by an expert by 2.3x
(geometric mean speedup).

The rest of the paper is organized as follows. Section 2
discusses the background and motivation. Section 3 explains
the DAC methodology. Section 4 describes our experimental
setup. Section 5 presents the results and analysis. Section 6
discusses the related work and Section 7 concludes the paper.

2 Background and Motivation
2.1 The Spark Framework

Spark [41] is a MapReduce-like IMC framework with APIs
in Scala, Java, and libraries for streaming, graph process-
ing, and machine learning [41], which can not be efficiently
processed by the traditional MapReduce ODC frameworks
such as Hadoop [45]. The key is that Spark employs a data
structure called Resilient Distributed Datasets (RDDs) [59] to
keep reusable intermediate results in memory. In fact, RDD
is an abstraction of cluster memory and allows users to ex-
plicitly control the partitioning to optimize data placement,
as well as manipulate it by a set of operators such as map and
hash-join.

As shown in Figure 1, the Spark framework generates a
DAG (directed acyclic graph) based on the codes of a Spark
application (job) when it is submitted. Subsequently, the
DAG is split into a collection of stages (e.g., stagel and
stage?) with each containing a set of parallel tasks. Each
task, one per RDD partition (shown as p in the figure), com-
putes partial results of a Spark job. One Spark job may have
a number of stages, each of which may depend on other
stages [20]. This dependency is called lineage stored in a
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Figure 1. An Overview of Spark Workflow.

RDD. Next, the DAG scheduler schedules the stages to ex-
ecute by a number of executors, as shown in Figure 1. The
resources can be used by an executor are specified by config-
uration parameters. For example, spark.executor.memory
specifies the memory size allocated for an executor. This
block of memory is further divided into execution memory,
user memory, and reserved memory (e.g., 300 MB) and their
sizes are controlled by spark.memory.fraction [32].

In summary, a Spark job is controlled by up to 160 con-
figuration parameters. They specify fourteen aspects in-
cluding application, runtime environment, shuffle behavior,
data serialization, memory management, execution behavior,
networking, Spark UL scheduling, dynamic allocation, secu-
rity, encryption, sparkstreaming, and sparkR. Some parame-
ters such as spark.application.name do not affect perfor-
mance at all while others such as spark.executor.cores
and spark.executor.memory significantly do. We find that,
there are 41 parameters that can be easily tuned and signif-
icantly affect performance. We therefore focus on tuning
them in this paper. Note that Spark framework is just used
as an example of IMC to evaluate DAC, the principles of
DAC can be easily applied to other computing systems such
as HBase [40] which also requires end users to set a large
number of configuration parameters.

2.2 Motivation

As mentioned above, Spark has 41 configuration parameters
to be tuned, similarly, Hadoop, a traditional ODC framework
also has a number of parameters. In the following, we attempt
to answer two questions: 1) whether enough parameters have
been taken into account for Spark (IMC)? and 2) whether
the current performance modeling techniques for ODC can
be applied to IMC?

2.2.1 Input Dataset Size Sensitivity

We study two programs with two implementations for each:
Spark KMeans (Spark-KM), Hadoop KMeans (Hadoop-KM), Spark
PageRank (Spark-PR), and Hadoop PageRank (Hadoop-PR).
We run these four programs, with two input datasets (input-1
and input-2) for 200 times with a different configurations on
the same cluster. The goal is observe the execution time vari-
ation. For KMeans, input-1 and input-2 contain 40 and 80
millions of records (around 18 GB), respectively. For PageRank,
input-1 and input-2 are two page collections with 500
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Figure 2. Execution time variation between two implemen-
tations (Spark and Hadoop) of two programs: (KMeans and
PageRank) with the same two input datasets when the con-
figurations are randomly changed by 200 times. The Y-axis
represents the execution time variation which is equal to the
difference between the maximum and minimum execution
time observed during the 200 experiments. KM — KMeans,
PR — PageRank.

thousands and 1 million pages (around 100 GB), respectively.
To generate each configuration, we randomly generate a
value for each configuration parameter within its value range,
these values form a configuration vector ({cy, ¢z, ..., c41}). For
all experiments, each with a different random configuration,
we observe the maximum and normal execution time (T}, 45
and T;) for each program-input pair. We then use T,,,, defined
by Equation (1) to represent the execution time variation
caused by different configurations.

n
Tyar = (Z Tmax — Ti)/n, (1)
i=1
with n the total number of different configurations.

Figure 2 shows the execution time variation. We clearly see
that the T,,, for program-input pair (Spark-KM, input-2)is
2.6x of that for (Spark-KM, input-1); similarly, the T,,, for
(Spark-PR,input-2) is 4.3% of that for (Spark-PR,input-1).
In contrast, the T, for program-input pair (Hadoop-KM,
input-2) is only 0.97% of that for (Hadoop-KM, input-1).
Similarly, the T, for (Hadoop-PR, input-2) is 1.76X of that
for (Hadoop-PR, input-1). The results indicate that the exe-
cution time of Spark programs with different configurations
is more sensitive to input dataset size compared to Hadoop
programs. This key difference can be explained by the natural
difference between IMC and ODC: by placing as much as pos-
sible data in memory, the performance of IMC is higher but
more sensitive to the slight perturbations. In contrast, ODC
programs typically involve more slow I/O operations, which
is more stable with perturbations. This study motivates the
consideration of dataset size in performance modeling,.

2.2.2 Limitations of ODC Modeling Techniques

Analytical modeling [12-14], statistic reasoning [10, 35], and
machine learning techniques [4, 19], have been used to con-
struct the performance model as a function of configuration
parameters for a Hadoop program or a high performance
computing program. Our goal is to investigate whether the
models built by these techniques are accurate enough for
Spark programs when the size of input dataset is taken into
account and the number of configuration parameters is as
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Figure 4. Block Diagram of DAC.

large as 41. To this end, we employ the statistic reasoning
technique—response surface (RS) used in [10] and the three
machine learning techniques — artificial neural network
(ANN) used in [21], support vector machine (SVM) used
in [19], and random forest (RF) used in Hadoop configura-
tion auto-tuning [4] to construct performance models for
six Spark programs (the experimental methodology is dis-
cussed in Section 4). We do not try analytical modeling tech-
niques [12-14] because it is already known that they suffer
from low accuracy caused by over-simplified assumptions [4].
To compare the model accuracy, we define prediction error
as follows.

_ |tpre - tmea|

err X 100%, (2)

tmea
in which t,,. is the predicted execution time of a Spark
program-input pair and ¢, is the real execution time. There-
fore, err reflects the relative difference between the predic-
tion and real measurement of a Spark program-input pair’s
execution time, and lower is better.

Figure 3 shows the prediction error comparison between
the models constructed by the four modeling techniques.
We see that the average errors of models built by RS, ANN,
SVM, and RF are 23%, 27%, 14%, and 18%, respectively. We
believe that performance models with such high errors can
not accurately identify the optimal configurations. There-
fore, our experiments demonstrate that existing modeling
techniques fail to build accurate performance models when
the input dataset size and 41 configuration parameters are
considered for Spark programs. This motivates the seek of
new modeling techniques.

3 DAC Methodology

DAC is a configuration tuning approach that automatically
adjusts the values of configuration parameters to optimize
performance for a given Spark program on a given cluster. It

is designed for Spark in a popular usage scenario in industry:
a Spark program repeatedly runs many times with similar
sizes of input datasets, while the data contents are different.

Figure 4 illustrates the block diagram of DAC, which con-
sists of three components: collecting, modeling, and searching.
The collecting component drives the experiments: it gener-
ates a number of configurations, automatically runs IMC
programs with the generated configurations, and collects
the execution times of the experiments. The modeling com-
ponent constructs a performance model as a function of the
high dimensional configuration parameters and the size of
input datasets for a given Spark program. The key innova-
tions in this component enable DAC to generate performance
model with such a large number of parameters, — unprece-
dented in previous auto-tuning approaches.

The searching component automatically searches the con-
figuration that produces optimal performance. Overall, the
modeling component relies on the results of the collecting
component, and the searching component selects the best
configuration from the outcome of modeling component.

3.1 Collecting Data

The goal of collecting performance data is to observe the
execution behavior of Spark programs with different config-
urations. Then, the observed behavior will be used to build
accurate performance models in other components. For a
given Spark program, we collect performance data as follows.

1) We develop a configuration generator (CG) to generate
a configuration which is a vector containing n configuration
parameter values each time.

conf; = {ci1, Cizy ..s Cijy ovos Cin} (3)
where conf; is the i*" configuration and c;; is the value of
the j'* configuration parameter in the i*" configuration. ¢;;
is randomly generated within its value range by CG. n is 41
corresponding to the 41 configuration parameters of Spark
(shown in Table 2) that can be easily adjusted and signifi-
cantly affect performance.

(2) We use the input dataset generator (DG) of each pro-
gram to generate m input datasets with significantly different
sizes. The size difference between any two datasets is at least
10%: |D5p _ Dsql

min(DS,, DSy)
where DS, and DS, are the sizes of the p'" and ¢ input
datasets, respectively (p < m and q < m). We set m to 10 to
achieve a good trade-off between the size diversity of the
input datasets and the time to collect the performance data.
A larger m increases the time needed to collect performance
data, whereas a smaller m decreases the size diversity of
input datasets and in turn fails to reflect the influence of
the size of input datasets on the configuration for optimized
performance.

(3) We call a program and its input dataset a program-
input pair, therefore, we have 10 program-pairs for a given

X 100% > 10% (4)



Figure 5. Overview of Hierarchical Modeling.

program. Subsequently, we run each program-input pair k
times with k different configurations. After the execution of
a program-input pair finishes, we construct a vector to store
the execution time and the corresponding configuration:

PZ)i = {ti,Cil,Ciz, ...,cl-j,...,ci,,,dsize,-},i =1, ,k (5)

where Pu; is the performance vector of the i*# execution of
the program-input pair, ¢; is the execution time of the i‘"
execution, ¢;; is the value of the jt h configuration parameter
in the i*" execution, dsize; is the size of the input dataset
used in the i'" execution, and k is the number of times that
the program-input pair is executed. Again, the value of k
needs to be determined upfront and to be balanced: a large
k increases the time needed to collect performance data,
whereas a small k fails to collect enough amount of data for
training accurate models.

3.2 Modeling Performance

As mentioned in Section 2.2.2, response surface (RS), artificial
neural network (ANN), support vector machine (SVM), and
random forest (RF) algorithms fail to build accurate enough
performance models for Spark programs. It implies that the
performance influenced by the combination of the size of
input datasets and high dimensional configuration parameters
of a Spark program shows much more complex behavior
than what is only influenced by low dimensional configu-
ration parameters. This is why existing approaches cannot
accurately capture it.

Considering the principles of the four existing modeling
techniques, they all try to build highly accurate and sophis-
ticated individual models based on training data. This typi-
cally leads to “over-fitting” problem that pervasively exists
in statistic reasoning and machine learning algorithms. The
problem is exaggerated with larger number of parameters.
Based on this insight, we propose a Hierarchical Modeling
(HM) approach. The key idea is to predict the performance
by the cooperation of multiple simpler models, rather than a
single sophisticated model.

Figure 5 illustrates HM mechanisms. In the first step, we
build an individual model (i.e., sub-model), My, as a function
of the size of input datasets and configuration parameters.
The sub-model can be built by different modeling techniques
such as ANN and SVM but not by analytical modeling be-
cause of its over-simplified assumption. For simplicity, we
employ regression tree [22] to build the sub-models. We
thereby need to determine the tree complexity or tree size

(the number of nodes in a tree) to minimize prediction error,
e.g., execution time prediction error in the context of Spark
configuration space. In the second step, a different regres-
sion tree model (M) is built to reflect the variation in the
execution time of a Spark job that is not captured by M;.

At this point, an initial combined model, CMy, is created
by combining the first two sub-models: a; My + oy M, where
M and M, are the predicted the execution time by the two
sub-models, and @; and «; are the respective coefficients
corresponding to learning rate. This procedure is performed
a number of times, and more sub-models are added to the
combined model. The number of times is determined by the
convergence of the model and the target accuracy such as
90%. If the target accuracy is met before the convergence,
then we have obtained the final model or first-order model.
If the target accuracy can not be satisfied after the combined
model (e.g., TM;) converges, we repeat the above procedure
to build another combined model TM,. Then, we perform
the second level combination: f;TM; + T M,, where f5; and
P, are the corresponding coefficients of TM; and TM;. This
combined model is called second-order model. This procedure
can be performed recursively, e.g., more different levels of
models are hierarchically added to the final combined model,
until the target accuracy is satisfied.

Essentially, HM is a hierarchical sequential process in
which the original model remains unchanged at each step.
However, the execution time variation gradually reduces
as the HM proceeds and the model becomes more accurate.
Moreover, we introduce randomness into the HM process to
improve accuracy and convergence speed. It also helps to mit-
igate the “over-fitting” problem. We will determine several
model parameters, including tree complexity and learning
rate in Section 5.

To build a performance model using HM, the first step is
to construct a training set S which is a matrix as follows.

S=(Pvj),j=1,2,..,10xk (6)

where Pv; is the j'* performance vector obtained by the
collecting component. 10 corresponds to the number of input
datasets for each program and k represents the number of
different configurations used to execute a program-input
pair. Subsequently, we input the matrix S to HM to build a
performance model which can be described by:

t = f(c1,C5ees Ciy ooy Cpy dSize) (7)

where ¢ is the execution time of a program with input size of
dsize and the configuration is {cy, ¢z, ..., ¢j, ...C }. Note that
f(c1, €y ooy iy ool dsize) is a data model which means there
is no formula for it. The formal description of constructing
models by HM is illustrated by Algorithm 1. Note that al-
though TM1 and TM2 (line 5 and 6) in HigherOrderProcedure
(order) call the same function, they are different because we
introduce randomness in the procedure.



Finally, we use the collecting component to collect a num-
ber (num) of performance vectors (shown in equation (5)),
which are different from those in the matrix S to cross-
validate the accuracy of the performance model. According
to the accepted/standard practice in statistical reasoning and
machine learning, we set num to a quarter of the size of the
training set S, which is (10 x k)/4.

Algorithm 1 The procedure of HM algorithm.

Input: S, tc(tree complexity), nt(number of trees), [r(learning rate)
Output: FM (the function defined by Equation (7))
: Set the accuracy of TM to 0 and order to 1
: WHILE (the accuracy of TM is lower than the target accuracy)
: if (order == 1) then
TM = FirstOrderProcedure(S)
else
TM = TM x Ir + HigherOrderProcedure(order — 1) X Ir
end if
: order = order + 1
: ENDWHILE
: Set FM to TM and return FM
: END the procedure of HM algorithm

—_
- o

: HigherOrderProcedure(order)

: if (order == 1) then
TM = FirstOrderProcedure(S)

else
TM, = HigherOrderProcedure(order-1)
TM, = HigherOrderProcedure(order-1)
TM=TM; XIr + TMy X Ir

: end if

: if (the accuracy of TM is higher than the target accuracy) then

Set FM to TM and return FM

: else

Return TM

: end if

: END HigherOrderProcedure

h AR AN A S A

e e e e
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1: FirstOrderProcedure(S)
2: Building a regression tree M; with ¢c¢ nodes on a Bootstrap sample

from S
3: for (i from 1 to nt) do
4:  Building a regression tree M; with ¢c nodes on a Bootstrap sample
from S
5 TM=TM + M; X Ir
6:  if (the accuracy of TM is more than target accuracy) then
7: Set FM to TM and return FM
8:  endif
9: if (converge) then
10: Break
11: end if
12: end for

13: Return TM
14: END FirstOrderProcedure

3.3 Searching Optimal Configuration

In this section, we will describe how to search the optimum
configuration for a Spark program. There exist many algo-
rithms to search complex configuration spaces, e.g., recursive
random search [56], pattern search [46], and genetic algo-
rithm (GA) [18, 26]. Random recursive search is sensitive to
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Figure 6. Searching the optimum configuration.

getting stuck in local optima; pattern search typically suffers
from slow local (asymptotic) convergence rates [46]. GA is
a particular class of evolutionary algorithms that use tech-
niques inspired by evolutionary biology such as inheritance,
mutation, selection, and crossover [26]. In particular, GA is
well-known for being robust against local optima [18]. Our
goal is to find the configuration for optimized performance
of a Spark program-input pair from the global space of con-
figuration parameters, which is a complex space to explore
with many local optima. We therefore employ GA.

Figure 6 elaborates the searching procedure which con-
sists of four steps. In step (D, we input a set of initial values
of the configuration parameters and the size of an input
dataset to the performance model of a Spark program, and
the performance model outputs an execution time. In step @),
we pass the execution time and the configuration parameter
values to the GA. Note that the configuration parameter val-
ues are popSize (which is a GA parameter) vectors randomly
selected from S but the element ¢; of each vector is removed.
The GA then performs a number of operations such as cross-
over and mutate on the configuration parameter values, and
generates a new set of configuration parameter values, as
shown in Q. These configuration parameter values are in-
jected to the performance model to get another execution
time, as illustrated in @. Next, the execution time is passed
to the GA again. The step @ to @ might be repeated for a
number of times until the optimum configuration is found.

3.4 Implementation

We implement DAC on top of Spark 1.6 by using R [11] which
is a programming language and environment for statistical
computing. First, we use R to implement the CG (configu-
ration generator) of the collecting component of DAC. CG
generates a random value within the value range of each
configuration parameter, and writes the values of all the
41 configuration parameters into the configuration file of
Spark named spark-dac.conf. Subsequently, we call the
Spark submitter command, spark-submit, through R to sub-
mit a program to run with the configuration specified by
spark-dac.conf. When the execution completes, we col-
lect the execution time of the program, and store it with
the configuration parameter values and the size of the in-
put dataset, forming a vector defined by Equation (5). We



Table 1. Experimented applications in this study.

Application | Abbr. input data size

PageRank PR 1.2, 1.4, 1.6, 1.8, 2 (million pages)
KMeans KM 160, 192, 224, 256, 288 (million points)
Bayes BA 1.2, 1.4, 1.6, 1.8, 2 (million pages)

NWeight NW
WordCount wC
TeraSort TS

10.5, 11.5, 12.5, 13.5, 14.5 (million edges)
80, 100, 120, 140, 160 (GB)
10, 20, 30, 40, 50 (GB)

repeat this procedure a number of times, e.g., 2000, to col-
lect a training set S which is stored in a CSV file. Next, we
implement Algorithm 1 in R to construct a performance
model which produces a R object to represent the model.
Finally, we pass a set of configuration parameter values and
the model (R object) to the GA implemented in R to search
the configuration for optimal performance of that program.
When the optimal configuration is found, we write it back to
spark-dac. conf to configure Spark for the program with
optimized performance.

4 Experimental Methodology

Our experimental platform consists of 6 DELL servers, one
serves as the master node and the other five serve as slave
nodes. Each server is equipped with 12 Intel(R) Xeon(R) CPU
E5-2609 1.90GHz six-core processor and 64GB PC3 memory.
There are in total 432 cores and 384 GB memory in the cluster.
The OS of each node is SUSE Linux Enterprise Server 12. We
use Spark 1.6 as our experimental IMC framework. Although
newer versions of Spark have been released, the 1.6 version
is a main milestone and very popular in industry.

4.1 Representative Programs

We select representative programs from the Spark version of
Hibench which is widely used to evaluate the Spark frame-
work. HiBench has different kinds of real-world programs
including machine learning and web search. We choose 6
programs to evaluate DAC, shown in Table 1. These pro-
grams represent a sufficiently broad set of typical Spark pro-
gram behaviors. KMeans has good instruction locality but
poor data locality while Bayes is the opposite. While both
performing selective shuffling, the iteration selectivity of
PageRank is much higher compared to KMeans. NWeight is
an iterative graph-parallel algorithm implemented by Spark
GraphX which computes associations between two vertices
that are n-hop away. It consumes a lot of memory that it
stores the whole graph in memory and iterates over the
vertices. Compared to TeraSort and WordCount, these four
programs contain much larger number of iterations. Finally,
WordCount is CPU-intensive and TeraSort is both CPU and
memory-intensive. To evaluate DAC, we employ five differ-
ent sizes of input datasets (Table 1) for each program.

4.2 Configuration Parameters

As discussed earlier, we choose a wide range of Spark config-
uration parameters that significantly influence performance,

including shuffle behavior, data serialization, memory man-
agement, execution behavior, networking, etc. Table 2 shows
the 41 parameters in detail.

The last column of Table 2 provides the default values of
the parameters which are recommended by the Spark team
and can be found at [42]. The third column shows the value
range of each configuration parameter. This information is
not provided by the Spark team, and therefore we conducted
experiments to determine the value range for each parameter.
Note that the value ranges of these parameters might be
different for different clusters because some ranges depend
on cluster hardware configurations such as memory size.

5 Results and Analysis

In this section, we first determine the model parameters,
such as the number of training examples (ntrain), then the
results are presented and analyzed.

5.1 Determining ntrain

The amount of training data is the most important model
parameter that affects model accuracy and the cost. In our
evaluation, ntrain is equal to 10 X k because we have 10
different data sizes. The larger ntrain generally increases the
accuracy of the model constructed while the smaller ntrain
reduces the cost (e.g., the time needed to collect the training
data and train the model). To minimize the modeling cost and
achieve high accuracy simultaneously, we need to carefully
determine ntrain considering the trade-off. Since there is no
theoretical guidance to determine ntrain, we conduct the
following experiments.

We start by training the performance models for a Spark
program using 200 Spark configurations, and increase the
training set S by 200 each time. Figure 7 quantifies the re-
lationship between accuracy and the number of training
examples. For simplicity, we only show the maximum (Max),
minimum (Min), and mean (Mean) errors for the models of
all the experimented program-input pairs in the figure. The
general trend is that, the errors decrease when the number of
training examples increase. When ntrain reaches 2000, the
curves for the three errors become flat thereafter, indicating
diminishing return with more training data. Therefore, we
choose 2000 training examples as ntrain to train a perfor-
mance model for each Spark program.

5.2 Determining the Ir, nt, and tc

To achieve an optimized performance model, we need to
determine three other important parameters for the first-
order HM model: learning rate (Ir), the number of trees (nt),
and tree complexity (¢c). The Ir controls the contribution
of a sub-model when it is added to the first-order model. nt
represents the number of sub-models needed to construct the
first-order model. For the same accuracy, decreasing Ir will
increase the number of sub-models (nt) required to build the
first-order model. Tree complexity (tc) specifies the number



Table 2. Description of the 41 Spark configuration parameters.

Configuration Parameters—Description Range Default
spark.reducer.maxSizeInFlight—Maximum size of map outputs to fetch simultaneously from each reduce task, in MB. 2-128 48
spark.shuffle.file.buffer—Size of the in-memory buffer for each shuffle file output stream, in KB. 2-128 32
spark.shuffle.sort.bypassMergeThreshold—Avoid merge-sorting data if there is no map-side aggregation. 100-1000 200
spark.speculation.interval—How often Spark will check for tasks to speculate, in millisecond. 10-1000 100
spark.speculation.multiplier—How many times slower a task is than the median to be considered for speculation. 1-5 1.5
spark.speculation.quantile—Percentage of tasks which must be complete before speculation is enabled. 0-1 0.75
spark.broadcast.blockSize—Size of each piece of a block for TorrentBroadcastFactory, in MB. 2-128 4
spark.io.compression.codec—The codec used to compress internal data such as RDD partitions, and so on. snappy, lzf)lz4 | snappy
spark.io.compression.lz4.blockSize—Block size used in LZ4 compression, in KB. 2-128 32
spark.io.compression.snappy.blockSize—Block size used in snappy, in KB. 2-128 32
spark.kryo.referenceTracking—Whether to track references to the same object when serializing data with Kryo true,false true
spark.kryoserializer.buffer.max—Maximum allowable size of Kryo serialization buffer, in MB. 8-128 64
spark.kryoserializer.buffer—Initial size of Kryo’s serialization buffer, in KB. 2-128 64
spark.driver.cores—Number of cores to use for the driver process. 1-12 1
spark.executor.cores—The number of cores to use on each executor. 1-12 core #
spark.driver.memory—Amount of memory to use for the driver process, in MB. 1024-12288 1024
spark.executor.memory—Amount of memory to use per executor process, in MB. 1024-12288 1024
spark.storage.memoryMapThreshold—Size of a block above which Spark maps when reading a block from disk, in MB. 50-500 2
spark.akka.failure.detector.threshold—Set to a larger value to disable failure detector in Akka. 100-500 300
spark.akka.heartbeat.pauses—Heart beat pause for Akka, in second. 1000-10000 6000
spark.akka.heartbeat.interval—Heart beat interval for Akka, in second. 200-5000 1000
spark.akka.threads—Number of actor threads to use for communication. 1-8 4
spark.network.timeout—Default timeout for all network interactions, in second. 20-500 120
spark.locality.wait—How long to launch a data-local task before giving up, in second. 1-10 3
spark.scheduler.revive.interval—The interval length for the scheduler to revive the worker resource, in second. 2-50 1
spark.task.maxFailures—Number of task failures before giving up on the job. 1-8 4
spark.shuffle.compress—Whether to compress map output files. true,false true
spark.shuffle.consolidateFiles—If set to "true”, consolidates intermediate files created during a shuffle. true,false false
spark.memory.fraction—Fraction of (heap space - 300 MB) used for execution and storage. 0.5-1 0.75
spark.shuffle.spill— Responsible for enabling/disabling spilling. true false true
spark.shuffle.spill.compress—Whether to compress data spilled during shuffles. true,false true
spark.speculation—If set to "true", performs speculative execution of tasks. true,false false
spark.broadcast.compress—Whether to compress broadcast variables before sending them. Generally a good idea. true,false true
spark.rdd.compress—Whether to compress serialized RDD partitions. true,false false
spark.serializer—Class to use for serializing objects that are sent over the network or need to be cached in serialized form. java,kryo java
spark.memory.storageFraction—Amount of storage memory immune to eviction, expressed as a fraction of the size of the 0.5-1 0.5
region set aside by spark.memory.fraction.
spark.localExecution.enabled—Enables Spark to run certain jobs on the driver, without sending tasks to the cluster. true,false false
spark.default.parallelism—The largest number of partitions in a parent RDD for distributed shuffle operations. 8-50 #
spark.memory.offHeap.enabled—If true, Spark will attempt to use off-heap memory for certain operations. true false false
spark.shuffle.manager—Implementation to use for shuffling data. sort,hash sort
spark.memory.offHeap.size—The absolute amount of memory which can be used for off-heap allocation, in MB. 10-1000 0
of nodes in a tree, which also influences the optimal nt. For zg Mean  ——Max  —e—Min
a given [r, fitting more complex trees leads to fewer sub- 32 -\"‘\._.\L
models required for minimum error. Since these general rules 5 ;(5) - B S E R —
do not tell us the values of Ir, nt, and tc, we again determine = P .

the values of them by experiments. We try two values (1 and
5) for tc, five values (0.05,0.01,0.005, 0.001,0.0005) for Ir, and
many values for nt.

Figure 8 shows the relationship between the nt, Ir, and tc
for PageRank. As can be seen, when tc is equal to 1, no matter
how we vary Ir and nt, the minimum error is always equal
to or larger than 10%. This implies that the trees with one
nodes are too simple to achieve high accuracy. In contrast,
the minimum error decreases to 7.6% when tc is equal to
5. For a given Ir, the error decreases with the increase of
nt and finally converges to the minimum error. However,
the convergence speed is slower with a small [r value. As
shown in Figure 8 (b), the curve for Ir = 0.05 converges

0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800 3000 3200

Figure 7. Performance model error as a function of the num-
ber of training examples (ntrain).

to the minimum error most quickly, and the convergence
happens at a point where nt equals 3600. We observe similar
curves for other experimented programs. Therefore, we set
tc, Ir, and nt to 5, 0.05, and 3600, respectively.

5.3 Model Accuracy

With the model parameters determined for the first-order
HM model, we evaluate the accuracy of the generated per-
formance predication. If it is the case, we stop the model
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Figure 8. The relationship between number of trees (nt) and
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Figure 9. The average prediction errors of models built by
RS, ANN, SVM, RF, and HM.

building process, otherwise, a second-order model needs to
be further constructed. As described in Section 3.2, this pro-
cess is recursive. We compare the accuracy of models built
by RS, ANN, SVM, RF, and HM. We firstly use each modeling
technique to construct 6 performance models for the 6 pro-
grams based on the same training data set S. Subsequently,
we collect other 500 performance vectors which are different
from the 2000 vectors for S to form a testing set T. We plug
in the values of configuration parameters and the size of
input dataset of each vector in T to the performance model
to predict the execution time of a program. Then, equation
(2) is used to calculate the error between the predictions
and the real measurements. To test each model, we have 500
such errors and we use the average of them to represent the
accuracy of each model for each program.

Figure 9 compares the prediction errors of performance
models built by RS, ANN, SVM, RF, and HM. We see that the
prediction errors of the models built by HM are dramatically
lower than those of models constructed by other modeling
techniques. For the experimented programs, only the error
for TS slightly exceeds 10%. The average error of models
built by HM for all applications is only 7.6%. In contrast,
the average errors of models built by RS, ANN, SVM, and
RF are 22%, 30%, 15%, and 19%, respectively. The results
demonstrate the effectiveness of the first-order performance
model constructed by HM: taking account of the size of input
datasets and high dimensional configuration parameters,
our method is accurate enough for searching the optimum
configurations for Spark programs. In contrast, all other
existing modeling approaches incur large errors.

5.4 Error Distribution

Our model accuracy measures the average error of the testing
models. While the average error is a good metric to evaluate
a model’s accuracy statistically, it might hide large errors
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Figure 10. Error distribution illustrating prediction versus
real measurement for 200 randomly selected Spark config-
urations. (a) shows the error distribution for PR. (b) shows
the error distribution for TS.
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Figure 11. The number of iterations for all the programs
PageRank(PR), Bayes(BA), WordCount(WC), TeraSort(TS),
KMeans(KM), and NWeight(NW).

for particular predictions due to outliers. To address this
issue, we now present the error distribution of our prediction
models using scatter plots.

Figure 10 shows two scatter plots produced by 200 real
measurements and 200 DAC predictions for programs PR
and TS for 200 randomly selected Spark configurations. The
X axis represents the real measurements and the Y axis de-
notes the execution times of the two programs predicted by
DAC. This figure clearly shows that the models are fairly
accurate across the entire Spark configuration space: all 200
data points for each application are located around the cor-
responding bisector, indicating that the predictions are close
to the real measurements. For other experiments, we also
observe similar results. Overall, we find that there are not
many outliers in our performance predictions, which is good
for optimizing the configurations for Spark.

5.5 Iteration Number of the GA

We employ GA to iteratively search the huge configuration
space to find the optimum configuration for a Spark pro-
gram. The time (or the number of iterations) needed for
convergence is our primary concern because longer time in-
curs higher cost to find the optimal configuration. Figure 11
shows how GA converges for all the experimented programs.
We see that, a small number of iterations, e.g., 50 to 70, is
typically enough. Moreover, different programs may need
different number of iterations. For example, PR, BA, and KM
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input datasets listed from the left to the right by Table 1 for each program.

need 48, 56, and 57 iterations respectively to find the best
optimizations while other programs need 64 iterations. This
implies different optimization costs for different programs.

One may think that it is unnecessary to employ perfor-
mance models but instead to use real executions to search the
optimal configuration for a Spark program by GA because
it converges at most 64 iterations. Unfortunately, this is im-
practical for programs with relatively large input datasets
because the real execution may take long time to finish. For
example, TS with 50 GB of input dataset and a randomly
generated configuration takes 16 minutes to complete its
execution on our experimental cluster. In contrast, our per-
formance model only takes several milliseconds to predict
the execution time of TS with the same input dataset and
configuration.

5.6 Speedup

Figure 12 shows the speedups of the 30 program-input pairs
with DAC over default configurations and the RFHOC ap-
proach [4] . We reimplement RFHOC, the state-of-the-art
technique for Hadoop in the context of Spark for a fair com-
parison. As shown in Figure 12(a), DAC dramatically im-
proves the performance of the 30 program-input pairs with
default configurations by a factor of 30.4X on average and
up to 89%. This indicates that the default configurations
of Spark programs make them far from optimal. The rea-
son is that the default configurations do not consider the
characteristics of programs, especially when the size of in-
put datasets is very large. For example, the default value of
spark.executor.memory is 1024 MB. This may work well
for programs with small input datasets such as WC with 5
GB of input dataset. However, when the input dataset be-
comes large(e.g., 160 GB), this default value causes a lot of
out-of-memory failures, forcing Spark to rerun some tasks
many times and in turn take a long time to complete the
program execution.

As shown in Figure 12(b), DAC also significantly outper-
forms RFHOC. The speedup of DAC over RFHOC is 1.6X

on average and up to 3.3X. The reason is that the RFHOC
does not consider the significant impact of the size of in-
put datasets on finding the optimal configurations for IMC
programs. Moreover, RFHOC employs random forest (RF) to
build the performance models, which we show the models
are not accurate in Section 2.2.2.

We further compare the performance tuned by DAC against
that tuned by an expert. To perform this study, we manually
tune the performance of the experimented Spark programs
according to the tuning guide released by the Spark and
Cloudera team [16, 43], which we call expert approach. The
speedup of DAC over the expert approach is 2.99x on aver-
age and up to 16x as shown in Figure 12 (b). Therefore, the
manual tuning indeed improves the default configuration
but is still less effective than DAC. We believe it is due to two
key limitations of a manual expert approach. First, the recom-
mendations [16, 43] can not adapt to different programs. For
example, a recommendation suggests 2-3 tasks per CPU cores
in a cluster but this is not always true, especially for CPU-
intensive workloads like WC, since multiple tasks share the
same core will increase the contention for shared resources.
Second, some recommendations are qualitative rather than
quantitative. For example, if the Old Generation memory of
JVM, that contains the objects that are long lived and sur-
vived after many rounds of minor garbage collection [34],
is close to be full, the recommendation suggests lowering
spark.memory . fraction, but does not suggest how much.

We also report that the geometric mean speedups of DAC
over configurations by default, expert, and RFHOC are 15.4X,
2.3%, and 1.5X, respectively.

5.7 Overhead

We now report the overhead of DAC including the times
used to collect training data, train performance models, and
search optimum configurations. Table 3 shows the results.
The unit for the time used for collecting data is hour, for
model training is second, and for searching optimal configu-
ration is minute. As can be seen, collecting data incurs the



highest cost, — 70.3 hours on average and up to 92 hours.
While it seems long, it is a one-time cost and is still attractive
compared to manually configuration. It is important to re-
member that the targets of DAC are the iterative applications
which usually repeatedly run in data centers for months or
even longer. In this usage scenario, this high one-time cost is
amortized with a very large number of runs. Therefore, the
additional cover per run is very low.

5.8 Detailed Analysis: KM & TS

Finally, We provide a detailed analysis for KM and TS to
gain deeper insights. Figure 13 shows the execution times
of the five stages of KM. From the results, we see a num-
ber of interesting observations. First, DAC and RFHOC both
significantly reduce the execution time of KM. The perfor-
mance gain is larger with larger input dataset. Second, DAC
does not show significant improvement over RFHOC when
the size of input datasets is small, as shown Figure 13 (a).
However, when the input dataset is getting large, DAC out-
performs RFHOC significantly, see Figure 13 (b) and (c). This
is because DAC takes the effects of the size of input datasets
into account when optimizing configurations while RFHOC
does not. Thus, DAC could choose the proper configuration
parameters with different data sizes. Third, both DAC and
RFHOC significantly reduce the execution time of StageC
that iteratively performs data aggregation and collection but
DAC achieves more reduction than RFHOC, which is the
primary reason why DAC significantly improves the per-
formance of KM. In addition, DAC also reduces more time
for the StageA and StageD than RFHOC but not that much
for StageC. This is because the execution time of StageA
and StageD is much shorter than that of StageC. Actually,
we observe the similar ratios of reduced times to the total
execution times of StageA, StageD, and StageC, respectively.
This indicates that adjusting the configurations according to
the size of input datasets significantly helps one to reduce
the execution time of a program.

Figure 13 (d) and (e) shows that why DAC can reduce the
execution time of KM with default configuration and RFHOC.
As can be seen, DAC significantly reduces the garbage collec-
tion time no matter when KM runs with default configuration
or with the RFHOC produced configuration. The larger input
dataset, the more time can be saved by DAC.

Figure 14 shows the execution time comparison of Stage2
of TS which represents another application pattern: one stage

Table 3. Time Cost.

Workload [ Collecting(h) [ Modeling(s) [ Searching(m)

KMeans 92 10 7
Bayes 60 11 9
PageRank 67 9 10
TeraSort 68 11 8
WordCount 82 12 7
NWeight 53 12 9
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dominates the execution time of the whole application. TS
only contains two stages: Stagel and Stage2. Stage1 takes 10%
of the whole execution time while Stage2 takes 90% of that.
We can see that, DAC also significantly outperforms RFHOC
and the default configuration for TS (the left of Figure 14).
Similar to KM, the time reduction for the garbage collection
is the main reason for the performance improvement of TS.
In addition, when the size of input dataset increases, the
garbage collection time of applications with DAC increases
more slowly than that with RFHOC and default configura-
tions.

6 Related Work

In this section, we describe the configuration auto-tuning
studies related to Spark. The Spark official web site provides a
performance tuning guide for Spark programs [43]. Although
this guide is helpful, it is a manual approach which requires
developers have a deep understanding about Spark. In con-
trast, DAC is an automated tool. Juwei et al. [38] compared
the MapReduce with Spark and provided interesting insights.
However, this work does not propose a solution to improve
the performance of Spark programs while our DAC does. Kay
et al. [33] propose a block analysis approach to systematically
analyze the bottleneck of Spark programs using two SQL
workloads. While this work provides a good performance
analysis tool and reveal some bottlenecks of the SQL-like
programs, it does not optimize general Spark programs such
as those implementing machine learning algorithms. In con-
trast, DAC provides an approach to automatically optimize
the performance of general Spark programs.

Yao et al. [61] tried to improve the performance of Spark
programs by adaptively tuning the serialization techniques.



DAC is different from this work since it improves perfor-
mance by automatically adjusting a large set of Spark config-
uration parameters, instead of only the sterilization aspect.
Guolu et al. [49] propose to tune Spark configurations by
using regression tree, which is close to our work. However,
simply using regression tree model can not tackle the high
dimensional configuration issue of Spark. Their work only
uses 16 configuration parameters and improves performance
only by 36%. Tatsuhiro et al. [6] carefully characterize the
memory, network, JVM, and garbage collection behavior and
in turn optimize the performance of Spark workloads. How-
ever, this work only focuses on TPC-H workloads while our
DAC focuses on general-purpose Spark applications.

Another class of related works attempt to optimize the con-
figurations of MapReduce/Hadoop applications. Herodotou
et al. [12-14] propose to build analytical performance mod-
els first and then leverage genetic algorithm to search the
optimum configurations for Hadoop workloads. Adem et
al. [10] suggest using a statistic reasoning technique named
response surface (RS) to construct performance models for
MapReduce/Hadoop programs and then implement the mod-
els in a MapReduce simulator. Zd.Bei et al. [4] propose a
random forest based approach to automatically tune the con-
figurations of Hadoop programs. These studies work well for
Hadoop programs but not Spark. We have demonstrated that
the optimal configurations of Spark applications are more
sensitive to input data size compared to Hadoop programs,
implying that the configuration auto-tuning techniques for
Hadoop workloads can not be easily extended to Spark ap-
plications.

Moreover, there are many studies related to optimize MapRe-
duce/Hadoop applications from Hadoop runtime optimiza-
tion 23, 28, 29, 31, 39, 50] and job scheduling [1, 24] aspects.
Our work does not optimize programs from these aspects
but focuses on tuning configurations, which can be comple-
mentary to these approaches.

System configuration may also cause errors and existing
studies focus on eliminating or reducing configuration er-
rors. Xu et al. [55] present a comprehensive survey on how
to handle the system configuration errors. Yin et al. [58] per-
form a characterization of many configuration errors in com-
mercial systems and they reveal that the parameter-related
configuration is very important. Xu et al. [54] argue that
software developers should take an active role in handling
misconfigurations as end users do. They also provide a tool
named SPEX to automatically infer configuration require-
ments from software source code. Zhang et al. [60] develop
a framework and tool called EnCore to automatically de-
tect software misconfigurations. Huang et al. [15] propose a
framework named ConfValley to easily, systematically, and
efficiently validate the configuration of cloud-scale systems.
Finally, Xu et al. [53] investigate thousands of customers of

one commercial storage system and two open-source sys-
tems about system configurations. They reveal a very inter-
esting insight: usually a number of configuration parameters
are not mandatory and can be safely removed. Unlike these
studies focusing on configuration errors, DAC focuses on
improving performance via configuration tuning.

Resource management related configuration optimization
of cloud computing platforms is yet another class of related
work. For instance, Paragon [8] is a machine learning based
approach to schedule the tasks in heterogeneous datacenters.
Later, Quasar [9] is proposed to manage a cluster to achieve
resource efficiency and to guarantee QoS. Liu et al. [27] em-
ploy a generic algorithm based parameter tuning to improve
the performance of interactive mobile applications in cloud.
Ansel et al. [2] propose to build an independent framework to
auto-tune performance for different programs. DAC differs
from these studies that DAC focuses on tuning configuration
parameters.

7 Conclusion

This paper proposes DAC, a datasize-aware auto-tuning ap-
proach to efficiently identify the high dimensional configura-
tion for a given IMC program to achieve optimal performance
on a given cluster. DAC is a significant advance over the state-
of-the-art because it can take the size of input dataset and
41 configuration parameters as the parameters of the perfor-
mance model for a given IMC program, — unprecedented in
previous work. To evaluate DAC, we use six typical Spark
programs, each with five different input dataset sizes. The
evaluation results show that DAC improves the performance
of six typical Spark programs, each with five different input
dataset sizes compared to default configurations by a factor
of 30.4X on average and up to 89x. We demonstrate that
DAC significantly outperforms RFHOC by a geometric mean
speedup of 1.5%, and even configurations determined by an
expert by 2.3X (geometric mean speedup).
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