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Abstract

This paper proposes Swift, a novel Bayesian Optimization
(BO) based parameter configuration tuning approach for big
data systems. The key idea is to leverage a generative Al
approach, generative adversarial network (GAN) , to generate
high quality configurations based on the evaluated configu-
ration with the highest performance. Mixing these configu-
rations with randomly generated ones has the effect of skew-
ing search space toward the optimal configuration, leading to
faster convergence and less optimization time. Our substantial
experimental results on Apache Flink, Spark programs, and
an industrial setting show that Swift significantly improves the
performance of data analytics over state-of-the-art approaches
in dramatically shorter time.

1 Introduction

To support a wide range of data analytics applications,
frameworks such as Apache Spark [48] and Flink [45] typ-
ically provide more than one hundred configuration pa-
rameters. It is critical to set these parameters properly to
achieve high performance. For instance, the Spark parameter
memory . fraction [49] specifies the heap memory fraction
for task execution and data storage. Its value significantly
affects the performance of a program. A recent study [64]
showed that tuning multiple parameters simultaneously can
further improve program performance by up to 89x.

Unfortunately, tuning the configuration parameters to opti-
mize performance is extremely challenging for two reasons.
First, the tuning space is vast due to the large number of
parameters and even larger range of values each parameter
can take. For example, prior studies [4,64] showed that there
are 34 and 41 performance-critical parameters for Hadoop
and Spark, respectively. Second, these parameters may in-
teract with each other in a complex (e.g., non-linear) man-
ner [1,4,8,14,31,35,64].

Due to the two challenges, traditional approaches for pa-
rameter tuning are not effective. The search approaches based

on rules [60,61] and analytical models [20] do not work
well due to the over-simplified assumptions on parameter
interactions. On the other side, approaches based on simula-
tion [33,38,55,56] require many time-consuming simulations
to find the optimized configuration, even for a single program.
These limitations gave raise to the machine learning based
(ML-based) approaches [1, 2,35, 64] with significantly higher
speedups over rule-based alternatives [60, 61].

ML-based approaches directly learn from a large num-
ber of experiments. However, it is time-consuming to collect
samples by executing a program with a configuration on a
real cluster. Indeed, the state-of-the-art ML-based approaches
such as OPPerTune [42], SelfTune [26], PARIS [62,63] and
Quasar [10] do suffer from this drawback, e.g., SelfTune and
OPPerTune collect 756 and 252 training samples for a single
workload [26,42].

Bayesian Optimization (BO) has been demonstrated to re-
quire the fewest number of iterations to converge [6]. For
this reason, BO is adopted in highly efficient ML-based ap-
proaches such as CherryPick [2] as the search algorithm. Even
though BO requires fewer iterations, evaluating the configu-
ration in each iteration by executing the program on a real
cluster would typically take at least minutes [64].

To make BO converge faster and more smoothly, we utilize
a novel approach: generating the likely high quality config-
urations that lead to high performance for BO algorithm in
each iteration, which leads to the key contribution of the
paper: we propose a method named Swift to use Generative
Adversarial Network (GAN) [16] to generate configurations
from the target configuration, so that they share similar distri-
bution.

To generate a high quality configuration, the goal is to
ensure that the configuration itself and its corresponding per-
formance are “similar but not too similar” to the target one.
The generated configuration and the target configuration can
be regarded as two equal-length vectors. Intuitively, the perfor-
mance of a program should be similar if the distance between
the two vectors is short. However, we show that this intuition
is not true by the following experiments.
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We first explore an intuitive and simple approach which is
named One-Neighbor (ON). Essentially, ON uses the Manhat-
tan distance to capture the similarity between configurations
(vectors). However, we observed that configurations with sim-
ilar vector distances to the target one can exhibit either similar
or significantly different performance, rendering the approach
ineffective for configuration generation. This led to our key
insight: producing the “similar but not too similar” perfor-
mance requires NOT ONLY a short distance between the
two vectors BUT ALSO similar distributions of their element
values. To this end, we identified Jensen-Shannon (JS) diver-
gence [13] as the ideal metric, as it is a widely used method
for quantifying the similarity between two probability dis-
tributions. By mathematic definition, JS divergence ranges
from 0.0 to 1.0, and if a distribution is more similar to another
one, the smaller JS divergence is. Notably, GANs inherently
use JS divergence as a loss function to ensure generated im-
ages resemble input images. Although our work focuses on
one-dimensional configuration vectors rather than images, we
adapted this principle to our domain where training GANS is
simple as well as fast.

Although leveraging GAN appears intuitive, its integration
into BO optimization is not trivial and needs to be carefully de-
signed. Overall, Swift works as follows. First, the GAN needs
to be continuously trained by the “current best” evaluated and
real sample with a noise that obeys a Gaussian distribution for
each parameter. In each iteration, Swift uses GAN to gener-
ate 150 configurations in addition to 100,000 ones generated
randomly. Thus, the pool that BO’s acquisition function se-
lects the configurations to evaluate in an iteration is a mixture
of GAN-generated and randomly generated configurations.
After a configuration is chosen, it is evaluated through real
execution, and if its performance is better than the “current
best”, it is stored in the evaluated set (ES). The samples in ES
will influence the selection in the future iterations. The details
and rationales of the design will be explained in Section 3.2.

We comprehensively evaluate Swift using four Flink pro-
grams, twenty four Spark programs with three inputs each, and
twenty three configuration-sensitive Spark SQL queries from
TPC-DS [53]. We compare Swift against four state-of-the-
art approaches: CherryPick [2], Selecta [27], DAC [64], and
GML [18]. Since the last three achieve comparative speedups
but require significantly more time to achieve the speedups
compared to CherryPick, we take CherryPick as our baseline.
It is worth mentioning that OPPerTune [42] and SelfTune [26]
require over 10x as many samples as Swift and thus we did
not compare them with Swift in the experimental section.

The experimental results show that Swift improves the
throughput of Flink programs tuned by CherryPick by up to
1.59% (1.28x on average), and reduces their latency by up to
1.68x (1.31x on average). Most importantly, Swift completes
the optimization in only 5.8 hours while CherryPick takes
at least 12.5 hours. For Spark programs, Swift reduces their
execution time tuned by CherryPick by up to 2.2x (1.2x on

average). Similar to Flink, Swift takes up to 156% less time
(61% on average) than CherryPick to optimize the perfor-
mance of the experimented Spark applications.

We also evaluate Swift with a Flink program in a produc-
tion cluster of an internet giant. The program was optimized
by manual tuning and the optimization took a performance
engineer four days to complete. The results show that Swift
improves the throughput of this manually optimized program
by 2.3 and reduces its latency by 2.8 x in only 6.8 hours.

The rest of this paper is organized as follows. Section 2
discusses the background and motivation. Section 3 describes
ON and Swift in detail. Section 4 discusses the experimental
setup. Section 5 analyzes the results. Section 6 describes the
related work and Section 7 concludes the paper.

2 Background and Motivation

2.1 Configurations of Big Data Systems

MapReduce is the first programming model designed for big
data analytics applications [9] with various implementations
such as Apache Hadoop [46] and Spark [65]. Later, many
other frameworks have been deployed in industry, such as big
table [7], GraphLab [34] for machine learning, Storm [52] for
stream analytics, Pregel [36] for graph analytics, and Flink
[45] for fused batch and stream analytics.

Although these frameworks serve for different domains,
they all need to set a number of configuration parameters.
Some parameters specify resource-related factors includ-
ing CPU, memory, and network resources. For example,
spark.executor.memory of Spark specifies the memory ca-
pacity allocated for an executor. This block of memory is
further divided into execution memory, user memory, and re-
served memory (e.g., 300 MB). Their sizes are controlled by
spark.memory.fraction [43]. Other frameworks such as
Apache Flink have similar parameters. For instance, param-
eter taskmanager.memory. fraction in Flink specifies the
relative amount of memory that the task manager reserves for
sorting, hash tables, and caching of intermediate results. The
performance of big data systems is significantly influenced
by such configuration parameters.

2.2 Limitations of Prior Work

Recent ML-based configuration tuning approaches [4, 15, 20,
21,64] for Hadoop and Spark have demonstrated significant
speedups. But as a general challenge, ML-based approaches
need to evaluate a large number of samples in the real cluster,
which takes at least several minutes per sample. As a result, it
takes a long time (e.g., days or weeks) for the training/opti-
mization to obtain the optimal configurations.

Figure | shows the time used by Bayesian Optimization
(BO) to tune the configuration parameters of six typical
Spark SQL queries (ql4a,q14b,q23a, q23b, g64, and q72)

1554 2025 USENIX Annual Technical Conference

USENIX Association



dql4a Eql4b Eq23a §q23b Eq64 Eq72

Optimization
Overhead(h)

Figure 1: The time taken by using BO to tune the configu-
rations of queries (e.g., g72) from TPC-DS [53] for optimal
performance.

from TPC-DS [53] for optimal performance with three dif-
ferent input data sizes. It shows that, when the data size is
500 GB, it takes more than 30 hours to optimize each single
query’s performance. As the input data size increases, the
time used to optimize its performance also increases rapidly.
For example, it takes at least 100 hours when the input data
size is 1 TB. In fact, the common size of data processed in
industry ranges from several hundreds of GBs to TBs. As
mentioned earlier, other ML algorithms require even longer
time than BO to generate training samples to achieve same
performance. The long training time significantly hinders the
applicability of ML-based approaches in practice.

2.3 Bayesian Optimization

BO incorporates prior belief about objective function f and
updates the prior with samples drawn from f to get a poste-
rior that better approximates f. In this paper, f is program’s
performance (perf) which is a function of configuration pa-
rameters (c;). Note that perf can be execution time, latency,
or other performance metrics. The goal is to find a vector
{c1,¢2,...Ci,...c, } named optimal configuration that leads to
the highest performance for a program with the minimal num-
ber of evaluations'. To efficiently search the optimal configu-
ration, surrogate model and acquisition function play the key
roles [28]. Different models lead to different efficiency and
complexity. We need a model which achieves a good trade-off
between the two. Mockus et al. [37] show that the Gaussian
Process (GP) is well-suited to serve as a surrogate model. We
therefore choose GP in this study.

Acquisition function is used to select the next sample in
each BO iteration. The selected sample is expected to achieve
the largest improvement. An effective acquisition function
is Expected Improvement (EI)—picking the point which can
maximize the expected (performance) improvement over the
current best [40]. The detailed calculation of EI can be found
in [40]. Here, we introduce its typical implementation [12]
which is adopted and substantially modified in our system. In
the implementation, a function called acq_max is used to find
the maximum of the acquisition function. It consists of two

'We define sample evaluation as the execution of a program with a con-
figuration.

steps. First, it generates n_warmup (e.g., 10° ) random sam-
ples and finds the sample (S1) with the maximum potential
improvement. Second, it runs the L-BFGS-B algorithm [66]
from n_iter (e.g., 250) random starting points to find another
sample (S2) with the maximum potential improvement. Fi-
nally, acqg_max chooses the sample with higher improvement
from S1 and S2 as the next sample for evaluation (iteration).
Both steps generate samples randomly.

2.4 Generative Adversarial Networks (GAN)

GANSs belong to a new class of machine learning algorithms
where generative (G) and discriminative (D) models are si-
multaneously generated in a competitive setting [17]. The
objective of D models is to correctly label samples from ei-
ther the G models or real data. In contrast, the objective of
G models is to deceive the D models. In other words, the G
models try to produce samples that are categorized as real
data by the D models. As such, G models can be considered
as a team of counterfeiters while D models are the law en-
forcement agents trying to detect the “counterfeit currency”.
Both teams try to improve their methods until the counterfeits
are indistinguishable from the genuine ones [16].

Advantages: GANs can generate data that have the distri-
bution similar to the input data [16, 17]. As a result, GANs are
widely used to generate similar versions of the image, text,
video, and audio object. By using GANs and machine learn-
ing, one can easily recognize objects such as trees, streets,
bicyclists, persons, and parked cars, and can also calculate
the distance between different objects. It is worth mentioning
that although diffusion models [41] have been widely used,
they are notorious for their large data requirements and long-
training process [24,39]. GAN, however, works significantly
faster and it can even outperform diffusion models for various
datasets [25].

Disadvantages: GANs may be hard to train. The reason
is two-fold: first, there are too many factors (e.g., features to
represent a speech) to learn by the standard GAN algorithm;
second, the criterion of being highly similar is too strict. For
example, the generated speech is required to be exactly the
same as the input one. This may make the training process
of a GAN very lengthy. To address this issue, more than
1,000 GAN variants are developed to deal with a special use
case [23]. For example, WGAN (Wasserstein GAN) proposes
a better way to measure the distance between the generated
data distribution and that of the input one, which can generate
more similar image to the input image than the standard GAN
does [3]. Since we consider at least 27 parameters, it is also
challenging to train a standard GAN model. We address this
challenge in Section 3.2.2.
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Figure 2: An illustration of how ON generates configurations.

3 Configuration Generation

We propose two approaches to generate configurations: One-
Neighbor (ON) and the Swift. ON is a simple approach that
generates configurations according to a target configuration
based on small random perturbations, whereas Swift leverages
GAN to generate configurations that share similar distribution
with the target sample.

We define a configuration as a vector conv where its ele-
ments are the parameter values, as shown in Equation (1).

Cn—1} ey

ith

conv ={co,C1, ..., Ciy

where conv is a configuration, c; is the i'* parameter value
of conv. Example configuration parameters (c;) for Flink and
Spark programs are shown in Table 1. n is the number of
configuration parameters in cony. In this study, n is 27 for
Flink and 34 for Spark, as shown in [44].

A sample is defined as equation (2) shows.

spv={pf,conv} 2)

where spv is a sample, pf is the performance (e.g., execution
time or latency) of a program produced by configuration conv.

3.1 One-Neighbor

One-Neighbor (ON) generates a configuration by producing
its each parameter value randomly around the correspond-
ing value of the target with a noise threshold. ON assumes
that similar configurations produce similar performance for a
given big data program. The similarity between two configu-
rations convi and conv, can be measured as their in-between
Manhattan Distance, as shown below in equation (7).

MD(convy,convy) = |c11 —ca1| + ...+ |c1n —can|  (3)

where ¢ and ¢, are the first and n'" parameter value of
comvy, ¢p1 and ¢y, are the first and n' parameter value of
convy. To generate similar configurations according to a target
configuration, we make the distance between two correspond-
ing parameter values such as |cj; — ¢p;| of two configurations
be between 0 and x% (x is the threshold) randomly. The pa-
rameters are all normalized to [0.0,1.0].

Figure 2 visualizes how ON generates configurations ac-
cording to a target configuration conviarg; Which is repre-
sented by the bold line. The red circles (e.g., cvl and ¢v2) on

150
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Figure 3: The performance made by ON generated configura-
tions where the element values are within 5% (a) and 25% (a)
of those of the original one.
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Figure 4: The block diagram of Swift Methodology.

the bold line denote the parameters values of the convygrger. To
generate a configuration conv similar to convyger, we need
to generate each parameter value around the corresponding
value (e.g., cvl) of convigrge . To this end, as shown in Fig-
ure 2, we randomly generate a value between (cvi —x% X cvi)
and (cvi+x% x cvi) (i = 1,2,...,7). The star marks show the
generated parameter values, and the dashed line in Figure 2
shows a randomly generated conv.

The hope is that, based on ON, the performance of a pro-
gram configured by conv is similar to that of the program con-
figured by convyqrge; When the threshold x% is small (e.g., 5%
or 25%). However, Figure 3 shows that it is not the case. First,
when x = 5, the performance by the ON generated configura-
tions is almost the same. This does not add valuable samples.
Second, when x% is around 25%, the performance correspond-
ing to conv (e.g., conf1) can be as much as 2x slower than
that of conv_target (oriConf shown in Figure 3(b)).

3.2 Swift
3.2.1 Overview

Swift is a BO-based fast configuration tuning mechanism for
optimizing the performance of big data systems. The key
idea is to generate some configurations by GAN in each
iteration for BO’s acquisition function to choose from. These
configurations highly likely produce high performance. Swift
consists of four components shown in Figure 4.
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Figure 5: How GAN generates configurations.

¢ Configuration generator generates a number of config-
urations, either randomly or using GAN.

 Configuration profiler executes a program with a con-
figuration and records its performance (e.g., execution
time). If a configuration’s performance is better than that
of all samples in the evaluated set (ES), the configuration
and its performance is inserted into ES as a new element.

¢ GP (Gaussian process) builder builds a model based
on the samples in ES. The model is updated whenever a
new sample is inserted in ES. It is used by BO.

¢ Configuration arbiter implements the new procedure in
Swift that allow each BO iteration to select from a mixed
pool of GAN-generated and random configurations.

3.2.2 Configuration Generator

Swift requires two configuration generators: a Random Con-
figuration Generator (RCG) and a GAN-based Configuration
Generator (GCG). The RCG sets each configuration parame-
ter to a uniformly random value within the parameter’s value
range. In contrast, GCG leverages GAN’s nature to gener-
ate the configuration that mimics the data distribution of the
element values of target configuration.

Figure 5 shows how the GCG generates configurations. As
explained before, a GAN consists of a discriminative model
(D) and a generative model (G), which are both implemented
by fully connected layers, as shown in Listing 1. GCG has
two inputs: (1) the current target configuration that achieves
high performance so far; and (2) a set of noise data which
obey Gaussian distribution. The target sample is one of the
samples in ES. A noise configuration is generated in two steps.
First, we create a random value generator for each parameter.
Second, we use a function (e.g., nextGaussian ()) provided
by a statistic software package (e.g., java.util) to generate
values that obey Gaussian distribution for each parameter. In
this way, we obtain a set of noise configurations where the
values of each parameter obey Gaussian distribution.

The noise configuration is given to the Generator (G) and
the target one (real_conf0) is given to the Discriminator (D)
of our GAN model, as shown in Listing 1. G consists of

three fully connected layers. The first layer performs a non-
linear transformation by using the active function ReLu on
the given noise configuration, generating G_L1 as the output.
The second layer performs another ReLu transformation on
G_L1, producing G_L2. It is then given to the third layer to
change its dimension to a specific number (e.g., the number
of configuration parameters) and output G_out.

D first uses ReLu to perform a non-linear transformation
on the target configuration, producing D_L0, as shown in lines
12 and 13. Subsequently, D_L0 is given to the next layer,
performing another non-linear transformation by using the
active function sigmoid, as well as generating a probability
prob_conf0 ranging from 0.0% to 100.0%. Next, D performs
a ReLu transformation on G_out and produces D_L1 which is
given to the next layer of D to perform a sigmoid transforma-
tion, generating another probability prob_confl. Itis used to
calculate the G_loss to improve G to generate configurations
more similar to the target. At the same time, the probabili-
ties prob_conf0 and prob_confl are used to compute the
D_loss to improve D to distinguish the target configuration
from the generated ones more accurately.

1| Listing 1 An implementation of GAN.

2

3| dim=27 # the number of configuration parameters
4

5| with tf.variable_scope (’ Generator’):

6 G_in=tf.placeholder (tf.float32, [None,dim])
7 G_Ll=tf.layers.dense (G_in,128,tf.nn.relu)
8 G_L2=tf.layers.dense (G_L1,64,tf.nn.relu)
9 G_out=tf.layers.dense (G_L2,dim)

10

11| with tf.variable_scope (’Discriminator’):

12 D_LO=tf.layers.dense (real_conf0,128,

13 tf.nn.relu)

14 prob_conf0=tf.layers.dense(D_LO,1,

15 tf.nn.sigmoid)

16 D_Ll=tf.layers.dense (G_out,128,

17 tf.nn.relu, reuse=True)

18 prob_confl=tf.layers.dense (D_Ll,1,

19 tf.nn.sigmoid, reuse=True)
20

21| D_loss= -tf.reduce_mean (tf.log(prob_conf0)
22 +tf.log (l-prob_confl))

23| G_loss=tf.reduce_mean (tf.log(l-prob_confl))

Note that the goal of the non-linear transformations per-
formed by the active functions ReLu and sigmoid is to capture
the complex features such as data distribution hidden in the
values of the target configuration. This makes it possible to
use GAN to generate configurations according to only one
target configuration, i.e., the one with top-1 performance. A
similar approach has been used in computer vision where the
authors use GAN to repair a tiger face paint [58]. The inputs
of their GAN are one damaged paint and some noise data.

Solution for the hard-training issue. The ultimate goal of
GAN in general applications such as image generation is to
make prob_conf0 = prob_confl. To achieve this goal, the
training of GAN may suffer from the “hard-training” issue—
the training process may lead to an infinite loop to satisfy the
above condition. However, usage of GAN in Swift does not
suffer from this problem for two reasons. First, the data type
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in Swift is one dimension (vector), instead of two (image)
or higher dimension in other applications. As a result, the
training process is easier.

Second, Swift does not and should not need the above con-
dition, because the generated configuration is not expected to
have the same performance. It is not only unnecessary but also
harmful to the search, i.e., if we always achieve the same per-
formance, BO cannot find the better configuration. Thus, it is
in fact required to let the performance be within a range (e.g.,
+25%) of the performance of target sample, which provides
the opportunity to generate better configurations.

Guided by these rationales, we train the GAN for a fixed
number of iterations(i.e., 20 in our experiments). We observe
that it typically ensures the performance of generated config-
urations remains within #25% of the target sample’s perfor-
mance. Notably, even if 20 iterations fail to bring the perfor-
mance within +25%, this does not hinder the optimization
process—we can still utilize the generated configurations to
complete the search for optimal configurations and achieve
the best possible result.

3.2.3 Configuration Profiler

The configuration profiler executes a program with a con-
figuration and records its performance, generating a sample
spv = {pf,conv} defined in equation (2). After profiling a
program a number of times, all the vectors form a matrix
that represents ES as shown in Figure 4. A configuration is
considered to be evaluated if we know its performance, but it
is only inserted into ES if its performance is better than the
performance of all rows in ES.

3.2.4 Gaussian Process Builder

To build a GP that outputs the performance pf of a program
with a given configuration, we first leverage the configuration
profiler to generate kk vectors (spv). Then, we use these sam-
ples to calculate the initial performance mean and covariance
cov between the performance and a configuration as follows.

N kk N kk
pf= (Y. pfi)/kkscf; = (Y cfji)/kk 4)
i=1 i=1

kk

cov(pf,efy) = (Y (pfi—pf)(cfii—cfi)/kk (5
1

with 1/9? the mean performance of the kk executions, pf; the
performance in the i’ sample, cf; the j* value of a sample,

and cf/; the value of the j parameter of the i sample.
Thus far, we already have the two essential elements, mean
and covariance functions, to define a GP. The last element
we need to build a GP is the smooth kernel function which
represents how similar two configuration parameters are in
terms of performance. If two configuration parameters per-
form similarly, they have high covariance, and vice versa.

There are numerous smooth kernel functions that satisfy this
need. We choose Matern5/2 [59] as it does not require strong
smoothness and is preferred to model practical functions [40].
During BO, the GP model is updated when ES is updated.

3.2.5 Configuration Arbiter

This component is responsible for guiding the steps for each
BO iteration. To clarify the mechanisms of Swift, let us first
explain the iterative process in the conventional BO as shown
in Figure 6 (a). All the components in Swift can be repur-
posed for conventional BO as the needed functionality is the
same or simpler. In each iteration, a number of configurations
(e.g., 100,000 in the example) are randomly generated by the
configuration generator. Then, the internal BO algorithm se-
lects a configuration using the acquisition function (EI) for
this iteration. If the configuration is not already contained in
ES, the configuration profiler executes the program on the
real cluster. The execution takes the majority of time of an
iteration and the BO optimization. Ideally, the BO algorithm
will select the configuration with less and less execution time,
so the time spent in each iteration will decrease. A sample is
inserted into ES if its performance is higher than the one with
the highest performance in the current ES, i.e., “current best”;
otherwise (or the selected configuration is already in ES), it
is discarded and the BO moves to the next iteration. It means
that the effort in this iteration is wasted.

The number of iterations (and the total BO optimization
time) is determined by the quality of configurations selected
in each iteration: good selections lead to faster execution time
decrease and less number of iterations. However, with random
configuration generation, the BO algorithm, which needs to
consider both exploitation and exploration, may occasionally
select a configuration that leads to longer execution time. It
will directly increase the BO optimization time.

In our experiments, we observe that the execution time
based on a configuration can be 2x slower than the execution
in the previous iteration. The iterative BO optimization termi-
nates when the performance does not improve for a number
(e.g., five in the example) of consecutive iterations. At this
point, the configuration of the sample with the highest perfor-
mance is given as the outcome. With random configuration
generation, the execution time decrease can be slow with fluc-
tuation. We conceptually provide how the execution time is
changed over iterations on the left of Figure 6 (c).

Swift reduces the BO optimization time by mixing the
randomly generated configurations for each iteration with
GAN-generated configurations that have similar distribution
with the “current best”. This design emphasizes both ex-
ploitation, which takes advantage of the previously obtained
information—the target sample—to acquire rewards, and ex-
ploration, which tries to reach the global optimal with random
samples. The workflow of configuration arbiter is shown in
Figure 7, and Figure 6 (b) shows a concrete example.
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Figure 7: Workflow of the configuration arbiter.

For GAN to generate configurations, it needs to be trained
first. To do that, Swift first randomly generate five configura-
tions and evaluate them on the real cluster; the configuration
with highest performance among the five is used as the tar-
get sample to train the GAN with a noise configuration that
obey Gaussian distribution for each parameter. The training
procedure is described in Listing 1 and can be done very
fast, e.g., several seconds. The training of GAN is triggered
whenever the “current best” is updated.

After the first training, BO iterations can start. Different
from the conventional BO, the candidate configuration pool
is composed of [RCG], a large set (e.g., 100,000) of con-

Candidate Config Set Regencrate figurations generated, and [GCG], a small set (e.g., 150) of

fiifen=: - —>GCGHIRCEY™  configs configurations generated with GAN (step @). Then, the same
,,,,, * e re_com =[re_com+1 . A
e to the conventional BO, the algorithm selects the configura-
| Function (&) e com =0 tion with the highest potential performance (step ®). The high
N . - . . . .

! cons s 1GCG] quality configurations in [GCG] can help the BO algorithm
| confpocential_best—» [GCG]
\

to overcome the “bad luck” and make it more likely to select
good configurations. As a result, compared to BO, the selected
configuration in each iteration in Swift tends to be better with
faster and more consistent execution time decrease, which is
shown conceptually on the right of Figure 6 (c). This benefit
is clearly observed in our experiments, see Figure 19.

If the selected configuration is not already in ES, it is eval-
uated by the configuration profiler (step ®). Otherwise, Swift
gives a small number of chances to re-generate [GCG]+[RCG]
and repeat the selection (step @ and ®). The threshold is con-
trolled by #r and is set to three in our experiments. The counter
re_com keeps the number of re-generation attempted. After
re_com reaches tr, if the selection is still contained in ES,
Swift will generate a new pool of candidates just by [GCG]
without the random configurations (step ®). BO selects a
configuration from the set as the last attempt (step @) before
moving to the next iteration. If the selected configuration is
not in ES, it is evaluated by the configuration profiler (step ®).

For simplicity, we do not show the case when the selected
configuration is already in ES in Figure 7. In this case, Swift
moves to the next iteration. The rationale for this design is to
capture the following scenario. BO may try to select a con-
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figuration in [RCG] with the highest performance potential,
but it is already in ES. However, the second or third best is a
configuration in [GCG]. Instead of wasting the iteration, after
tr attempts to select from [GCG]+[RCG], BO can just focus
on [GCG] and still select a high quality configuration.

In principle, we can replace the [GCG] generated by GAN
with configurations generated by ON with small perturbation
so that the performance is within £25%. However, as dis-
cussed before, such configurations are too similar to the target
one and will negatively affect the search. The issue is that,
such very similar configurations with good performance tend
to make the BO algorithm more likely to stuck at the local
optima when terminated. It is conceptually illustrated in the
middle of Figure 6 (c). Although the performance increases
consistently, but the mix of ON generated and random config-
urations make search stop with a sub-optimal performance.

3.2.6 Termination Condition

To design the termination condition for Swift, we first define
the performance improvement as follows.

imp = M % 100% (6)

PJi

with imp the performance improvement in percentage, and p f;
and pf;1| the performance of the i’ and (i + 1) iterations,
respectively. During the iterations of Swift, if we observe imp
is less than a threshold (e.g., 5%) and N (e.g., 6) iterations
have been performed, we terminate Swift searching and take
the configuration found in the last iteration as the optimal
configuration. This ensures that Swift does not terminate the
search too soon and only finds the sub-optimal configurations.
Moreover, this also prevents Swift from struggling to make
marginal improvements.

4 Experimental Setup

4.1 Apache Flink Experimental Setup

Our experimental cluster consists of four Linux servers. One
server serves as the master node which runs the Job Manager
and the other three serve as slave nodes which execute the
Task Managers. Each server is equipped with an Intel(R)
Xeon(R) CPU E5-2407 2.20GHz 4-core processor and 32GB
DRAM. The OS of each node is SUSE Linux Enterprise
Server 11. We use Flink 1.4.2 in this study.

We evaluate four programs from the Flink version of Hi-
Bench: FixWindow (FW) is a window-based aggregation
which evaluates window operations in the stream frameworks.
WordCount (WC) tests the performance of the stateful oper-
ators and the cost of checkpoints/Ackers. Repartition (RP)
evaluates the shuffle efficiency. Identity (ID) tests the read-
/write efficiency of an external input source represented by a

Kafka cluster. Data streams for all the benchmarks are from a
Kafka cluster [47], and the input data speed is 1000MB/s.

We also evaluate Swift on a real production cluster of an in-
ternet giant. In this experiment, we use two docker containers
as Job Managers and ten docker containers as Task Managers.
The docker containers are managed by a customized version
of Kubernetes [50]. Each container is equipped with 4 CPU
cores (Intel(R) Xeon(R) CPU E5-2698 v3 @ 2.30GHz), 8GB
memory, and 10GB/s Ethernet network. All the containers
share a 100GB network disk. The OS is CentOS 7 with Linux
kernel 3.10.0-327.28.3.e17.x86_64 and the Apache Flink ver-
sion is 1.4. We use a real-time log analysis program written in
Flink, which has been manually optimized by the engineers
of the company. This optimization took the engineers four
days and we use the optimized performance as our baseline.

We choose a wide range of Flink configuration parameters
that significantly influence performance, including memory
management, execution behavior, networking, parallelism, etc.
Table | shows 5 example parameters and all the 27 parameters
experimented in this study are shown in [44]. The last column
of Table | provides the default values of the parameters and
can be found at Apache’s website [11]. The third column
shows the value range of each parameter.

4.2 Spark Experimental Setup

Our Spark cluster consists of eight servers. One server serves
as the master and the others serve as slaves. Each server
is equipped with Intel (R) Xeon (R) CPU E5-2630 v3
@2.40GHz and 64GB of memory. The OS of each server
is Ubuntu 16.04 LTS and Spark version is 2.2. The resource
manager is Yarn v1.22.19.

We employ 24 Spark benchmarks from HiBench [51], each
with 3 input data sets. These benchmarks cover a wide range
of Spark applications including machine learning, web search-
ing, graph processing, SQL, and micro-benchmarks.

As discussed earlier, we choose a wide range of Spark
configuration parameters that significantly influence perfor-
mance, including shuffle behavior, data serialization, memory
management, execution behavior, networking, etc. Table 1
shows five example configuration parameters and [44] lists
all the 34 experimented parameters in detail. The last column
of Table | provides the default values of parameters which
are recommended by the Spark team [43]. The third column
shows the value range of each parameter.

It is worth mentioning that Swift does not distinguish hard-
ware specific configurations, i.e., configurations generated by
Swift for a Spark or Flink program on one hardware platform
are optimal on this specific platform and are essentially not
portable to a different platform.
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Table 1: Description of five example Flink and five example Spark configuration parameters.

Framework | Configuration Parameters-Description | Range | Default
parallelism.default - The default parallelism for programs that have no parallelism specified. 1-24 1
taskmanager.numberOfTaskSlots - # of parallel operator or function instances a TaskManager runs. 1-8 1

Flink jobmanager.heap.mb - JVM heap size (in megabytes) for the JobManager. 1024-4096 1024
taskmanager.heap.mb - JVM heap size (in megabytes) for the TaskManager. 1024-10240 1024
taskmanager.memory.fraction - The relative amount of memory that the task manager reserves. 0.5-0.8 0.7
spark.shuffle.file.buffer - Size of the in-memory buffer for each shuffle file output stream, in KB. 2-128 32
spark.executor.cores-The number of cores to use on each executor. 4-30 core #

Spark spark.driver.memory-Amount of memory to use for the driver process, in MB. 1024-36864 1024
spark.executor.memory-Amount of memory to use per executor process, in MB. 7168-36864 1024
spark.memory.fraction-Fraction of (heap space - 300MB) used for execution and storage. 0.5-1 0.75
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Figure 8: The variation of 99" percentile latency of word-
count. The X axis represents the 5 random seeds.

5 Results and Analysis

5.1 Study of GAN Related Issues

Impact of Random Seed In Swift, the randomness in the 5
initial executions may lead to great uncertainty. To study this,
we employ 5 random seeds to generate 5 configurations for
the Flink version of wordcount. We run it with the generated
configurations and observe the mean, standard deviation and
minimum of the 99 percentile latency. Figure 8 shows the
results with random seeds (5, 11, 66, 250, and 1024). We see
that the means and standard deviations of the 99" percentile
tail latency of wordcount are significantly different among
each other. However, the standard deviation of the minimum
99" percentile tail latency with different random seeds is 8.7
and the corresponding coefficient of variation (CoV) is only
0.06, which indicates that the latency is highly similar. Thus,
the different random seeds do not affect Swift very much.

Thus we run one experiment using the default seed and
do not use different seeds with multiple runs. We argue that
on the one hand, if different seeds are utilized, the optimal
performance and configuration may vary, the search processes
exhibit similar experimental results, as proved by small CoV
values. On the other hand, many benchmarks are evaluated (4
Flink and 24 Spark programs), which eliminate the random-
ness of one program with a particular seed.

Quality of GAN Generated Configurations In this sec-
tion, we experimentally show the similarity and high quality
of the GAN-generated configurations. For similarity, we first
randomly generate a real configuration for Flink programs

e ca]_conf confl conf2 conf3

TMHP

Figure 9: The quality of GCG generated configurations.
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Figure 10: The high quality of GAN-generated configurations.

with 27 parameters. Then we use GCG to generate three arti-
ficial configurations using the real one as the target. Figure 9
(left) compares the four configurations in a Kiviat plot. We
can clearly see the similarity among the four. Quantitatively,
the Manhattan distances between the generated configurations
and the real one are 1.56, 0.7, and 1.47, which are small.

For configuration quality, we run the Flink program Fixwin-
dow with a real configuration with high performance, ten
GAN-generated configurations, and the default configuration.
Figure 10 (a) shows the performance comparison. The red
and orange dashed lines represent performance with the real
and default configurations. All GAN-generated configurations
have performance close to that of the real configuration with
maximum relative variation 25.7%.

Comparing to One-Neighbor This section quantitatively
compare the configurations generated with ON and GAN.
We generate 110 configurations by each of the two meth-
ods (£25% noise for ON) based on a real configuration for
the Spark version of PageRank. We calculate the Manhattan
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distance (MD) and Jensen-Shannon (JS) divergence [13] of
configuration in the two sets to the real configuration. That
is, we calculate 110 Manhattan distances (MD) and 110 JS
divergences for the ON generated configurations; we also
compute 110 MDs and 110 JS divergences for the GAN gen-
erated configurations. Then we compute ratio,,q and ratio j
as equations (7) and (8) show, respectively.

ratiomg = MDop/MDgap 7

with MD,,, the MD of an ON generated configuration to the
real configuration, and MD,,, the MD of a GAN generated
configuration to the real one.

ratio js = JSon/JSgan 8)

with JS,, the JS divergence of an ON generated configuration
to the real configuration, and JSg., the JS divergence of a
GAN generated configuration to the real one.

If ratio,,q is close to 1.0, it indicates that the ON and GAN
generated configurations have similar MDs to the real con-
figuration. If ratioj, is significantly larger than 1.0, it implies
that the GAN generated configurations’ value distributions
are much more similar to the real configuration’s value distri-
bution than the those of the ON generated configurations.

We then compute (min,max,avg) of ratio,g and ratio .
For Manhattan distance, the (min,max,avg) of ratiomg
is (0.46,2.81,1.05). For ratiojs, the (min,max,avg) is
(5.15,30.46,5.58) as shown in Figure 10 (b). Clearly, we see
that while the configurations in both sets can be considered
“similar” to the real configuration, but the distribution (cap-
tured by JS) of GAN-generated configurations is much closer
to the real configuration than ON-generated ones. As such, the
GAN generated "similar but not too similar" configurations to
a real one also guarantee the "the similar but not too similar”
performance, whereas ON generated ones do not.

We plot the performance distribution of 110 GAN- and
ON-generated configurations as blue solid and red dashed
lines in Figure 11. We see that the GAN-generated configura-
tions follow a Gaussian distribution with mean execution time
(86.8s) very close to the real configuration (87.4s); while the
ON-generated configurations follows an irregular long-tail
distribution. Moreover, ON can generate configurations of
which performance spreads in a large range. This means that
it may generate low quality configurations despite small Man-
hattan distance. Overall, the performance of GAN-generated
configurations is “similar but not too similar” while the per-
formance of ON-generated configurations varies significantly.

GAN with Multiple Target Configurations It is inter-
esting to understand whether it is beneficial to use multiple
target configurations to train our GAN model. To answer the
questions, we choose three configurations for PageRank with
execution times 87.4s, 87.6s, and 88.5s, respectively. We use
the three configurations to train the GAN model and generate
110 configurations. The green solid line with rectangles in
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Figure 11: The performance distribution of PageRank with
GAN, ON, or 3-input-GAN generated configurations.

90 /:\ 94,60
= N\
= 85 T \
3 80 — —
& 75 :

1 2 3 4 5 6 7 8 9 10
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Figure 13: The performance variation with different values of
tr. The X axis represents the ¢r values.

Figure 11 shows the performance distribution with a long tail,
which can make the BO optimization even longer. The reason
is that the GAN model tries to learn the data distribution of
parameter values of all the three input configurations. The
results suggest that the GAN model should be only trained
with the configuration with the best performance so far.

5.2 Flink Programs on Lab Cluster

Number of initially evaluated configurations. Figure 12
shows the speedups of program repartition when using differ-
ent number of initial evaluated configurations to provide the
first target sample to train the GAN model. The performance
reaches the highest when five configurations are evaluated and
then drops. It is because more random configurations increase
the chance of getting the “very bad” configurations. Based on
this result, Swift initially evaluates five configurations

Tolerance threshold The tolerance threshold controls the
times that we allow the acquisition function of BO to select the
same sample to evaluate on the real cluster in the next iteration.
A large threshold may waste time without much improvement,
while a small threshold may make the optimization stuck at
a local optima. Figure 13 shows how the threshold (x-axis)
affects the performance for four Flink programs. For all of
them, the best speedups are obtained when the threshold is
three. Thus we use this number in Swift.
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Figure 15: Throughput improvements over CherryPick.

Table 2: The number of evaluated configurations (trial execu-

tions) used to find the optimal performance.
Bench [ Swift [ CherryPick [ Selecta [ DAC | GML

Fixwindow 25 50+ 100 750 500
Repartition 17 50+ 100 550 440
Wordcount 23 50+ 100 600 460
Identity 24 50+ 100 600 420
In Total 89 200+ 400 2,500 | 1820

Optimization time. We compare Swift with four parameter
tuning approaches, including CherryPick [2], Selecta [27],
DAC [64], GML [18]. For a fair comparison, we re-implement
CherryPick, Selecta, DAC, and GML and carefully tune their
hyper-parameters to achieve the highest performance.

Table 2 shows the number of trial executions used to find
the optimal performance for the Flink programs with differ-
ent approaches. It clearly indicate Swift requires much less
number of trial executions. Note that the number of trial execu-
tions may not accurately represent the final time cost because
a Flink program may take different time to execute with dif-
ferent approaches. We therefore also report the time used to
find the optimal performance in Table 3. It shows that Swift
takes only 6.3 hours at most and 5.8 hours on average to find
the optimal performance for the 4 Flink programs. In contrast,
the average times taken by CherryPick, Selecta, DAC, and
GML are 2.2x,4.3x, 9%, and 7.2x of that of Swift.

Speedup. Figure 15 shows the throughput improvements
of the four Flink programs tuned by Swift, Selecta, DAC, and
GML over by CherryPick. Swift improves the throughput of
the four programs by 1.28 x on average and up to 1.59x over
CherryPick. Figure 14 and Figure 15 show the throughput im-
provement and latency reduction comparison. In both aspects,
Swift clearly outperforms other approaches. It is worth noting
that the main goal of Swift is making the optimization faster.
The results are particular encouraging because Swift actually
achieves better performance with shorter time.

Production Cluster. We evaluate a Flink program used to

Table 3: Time (in hours) used to achieve the improvements.

Bench [ Swift | CherryPick | Selecta [ DAC | GML
Fixwindow 6.3 12.5+ 25 62.5 40.1
Repartition 4.3 12.5+ 25 45.8 38.9
Wordcount 5.7 12.5+ 25 50 38.5

Identity 6 12.5+ 25 50 423

Table 4: Para values. TM-Taskmanager, JM-Jobmanager.

[ Parameters | Tuned Values | Opt Values ]
TM.memory.fraction 0.7 0.3
TM.network.memory.max 1024MB 3945MB

TM.net.client.numThreads 4 2
JM.tdd.offload.minsize 1024B 1434B

Blob.fetch.num.concurrent 50 141
akka.framesize 10MB 16MB
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Figure 16: Optimization time comparison.

analyze the logs of servers in a real time. The results show
that Swift improves the throughput by 2.3 and reduces the
latency by 2.8 x in only 6.8 hours compared to the four-day
manual optimization. Table 4 compares the values of the
six important parameters from the manual tuning and Swift.
We see that Swift indeed significantly adjusted the values to
achieve better performance.

5.3 Spark Programs Evaluation

Optimization time. Figure 16 compares the optimization
time of different approaches for Spark programs. The average
time overheads of Swift, DAC, CherryPick, and Selecta are
5.1, 11.3, 5.9, and 7 hours, respectively. We see that Swift
reduces optimization time more for Flink programs than for
Spark programs. It is because of the different program char-
acteristics: Spark programs are batch processing while Flink
programs are streaming processing. We also evaluate Swift on
a heterogeneous cluster consisting of eight x86 servers and
four ARM servers with 24 Spark programs from HiBench,
each with three input datasets. Figure 17 shows the average
speedup and optimization time reduction for each program.
Swift still significantly outperforms CherryPick. This indi-
cates that Swift is robust in significantly different clusters and
workloads, which is helpful for practice use.

Speedups. Figure 18 shows the speedups of the four ap-
proaches compared to the default configurations. We can see
that Swift achieves slightly higher speedups but still with
much shorter optimization time.
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Figure 19: The performance of Spark WordCount tuned by the
configurations selected by ON, CherreyPick (BO), and Swift
during iterations. The X axis denotes the iteration number.

Figure 20: CPU utilization of Fixwindow tuned by Swift and
with default configuration. The X axis represents samples.

5.4 Insight and Discussion

Swift skews the search space. In Swift, mixing randomly
and GAN-generated configurations has the effects of skewing
the search space toward the optimal configuration, leading
to faster convergence. In contrast, with uniformly random
configurations, CherryPick searches in a uniform space. Fig-
ure 19 shows the performance of configurations selected in
each iteration in Swift and CherryPick. We can see that, Swift
converges faster and more smoothly without fluctuation.
Case study. Finally, we deeply analyze on Fixwindow.
Swift accelerates it by 10.7x compared to the default configu-
ration. Figure 20 and Figure 21 show the comparison of CPU
and memory utilization comparison. We see that CPU utiliza-
tion is increased by around 7.5% but the memory utilization is
drastically reduced from 46.8% to 20.1%. From such results,
we understand that the performance improvement is due to

Figure 21: Memory utilization of Fixwindow tuned by Swift
and with default configuration. The X axis represents samples.
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Figure 22: The importance quantification of configuration
parameters for Fixwindow with respect to performance. The
descriptions of the abbreviations along X axis are in [44].

the busier CPU with reduced memory accesses.

We further investigate how the parameters affect perfor-
mance, taking Fixwindow as an example. Figure 22 shows
the 5 parameters affecting the performance most significantly.
The increases of TRHB, CDII, and CDAL improve Fixwin-
dow’s performance while those of PLDT and TNNA decrease
the performance. The three parameters that positively cor-
relate with performance are all related to memory. TRHB
specifies whether we should enable bloom filter for the hybrid
hash join operations in Fixwindow. Bloom filter is a bit vector
which is a probabilistic data structure telling us that the ele-
ment is either definitely not in the set or may be in the set. The
default configuration sets it to false while Swift set it to true
because Swift is able to detect if a lot of operations’ values
are in a set. The usage of bloom filter therefore reduces the
memory consumption, which increases the CPU utilization.

Limitations. Although Swift demonstrates excellent perfor-
mance, it still has several shortcomings. First, Swift was tested
exclusively in single workload scenarios and may not fully
generalize to complex data processing environments with
concurrent workloads (i.e., workloads co-running to maxi-
mize hardware resource utilization). Future work is needed to
address this limitation. Second, Swift requires the setting of
several thresholds that are inherently tied to specific cluster
environments. For instance, if there is a change in cluster
hardware—such as replacing x86-based server CPUs with
ARM-based ones—these thresholds may need to be reconfig-
ured accordingly, posing challenges for system adaptability.
Third, when dealing with extremely large input data sizes,
such as 10 PB, the process of generating even a single trial
configuration becomes prohibitively expensive. In such cases,
Swift may struggle to operate efficiently.
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6 Related Work

CherryPick [2] employs BO to optimize cloud configurations.
It suffers the drawback of the polarized and unstable quality
of configurations. Selecta [27] takes latent factor collaborative
filtering and singular value decomposition to recommend near-
optimal storage configurations with few samples. Ernest [54]
builds a performance model via the job behavior and then
predicts its performance on larger dataset sizes.

Another line of efforts use machine learning to build per-
formance models, including DAC [64], RFHOC [4], Otter-
Tune [1],QTune [29], Rafiki [35], Startfish [22], and gray-box
based approaches [5], etc. However, the cost of collecting
samples is expensive. In contrast, Swift reduces the cost signif-
icantly. Other search-based approaches take parameter tuning
as a black-box optimization issue and uses variant search algo-
rithms to find the optimal configurations [6], including Best-
Config [67], Mronline [30], SelfTune [26], OPPerTune [42]
and Gunther [32]. They can be applied to general scenarios.
However, the key limitation is that they take a long time to find
the optimal configuration since they evaluate each randomly
generated configuration on a real cluster, e.g., OPPerTune
requires 252 samples to tune parameters [42], which is time-
consuming. In contrast, Swift reduces this time significantly.

Simulation-Based Approaches. Simulation models can
capture both the internal metrics of systems and the externally
observed workload relationships including [33, 55, 56] and
[38]. These approaches need to probe system internals and
is hard to cover all factors that can affect performance. In
contrast, Swift works well on real big data systems.

Rule- and Analytical Model-based Approaches. Rule-
[57,60,61] and analytical model-based [19,20] approaches
leverage the experiences of human experts (e.g., tuning in-
structions) to tune parameters for computing systems. They
can quickly improve performance. However, deep understand-
ing of the target system is required, which is not easy for
emerging systems. In contrast, Swift does not need that.

7 Conclusion

This paper proposes Swift, a novel Bayesian Optimization
(BO) based parameter configuration tuning approach for big
data systems. The key idea is to leverage a generative adver-
sarial network (GAN) to generate high quality configurations
based on the evaluated configuration with the highest per-
formance. Mixing these configurations with the randomly
generated configurations has the effects of skewing the search
space toward the optimal configurations, leading to faster con-
vergence and less optimization time. In particular, our results
show that Swift is able to achieve better performance than all
existing approaches.
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