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Improving Resource Efficiency of
Performance-Optimized In-Memory Big Data
Analytics With a Hybrid Static Dynamic Approach

Le-Le Li®, Wei-Chung Hsu
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Abstract—Leveraging dynamic resource allocation (DRA) or
machine learning (ML) to tune the configuration parameters of
big data analytical applications (e.g., Apache Spark) for optimal
performance is popular currently. However, we find that big
data applications tuned by DRA or ML techniques typically
waste substantial resources. To address this issue, we devise
a hybrid static dynamic mechanism to squeeze resources
from these applications without degrading performance. The
static mechanism, named GAP, squeezes the gap amount of
resources between an application’s peak used and allocated
resource amounts before it starts its next execution. The dynamic
mechanism, called a-CAP, dynamically determines whether more
resources can be squeezed in a fine-grained time interval manner.
We implement our GAP and o-CAP mechanisms atop YARN
and call it PRESSER. We employ all 103 TPC-DS queries and
six Hibench workloads to evaluate it. The results show that
PRESSER can improve the average CPU and memory utilization
of our cluster by 31% and 20%, respectively. Consequently,
it doubles the throughput of the experimented Spark cluster
without degrading performance. Furthermore, compared to two
most recent performance-resource co-optimization frameworks,
PRESSER squeezes at least 1.5 x more CPU or memory resources
than them with high performance guarantee.

Index Terms—Data analytics,
performance-resource optimization.

resource efficiency, spark,

1. INTRODUCTION

ECAUSE of the higher performance compared to Apache

Hadoop, Apache Spark [1] has become the de facto stan-
dard of big data analytical platform in cloud computing. A
typical Spark application generally runs in an iterative manner
(e.g., every hour or day) [2], [3], [4], each run with different
data. One Spark cluster typically consists of hundreds or even
thousands of dedicated physical servers [5]. Spark applications
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therefore consume a large portion of CPU cycles as well as
memory in cloud data centers.

Making the execution time of a Spark application as short as
possible is important for both customers and cloud providers.
A large body of performance optimization studies have there-
fore been conducted by tuning the configuration parameters.
These studies can be classified into rule-based [6], cost-model-
based [7], [8], and machine learning-based [4], [9], [10], [11]
approaches. Currently, machine learning-based approaches are
increasingly popular. Cloud giants such as Microsoft and Al-
ibaba pervasively employ dynamic resource allocation (DRA)
or machine learning (ML) to tune the configuration parameters
of their in-memory big data analytical applications (e.g., Spark)
for optimal performance [2], [12]. We call these tuned appli-
cations MLOS (ML-Optimized Spark) or DRAOS (Dynamic
Resource Allocation Optimized Spark) applications.

Optimizing resource efficiency is another concern for cloud
operators. For the same performance of an application, cloud
providers hope it consumes resources as few as possible. For
the same amount of resources, cloud providers hope as more as
possible applications can be served. In other words, the resource
utilization should be as high as possible. However, even with the
state-of-the-art cluster management and scheduling techniques,
the cluster resource utilization is still not as high as desired
(e.g., <45%) [13]. However, we find that MLOS or DRAOS
applications do not necessarily optimize resource efficiency. In-
stead, they waste substantial resources. For instance, we observe
that over 40% of the allocated memory is wasted for MLOS
applications on average in our experiments (see Section II-C).

On the other hand, recent studies, including Restune [14],
GeneralBO [11], and UDAO [15], [16], try to co-optimize the
performance and resource efficiency at the same time for Spark
applications. However, Restune and GeneralBO rely on ML-
based performance models which need a long time (high over-
head) to collect a large number of training examples. UDAO
designs a unified framework using multi-objective optimization
to co-optimize the performance and CPU cost of a Spark ap-
plication. However, it could not improve resource efficiency for
the application during execution.

To improve resource efficiency of performance-optimized
Spark applications, we face three challenges. The first one is
how to quickly quantify the over-allocated amount of CPU and
memory resources for a MLOS or DRAOS application before
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execution. Second, during execution, we observe that there is
a large and varying unused resource amount between allocated
and actual used ones for a MLOS or DRAOS application. It
is challenging to dynamically squeeze unused resources from
the application during execution without degrading its perfor-
mance. Third, since the total squeezed amount of resources
dynamically varies because the squeezed applications exit ran-
domly, it is challenging to correctly re-provision them for co-
located applications to improve cluster utilization.

To address the above issues, we propose a hybrid static dy-
namic mechanism named PRESSER to optimize the resource
including CPU and memory efficiency of MLOS or DRAOS
applications with low overhead. The static mechanism, named
GAP, squeezes the gap amount of resources between a MLOS or
DRAOS application’s allocated and peak used resource amount
before it starts its next execution. The dynamic mechanism,
called a-CAP dynamically determines whether more resources
should be further squeezed from it or not during execution.
If the application’s used resource amount is less than the «
percentile of the allocated one, a-CAP squeezes resources from
it. The squeezed amount is the gap amount between the o
percentile allocated and the used resource amounts. Otherwise,
a-CAP would not squeeze resources. Moreover, we devise a
resource pool to store the squeezed resources and supply them
dynamically for other co-located applications to improve cluster
resource utilization.

In particular, this paper makes the following contributions.

e We find that optimizing performance of a Spark applica-
tion (MLOS or DRAOS application) by ML-based config-
uration tuning or dynamical resource allocation does not
necessarily optimize its resource efficiency.

e We propose a hybrid static dynamic mechanism named
PRESSER to safely squeeze resources from MLOS or
DRAOS applications without degrading their perfor-
mance, and provide the squeezed resources for other co-
located applications.

e We evaluate PRESSER on a 6-node cluster by all 103
SparkSQL queries from TPC-DS [17] and six representa-
tive workloads from Hibench [18]. The results show that
PRESSER can squeeze 29% and 42% of CPU and memory
on average from performance-optimized applications, re-
spectively. By reprovisioning these squeezed resources to
run more applications, PRESSER doubles the throughput
of the cluster, significantly improving resource efficiency.
As aresult, PRESSER can improve the average utilization
of CPU and memory by 31% and 20% in our cluster,
respectively.

e We compare PRESSER against two recent performance-
resource co-optimization techniques, GeneralBO [11] and
UDAO [15] for Spark. The results show that PRESSER
can save at least 1.5 resources than them without degrad-
ing the MLOS or DRAOS applications’ performance.

The rest of this paper is organized as follows. Section II
depicts the background and motivation. Section III describes
the system design. Section IV depicts the experimental setup
and Section V presents the results and analysis. Section
VI describes the related work and Section VII makes a
conclusion.
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Fig. 1. An overview of spark running on Hadoop Yarn.

II. BACKGROUND AND MOTIVATION
A. Performance Guarantee for Spark Data Analytics

Apache Spark [1] has become increasingly popular for big
data analytics in cloud. Compared to Hadoop, Spark leverages
a data structure RDD (Resilient Distributed Dataset) that can
be computed in parallel to achieve significantly higher perfor-
mance. As Fig. 1 shows, a Spark application comprises a DAG
(Directed Acyclic Graph) which consists of a set of stages.
Each stage consists of a number of RDDs. At runtime, a stage
contains multiple parallel tasks and each task processes a data
partition in a RDD (e.g., P in Fig. 1).

The Spark scheduler submits the tasks within a stage to a
cluster manager to execute concurrently. A number of Spark
executors are launched on a host and each executor contains
one or more Spark tasks. Concretely, each executor performs
as a JVM process with a fixed amount of resources (e.g., m
CPU cores and n MB memory of Executor 1 in Fig. 1) and
each task is a thread.

The resource efficiency, as well as performance of a Spark
application are influenced by a large number of configuration
parameters [9] because they specify the resource amount (e.g.,
CPU core
and memory size) used by an application [2], [4]. For example,
spark.executor.cores specifies the number of CPU cores allo-
cated to an executor and spark.executor.memory specifies its
memory size.

Currently, tuning the configuration parameters is widely used
for cloud providers to achieve near-optimal performance and
guarantee the SLA (Service Level Agreement) for customers
[11], [13]. In this paper, we assume the SLA for a Spark ap-
plication is that its runtime should be below a user-specified
threshold, which is also in line with prior work [3], [19]. We
set different SLAs obtained from the test by Databricks [20] for
various queries (e.g., 57 seconds for TPC-DS Q1), as shown in
Fig. 2. Prior studies have proposed many configuration tuning
approaches to guarantee SLA. Among these, the ML-based
ones are widely used by cloud giants, such as Tencent and
Alibaba [2], [11]. We call such Spark applications tuned by
machine learning (ML)-based methods MLOS (ML-Optimized
Spark) ones. Another popular resource configuration tuning
approach is Dynamic Resource Allocation (DRA) [21], which
is a rule-based tuning approach provided by Apache Spark. We
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Fig. 2. Both MLOS and DRAOS TPC-DS queries guarantee the perfor-
mance SLA given by DataBricks [20]. DRA+ML-optimized (ML+DRA) spark
applications achieve similar performance with MLOS ones.

TABLE 1
INTRODUCTION TO MLOS AND DRAOS APPLICATIONS

MLOS
Performance optimization

DRAOS
Performance optimization

Similarities by configuration tuning by configuration tuning
Leveraging ML to tune Scaling executors up and

Differences a large number of down during execution
configuration parameters based on pending tasks

Examples LOCAT [9], DAC [4] DRA [21]
Considering the complex impact

Advantages on performance from a large Easily deploy and adaptive

number of parameters
(e.g. over 30 parameters [11])

to workload changes

Prone to over-request
executors due to
maximum threshold
as 231 — 1 [11]

Multiple executions are required
to find near-optimal parameters
for an application

Disadvantages

use the term DRAOS to represent the applications tuned by
DRA. DRAOS is also widely used in industry due to its ease
of use, such as Microsoft [12]. In short, Table I summarizes
the similarities, differences, advantages, and disadvantages be-
tween MLOS and DRAOS applications.

We conduct an experiment in our 6-node cluster to show
that the performance of a DRAOS or MLOS TPC-DS query
can satisfy its performance SLA tested by DataBricks [20], as
shown in Fig. 2. In detail, the P50 (50-percentile), P75, P90,
P99, and maximum SLAs over these 103 TPC-DS queries are
58,130, 387, 747, and 750 seconds, respectively. In contrast, the
P50, P75, P90, P99, and maximum execution times for MLOS
queries are 31, 66, 111, 134, and 167 seconds, respectively.
As for DRAOS applications, these execution times are 41, 67,
150, 244, and 256 seconds, respectively. Although DRA+ML-
optimized (ML+DRA) applications can be feasible, their per-
formance is close to MLOS because MLOS applications have
already fine-tuned the resource related parameters for a Spark
workload, making DRA less effective.

B. Recurrent and Long-Running Data Analytics

A large fraction of data analytics including MLOS or
DRAOS applications in shared-nothing enterprise clusters are
usually periodic and long-running [3], [4], [11], [13], [19], [22].
That is, hundreds of thousands of MLOS or DRAOS jobs peri-
odically run on dedicated clusters where container technology
like Docker [23] is widely deployed and each Spark executor
runs within a container, such as MaxCompute of Alibaba [24].
For example, 75% of more than 1.7 million daily Spark jobs
are periodic (hourly, daily, etc) at ByteDance [13]. Furthermore,
most customers at Azure HDInsight use Spark SQL to run their
ETL workloads periodically [22]. Additionally, these recurrent
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Fig. 3. Execution time comparison for five MLOS applications with/without

removing resources. MLOS-2E, MLOS-4E, MLOS-8E denote removing two,
four, and eight executors per MLOS application, respectively. MLOS-2C and
MLOS-4C represent removing (2 CPU cores, 2 GB RAM) and (4 CPU cores,
4 GB RAM) from each executor.

data analytics are usually stable and long-running [25]. For
example, a previous analysis [22] of 90,224 daily Spark produc-
tion applications across 3,245 clusters at Microsoft shows that
around 70% of the applications do not share compute resources
with others in the same cluster during execution. Besides, Mor-
pheus [3] presents that the average runtimes of five typical types
of Spark jobs at Microsoft are 173s, 605s, 1400s, 6300s, and
24570s.

C. Motivation

Although MLOS or DRAOS applications can satisfy SLA
well, we observe salient resource inefficiency exists in these
applications by the following experiments.

1) MLOS Applications With Fewer Resources: We con-
duct an experiment by providing fewer CPU and mem-
ory resources for MLOS applications to observe how their
performance changes. The input data sizes for all these MLOS
applications are S00GB. To represent different resource utiliza-
tion for Spark applications, we select three queries with pro-
nounced resource bottlenecks from the TPC-DS [26] and make
them as MLOS applications as described in Section IV-B. They
are 4, @22, and Q88. Q22 is CPU-bound, Q4 is memory-
bound, and (88 is regarded as /O-bound according to the
analysis in [26]. In addition, we randomly pick up two other
queries (e.g., @15 and @50) from TPC-DS.

We try two approaches to provide less CPU and memory
resources for a Spark application: (1) decreasing the number
of Spark executors (e.g., MLOS-E shown in Fig. 3) or (2)
decreasing the number of CPU cores and memory size per Spark
executor (e.g., MLOS-C shown in Fig. 3). Fig. 3 compares
the execution times of five example MLOS applications with
or without providing less resources using the two approaches
above. Each application runs seven times and the average exe-
cution times are plotted.

We made a couple of interesting observations here. For one,
MLOS-2E, MLOS-2C, and MLOS applications without re-
sources reduction achieve almost the same execution time on
average. This indicates removing a small amount of resources
yields marginal performance degradation and still guarantees
SLA. Second, by removing more resources from these MLOS
applications, their performance degrades differently. In detail,
MLOS-8E or MLOS-4C produces only moderate performance
degradation (i.e. < 5% slowdown) for three MLOS queries
while making significant slowdowns for Q4 and )22. In partic-
ular, MLOS-8E results in 9% and 30% slowdowns for (4 and
(222 compared to the MLOS ones, respectively. Note that these
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Fig. 4. CPU utilization of five example MLOS applications (y-axis) and

x-axis denotes their execution times in seconds. The CPU utilization is
calculated by using the number of allocated CPU cores to divide that of
the used ones. P — 202 denotes the number of peak used CPU cores by Q15
is 202 and A — 260 denotes the allocated number of CPU cores for Q15 is
260. The maximum CPU utilization (78%) for Q15 is given by the ratio of
the number of peak used CPU cores (202) over that of allocated CPU cores
(260). the same applies to other MLOS applications.

numbers might be significantly different on different hardware
platforms since performance related metrics highly depend on
the hardware capabilities. In summary, these observations indi-
cate that it is highly possible to squeeze an appropriate amount
of resources from each MLOS application to improve resource
efficiency while guaranteeing SLA.

2) CPU Utilization of MLOS Applications: To answer why
squeezing some resources does not influence a MLOS applica-
tion’s performance, we observe its resource utilization during
execution. We define CPU utilization by using the number of
allocated CPU cores to divide that of the used ones. Fig. 4
illustrates the CPU utilization of the same five example MLOS
applications used in Section II-C1. As can be seen, the CPU
utilization is generally low at most time during their executions.
For example, ()50’s average CPU utilization is as low as 32%.
For another example, although the peak CPU utilization of the
CPU-bound query, (222, is the highest among them, its average
CPU utilization is still only 30%.

Moreover, Fig. 4 shows that there are large gaps between the
allocated number of CPU cores (e.g., A — 189) and the number
of peak used CPU cores (e.g., P — 140) of the applications
except for 22. In detail, the numbers of over-allocated CPU
cores for applications 4, @15, @50, and ()88 are 49, 58, 63,
and 54, respectively.

In addition, Fig. 4 shows that during up to 50% of Q15’s
execution time, its actual consumed CPU cores are below 30%
of its allocated ones. It is only around 8% of (15’s execution
time when it uses the largest number of CPU cores. In summary,
the time for the five MLOS applications when they use the
peak number of used CPU cores is short and the peak number
is less than that of allocated CPU cores except (Q22. Previ-
ous studies also made similar observations for non-optimized
applications [25].

3) Memory Utilization of MLOS Applications: We now
investigate the memory utilization of MLOS applications. As
shown in Fig. 5, like CPU cores, the memory of the five exam-
ple MLOS applications is severely under-utilized as well. For
example, 88 consumes at most 56 GB of memory during its
execution which occupies only 46.7% of its allocated memory
(120 GB). Among the five MLOS applications, Q22 has the
largest over-provisioned (up to 75%) while the memory-bound
query, (@4, achieves the smallest but still wastes 27% of its
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Fig. 6. CPU utilization of five example DRAOS applications with input data
of 500 GB and x-axis denotes their runtimes in seconds.

allocated memory. On average, 47.2% of the allocated memory
is wasted for the five MLOS applications. This implies that
substantial memory resources can also be squeezed from a
MLOS application without degrading its performance. In ad-
dition, since performance optimization is the only objective to
make MLOS applications, configurations with insufficient re-
sources can not satisfy performance SLA with high probability
and will not be chosen by ML-based modeling methods (e.g.,
Bayesian optimization [9]).

4) CPU/Memory Utilization of DRAOS Applications: After
knowing the low resource efficiency of MLOS applications, we
intend to know that for DRAOS applications. To this end, we
reuse the aforementioned five queries again with the input data
of 500 GB and observe their resource utilization. Fig. 6 shows
the CPU utilization for them. Compared with CPU utilization
of MLOS applications in Fig. 4, the DRAOS application, (22,
is able to achieve 100% utilization for a longer duration. It
indicates DRAOS applications achieve better CPU resource
efficiency than the MLOS ones.

However, the CPU utilization of four DRAOS applications is
below 70% and there are also large gaps between the peak used
and allocated CPU resources of them except ()22. This indicates
that a large number of idle CPU cycles can be effectively saved
from them and leveraged by other applications. As for memory,
Fig. 5 shows that the memory utilization of the five DRAOS
applications is below 60% on average. This indicates that sub-
stantial memory can be squeezed from DRAOS applications
as well.

Why are some DRAOS applications over-provisioned with
CPU or memory resources? The answer is that DRA uses the
exponential algorithm [21] to boost up the number of Spark
executors when having pending tasks. Moreover, the maximum
number of executors that the cluster can allocate is 23! — 1
by default. A task only needs one CPU core to execute, but a
Spark executor is a resource bundle of CPU cores and memory.
Thus, there would be substantial over-provisioned resources if
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the number of increased executors is significantly larger than
that of the pending tasks. For instance, suppose that a Spark
executor maps to a task and consider a scenario where a DRAOS
application has four pending tasks at a certain time interval. The
DRA requests one and two other executors to run three tasks
for the first and second time interval, respectively, according to
its exponentially increasing policy [21]. When the third time
interval arrives, this DRAOS application still has one pending
task. This time, DRA still requests four new executors for only
one task, which wastes resources.

5) Avoiding resource over-allocation by merely setting
larger degree of parallelism than CPU core count: One may
think that the resource over-allocation can be prevented by
merely setting the degree of parallelism (DOP) larger than the
CPU core count. Indeed, it may work in some cases. However,
since DOP interacts with not only CPU core count, but also
memory, it is highly possible to degrade the performance and in
turn violate SLA in more cases. To confirm this, we conduct an
experiment using the memory-bound query Q4. We first make
it as a MLOS application and record its execution time, which
is 134 seconds. Next we set the DOP as 3 times its allocated
amount of CPU cores and run Q4 five times. We find the average
execution time of @4 is 187 seconds, which is larger than its
SLA threshold (150 seconds) due to insufficient memory for
Spark tasks during execution.

III. PRESSER ARCHITECTURE

We have demonstrated that substantial CPU and memory
resources are wasted by MLOS (Machine Learning based Op-
timized Spark) and DRAOS (Dynamic Resource Allocation
Optimized Spark) applications for guaranteeing SLA. We now
describe how to squeeze resources from them without violat-
ing performance SLA. To this end, we design a hybrid static
dynamic mechanism named PRESSER and implement it by
container technology.

A. Overview

Fig. 7 shows that PRESSER consists of four components: re-
source usage monitor (RUM), static resource squeezing (SRS),
dynamic resource squeezing (DRS), and resource collection
pool (RCP). (1) RUM monitors the number of allocated CPU
cores and memory size, the number of used CPU cores and
memory size during the execution of a DRAOS or MLOS ap-
plication. (2) SRS firstly leverages RUM to observe the number
of allocated CPU cores and memory size, as well as the number
of peak used CPU cores and memory size of the last execution
of an application; subsequently, SRS squeezes the gap amount
of resources between the allocated and the peak used resource
amount before the application starts its next execution. Since
SRS squeezes resources from a MLOS or DRAOS applica-
tion before its execution, this technique is termed as a static
mechanism named GAP. (3) DRS uses the RUM to observe the
resource usage in a fine-grained time interval (e.g., one second)
during the application’s execution and dynamically determines
whether it should squeeze resources by detecting whether the
used resource amount is less than the « (it is determined in
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Fig. 7. An overview of PRESSER.

Section III-D) percentile of allocated resource amount. As DRS
squeezes resources from a MLOS or DRAOS application during
execution, it is a dynamic mechanism and we name it as « -
CAP. (4) RCP is used to store the squeezed resources and offer
them for other co-located Spark applications.

B. Resource Usage Monitor (RUM)

RUM monitors the following information of each MLOS or
DRAOS application. First, it records the number of allocated
CPU cores and allocated memory size. Second, it monitors
the number of used CPU cores and used memory size in a
fine-grained time interval (e.g., one second) manner, which is
different from coarse-fined resource units such as the number
of Spark executors in Morpheus [3]. Third, RUM calculates and
records the number of peak used CPU cores, peak used memory
size, o percentiles of the number of allocated CPU cores and
memory size, average number of used CPU cores, and average
used memory size. This data is collected by the resource usage
monitoring tool of containers (e.g., docker stats [23]) and it
consumes less than 0.1% CPU utilization at each time interval
and uses only a few KBs to store the collected data in total.

On the other hand, MLOS or DRAOS applications run pe-
riodically with different input data sizes in production [9]. To
adapt to this change, RUM constantly computes the variances
of the average used CPU cores and memory sizes over the last
three runs. If the variance of an application is larger than a
pre-defined threshold, RUM instructs SRS to stop squeezing
resources until the variance is below the threshold, guaranteeing
the application’s SLA.

Further, RUM has a module called Workload Classification to
use the resource usage information to classify the monitored ap-
plication into three performance bottleneck types: CPU-bound,
memory-bound, and network-bound. RUM determines whether
an application is bottlenecked at one resource if it achieves high
utilization of that resource in a certain time window. For exam-
ple, given the resource usage of a MLOS application, when its
CPU utilization is above 80% and the corresponding time is
longer than 50% of its total execution time, RUM classifies it
as a CPU-bound one. This similar approach is used to classify
memory or network-bound ones.

For network-bound queries (e.g., 88), PRESSER could
squeeze substantial amounts of CPU or memory resources from

Authorized licensed use limited to: Chinese University of Hong Kong CUHK(Shenzhen). Downloaded on August 11,2026 at 18:23:40 UTC from IEEE Xplore. Restrictions apply.



3276

Algorithm 1: Static Resource Squeezing

Input: e,,e., e, are values of executor count, core count per
executor, and memory size per executor in Spark, respectively.
Input: ¢ is CPU-bound, Memory-bound, or 10-bound.
Input: R is the fined-grained time-series of resource utilization
of a MLOS or DRAOS application’s latest run.
Output: s., s,, are the total amount of squeezed CPU cores and
memory, respectively.
Output: a.,a,, are the adjusted values of core count and
memory per executor, respectively.
D Cq < €n X €cy,Mg < €n X Em
: PeyPm + PEAK(R) > peak CPU and memory used amounts
0 8e + max(0,cq — pe), Sm — max(0,mq — pm) > gap
amounts
. if ¢t # CPU-bound then
ac=ec— [2=]
end if
if s, > ey, Xy & t # Memory-bound then
Um = €y — [ 22="2X2 | 1 reduce memory size per executor
9: end if "
10: storeSqueezedResourceInRCP(sc, sm)
11: return a., am
12: function PEAK(R)

W N =

> reduce CPU core count per executor

AN A

13: ¢; <+ time series of CPU usage extracted from R
14: m; <— time series of memory usage extracted from R
15: Pe < argmaxc;
16: Pm arémax mi
i
17: return p., pm

18: end function

them before and during execution. For CPU-bound queries,
SRS and DRS may not squeeze any CPU resources from it
to protect its SLA. However, their over-allocated memory still
can be squeezed. As for memory-bound queries (e.g., Q4),
PRESSER can not squeeze memory resources from it but can
squeeze CPU resources. Finally, if one query is both CPU-
and memory-bound, SRS and DRS will be disabled in order
to protect its performance SLA.

C. Static Resource Squeezing (SRS)

After extracting the resource usage time series of a target ap-
plication (i.e., MLOS or DRAOS), as well as its bottleneck type
from RUM, the GAP mechanism in SRS statically squeezes
over-allocated resources from this application before its next
execution, as shown in Algorithm 1. The key idea is to leverage
the resource usage of the target application’s latest execution to
determine the amount of over-allocated resources for its next
run. GAP first computes the actual allocated amount of CPU
and memory resources (c, and m, at Line 1) for the application
in this run. Next, given resource usages of its latest execution
R, GAP checks the number of its peak used CPU cores and
memory size in R (Line 2). GAP in turn computes the amount
of over-provisioned resources as the gap amount between the
allocated and the peak used resource amount for CPU cores and
memory, respectively (Line 3).

Next, GAP squeezes the over-provisioned resource by re-
ducing the resource requirement from the target application’s
configuration before submission (Lines 4-10). In detail, GAP
decreases the number of CPU cores and memory size within
each Spark executor to squeeze resources (Lines 5 and 8).
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Fig. 8. How «-CAP dynamically squeezes CPU resources from a MLOS
or DRAOS application per second. Y-axis denotes the number of used CPU
cores. When the CPU utilization of the application is below the o percentile
of allocated resource amount w, a-CAP squeezes the difference of CPU cores
between w and its actual consumed CPU cores at times ¢ and t3.

On the other hand, GAP leverages two safety strategies to
guarantee the SLA of a target application. First, if this appli-
cation is CPU- or memory-bound as inferred by RUM, GAP
would not squeeze the corresponding resource from it (Lines 4
and 7). Second, as most in-memory data analytical frameworks
are Java-based systems, GAP adds a safety factor ~y (e.g., 500)
to ensure each Spark executor has sufficient memory to avoid
out-of-memory errors at the next execution. Consequently, if
the amount of squeezed memory is below the guard amount
of memory (e.g., e, X v MB), GAP would not squeeze any
memory resource from it (Line 7).

D. Dynamic Resource Squeezing (DRS)

The a-CAP mechanism further dynamically squeezes the
unused resources of a MLOS or DRAOS application during its
execution. The resources of this application have already been
squeezed by SRS and we call it a SRS squeezed application.

Fig. 8 shows how a-CAP squeezes CPU resources from a
SRS squeezed application at a fine-grained time interval. At the
beginning, similar to that in SRS, a-CAP would not squeeze
CPU resources from the application if it is CPU-bound. Other-
wise, at each interval (e.g., one second), if the number of CPU
cores used by a SRS squeezed application, u, is less than the
a percentile of allocated CPU core count, w, a-CAP would
squeeze the gap amount of CPU cores between w and its actual
CPU core count consumed from this application, which is (w
- u) cores. The squeezed CPU cores are added into RCP. For
example, a-CAP squeezes (w — u;) and (w — us) of CPU cores
at times ¢1 and t3, respectively, because the numbers of used
CPU cores are smaller than w. If v is larger than w at time
to, a-CAP temporarily pauses and does not squeeze any CPU
cores from the application. Moreover, the RCP allocates CPU
cores from the resource collection pool to this application to
guarantee its SLA. A similar approach applies to dynamically
squeezing more memory resources from this application.

An important question for a-CAP is how to determine the
appropriate value of o without violating the SRS squeezed ap-
plication’s SLA. If «v is too large (e.g., 100%), the application’s
performance would be degraded since too many resources are
squeezed from it. In this case, when the amount of input data
surges unexpectedly at the next interval, the SRS squeezed ap-
plication is unable to allocate sufficient resources immediately
to process the input data and causes performance degradation.
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Algorithm 2: Determination of « in Several Executions

Input: opt denotes the optimized runtime of a MLOS or DRAOS
application with SLA guarantee.

Input: jct is the runtime of its latest execution.

Input: « is initialized with 60% and flag = False.

Qutput: res is the determined value of a.

1: function ADJUSTPERCENTILE(jct, opt, o)

2 Aloss = Let=ort

3 if Aloss < 2% then

4: res =

5: r = random(0, 1)

6: if exp(— A loss) > r then

7 a=a+5%

8: else

9: a=a+2%

10: end if

11: flag = True > « has been increased
12: Run the application with updated « and record jct

13: ADJUSTPERCENTILE(jct, opt, «)

14: else > Loss is >= 2%
15: if flag = False then

16: a=a—10% > Decrease a to reduce loss
17: Run the application with updated « and record jct
18: ADJUSTPERCENTILE (jct, opt, &)

19: else
20: return res > Determination of «
21: end if
22: end if

23: end function

On the other hand, a too small « yields a limited amount of
squeezed CPU or memory resources.

PRESSER takes an empirical approach to determine the
suitable value of « by tentatively executing a SRS squeezed
application several times. Moreover, to ensure the usefulness
of o value, at each execution, a CPU-bound or memory-bound
application such as @22 or Q4 is co-located with this SRS
squeezed application to utilize the reclaimed resources and
causes performance interference for it. Additionally, note that
SRS has already squeezed some unused resources from a Spark
application and in turn reduced the total amount of allocated
resources. SRS can accelerate a-CAP to use less number of
executions to determine suitable « values.

Algorithm 2 shows the process of adjusting « in each ex-
ecution. The key idea of the algorithm is to search for an
effective o value within a wide range. Before the first execution,
PRESSER initializes o to 60% because the CPU or memory
utilization is below 60% for more than 90% of a SRS squeezed
application’s execution time in our experimental cluster. For the
next execution, PRESSER adjusts « based on the performance
loss of its last execution (Line 2). If the performance loss is
less than 2% (Line 3), it indicates that the performance of
the SRS squeezed application is influenced marginally, and «
grows larger to squeeze more resources. Furthermore, if the
performance loss is close to 0, « increases by a big stride with
high probability (e.g., 5%, Line 7). Otherwise, « increases
by a small stride (e.g., 2%, Line 9). The updated o« would
be judged whether it is suitable or not at the next execution
(Line 13). On the other hand, if the o does not grow and still
incurs a non-negligible performance loss, o should be reduced
by 10% in order to explore in a small range (Lines 15-18). If the
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Fig. 9. Q22’s CPU utilization with different input data sizes.

performance loss is larger than 2% and « has been increased,
PRESSER then sets the final value of « to the previous « of
the last execution (Line 20) and ends the whole process.

How to cope with different input data sizes for recurrent
MLOS or DRAOS applications in DRS? In fact, a-CAP can
also tolerate different input data sizes of a MLOS or DRAOS
application. The reason is that the o for a smaller input data
size is still likely to be useful for a larger one as the patterns of
their resource usages are similar because the configuration and
program codes are the same. For example, Fig. 9 plots the CPU
utilization of the CPU-bound MLOS query, (222, with input
data sizes of 100, 300, and 500 GB, respectively. As can be
seen, the CPU utilization patterns among the three datasizes are
similar since the codes and configuration of ()22 do not change,
although they have different execution times.

Further, its CPU utilization grows with the increase in input
data size. Note that the time when the CPU utilization spikes up
to 100% at around 32 seconds with input data size of 500 GB is
very short (e.g., only 2 seconds), which has marginal impact on
the overall pattern of ()22’s CPU utilization. The same applies
to memory. These findings indicate that the « value with a small
input data size can adapt to a larger one, although it might
squeeze fewer resources. This is beneficial for cloud operators
as data typically grows rapidly nowadays.

E. Resource Collection Pool (RCP)

Resource Collection Pool (RCP) is designed to store the
squeezed resource from MLOS or DRAOS applications by the
GAP and the a-CAP techniques and reprovision them for other
co-located applications. As shown in Fig. 10, RCP maintains a
data structure to map the application ID and information of its
squeezed resources, such as the number of squeezed CPU cores
(sq_cores) and memory sizes (sq_mem). RCP also monitors
the running status of the squeezed applications (status). For
example, if a squeezed application completes execution with
status changing from Running to Exit, RCP is responsible for
releasing the amount of resource squeezed from this MLOS or
DRAOS application. This is done either by lowering the avail-
able amount of resources for or even canceling the execution of
co-located applications (e.g., docker update [27]). Moreover, if
the amount of actually used resources for the squeezed applica-
tion is above the a-percentile values, RCP restores resources for
it by reclaiming resources from the corresponding co-located
applications to prevent its SLA violation.

In practice, DRS and RCP can be implemented using con-
tainer resource control techniques (e.g., docker update [27]) to
scale up or down CPU or memory resources for a MLOS or
DRAOS application running within containers.
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MLOS /DRAOS App 1 : Other Co-located App 1
squeeze | Map Data Structure %
........ app_name: name >
restore | —__ status: running PR
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: sq_cores: 20 restore :
MLOS /DRAOS App n sq_mem: 30 GB Other Co-located App n
E ......... app_name: name N@
O CPU cores <> memory
Fig. 10. An overview of RCP which stores the resources squeezed from

multiple MLOS or DRAOS applications with the GAP and a-CAP mecha-
nisms and dynamically reallocates them for co-located applications.

IV. EXPERIMENTAL SETUP
A. Experimental Platform

Our experimental cluster contains six x86 physical servers.
Each server of Ubuntu 20.04 is equipped with 48 Intel(R)
Xeon(R) Silver CPU 4214 2.20 GHz cores and 128 GB DDR4
memory. We use the resource control mechanism in Docker
25.0 [27] to dynamically control the available amount of re-
sources for an application inside a container. We deploy Apache
Spark 3.4.0 atop Hadoop 3.3.6 in our cluster.

B. Representative Applications

We use all 103 TPC-DS [17] queries with 100 and 500 GB
input data and Hibench [18] to evaluate PRESSER. TPC-DS
stores data in a complex snowflake schema containing 24 tables,
which mimics the complexity of a large retailer’s sales system
with different tables following different data distributions, such
as Poisson and skewed distributions.

For DRAOS applications, the DRA (Dynamic Resource Al-
location) mechanism is enabled in our Spark cluster, and all the
aforementioned workloads are used to evaluate PRESSER. As
for MLOS applications, we leverage the ML approach proposed
in LOCAT [9] to make workloads as MLOS applications since
LOCAT is the state-of-the-art configuration tuning study based
on Bayesian optimization (BO) for performance optimization
of Spark workloads. Specifically, LOCAT outperforms DAC
[4] using genetic algorithms and QTune [28] based on deep
reinforcement learning by factors of 2.2x and 1.9x in terms
of performance speedup, respectively.

V. RESULTS AND ANALYSIS

In this section, we first evaluate how many resources can be
saved by PRESSER for DRAOS or MLOS applications with the
SLA guarantee (see Section II-A). First, we evaluate the amount
of squeezed resources PRESSER can save for DRAOS applica-
tions. Second, we compare PRESSER against three strategies
that squeeze resources from MLOS applications. (1) LOCAT
[9]: it is a stat-of-the-art BO-based method to optimize perfor-
mance of Spark applications but does not consider any resource
efficiency. (2) Restune [14]: it employs Constrained Bayesian
Optimization (CBO) to minimize resource usage without vi-
olating the SLA constraint for cloud database systems. Con-
cretely, we set 50 iterations for each CBO training to ensure
that Restune can find the optimal resource configurations. (3)
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TABLE 11
RESOURCE SAVING RATIOS AMONG 103 DRAOS APPLICATIONS
WiTH INPUT DATA OF 100 GB

R_s_ratio Min | Avg | P50 | P75 | P90 | P99
CPU (%) 0 25 20 35 47 62 63
Memory (%) 0 29 30 37 51 74 80

TABLE III
RESOURCE SAVING RATIOS AMONG 103 DRAOS APPLICATIONS
‘WITH INPUT DATA OF 500 GB

R_s_ratio Min Avg P50 P75 P90 P99 Max
CPU (%) 0 26 20 36 53 58 65
Memory (%) 3 32 23 35 52 65 66

Morpheus [3]: it builds a resource model using integer linear
programming (ILP) for a periodic job from its historical re-
source usage patterns. Finally, we evaluate whether PRESSER
could improve resource utilization.

A. Resource Savings

We first evaluate the resource savings of a DRAOS or
MLOS application after applying PRESSER on it with resource
saving ratio defined as R_s_ratio = % x 100% where
saved Res denotes the amount of saved resources by PRESSER
for a DRAOS or MLOS application and all Res accounts for the
amount of allocated resources for the DRAOS or MLOS appli-
cation. Larger R_s_ratio indicates higher resource efficiency
with SLA guarantee for an application.

1) DRAOS Applications: After applying PRESSER on all
103 DRAOS queries with 100 or 500 GB of input data, all
these queries complete within the SLA constraints which are
discussed in Section II-A. Each DRAOS query runs five times
and its average saving ratio per query is computed.

Tables II and III show the minimum, average, maximum,
50-percentile (P50), P75, P90, and P99 resource saving ra-
tios of CPU cores and memory for all 103 DRAOS queries
with the input of 100 and 500 GB, respectively. For input
data of 500 GB, PRESSER is able to save up to 65% and
66% of CPU and memory resources. On average, the saving
ratios for CPU and memory resources are 26% and 32%, re-
spectively. Since the average allocated amount of resources
for each of the 103 DRAOS queries are 150 CPU cores and
140 GB memory, PRESSER can thus save 39 (150 x 26%)
CPU cores and 45 (140 x 32%) GB memory on average per
query.

In addition, since each physical node in our cluster has 48
Intel(R) Xeon(R) Silver-4214 CPU cores and 128 GB DDR4
memory, each core costs around 16.6% and each GB memory
about 2% according to the customer prices on Intel and Amazon
websites [29], [30]. PRESSER thus saves 647.4$ (16.6 x 39)
for CPU and 90% (2 x 45) for memory costs per query on
average. Concretely, PRESSER saves 498, 896, 1311, 1444,
1610, and 0% at P50, P75, P90, P99, maximum, and minimum
CPU resource saving ratios, respectively. For memory, the cor-
responding savings are 64, 98, 146, 182, 184, and 8 dollars.
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Fig. 11.  Saved CPU cores CDFs of 103 MLOS applications with input data

of 500 GB. Dashed lines show the effects of SRS and DRS, respectively.
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Fig. 12.  Saved memory resources CDFs of 103 MLOS applications.

2) MLOS Applications: For MLOS applications, PRESSER
still makes their execution times satisfy their SLAs after squeez-
ing resources. With the input data of 500 GB, Figs. 11 and
12 compare the CDFs (Cumulative Distribution Functions) of
CPU and memory resources squeezed by PRESSER, Restune,
and Morpheus, respectively. To sum up, the P50, P75, P90,
P99, minimum, average, and maximum squeezed CPU cores
for PRESSER, Restune, and Morpheus are (62, 75, 94, 104, 0,
63, 107), (30, 38, 46, 54, 0, 28, 56), and (11, 14, 24, 37,0, 12,
39), respectively. For memory, the P50, P75, P90, P99, mini-
mum, average, and maximum squeezed amounts for PRESSER,
Restune, and Morpheus are (53, 75, 93, 101, 15, 60, 103), (30,
43, 49, 56, 0, 30, 58), and (9, 12, 16, 33, 0, 10, 36) GBs,
respectively.

In particular, Figs. 11 and 12 also show the amounts of
squeezed resources for static resource squeezing (SRS) and
dynamic resource squeezing (DRS). We can see that DRS could
squeeze more CPU and memory resources than SRS because
the amount of used resources is significantly less than its a-
percentile value for most time during execution. In summary,
DRS contributes 57% and 60% to the total CPU and memory
resource savings for an application on average, respectively. In
addition, the amount of squeezed resource by SRS is larger than
that of Morpheus but smaller than that of Restune while DRS
outperforms both of them. This indicates that merely leveraging
SRS can achieve limited amounts of squeezed resources since
the gap between the allocated amount and peak used amount for
a MLOS application might be small. We need to combine SRS
and DRS together to improve resource efficiency significantly
for the target application.

On average, PRESSER, Restune, and Morpheus save 63,
28, and 12 CPU cores, and 60, 30, and 10 GB of memory,
respectively. Correspondingly, as summarized in Table IV, the
CPU saving ratios made by PRESSER, Restune, and Morpheus
are 29%, 13%, and 6%, and memory saving ratios of them are
42%, 21%, and 7%, respectively. This implies that PRESSER
squeezes 2.2x, 4.8 x more CPU cores and 2 x, 6 X more mem-
ory than Restune and Morpheus, respectively. For monetary
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TABLE IV
RESOURCE SAVING RATIOS AMONG 103 MLOS APPLICATIONS
Resource CPU Memory
Datasize | R_s_ratios(%) | Min | Max | Avg | Min | Max | Avg
PRESSER 0 77 23 0 79 44
100G Restune 0 50 12 0 46 25
Morpheus 0 40 9 0 49 11
PRESSER 0 62 29 11 85 42
500G Restune 0 47 13 0 75 21
Morpheus 0 12 6 0 25 7
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| n Mg

[CEFS
=3

CPU cores #
o

TS | AVG
B@PRESSER @mRestune @Morpheus
(b)

BA KM NW WC PR TS 1AVG
OPRESSER ERestune BEMorpheus
@

Fig. 13. Comparison for saved CPU and memory resources over six
Hibench workloads. BA-Bayes, KM-Kmeans, NW-Nweight, WC-WordCount,
PR-PageRank, TS-TeraSort.
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Fig. 14. Comparison of saving costs per MLOS query for PRESSER,

Restune, and Morpheus with input data of 100 GB (left) and 500 GB (right).

savings, PRESSER saves 1045.8% for CPU and 120$ for mem-
ory costs per query on average. In contrast, Fig. 14 shows
that the CPU and memory cost savings per query achieved by
Restune and Morpheus are only (464.8%, 60%) and (199.28,
20%), which are prominently lower than that of PRESSER. In
summary, the statistics of resource saving ratios are listed in
Table IV and monetary savings in Fig. 14.

Moreover, we use six representative workloads from Hi-
Bench to validate PRESSER’s generalizability. These six
MLOS workloads are Bayes, Kmeans, Nweight, WordCount,
PageRank, and Terasort, covering micro, machine learn-
ing, graph, and websearch categories. Fig. 13(a) shows that
PRESSER, Restune, and Morpheus harvest 47, 26, and 15 CPU
cores on average, resulting in that PRESSER saves 1.8x and
3.2x more CPU resources than baselines. Besides, Fig. 13(b)
plots that PRESSER squeezes 1.5x and 3.2x more memory
resources than Restune and Morepheus, respectively.

Why does PRESSER outperform LOCAT, Restune, and Mor-
pheus significantly in saving CPU and memory resources? First,
LOCAT only optimizes performance instead of resource effi-
ciency for a Spark application. However, different amounts of
resources may lead to identical performance (Section II-C1).
Therefore, LOCAT may leverage more resources to achieve op-
timal performance, rather than using fewer resources. Second,
Morpheus only adopts the coarse-grained resource unit (i.e.,
of Spark executors) instead of further reducing the over-
allocated resources within a Spark executor. Hence it achieves
limited resource savings. Third, Restune uses the CBO method
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Fig. 15. Process of adaptively adjusting the value of « percentile for Q69
of DRS. The x-axis denotes the indexes of its 8 executions.

(a black-box algorithm) to tune three resource configurations
of MLOS applications without SLA violations. However, since
the value ranges of CPU cores and memory size can be very
large (e.g., 1 to 600 CPU cores) in big data systems, it is hard
for CBO to find the minimum amount of resources within 50
iterations. In contrast, PRESSER is a white-box mechanism
capturing the over-provisioned amount of resources accurately
just in a few iterations. Finally, both Restune and Morpheus
focus on reducing over-allocated resources before execution
for an application, while the a-CAP of PRESSER can further
dynamically squeeze more resources from it at runtime.

B. Overhead for Determining o

How to dynamically determine a suitable value for « is
essential for PRESSER’s a-CAP mechanism. We first provide
a case study of this determination and then discuss its overhead.

Fig. 15 shows how the a percentile of DRS is adjusted for
CPU resource in eight repeated executions for Q69 which we
made it a MLOS application and have performed PRESSER’s
static resource squeezing on it. The performance SLA of (969
is 27 seconds (see Fig. 2). Initially, the percentile « is set
with a small value (e.g., 60%) to guarantee its SLA. When
the first execution terminates, the execution time of Q69 is 27
seconds. According to Algorithm 2, at the second execution, «
is increased by 5% to become 65% such that more resources
are allowed to be squeezed. The performance losses of (Q69’s
second, third, fourth, fifth, sixth, and seventh executions are still
less than the threshold 2%, so that « continues to increase by 5%
or 2% to allow a larger amount of resources to be squeezed from
269. However, the performance loss at the eighth execution is
larger than 2%. In this case, PRESSER resets the « value to
87% in the seventh iteration to avoid larger performance loss
and guarantee its SLA. Applying the similar approach of Q69
on other MLOS and all 103 DRAOS applications, a-CAP can
obtain their individually appropriate « values. Table V shows
the maximum, minimum, and average « values for them.

In addition, the overhead caused by a-CAP is 5 iterations on
average to converge for both DRAOS and MLOS applications.
Compared to history-based offline (e.g., Morpheus) or ML ap-
proaches (e.g., Restune) requiring at least tens (e.g., 60) of
executions, PRESSER takes significantly less time to squeeze
the over-provisioned resources. Note that SRS has reduced the
tunable range values of CPU and memory resources, helping
a-CAP find suitable o values quickly. Our experiments show
that a-CAP needs 2x more iterations to determine the suitable
« values without SRS.
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TABLE V
MINIMUM, MAXIMUM, AND AVERAGE o« PERCENTILE
VALUES FOR 103 DRAOS AND MLOS APPLICATIONS
WITH INPUT DATA OF 100 AND 500 GB. C - CPU,
M - MEMORY

Type DRAOS
Datasize 100GB 500GB 100GB 500GB
Resource C M C M C M C M
Max(%) 90 | 75 | 83 | 87 | 81 75 | 90 | 72
Min(%) 0 0 0 52 0 0 0 48
Avg(%) 72 | 71 75 | 74 | 68 | 65 | 72 | 67
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Fig. 16. CPU resource utilization comparison between PRESSER and
normal with input data size changing from 100 to 500 GB at 200 seconds.

C. Cluster Resource Utilization

We next evaluate whether PRESSER could reprovision the
squeezed resources to other co-located applications and im-
prove cluster resource utilization, which consists of two phases.
Taking MLOS applications for example, in the first phase, we
co-run the 103 MLOS applications on our 6-node physical
cluster and we call this cluster the Normal one. When 103
MLOS applications complete on the Normal cluster, we deploy
PRESSER on the cluster and rerun these MLOS applications,
which is the second phase. In this phase, we call our cluster the
PRESSER one. Both the squeezed resources by GAP and by a-
CAP are stored in RCP. PRESSER then leverages the squeezed
resources in RCP to co-locate 103 other Spark applications
simultaneously. Moreover, we also evaluate whether PRESSER
can adapt to varying input data sizes by dividing the evaluation
period (500 seconds) into two stages.

During the first stage from the beginning to 200 seconds,
MLOS queries are submitted with the input data size of 100 GB.
In the second stage (200-500 seconds), we increase the input
data size from 100 to 500 GB for them, as shown by the green
dashed lines in Figs. 16 and 17. However, PRESSER does not
know the input data size changes. Therefore, the DRS (Dynam-
ical Resource Squeezing, see Section III-D) of PRESSER still
maintains the « values with input data of 100 GB rather than
500 GB for these submitted MLOS queries in the second stage.
Because of the same configuration and same program codes for
the two input data sizes, the resource usage patterns are similar,
and in turn the « value can be the same, although the execution
times are significantly different.

Figs. 16 and 17 plot the comparison of CPU or memory
utilization of the PRESSER and the Normal clusters with SLA
guarantee. First, we see that the CPU or memory utilization of
the PRESSER cluster is significantly higher than that of the
Normal cluster for most time in both the first and second stages.
Especially, both higher CPU and memory utilization of the
PRESSER cluster in the second stage implies that PRESSER’s
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Fig. 17.  Memory resource utilization comparison between PRESSER and

normal with input data size varying from 100 to 500 GB at 200 seconds.

DRS is still able to squeeze CPU and memory resources to co-
run more Spark applications and double the cluster throughput,
although it retains the previous « values of 100 GB input data
when the input data size grows to 500 GB. This confirms that
the PRESSER’s a-CAP technique can adapt to the input data
size changes (see Section III-D).

Second, the PRESSER cluster uses 134 CPU cores and 363
GB memory on average per second while the Normal cluster
only uses 47 CPU cores and 246 GB memory. Divided by
the total resource capacities in our cluster, it indicates that
the PRESSER cluster can improve 31% of CPU utilization
and 20% of memory utilization per second over the Normal
cluster. As for DRAOS applications, PRESSER can improve
the average CPU and memory utilization per second by 27%
and 18%, respectively, with input data of 500 GB while still
protecting their SLAs.

D. Comparing With Performance-Resource Co-Optimizations

Two recent studies (i.e., UDAO [15] and GeneralBO [11])
propose to co-optimize resource and performance of Spark
applications by abstracting the problem as a multi-object op-
timization issue. Concretely, UDAO [15] tries to find a Pareto
optimal set of configurations to co-optimize both the execution
time and CPU core cost of an application. GeneralBO adopts
Bayesian Optimization to tune configuration parameters by for-
mulating the product of resource consumption and execution
time as the optimization objective.

Both GeneralBO and UDAO are two black-box methods
based on ML modeling, requiring a number of execution trials.
In contrast, PRESSER is a white-box approach. We further
explore whether resource efficiency can be improved further
by performing PRESSER on top of these two methods. Fig. 18
shows that PRESSER saves 22 (1.8 x) and 20 (1.7 x) more CPU
cores than GeneralBO and UDAO on average, respectively.
Moreover, Fig. 19 shows that PRESSER squeezes 17 (1.5x%)
and 20 (1.7x) more memory GBs than GeneralBO and UDAO
on average, respectively. This indicates that PRESSER’s white-
box methods can further squeeze more unused resources from
applications with performance-resource co-optimized by black-
box methods thanks to its hybrid static and dynamic squeezing
mechanism.

E. Discussion

One may think that setting the DOP (degree of parallelism)
of a SparkSQL query to 3 times the allocated CPU core count
before making it a MLOS application can prevent the CPU cores
from being over-allocated. We conduct experiments to explore
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this thought by using Q4. We first set the parallelism to 270
which is 3 times its total count of CPU cores (90 cores) allocated
to Q4. Note that the default parallelism in SparkSQL is 200 [6].
We then use ML to optimize the performance of ()4, making
it an MLOS application. We find the DOP for optimal perfor-
mance made by ML is 120 seconds and the optimal CPU core
count chosen by ML is 80. Subsequently, we apply PRESSER to
this MLOS application, Q4. It can further reduce the CPU count
to 58 without degrading performance. This indicates that using
3 times higher DOP than CPU core count does not necessarily
prevent CPU core over-allocation. Why? There are two reasons.
First, some SparkSQL applications are memory-bound or 10-
bound, higher DOP does not help it fully utilize all the CPU
cores. Second, as we show in Fig. 4, a SparkSQL application
does not use all the CPU cores at each moment during its execu-
tion duration. So, from the time-line view, there is always CPU
core over-allocation for many applications. Thanks to the fine-
grained dynamic squeezing mechanism, PRESSER can save
substantial CPU resources from the time-line view for many
MLOS applications.

VI. RELATED WORK
A. Performance Optimization of Spark Applications

A large body of approaches has been proposed to improve
the performance of Spark programs to meet the SLA. In gen-
eral, they can be divided into five categories: 1) Rule-based
approaches (e.g., Spark DRA) [6]. 2) ML-based approaches [4],
[10], [11], [31] collect a large number of training samples with
different configuration settings and build performance models
using machine learning algorithms. 3) Analytical model-driven
approaches [7], [32], [33] model the performance of Spark
workloads as a function of a number of variables, such as the
number of partitioning. 4)Simulation-based approaches lever-
age simulation results to build the performance models [34]. 5)
Dynamically resource reprovisioning [35], [36] or adaptively
tuning parameters [37] for a Spark workload at runtime is
useful. However, these works require to modify a large portion
of Spark source codes. 6) Query-plan based methods [38], [39],
[40], [41], [42] have applied deep learning or reinforcement
learning to achieve high-quality execution plans and estimations
of a query’s execution time. For example, Sun et al.[40] develop
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an end-to-end cost estimator based on deep learning to estimate
both execution cost and cardinality together for DBMS queries.
Stage [42] proposes a hierarchical execution time predictor
to address the challenges of cold-start prediction and reliable
estimation for unseen DBMS queries.

All these methods only predict or optimize the performance
of data analytics. In contrast, PRESSER primarily improves
resource efficiency with performance SLA guarantee.

B. Resource Efficiency Optimization

Recent studies of resource efficiency similar to PRESSER are
Restune [14], GeneralBO [11], UDAO [15], and modified Spark
core modules [13], [24], [43]. Restune and GeneralBO are ML-
based and black-box methods to co-optimize performance and
resource efficiency while PRESSER is a white-box approach.
UDAO [15] aims to find a set of configuration parameters
for spark data analytics through multi-objective optimization
methods to optimize performance and CPU core cost together.
Intelligent pooling [43] improves the cold-start process of Spark
clusters rather than the job-level resource efficiency. Wu et al.
[13] propose to change the interval structure of Spark work-
flow to improve resource efficiency, introducing ad-hoc new
parameters. Lyu et al. [24] propose to recommend instance-level
resource provisioning to trade-off execution time and resource
cost for Spark workloads. However, their predictor adopts a
deep neural network and requires a great amount of historical
traces to train.

Other studies [3], [11] mainly employ the coarse-grained
resource usage metric (e.g., Spark executor #) to reduce the
over-allocated resources. Conversely, PRESSER captures the
fine-grained resource usages, which can save more resources.

VII. CONCLUSION

In this paper, we propose PRESSER, a hybrid static dynamic
mechanism to squeeze resources from Spark applications with
optimized performance while guaranteeing SLA. Experimental
results show that PRESSER improves CPU and memory cluster
utilization by 31% and 20% on average, respectively.
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