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ABSTRACT

Cost in Function-as-a-Service computing is influenced by a number of factors. One of
these factors is the amount of memory reserved during the deployment of serverless
functions. Reservation of an excessive amount increases costs unnecessarily. On the
other hand, decreasing this amount increases the function execution time, which is
also a factor that contributes to cost. Moreover, insufficient memory can degrade the
quality of service. In this thesis, we propose an automated approach for optimizing
the amount of memory to be reserved for serverless functions. First, we measure the
running time of a given function in various memory settings and derive a regression
model. We define an objective function and a set of constraints based on this regres-
sion model and the configuration space. We obtain a nonlinear integer programming
model, which is solved to determine the optimal memory setting for minimizing cost.
We evaluate our approach with an industrial case study on the use of Amazon Web
services in the context of Smart Home applications. We show that our approach is
effective in accurately estimating the impact of memory settings on runtime perfor-
mance and determining optimal settings leading to significant cost reductions. It is

also useful in detecting functions with performance issues.
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OZETCE

Hizmet olarak islev (Function-as-a-Service) mimarilerinde fiyatlandirma bir ¢ok faktor
hesaba katilarak yapilmaktadir. Bu faktorlerden birisi, bir bulut servis saglayiciya
konuslandirilan islev i¢in ayrilacak olan hafiza miktaridir. Hafiza miktarinin ytiksek
secilmesi fiyatlandirmay gereksiz arttiracaktir. Diger yandan hafizanin diisiik secilmesi
fiyatlandirmada rol oynayan diger bir faktor olan galigma stiresini arttiracaktir. Ayrica,
yetersiz hafiza miktar: islevin kalitesini de diigtirecektir. Bu tez ¢calismasinda, sunucusuz
islevler i¢in ayrilan hafiza miktarini otomatik olarak eniyileyen bir yaklagim sunulmak-
tadir. Ik olarak soz konusu islevin farkh hafiza degelerindeki performans dlciimleri
kullanilarak bir regresyon modeli olugturulmaktadir. Konfigiirasyon uzay1 ve re-
gresyon modeli kullanilarak amac fonksiyonu ve kisitlari belirlenmektedir. Bu ver-
ileri kullanarak elde edilen dogrusal olmayan programlama modelininin ¢éziimii ise
secilmesi gereken en iyi hafiza miktarini vermektedir. Onerilen yaklagimi degerlendir-
mek i¢cin Amazon Web hizmetlerinin kullanildigi bir Akilli Ev Sistemleri Bulut Uygu-
lamast kullanmilmigtir.  Onerilen yaklagim ile islevlerin cahsma performanslari 207
ontinde bulundurularak en diiglik seviyede fiyatlandirma ve istenen kaliteyi saglayacak
hafiza secimlerinin yapildigi goriilmiigtiir. Ayrica, bu yaklagimin kullanilmas: ile bazi

islevlere iligkin performans problemlerinin de tespit edilebildigi ortaya ¢ikmigtir.
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CHAPTER 1

INTRODUCTION

Function-as-a-Service (FaaS) paradigm takes the granularity of cloud computing to
the function level [1]. Hereby, serverless functions are defined as single-purpose, state-
less functions. They are invoked through the Internet and hosted by cloud providers,
who are responsible for provisioning and managing servers where these functions are
deployed. There are several cloud providers that support such a model. Amazon Web
Services (AWS) Lambda Functions [2], Microsoft Azure Functions [3], Google Cloud
Functions [4], and IBM Cloud Functions [5] are all examples of the FaaS model.

Economic benefits of serverless computing heavily depend on the execution behav-
ior of deployed functions [6] and the application workload. Serverless functions that
are developed by application providers are deployed on servers of cloud providers.
They get executed by application users who make use of these functions. Applica-
tion providers need to pay cloud providers for the computing resources used while
these functions are getting executed. The pricing is based on several factors. One of
these factors is typically the amount of memory reserved for the deployed function [2].
Reservation of excessive memory increases costs unnecessarily. On the other hand,
decreasing the amount of available memory increases the function execution time,
which is also a factor that contributes to cost [2]. Moreover, insufficient memory can
degrade the quality of service.

In this thesis, we introduce an approach! for optimizing the amount of memory to
be reserved for the deployed serverless functions and a tool FACT (FAaS Cost mini-

mization Tool) that automates this approach. The tool is composed of 3 components.

LA preliminary version of the approach was published [7] as a conference paper and presented as
a poster at the 36th ACM/SIGAPP Symposium On Applied Computing.



The first component analyzes the runtime performance of a given function in various
memory settings and derives a regression model. This component can be replaced or
adapted for various platforms such as AWS and Google Cloud. The second compo-
nent is a generic configuration optimizer. It automatically creates a nonlinear integer
programming model based on the performance model obtained from the first compo-
nent and configuration options as input. The model is solved by a generic solver to
determine the optimal memory setting for minimizing cost without compromising the
required quality of service. The last component is a function profiler, which measures
the performance of the function for the optimized configuration settings and generates
a report.

To the best of our knowledge, this is the first study that focuses on the FaaS
paradigm for optimization and that aims at minimizing costs for the application
provider. There have been many studies in the literature on the optimization of
computing resources in cloud computing. However, these studies have focused on the
provisioning of virtual servers [8, 9, 10], optimization of the use of resources by these
servers [11, 12] or job/service scheduling [13] on these servers.

We present an evaluation of our approach with an industrial case study on the
use of AWS in the context of Smart Home applications. Our case study involves 30
real functions as experimental objects. Results show that our approach is effective
in accurately estimating the impact of memory settings on runtime performance.
These estimations are useful in two ways. First, they help in determining optimal
settings leading to significant cost reductions in case the allocated memory is more
than actually required. Second, they can be used for detecting functions that are
prone to performance issues.

The remainder of this thesis is organized as follows. In the following Chapter, we
provide background information on serverless functions and AWS Lambda functions

in particular. In Chapter 3 we summarize related studies. In Chapter 4, we introduce



our approach. We introduce our case study and discuss the results in Chapter 5.

Finally, we conclude the thesis in Chapter 6.



CHAPTER 11

AWS LAMBDA FUNCTIONS

AWS Lambda [2] is a serverless computing platform that supports the FaaS paradigm.
Customers of this platform deploy their code together with a set of specifications
including the input/output of the function and a set of configuration settings. AWS
Lambda executes functions in response to events and it automatically manages the
computing resources required by the executed functions. It currently supports many
programming languages like JavaScript, Java, Python, Go, C#, F# and Ruby.
Amazon CloudFormation [14] is the service that handles the management of AWS
resources for the deployed functions based on their specifications. The input and
output of functions are specified with JavaScript Object Notation (JSON) [15]. In
addition, a template file must be specified. This is also a text file, which can be either
JSON or YAML [16] formatted. Amazon CloudFormation initializes the necessary
resources based on this template file, which basically lists the set of resource require-
ments as a set of option blocks. A sample template specification of a service and a

Lambda function in YAML is provided in Listing 2.1.



AttachPolicyFunction:
Type: ’AWS::Serverless::Function’
Properties:

FunctionName: !Join

- - omega_attach_policy_

- IRef Environment

- J )

1
2
3
4
5 _ o
6
7
8
9

- IRef BlueGreen

10 Handler: ’iotpolicy.AttachPolicy::’
11 VpcConfig:

12 SecurityGrouplds:

13 SubnetIds:

14 Runtime: java8

15 CodeUri:

16 Key: !Ref BucketFilelJar

17 Bucket: !Ref BucketName

18 MemorySize: 512

19 Environment:

20 Variables:

21 CustomerPoolId: !'Ref PoolId

22 CustomerClientId: !Ref ClientId
23 configResource: !Ref Environment
24 region: !Ref Region

25 databaseDriver: !'Ref DBDriver

26 databaseUrl: !'Ref DBUrl

27 databaseUser: !'Ref DBUser

28 databasePassword: !Ref DBPassword
29 IOTMQTTClient: !'Ref TIotMqttClient
30 Role: !Ref ExecutionRole

31 Timeout: 15

32 Tracing: Active

Listing 2.1: A sample template specification of a service and a Lambda function in

YAML format.



Listing 2.1 shows a part of the template specification regarding a real Amazon
Lambda function, which is one of the experimental objects in our case study. The
listing shows several properties (Lines 3-32) of this function named AttachPolicy. The
name of the function instance (i.e., FunctionName) is created dynamically by con-
catenating a set of strings and values (Lines 4-9). The native function Join performs
this concatenation. Another intrinsic function, Ref returns the value of a resource,
which is specified in another template file. So, a hierarchy of template files can be cre-
ated and resources can be referenced from other template files by their name. We can
see in Listing 2.1 that the majority of the properties are defined via such references.
The handler class for the function (i.e., Handler) is the second property specified
(Line 10) after FunctionName. The rest of the properties are grouped under Virtual
Private Cloud (VPC) Configuration settings (i.e., VpcConfig) between lines 11 and
32 in Listing 2.1. The majority of these settings are further grouped as environment
variables (Lines 19-29) including those that are necessary for configuring a database
connection (Lines 25-28). The Code Uniform Resource Identifier (URI) property (i.e.,
CodeUri) that is specified between lines 15 and 17 includes two attributes: an ex-
ecutable jar file and the Amazon Simple Storage Service (S3) bucket. Some other
settings we can see in Listing 2.1 include the runtime environment (set as Java 8 in
line 14), memory size (set as 512 MB in line 18) and time out duration (set as 15
seconds in line 31). These properties can also be altered in the deployment phase
via the AWS Command Line Interface (CLI). We used this interface to automate the
control of services and execution of our experiments through scripts.

Application providers deploy their AWS Lambda functions by providing the nec-
essary configuration settings as illustrated in Listing 2.1. The setup process is steered
by these settings. Once deployed, AWS Lambda functions can be accessed by the
application end users. The cost of each function invocation depends on its memory

configuration and execution time. Pricing of the service is based on a pay-per-usage



model. The overall cost is calculated as shown in Equation 1 below.
cost =t x ¢ x (m/1024) X p (1)

The contributing terms in Equation 1 represent the following:

t: average function execution time in seconds

e ¢: invocation count

m: allocated memory in MB
e p: price per invocation in $

Note that m does not represent the (average) amount of memory used during
function execution. AWS Lambda charges for full provisioned memory capacity.
Therefore, memory capacity, which is allocated but not utilized, increases the cost
unnecessarily. On the other hand, low memory capacity can increase the function
execution time, which is also a contributing factor (¢) for the overall cost. Even
worse, insufficient memory capacity can make the function unavailable and degrade
the quality of service. Hence, the optimal memory allocation must balance memory
and runtime performance without violating resource and configuration constraints.

In the following Chapter, we explain our approach for cost minimization.



CHAPTER II1

RELATED WORK

Minimization of costs and optimal utilization of computing resources in the context
of cloud computing have been studied in the literature for more than a decade [10, 12,
13]. These studies can be divided into three categories. These categories are based
on the types of problems addressed as explained below.

The first problem is minimizing the cost for the customers of cloud providers
while provisioning virtual servers. Some of these studies try to address the problem
for the use of a particular cloud provider. For instance, an optimization approach
was proposed [9] for the allocation of virtual machines on Amazon Elastic Compute
Cloud (EC2) based on load levels of applications. Two other algorithms [8] were
previously proposed to optimize the cost of provisioning virtual servers on Amazon
EC2 considering both long-term and short-term utilization. There have been also
efforts to minimize the cost of provisioning virtual servers from multiple, alternative
cloud providers [17].

The second problem is to minimize the costs for cloud providers by optimal use of
physical resources. One of the approaches [11] that focus on this problem, optimizes
resource utilization of physical machines based on workload prediction of virtual ma-
chines in cloud data centers. Data transfer among physical servers also constitutes
a major factor of costs in these centers. Therefore, a nonlinear programming based
approach [18] was proposed to minimize the cost of data transfer among servers. This
was proposed as an alternative for the standard nearest source approach adopted by
Amazon CloudFront [19].

The third problem is about effective scheduling of jobs or services. This is also



related to the second problem because the goal is to attain the optimal use of re-
sources from the perspective of cloud providers. There exist a study [20] that aims
at minimizing service response time by controlling service deployment and service
request scheduling in dynamic cloud environments. Another study [21] proposes task
scheduling techniques for cost minimization in hybrid clouds. Hereby, cost can be
measured in various terms such as price, performance and energy. For instance, en-
ergy consumption can be minimized in data centers by effective scheduling [22].
Optimization efforts reported in the literature so far have focused on resource uti-
lization of cloud providers and cost minimization for virtual server allocation by their
customers. To the best of our knowledge, there have been no studies yet that aim
at minimizing costs from the application provider perspective in the FaaS paradigm.
There are three parties in this paradigm: cloud provider, application provider and
end user. Application providers deploy their functions on servers provisioned by cloud
providers. However, they do not reserve a particular (virtual) server for this purpose.
They only specify basic requirements such as the amount of memory that should be
available. Functions get executed when end users access the corresponding applica-
tions. Then, the pricing for the application providers is determined by the number of
function invocations and computing resources used during these invocations. In the
following Chapter, we present our approach and tool that can be used for minimizing

costs for application providers.



CHAPTER IV

THE TOOL AND THE OVERALL APPROACH

Figure 1 depicts our overall cost minimization approach that is automated with our
tool FACT. FACT is available online! and it is composed of 3 main components: 1)

Performance Analyzer, ii) Configuration Optimizer and i) Function Profiler.

Serverless Performance
Function Analyzer
Performance
Model
Configuration Confiquration Performance
Space 4’[ Opt?mizer Measurements

Deployment Function
Configuration Profiler

Tool Input/Output Data flow
KEY: ;
Component Artifacts :

Figure 1: The overall approach and components of FACT.

https://github.com/ozgursedef/fact
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Performance Analyzer takes the serverless function to be deployed as input. It
executes the function in various memory settings and measures its running time for
every setting multiple times. The algorithm explains in Appendix B.

Measurements are currently repeated 10 times for every memory setting that is a
multiple of 64 MB. The average of measurements for each setting is recorded. Then
regression analysis (curve fitting) is performed to find a model that describes the
relation between the available memory for the function and its running time. A
sample result of the regression analysis for one of the functions used in our case study
is depicted in Figure 2. Hereby, the relationship is modelled as a power function [23].
Performance Analyzer tries to fit alternative functions and computes the correlation
coefficient for each fitting to find a model with a strong correlation. The performance
of functions that are used as experimental objects in our study (See Concept 5) were

best modelled with either a linear function or power function.

80
70 17
60
50 &

40 +N\

time (ms)

30 + o~

o

10 +

0 I I I I I I

500 1000 1500 2000 2500 3000

memory (MB)

Figure 2: Result of the regression analysis for one of the functions (F1) used in the
case study (See Table 1).
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Configuration Optimizer takes the result of regression analysis as input. This
result is actually the running time (¢) as a function of the available memory (f(m))
as depicted in Figure 22. This function is used both for defining the objective function
and for defining one of the constraints in the optimization process since ¢ must be
kept below a certain limit for not compromising the quality of service. The second
input of Configuration Optimizer is the configuration space for the deployment of a
serverless function. This basically specifies the possible memory settings that can be

used. The model used for optimization is listed in Equations 2-7.

z=minm x f(m) (2)
s.t.

m < MAX, (3)

m > MIN, (4)

m —w x STEP =0, (5)

w >0, (6)

f(m) < LIMIT (7)

The objective (Equation 2) is to minimize m x f(m). f(m) gives the running time
of the function, ¢ in terms of m. These two factors, m and ¢ are the only controlled
contributing factors for cost (See Equation 1). The first 4 constraints are defined
based on the configuration space. The first and second constraints (Equations 3 and
4) define the maximum (MAX) and minimum (MIN) memory settings available,
respectively. The third and the fourth constraints (Equations 5 and 6) specify the
step size (STEP). These two equations basically enforce that m is a multiple of STEP,

i.e., m = 0mod(STEP). For instance, one can allocate memory for AWS Lambda

2 Regression analysis results for the other functions can be found in Appendiz A
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functions as multiples of 64 MB. Hence, the STEP parameter should be set as 64
for AWS. The last constraint (Equation 7) specifies the limit on ¢ (LIMIT), which is
specified as a function of m (i.e., f(m)) as derived by Performance Analyzer. The
model listed in Equations 2-7 is instantiated with concrete values for parameters
MAX, MIN, STEP, LIMIT and solving this model instance provides the optimal
value of m for the server configuration.

Configuration Optimizer uses the GEKKO Optimiation Suite [24, 25] to solve the
nonlinear model listed in Equations 2-7. The model is instantiated for each function
based on the configuration space of the function and the performance model provided
by Performance Analyzer. A code snippet from FACT is shared in Appendix B, which
illustrates the use of GEKKO for solving the constructed optimization model. Note
that this is a generic model and it can be provided to any generic integer nonlinear
programming solver such as Couenne [26] in principle.

Function Profiler takes the optimized configuration (i.e., the optimal m value com-
puted) and runs a number of tests to observe the behavior of ¢ for this configuration.
We currently set the number of tests as 100. Function Profiler reports performance
measurements as output. These measurements show the variation in runtime perfor-
mance of the function and they can be used for validating that ¢ remains below the
specified limit. One might consider starting over with the process and iteratively re-
fine constraints in case expectations are not met according to the output of Function
Profiler. In the following Chapter, we present an industrial case study conducted to

evaluate our approach.
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CHAPTER V

INDUSTRIAL CASE STUDY

In this Chapter, we introduce our case study on Smart Home applications being
developed and maintained at Vestel!, which is one the largest consumer electronics
companies in Europe. Vestel develops and maintains many AWS Lambda functions,
which are used by/for smart home appliances all over the world. In addition to the
products of its own, Vestel is producing these appliances for 157 different brands
from 145 different countries [27]. Home appliances were historically standalone elec-
tromechanical devices only. However, they have been transformed into smart Internet
of Things (IoT) products [28] such as smart TVs, smart ovens, smart refrigerators,

smart air conditioners and smart washing machines.

RDS MySql _
o A\ 5 Appliances
Applications API Gateway A\ )— ¢ED . ;] —
Y e = [
0= — g =
: r?(‘d \ | - " - o
Authorizer i\ » gl » Il =
=
Lambda . by

Functions |OT Core

Figure 3: An overview of the use of AWS Lambda functions in the context of Smart
Home applications.

Figure 3 depicts the use of AWS Lambda functions in the context of Smart Home
applications. Hereby, a request that is sent by application users is first authorized with
client identification and user pool signature. The Application Programming Interface

(API) Gateway dispatches successfully authorized requests to corresponding Lambda

thttp:/ /www.vestel.com.tr

14



functions, which execute the service logic. Some of these functions can execute queries
on a database. Some of them can control home appliances. Amazon IoT Core [29]
facilitates a publish/subscribe mechanism, where all these appliances get connected
as [oT devices.

We conducted a case study by selecting 30 AWS Lambda functions as our exper-
imental objects (See Table 1). We applied our approach for optimizing the memory
settings for these functions, which are maintained and deployed by Vestel for its Smart
Home applications. We aimed at answering the following research questions with our

case study:

e RQ1: Is it possible to estimate the performance impact of memory settings

accurately?

e RQ2: How much cost reduction can be achieved without compromising the

quality of service?

The first question is about the accuracy of our estimation, which is used for
defining the objective function and constraints of the optimization model. The second
question is about the usefulness of the approach. Given that we can give a positive
answer for RQ1, we would like to know if our approach can reduce costs when applied
to real life systems.

We describe our experimental setup in the following subchapter. Then we present
and discuss the results. We conclude the Chapter by elaborating on threats to validity

of our case study.

5.1 FExperimental Setup

Table 1 lists the AWS Lambda functions used in our case study. The first column
enumerates these functions. The second column lists the programming languages
used in their implementation. The third column lists the lines of code for each func-

tion. The fourth and the fifth columns specify whether these functions access to any

15



other external services, and a database, respectively. The last column lists the maxi-
mum latency allowed for each function as performance requirements. Hence, function
execution times are not supposed to exceed these values.

Table 1: AWS Lambda functions that are used as experimental objects in the case
study.

Usage of Access to  Latency
Func. # Lang. LOC other services Database Limit (ms)

F1 Java 48 No Yes 400
F2 Java 72 Yes Yes 800
F3 Node 75 Yes Yes 400
F4 Node 91 Yes No 400
F5 Node 101 Yes Yes 400
Fo6 Node 114 No Yes 400
F7 Java 527 Yes Yes 800
F8 Node 138 Yes Yes 400
F9 Node 50 No Yes 400
F10 Java 102 Yes Yes 400
F11 Java 78 Yes Yes 400
F12 Node 156 No Yes 400
F13 Java 96 Yes Yes 400
F14 Node 123 Yes Yes 400
F15 Java &9 No Yes 400
F16 Java 56 No Yes 800
F17 Java 78 Yes No 800
F18 Java 83 Yes No 800
F19 Java 145 No Yes 800
F20 Java 167 Yes Yes 800
F21 Java 185 Yes Yes 800
F22 Java 176 Yes Yes 800
F23 Java 198 Yes Yes 800
F24 Java 134 Yes Yes 800
F25 Node 145 No Yes 400
F26 Go 76 Yes Yes 400
F27 Java 89 No Yes 800
F28 Go 67 Yes Yes 400
F29 Java 124 Yes Yes 800
F30 Java 98 Yes Yes 800

The specified values are set as the LIMIT parameter in the optimization model

(See Equations 2-7) Note that the function f(m) that is derived by Performance

16



Analyzer provides an estimation of the expected execution time of a given function,
rather than the worst-case execution time.

There are 3 additional parameters other than the LIMIT parameter for initializing
the optimization model provided in Equations 2-7. These parameters are listed in
Table 2 together with the values assigned for each. These values are determined
based on the configuration space currently provided by AWS Lambda. Hereby, the
minimum (MIN) and maximum (MAX) amounts of memory that can be allocated for
a serverless function are 128 MB and 3,008 MB, respectively. The STEP parameter
is set as 64 since the amount of memory allocated can only be a multiple of 64. We
calculated the correlation coeflicient, r of regression [23] and analyzed performance
measurement reports of Function Profiler to answer RQ1. We calculated the amount
of cost reduction achieved per function invocation to answer RQ2. We present and

discuss the results in the following subchapter.

Table 2: Parameter values used in the case study.

Parameter Value

MAX 3008
MIN 128
STEP 64

5.2 Results and Discussion

Results on the accuracy of estimation are listed in Table 3. Hereby, the second column
lists the correlation coefficient, r of regression for each subject function. The smallest
r value is obtained as 0.75 for F8 and F14. Even this value is interpreted as strong
correlation [23]. We can observe that r values are above 0.9 for half of the functions.
These values suggest very strong correlation. The third column lists the estimated
running time for the optimal memory setting. The last 3 columns are obtained from
Function Profiler. They list the minimum and maximum running times measured as

well as the mean of all the measurements. These values show that test results are
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Table 3: Results regarding the accuracy of estimation.

Estimated  Measured ¢ values (ms)

Func. # r  tvalue (ms) min max  mean
F1 0.88 20 779  80.25  25.16
F2 0.91 790.75 384.72 819.89 498.77
F3 0.92 56.70 9.51 58.7  25.32
F4 0.96 70.45 11.62  67.51  35.08
F5 0.85 43.54 10.52  75.81  29.41
F6 0.87 57.73 7.3 59.05  21.21

EF7 0.85 786.22 448.86 941.89 576.26
F'8 0.75 376.88 141.01 440.17 209.17
F9 0.78 108.64 78.71  289.68 126.19
F10 0.92 198.37 104.11 667.39 202.42
F11 0.96 390.29 192.07 418.37 265.61

F12 0.82 98.83 4411  220.19 79.21
F13 0.93 396.32 103.94 318.35 166.40
F14 0.75 68.42 24.32  155.6  47.83

F15 0.83 326.16 170.35 864.86 366.10
F'16 0.90 T07.37 0323  941.04 656.68
F17 0.87 782.32 603.89 983.03 736.04
F18 0.95 789.42 359.28 879.53 466.36
F19 0.90 794.82 571.05 907.57 708.45
F20 0.90 795.98 573.02 841.43 685.24
F21 0.92 790.59 327.25 674.8 430.56
F22 0.92 404.99 255.11 445.79 329.93
F23 0.91 370.48 134.19 776.33 317.01
F24 0.87 793.66 517.16 908.86 641.98

F'25 0.86 73.46 27.2 15229 69.54
F'26 0.76 117.46 8.75  393.35 272.58
F27 0.90 789.89 350.63 922.03 499.81
F'28 0.77 91.71 23.68 296.41 118.45

F29 0.82 756.15 425.77 787.88 543.40
F'30 0.91 725.78 433.46 798.43 548.49

consistently close to the estimations. The box plot in Figure 4 and Figure 5 shows
the overall distributions of all the measurements performed by Function Profiler for
all the functions that are enumerated on the x-axis. Time measurements are all in
milliseconds as listed on the y-axis. We can see that measurements are mainly clus-

tered around the estimated value and several minimum and maximum values actually
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represent outliers. Hence, we can conclude regarding R()1 that it is indeed possible
to estimate the performance impact of memory settings accurately by performing

regression analysis.

800 . . .

700

600

Time (ms)
2
S o
(=) (=]

W
[=
[=]

200

“ £
100 é

H I:H. *o® & 0
—F—
o} (wesm v

B e
& - @
Rl
1 -|pime
o - {feme

- HB—ie oo

Figure 4: Runtime performance measurements for functions F1 - F15.
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Figure 5: Runtime performance measurements for functions F16 - F30.

Results on the amount of cost reduction are listed in Table 4. Hereby, the second

column lists the allocated memory for each function, which is set as 512 MB by
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default. The third column lists the optimized memory settings. The last column
lists the amount of profit that is gained as a result of the change of settings. The
amount of profit is calculated in US dollars, per one million invocations of a function.

We can see that cost reduction was possible for 16 of the 30 functions, where the

Table 4: Results regarding the amount of cost reduction.

Default memory Optimal memory  Profit per 1M
Func. #  setting (MB) setting (MB)  invocations ($)

F1 012 128 6.26
F2 012 1152 -
F3 012 128 6.26
F4 012 128 6.26
F5 512 128 6.26
F6 012 128 6.26
F7 012 1344 -
F8 012 256 4.17
F9 512 128 6.26
F10 012 320 3.13
F11 012 1728 -
F12 012 128 6.26
F13 012 768 -
F14 012 128 6.26
F15 512 320 3.13
F16 012 2944 -
F17 012 2880 -
F18 012 1344 -
F19 012 2624 -
F20 012 2688 -
F21 012 1024 -
F22 012 2368 -
F23 012 384 2.78
F24 012 1728 -
F25 512 128 6.26
F26 512 128 6.26
F27 012 1216 4.17
F28 012 128 6.26
F29 012 1536 -
F30 012 1536 -

optimized memory setting turns out to be less than 512 MB. These listed figures
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might seem insignificant at the first sight. However, they lead to significant cost
reductions due to a high number of connected devices and an excessive number of
function invocations. There will be around 400,000 new connected home appliances
within this year according to the forecast of the Vestel Sales Department. Some of
these devices communicate with serverless functions very frequently. For instance, a
smart oven currently performs 70 function calls during a single cooking cycle of one
hour. As a result, some of these functions are expected to be called at least hundreds
of millions of times by the end users of appliances every month. Moreover, these
numbers are expected increase every year. Hence, we can conclude regarding R()2
that significant cost reduction is possible by utilizing our approach.

An additional finding of our case study was about the 14 out of 30 functions, for
which cost reduction was not possible. In fact, the optimal memory settings turned
out to be higher than 512 MB for these functions. The overall cost can still be the same
or lower due to the increased latency. However, we did not calculate the actual cost
for these functions. The latency values for them were not acceptable anyhow. Some of
them were subject to known performance issues as reported from the field. Thundra?
was being used as a framework to speed up these functions. Thundra provides warm-
up support for AWS Lambda functions to prevent cold starts. It facilitates periodic
invocation of a set of functions, for which a set of important objects can be created
to be available beforehand. Eventually, some of the 14 functions were refactored due
to performance issues. Some of them were implemented from scratch. Therefore, our
approach was useful for not only reducing costs but also detecting performance issues.

We discuss the threats to validity of our study in the following section.

Zhttps://github.com /thundra-io/thundra-lambda-warmup
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5.3 Threats to Validity

We have performed a single case study in the context of a company. Therefore, it
is subject to an external validity threat [30]. More case studies can be conducted in
different contexts to increase the generalizability of results.

Our conclusions are supported by statistically significant correlations between our
estimations and measurements. However, our measurements are subject to internal
validity threats since we do not have the complete control of the overall environment.
Runtime performance can be affected by many factors including network delays. We
repeated our measurements multiple times to mitigate internal validity threats. Nev-
ertheless, it is very hard, if possible, to estimate the worst-case execution time of
serverless functions. Our regression model provides an estimation of the expected
runtime performance. Therefore, one might consider to include an additional offset

while determining a threshold limit of latency for optimizing the memory settings.
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CHAPTER VI

CONCLUSION

We introduced an automated approach for optimizing the amount of memory to be
reserved for servers where serverless functions are deployed. In our approach, we
use a regression model to relate available memory and the runtime performance of
a function. Then, we define a nonlinear integer programming model for optimizing
the allocated memory to minimize costs without violating configuration and quality
constraints. We evaluated our approach with an industrial case study on the use of
Amazon Web services in the context of Smart Home applications. We applied our
approach on 30 real AWS Lambda functions. We showed that our approach is effective
in accurately estimating the impact of memory settings on runtime performance and
determining optimal settings leading to significant cost reductions. Our results also

pinpointed performance issues caused by default settings.
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APPENDIX A

RESULTS OF REGRESSION ANALYSIS FOR ALL

FUNCTIONS OF THE SMART HOME CASE STUDY
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Figure 6: Result of the regression analysis for F1.
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Figure 7: Result of the regression analysis for F2.
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Figure 8: Result of the regression analysis for F3.
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Result of the regression analysis for F4.
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Result of the regression analysis for F5.
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Figure 11: Result of the regression analysis for F6.
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Figure 12: Result of the regression analysis for F7.
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Figure 13: Result of the regression analysis for F8.
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Figure 14: Result of the regression analysis for F9.

28

3000



time (ms)

time (ms)

450 +

400 4

350

300 +

250

200 —

150 +

100

50 +

500 1000 1500 2000 2500 3000

memory (MB)

Figure 15: Result of the regression analysis for F10.
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Figure 16: Result of the regression analysis for F11.
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Figure 17: Result of the regression analysis for F12.
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Figure 18: Result of the regression analysis for F13.
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Figure 19: Result of the regression analysis for F14.
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Figure 20: Result of the regression analysis for F15.
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Figure 21: Result of the regression analysis for F16.
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Figure 22: Result of the regression analysis for F17.
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Figure 23: Result of the regression analysis for F18.
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Figure 24: Result of the regression analysis for F19.
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Figure 25: Result of the regression analysis for F20.
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Figure 26: Result of the regression analysis for F21.
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Figure 27: Result of the regression analysis for F22.
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Figure 28: Result of the regression analysis for F23.
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Figure 29: Result of the regression analysis for F24.
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Figure 30: Result of the regression analysis for F25.
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Figure 31: Result of the regression analysis for F26.
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Figure 32: Result of the regression analysis for F27.

37

3000



time (ms)

time (ms)

140

120

100

80

60

40

20 +

4500 —

4000

3500

1500

1000

500

500 1000 1500 2000 2500 3000

memory (MB)

Figure 33: Result of the regression analysis for F28.
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Figure 34: Result of the regression analysis for F29.
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APPENDIX B

USE OF GEKKO FOR OPTIMIZATION

from gekko import GEKKO
import numpy as np

import sys

#Initialize Model
m = GEKKO(remote=True)

#define parameter

max = m. Const(value=3008)

min = m. Const ( value=128)

step = m. Const (value=64)

limit = m. Const(value=400)

a = m. Const (value=sys.argv[2])

b = m. Const (value=sys.argv[2])

#initialize variables
x = m.CV(integer=True)

w = m. Var(integer=True)

#lower bounds
x.lower = min

w.lower = 0

#upper bounds

X.upper = max

#equations
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m. Equation(x — w * step = 0)

m. Equation (a*x+b<=limit)

#objective
#min by default

m. Obj (a*x**2+b*x)

#set global options
m. options .IMODE = 3 #steady state optimization

m. options .SOLVER = 1 #set integer non—linear programming

#solve simulation

m. solve ()
print ()

print ( "Result ")

print ('x:.’ + str(x.value))
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APPENDIX C

FACT USER MANUAL

FACT tool aims at minimizing the cost of deployed serverless functions from the appli-
cation provider perspective. Detailed information regarding the tool can be obtained
at the Wiki page! of the GitHub repository that includes 3 separate Java 8 Maven
projects. One of these projects, configuration optimizer, uses the GEKKO python3
framework. AWS Command Line Interface (CLI) is used for executing lambda func-
tions. The tool can be installed using the command below at the root project folder,

where the pom.xml file takes place:

mvn clean; mvn install —DskipTests

The usage of the tool for the overall approach involves 3 stages:

Performance Analyzer reads lambda function configurations from a file and exe-
cutes the function under various memory settings. It calculates power/linear regres-
sion results for the next stage. Configuration Optimizer reads power/linear regression
results and calculates the optimum amount of memory to be allocated for the func-
tion.

Function Profiler executes the function for 100 times, where the allocated memory
is determined by the previous stage. This stage verifies if the allocation is enough for

keeping the latency of the function under a specified LIMIT.

C.1 Performance Analyzer

In the fact/performance analyzer/src/main/java/com/vestel /iot /App.java class there

exist the following variables that can be altered for specific configuration options.

"https://github.com/ozgursedef/fact/wiki
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static final int internalLoop = 10;
static final int MINMEMORY = 128;
static final int MAXMEMORY = 3008;
static final int STEP = 64;
Use the commands below for compilation:
cd performance analyzer
mvn clean; mvn install —DskipTests
This step is for retrieving function parameters from the lambdaConfiguration.json
file that is located at the folder fact/(root). These parameters include the name of
the lambda service and payload, if any available, e.g.,
"service”: { ”"name”:” example_service_name”, "payload”:” {\” example
\77:\77 payload\”}?? }
This stage prints the results exported to the performance model.txt file for the
predicted values. It prints out the regression analysis results to the r results.txt file.
To run and debug: Use VsCode Studio run and debug feature in the fact/perfor-

mance analyzer/src/main/java/com/vestel/iot/App.java class

C.2 Configuration Optimizer

Python3 GEKKO library is used to calculate non-linear programming model results.
Use the commands below for compilation:
cd configuration_optimizer
mvn clean; mvn install —DskipTests
This step is for reading function regression results from the r results.txt file that
is located at the folder fact/(root). It prints optimization results to the o results.txt
file.
To run and debug: Use VsCode Studio run and debug feature in the fact/config-

uration optimizer/app/src/main/java/com/vestel /iot/App.java class
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To run standalone:

python3 configuration_optimizer/app/scripts/pr.py —a a —b b —min m —

index 1 —limit 1

C.3 Function Profiler

Use the commands below for compilation:

cd function_profiler

mvn clean; mvn install —DskipTests

This step is for reading function optimization results from the o results.txt file
that is located at the folder fact/(root). It prints optimization results to the plot

data.txt file.

To run and debug: Use VsCode Studio run adn debug feature in the fact/function

profiler /app/src/main/java/app/App.java
C.4 Adding a new cloud provider to the source code

In the repository, open performance-analyzer project. Under performance-analyzer

root folder simply go;

fact /performance_analyzer/src/main/java/com/vestel/iot/
— App.java

— AwsCli.java

— ConfigurationManager . java

— LinearRegression.java

— PowerRegression. java

— Service.java

A new cloud provider java class should be created with implementing Cloud-

Provider.java interface with following override methods;

fact /performance_analyzer/src/main/java/com/vestel /iot/

— Gcloud. java
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public class Geloud implements CloudProvider{

@OQOverride

public void setMemory(double memorySize) throws IOException {

//logic for set memory using gcloud cli

}
@OQOverride

public String invoke() throws IOException, InterruptedException {

//logic for invoking Google Function

//Simply parse duration and return

1

Finally new cloud provider java class instance should be created at App.java file.

CloudProvider c¢p = new Gcloud{service}
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