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Abstract

Serverless computing has shown vast potential for data analytics applications, es-
pecially for embarrassingly parallel workloads. Nevertheless, little consideration
has been given in the literature to porting stateful applications requiring shared
state to serverless. This work closes this gap by exploring hardware resource dis-
aggregation in serverless computing, with the aim of porting to serverless stateful
machine learning algorithms, i.e., k -means clustering and logistic regression. A
set of guidelines, challenges and limitations of porting stateful machine learning
algorithms to serverless are presented in this work. Running stateful applications
on serverless architectures inherently induces overheads, as serverless functions
are not directly network-addressable, hence one must rely on a remote storage
service for storing the shared state. In this work, the feasibility of solving state-
ful machine learning algorithms is evaluated, and furthermore, optimization tech-
niques are proposed to enhance their feasibility. The performance, scalability and
overheads of the stateful machine learning algorithms running with serverless ar-
chitectures have been evaluated. The serverless implementation of the k -means
algorithm has achieved an 87-fold speedup compared to a sequential implementa-
tion of the algorithm. In terms of scalability, the serverless implementation has
achieved a scale-up factor of 0.91 with 100 concurrent serverless functions. To raise
the feasibility of the serverless implementation, intra-function parallelism has been
employed as an optimization technique to parallelize the execution of the serverless
functions, achieving up to 68% improved performances.
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Chapter 1

Introduction

The rise of serverless computing has widely propagated the democratization of massive-
scale data parallelism. By leveraging serverless computing, cloud users can today
launch thousands of concurrent stateless functions to run big data analytics workloads,
without the need of complex cluster management and the burden of managing and
provisioning cloud resources. One can seamlessly launch thousands of cores on demand,
to enable the parallel execution of machine learning algorithms over data sets in the
order of terabytes, that could typically not be stored on a single machine.

A multitude of prior works have been carried out in the context of embarrassingly
parallel data analytics workloads. However, a limited body of literature exists today
that addresses stateful distributed applications with serverless architectures. This re-
search project aims to close this gap by exploring hardware resource disaggregation in
serverless computing with the purpose of porting stateful machine learning algorithms
to serverless. Note that stateful machine learning algorithms are by nature profound
examples of stateful applications. As such, two stateful machine learning algorithms
requiring shared state will be ported to serverless in this research project, k -means
clustering and logistic regression. For instance, the k -means clustering algorithm is
highly parallelizable, however, it requires regular communication at the end of each
iteration to update and retrieve the new centroids.

The research area of this research project lies at the intersection of machine learn-
ing and distributed computing, speci�cally, serverless computing. Its objective is to
evaluate the feasibility of solving stateful applications (i.e., iterative machine learning
algorithms) with serverless architectures. Although one can enable big data analytics
workloads by launching thousands of concurrent serverless functions, there are limita-
tions related to connectivity and regarding the management of shared state between
serverless functions. Accessing remote resources will always yield a latency penalty,
regardless of the latency improvements that have been and will be achieved.

As serverless functions are not directly network-addressable, they cannot com-
municate with each other to share the state related to a machine learning algorithm
(e.g., the centroids in k -means clustering, the gradients in logistic regression). Conse-
quently, one must rely on a remote storage service for storing the shared state, which
will be used by the serverless functions to access and update the shared state, over
the network. This inherently induces communication overheads, as multiple serverless
functions must access and update the shared state from the remote storage service.
In the context of stateful machine learning algorithms, the serverless functions would
need to access and update the shared state at every iteration of the algorithm, and
consequently, signi�cant overheads can result in the case of executing hundreds of it-
erations.

7



Chapter 1. Introduction

In this research project, the Lithops1 multi-cloud distributed computing frame-
work will be used for porting stateful machine learning algorithms to serverless via
AWS Lambda Functions. The remote storage service stores mutable shared state, as
it has been opted to store the shared state in disaggregated memory (i.e., the Redis2

in-memory data structure store) rather than disaggregated storage, for the reason that
it ensures low latency and high throughput.

This research project aims to address the following three research questions:

RQ1 What challenges and limitations are encountered when porting stateful machine
learning algorithms to serverless?

The �rst research question aims to address how can stafeful machine learning
algorithms be ported to serverless, and what challenges and limitations are encountered
during this process. To address this question, stateful machine learning algorithms will
be implemented through stateless serverless functions that share state via a remote
storage service. The aim is to educate cloud users about the challenges and limitations
of porting stateful data analytics workloads to serverless.

RQ2 What are the overheads when running stateful machine learning algorithms with
serverless architectures?

The second research question aims to identify and measure the overheads that re-
sult from porting stateful machine learning algorithms to serverless. Executing stateful
machine learning algorithms on serverless architectures inherently induces communi-
cation overheads, as the serverless functions must access and update the shared state
from the remote storage service at every iteration. Furthermore, launching serverless
functions and retrieving the output of serverless functions yields additional overheads.
Moreover, signi�cant overheads can result whenever synchronizing the execution of
serverless functions at each iteration of the stateful machine learning algorithms.

RQ3 What optimizations can be made to improve the performance of stateful machine
learning algorithms running on serverless architectures?

The third research question aims to propose optimizations that make it feasible
from a performance perspective to run stateful machine learning algorithms on server-
less architectures. The purpose of the optimizations is to compensate for the overheads
that slow down the execution of the algorithms. Optimization techniques will be pro-
posed and evaluated for improving the performance of the stateful algorithms when
running on serverless architectures. Cloud providers typically provide one virtual CPU
(vCPU) per serverless function, however, a few cloud providers have upgraded their
o�ering by providing multiple vCPU per serverless function (e.g., AWS Lambda and
Google Cloud Functions). Thus, engineers can adopt a so-called intra-function paral-
lelism pattern to leverage the multi-core computing resources of a serverless function

1https://lithops-cloud.github.io
2https://redis.io
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Chapter 1. Introduction

for parallelizing its execution via threads or processes. Therefore, one of the optimiza-
tion techniques that will be explored will employ intra-function parallelism to achieve
an improved performance.

The technical contributions of this research project are the following:

� Sequential (single-machine and serial) implementation of stateful machine learning
algorithms in Python

� Serverful (single-machine and parallel) implementation of stateful machine learning
algorithms with the Python Multiprocessing API and with Lithops

� Serverless implementation of stateful machine learning algorithms with Lithops,
with two versions being implemented for each algorithm

� Validation scripts that verify the correctness of the implemented stateful machine
learning algorithms by comparing their results with the scikit-learn3 machine learn-
ing library

The research contributions of this research project are the following:

� Guidelines, challenges and limitations when porting stateful machine learning algo-
rithms to serverless

� Experiments for identifying and measuring the overheads when running stateful
machine learning algorithms with serverless architectures

� Experiments for evaluating the feasibility from a performance perspective of the
serverless implementations by comparing them to the sequential and serverful im-
plementations

� Proposing and evaluating optimization techniques that can improve the perfor-
mance of the algorithms

3https://scikit-learn.org
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Chapter 2

Background

2.1 Cloud and Serverless Computing

In recent years, cloud adoption has widely expanded in the IT industry, with the
purpose of reducing cost, increasing collaboration, mitigating risks via disaster recovery,
and achieving scalability and data availability.

Before the rise of cloud computing, IT organizations deployed software applica-
tions and systems on their privately owned physical infrastructures. For carrying out
the deployment, system administrators prepared the hardware, installed the operating
system and the drivers for each physical machine, prepared the network, and deployed
the software. The described approach is referred to as on-premises, as software is
deployed to physical hardware that is located on the premises of the organization. Al-
ternatively, this is referred to as private cloud, as the hardware is privately owned and
is not made available to the general public. One main shortcoming of this approach
is that large capital investments are required at the beginning of software projects for
purchasing hardware. Additionally, another drawback is that the hardware is being
provisioned at a �xed capacity. As resources are being provisioned at a �xed capacity,
this is problematic in the case of �uctuating workloads. Therefore, private clouds are
ine�cient, as one may have more computing resources than required for handling the
tra�c of a service, or may have less than needed to be able to support unforeseen
increases in tra�c.

Cloud computing has become a buzzword in the IT industry, and it can be con-
sidered a vague term, as it has a variety of de�nitions. Amazon Web Services (AWS)
has de�ned cloud computing as the on-demand delivery of IT resources over the Inter-
net with pay-as-you-go pricing, without the need of buying, owning, and maintaining
physical data centers and servers [1]. In [2], cloud computing has been de�ned as a
computing technique in which IT services are o�ered by massive low-cost computing
units that are connected by IP networks. Furthermore, it can be de�ned as a set of
network-enabled services that provide scalable and inexpensive computing infrastruc-
tures on demand, that are easily accessible [3]. As stated by IBM Cloud [4], cloud
computing can be de�ned as:

Cloud computing is on-demand access, via the internet, to computing
resources�applications, servers (physical servers and virtual servers), data
storage, development tools, networking capabilities, and more�hosted at
a remote data center managed by a cloud services provider (or CSP). The
CSP makes these resources available for a monthly subscription fee or bills
them according to usage.

10



2.1. Cloud and Serverless Computing

Cloud computing encompasses the applications provided over the Internet as ser-
vices and the hardware and systems software providing the services. The term Software
as a Service (SaaS) is used to refer to the services, whereas the hardware and systems
software from the data centers are called a cloud [5]. A cloud that is made publicly
available in a pay-as-you-go manner is called a public cloud, where the service being
sold is utility computing (e.g., AWS, Microsoft Azure). Cloud computing represents
the sum of SaaS and utility computing, and typically it does not include private clouds.

Figure 2.1: Cloud computing service models

There are three principal (or basic) cloud computing service models: Infrastructure
as a Service (IaaS), Platform as a Service (PaaS) and Software as a Service (SaaS). The
functions implemented by the cloud service provider for the principal cloud computing
service models are outlined in Figure 2.1. For traditional IT, i.e., on-premises, the
entire cloud stack is managed by the customer. Note that each cloud service model
provides less management responsibility for the customer, than the previous cloud
service model. Accordingly, the customer has less management responsibility with
PaaS than with IaaS, and furthermore, no management responsibility with SaaS, as
the entire cloud stack is managed by the cloud service provider.

IaaS provides essential servers, compute, storage and networking resources, and
the customer is able to access on demand the underlying cloud infrastructure. The
infrastructure resources delivered by cloud service providers are shared among multiple
customers, which are alternatively called tenants. Virtualization is used to prevent
con�icts and collisions related to software applications of di�erent tenants deployed
on the same physical machine. Customers can commonly self-provision infrastructures
via a Graphical User Interface (GUI), or via an Application Programming Interface
(API). Amazon Elastic Compute Cloud1 (Amazon EC2) and Google Compute Engine2

(GCE) are examples of IaaS.
PaaS provides a cloud platform that hosts a complete suite of infrastructures and

software systems, i.e., networks, servers, storage, operating system software, databases,

1https://aws.amazon.com/ec2
2https://cloud.google.com/compute
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2.1. Cloud and Serverless Computing

development tools, and runtime environments. Commonly referred to as application
Platform as a Service (aPaaS), it o�ers a scalable cloud platform for developing, deploy-
ing, running and managing applications. Thus, PaaS can be considered an operating
system in the cloud [6]. Heroku3, AWS Elastic Beanstalk4 and Google App Engine5

are examples of PaaS.
SaaS provides software services in the cloud that can be accessed by customers at

any time and place. With SaaS, customers are no longer required to install and run
software applications on physical or virtual machines (VMs). Furthermore, it removes
the customer's burden for software installations, maintenance, upgrades, and patches,
as these operations are outsourced to the cloud provider. Customers rent the use of
a software service in a pay-as-you-go manner, that can be accessed over the Internet,
commonly within a web browser. Google Gmail, Microsoft 365 and Slack6 are examples
of SaaS.

In the following, two emerging cloud computing service models will be presented,
Backend as a Service (BaaS) and Function as a Service (FaaS), which represent the
core serverless o�erings of public cloud providers. Before introducing BaaS and FaaS,
one must �rst be acquainted with serverless computing.

Serverless computing, or more simply Serverless, is an emerging paradigm for the
deployment of software applications in the cloud. The term serverless can be confusing,
as one may think that there are no servers involved. However, servers do exist, but their
provisioning and management is handled by the cloud provider. Therefore, serverless
can be indeed described as server worry-less. With serverless computing, customers
simply upload their code to a cloud platform, and then, the platform executes the code
on the customer's behalf as needed at any scale [7]. Note that customers only pay for
the compute resources used for the duration in which their code is invoked. As stated
in [8], serverless computing = FaaS +BaaS.

FaaS is a serverless computing model in which the unit of computation is a function
that is executed in response to triggers, e.g., events and HTTP requests [9]. Serverless
functions have the ability to scale to zero and have almost in�nite on-demand scal-
ability. The functions are run in stateless compute containers, that are created and
destroyed by the FaaS provider depending on the runtime need. Although FaaS func-
tions have storage available, they are considered naturally stateless, as the internally
stored state of a function is not guaranteed to be persisted across multiple invocations
[10]. Therefore, if persistent state is required for a function, one should persist it to
an external storage (e.g., Amazon S3). The initialization of a function has a start-up
latency and it can either be a warm start or a cold start. A cold start describes the
phenomenon that a function that has not been executed yet or for a long time takes
longer to start up. In contrast, a warm start describes the case in which a function
has been recently executed and the instance and host container are reused from the
previous invocation. Note that the execution duration of a function is limited to a short
amount of time, and after the timeout, the function is terminated (e.g., the maximum
timeout for AWS Lambda is 15 minutes). Examples of FaaS include AWS Lambda,

3https://www.heroku.com
4https://aws.amazon.com/elasticbeanstalk
5https://cloud.google.com/appengine
6https://slack.com
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2.2. Hardware Resource Disaggregation

Google Cloud Function, IBM Cloud Function, Microsoft Azure Functions and Alibaba
Cloud Function Compute.

BaaS is a serverless computing model in which engineers outsource the behind-
the-scenes aspects of web and mobile applications. Most commonly, BaaS providers
o�er services for database management, cloud storage, user authentication and push
noti�cations. The development of application backends can be signi�cantly facilitated
by leveraging BaaS services. Examples of cloud storage BaaS include Amazon S37 and
IBM COS8.

2.2 Hardware Resource Disaggregation

Serverless computing has brought the shift towards a disaggregated data center, where
each resource type (e.g., compute, memory, storage) is built as a standalone resource
blade, and a network fabric interconnects the resource blades [11]. Hardware resource
disaggregation is a technique for decomposing general-purpose monolithic servers into
segregated, network-attached resource pools, each of which can be built, managed, and
scaled independently [12]. The network is the crucial element in a disaggregated data
center, as it controls the overall performance of the data center. The architectural dif-
ferences between a traditional data center and a disaggregated data center are captured
in Figure 2.2.

(a) (b)

Figure 2.2: Comparison of data center architectures [13]
(a) Traditional data center architecture, (b) Disaggregated data center architecture

The failure of one type of resource (e.g., CPU) in a monolithic server may force the
entire server to fail, as other resources in the server may become unusable. In contrast,
a disaggregated architecture improves reliability, as di�erent resource types may fail
in a more independent way due to the decoupling of resources [14]. By disaggregating

7https://aws.amazon.com/s3
8https://www.ibm.com/cloud/object-storage
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2.2. Hardware Resource Disaggregation

hardware resources, the resource utilization e�ciency and energy consumption of data
centers are improved [13]. Additionally, disaggregation makes data centers more mod-
ular and �exible, by providing �ne-grained control over resources [13]. Disaggregated
hardware resources are not without drawback, as accessing remote resources always
yields a latency penalty, no matter how fast networks become [15].

2.2.1 Monolithic Server

Software components and applications are deployed to a monolithic server in the
Serverful hosting pattern. With the Serverful hosting pattern, cloud customers main-
tain control over both, deployment stack and scaling con�guration management [16].
Throughout this research project, a bare metal cloud o�ering (i.e., Amazon EC2) is
used to set up a monolithic server to which serverful implementations of machine learn-
ing algorithms will be deployed.

Amazon Elastic Compute Cloud (Amazon EC2) provides access to reliable, scal-
able infrastructure on demand. Using Amazon EC2 eliminates the need of investing in
hardware up front, as one can launch as many VMs as needed. The cloud hosted VMs
are called instances.

Amazon EC2 provides a varied range of types of instances that are optimized
to �t di�erent use cases [17]. An instance type is characterized by its con�guration,
which is de�ned by the number of vCPU, the amount of memory measured in gibibyte
(GiB), the storage used (e.g., Amazon EBS9), and the storage and network bandwidth
measured in gigabits per second (Gbps). The essential types of instances are grouped
as follows:

� General Purpose - provide a balance of compute, memory and networking re-
sources, and can be used for a variety of diverse workloads

� Compute Optimized - are ideal for compute-bound applications that can bene�t
from high-performance processors

� Memory Optimized - are designed to deliver fast performance for workloads that
process large data sets in memory

� Storage Optimized - are best suited for workloads that require high, sequential
read and write access to very large data sets on local storage

2.2.2 Disaggregated Compute

In this research project, disaggregated compute resource services are used to realize
the implementation of serverless machine learning algorithms. By leveraging disag-
gregated compute resource services like AWS Lambda, one can bene�t from hundreds

9https://aws.amazon.com/ebs
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Memory (MB) vCPU

128 - 1769 1
1770 - 3538 2
3539 - 5307 3
5308 - 7076 4
7077 - 8845 5
8846 - 10240 6

Table 2.1: Amount of vCPU per memory

of compute units (i.e., CPUs) to parallelize the implementation of machine learning
algorithms, where one CPU typically equates to one serverless function. Note that
serverless functions are not directly network-addressable, hence concurrent serverless
functions cannot communicate with each other to share state. Stateful applications are
parallelized by leveraging stateless functions that either share state through disaggre-
gated storage (e.g. Amazon S3) or disaggregated memory to overcome the throughput
and speed bottlenecks of slow disk-based storage services [18].

AWS Lambda10 is a FaaS, event-driven and disaggregated compute service that
enables engineers to run code that automatically scales in response to events. Cus-
tomers are not required to provision and manage servers, and they only pay for the
duration for which functions are running. The timeout, i.e., the maximum amount of
time that a Lambda function can run is 15 minutes. When the timeout has passed,
the function is terminated.

One can deploy code written in several programming languages to AWS Lambda,
however, Python is the only programming language used throughout this research
project. Code can be deployed to a Lambda function either by uploading a zip archive
that contains application code and its dependencies, or by uploading a container image
that packages the code and its dependencies [19].

A Lambda function can be con�gured to run in a virtual private cloud (VPC)
via Amazon VPC11. With Amazon VPC, one can launch AWS resources in logically
isolated virtual networks. A virtual network is similar to a traditional network that
would be operated in one's own data center, with the bene�ts of using the scalable
infrastructure of AWS [20].

Memory is the core lever available for controlling the performance of a Lambda
function. One can allocate between 128 MB to 10240 MB of memory to a Lambda
function. The amount of memory determines the amount of vCPU available to a func-
tion. An increase in memory is correlated with a proportional increase in the amount
of vCPU, thus increasing the overall computational power available to a function. If a
function is memory-bound, CPU-bound, or network-bound, then increasing the amount
of memory can signi�cantly improve the function's performance. Note that a function
with 1769 MB of memory has the equivalent of one full vCPU [21]. Table 2.1 displays
the amount of vCPU that is allocated to a function depending on its memory. One

10https://aws.amazon.com/lambda
11https://docs.aws.amazon.com/vpc/latest/userguide/what-is-amazon-vpc.html
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can leverage the multiple vCPU to parallelize the execution of a Lambda function. For
parallelizing the execution of a Lambda function based on Python code, there is the
limitation that one can only use processes and pipes from the Python Multiprocessing
API, therefore queues and pools cannot be used [22].

2.2.3 Disaggregated Storage

The data sets used by the machine learning algorithms that have been implemented in
this research project are stored in a disaggregated storage resource service.

Amazon Simple Storage Service (Amazon S3) is a BaaS, disaggregated object
storage service that provides scalability, data availability, security, and performance.
Data is stored in Amazon S3 as objects within buckets, where an object is a �le and
any metadata that describes the �le, and a bucket is a container for objects [23]. When
creating a bucket, one must choose the AWS Region in which the bucket will reside.
Note that an AWS Region represents a separate geographic area (e.g. Europe Central,
US West).

An object is uniquely identi�ed within a bucket by a key and optionally by a
version ID if versioning is enabled. Object versioning allows for restoring objects that
are accidentally deleted or overwritten, as one can preserve multiple versions of an
object from a bucket. By default, buckets and objects are private and can be made
accessible by explicitly granting access permissions.

2.2.4 Disaggregated Memory

A disaggregated memory resource service (i.e., Redis) has been used in this research
project for storing the shared state of the implemented serverless machine learning
algorithms.

Remote Dictionary Server (Redis) is an open source in-memory data structure
store that is used as a distributed in-memory key-value database, cache and message
broker. Redis is single-threaded and it has high performance. It typically holds the
database entirely in memory, and the disk can optionally be used for persistence.

Redis is installed on a machine, which will be called the Redis server, or alter-
natively the Redis node. To execute operations on the Redis server, one must run
Redis commands. A Redis client must �rst establish a connection with the Redis
server for launching commands. Di�erent Redis commands are used depending on
the type of data structure that is operated on. A wide range of data types is sup-
ported in Redis, including strings, lists, sets, sorted sets, hashes, bitmaps, and streams.
Table 2.2 describes the primary commands for the list type [24].
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Command Description

lrange retrieves a range of elements from a list
lset sets the value of an element in a list by its index
lpush inserts elements at the head of a list
rpush inserts elements at the tail of a list

lpop
retrieves and removes the element

from the head of a list

blpop
retrieves and removes the element from the head
of a list, or blocks until an element is available

Table 2.2: Redis commands for lists

2.3 Parallel and Distributed Computing and

Programming APIs

Section 2.3.1 introduces the essential terminology and notions related to parallel and
distributed computing that will be used throughout this research project. Next, Sec-
tion 2.3.2 presents the Python Multiprocessing module, which is used in this research
project for delivering process-based parallelism. Furthermore, Section 2.3.3 presents
the Lithops distributed computing framework, which is leveraged to facilitate the imple-
mentation of algorithms with a serverless architecture. Finally, Section 2.3.4 outlines a
set of abstractions for managing the shared state of parallel and distributed algorithms.

2.3.1 Terminology

The fundamental di�erence between parallel and distributed computing is that in par-
allel computing, one computer with multiple processors is required to enable parallel
processing, whereas in the case of distributed computing, several autonomous computer
systems, often located in geographically separate regions, are required.

A workload is called embarrassingly parallel when it can be parallelized into mul-
tiple parallel tasks that require little or no communication between each other. An
embarrassingly parallel workload is alternatively called embarrassingly parallelizable
or perfectly parallel. Examples of embarrassingly parallel workloads are: Monte Carlo
simulations for computational physics, hyperparameter tuning for machine learning,
and featurization for data science [25].

Data parallelism and task parallelism are two widely used styles of parallelism.
In the case of data parallelism, a data set is distributed into partitions across several
processors or nodes, each carrying out the same operation or instruction, repeatedly and
simultaneously over their assigned partition [26]. Moreover, task parallelism represents
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a form of parallelization of a set of sequential tasks into several concurrent tasks across
multiple processors or nodes. Note that task and data parallelism are complementary
rather than competing programming models, and many problems can bene�t from a
mixture of the two approaches [27].

To achieve data parallelism, large volumes of data may be required to be trans-
ferred to several nodes. As this may bring a signi�cant overhead, it is often preferred to
move the computation close to where the data is located rather than to move the data
to the computation node [28]. The process of moving the computation to the node in
which the data resides is called data locality. The bene�t of data locality is that it
reduces network congestion and it improves the overall performance of the system [28].

Fork-join parallelism is a parallel computing model which forks (i.e., divides) a
sequential control �ow into multiple parallel branches of execution, which join (i.e.,
merge) at a subsequent point and resume the execution sequentially [29].

In the context of serverless computing, a serverless function (alternatively called a
cloud function) represents a worker. FaaS o�erings such as AWS Lambda and Google
Cloud Function provide serverless functions with multi-core computing resources. As
a serverless function can have multiple virtual CPU (vCPU), engineers can take ad-
vantage of them to parallelize a function's execution via threads or processes. The
procedure of parallelizing a function's execution will be called intra-function paral-
lelism [30]. Additionally, each thread or process will be referred to as an inner worker,
i.e., a worker that is nested in another worker.

MapReduce is a parallel programming model that is designed for processing and
generating large volumes of data via massively parallel computations that utilize thou-
sands of processors at a time [31]. With MapReduce, a data set is split into several
chunks (i.e., partitions) which are processed in parallel (map phase) on a distributed
system based on several nodes called workers (i.e., commodity machines), and �nally,
the output of each node is collected and passed to a reduce procedure (reduce phase)
which performs a summary operation over the aggregated output (e.g., counting name
frequencies). MapReduce has procedures in place to ensure that it tolerates machine
failures and stragglers. Note that a straggler is a worker that takes an unusually long
time to complete its map or reduce task [32].

Scalability is a desirable attribute of a distributed system, which is de�ned as
a system's ability to accommodate an increasing number of elements, to process a
growing workload gracefully, and to be susceptible to enlargement [33].

2.3.2 Process - Based Parallelism

The Python interpreter makes use of a Global Interpreter Lock (GIL) to ensure that
only one thread executes Python bytecode at a time. This has the bene�t of making
the object model implicitly safe against concurrent access. Note that an interpreter
using GIL will always execute exactly one thread at a time, even when being run on
multi-core processors.

In Python, the Threading and Multiprocessing modules are used to enable con-
currency in programs. However, the Threading module provides limited parallelism
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due to the GIL, as only one thread can run at a time. One can achieve parallelism
with the Threading module only for I/O-bound tasks, i.e., waiting for the input/output
from a user, �le, database, or network. To achieve complete parallelism in Python, one
must use the Multiprocessing module, which provides process-based parallelism. Via
the Multiprocessing module, one can parallelize the execution of CPU-bound tasks,
i.e., tasks that involve performing computation and are not I/O bound.

Class Method Description

process

run() represents the process's activity

start() starts the process's activity

join([timeout])
blocks until the process terminates,
or blocks at most timeout seconds

connection
send(obj)

sends an object to the other
end of the pipe

recv()
retrieves an object sent from
the other end of the pipe

pool
apply(func[, args[, kwds]])

calls func with arguments args
and keyword arguments kwds

map(func, iterable[, chunksize])
chops the iterable into a number
of chunks which it submits to the
process pool as separate func tasks

lock
acquire(block=True, timeout=None) acquires the lock

release() releases the lock

barrier wait(timeout=None)
pauses the execution of the process
until all processes of the barrier

have called this method

Table 2.3: Python Multiprocessing APIs

The Multiprocessing module provides the following essential classes: Process, Pool,
Lock, Barrier, Pipe, and Queue. The Process class is used to instantiate individual
processes, whereas the Pool class is used for instantiating pools of worker processes.
Note that a Process object represents an activity that is run in a separate process.
A lock is a mutual exclusion synchronization primitive for processes. A barrier is
a synchronization primitive that allows multiple processes to pause their execution
until a prede�ned number of processes reach a certain execution point, and then, all
processes are noti�ed and released to continue their execution. Pipes and Queues
are used to enable message passing for communication between processes and avoid
the need of using synchronization primitives. When a Pipe object is instantiated, it
returns a pair of Connection objects that represent the two ends of the pipe. Note that
a pipe allows a connection between two processes, whereas a queue allows multiple
producer and consumer processes. Table 2.3 describes the methods from the Python
Multiprocessing API [34] that have been used in this research project.
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2.3.3 Lithops : A Distributed Computing Framework

The trend of serverless data analytics has been initiated by PyWren12 [25], a distributed
computing framework that enables untrained users to execute single-machine code at
massive scale in the cloud. The pioneering work from PyWren has been extended in
IBM-PyWren for the purpose of enabling the execution of broader MapReduce jobs
[35]. As IBM-PyWren only supported IBM Cloud as a cloud provider, Lithops has
continued the work from IBM-PyWren to avoid vendor lock-in.

Lightweight Optimized Serverless Processing (Lithops) is a multi-cloud distributed
computing framework that enables engineers to run unmodi�ed single-machine Python
code at scale in the main serverless computing platforms, such as AWS, Google Cloud
and IBM Cloud. Code is transparently deployed into serverless functions, without
requiring knowledge of how the deployment is carried out. This has the bene�t of
lowering the entry barrier for novice cloud users, who may often be puzzled by the wide
array of choices (e.g., VM instance type and cluster size) that can be made regarding
the execution of a simple application in parallel [36]. The framework is especially
useful for building embarrassingly parallel and MapReduce-like jobs. Furthermore,
the framework avoids vendor lock-in by providing portability across multiple cloud
providers via its multi-cloud agnostic architecture.

Lithops makes use of a compute backend to run parallel jobs and a storage backend
to store the input and output data of the jobs. One can run Lithops in a serverless
context, in which the compute backend is a FaaS platform (e.g., AWS Lambda) and
the storage backend is a BaaS service (e.g., Amazon S3), such that the compute and
storage resources can scale independently of each other. Alternatively, one can run
Lithops on a local machine (i.e., localhost mode), in which the compute backend is
represented by local parallel processes and the storage backend is represented by the
local storage of the machine.

Figure 2.3 captures the high-level architecture of Lithops. In the following, the
main components of Lithops [36] are presented, and additionally, to facilitate the un-
derstanding of how they work, the code from Listing 2.1 is used as an example.

1 import lithops

2

3 def my_function(x):

4 return x + 7

5

6 if __name__ == "__main__":

7 data = [3, 6, 9]

8 fexec = lithops.FunctionExecutor ()

9 fexec.map(my_function , data)

Listing 2.1: Lithops example

12https://pywren.io
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Figure 2.3: High-level architecture of Lithops [36]

The Executor, upon a Lithops API call (e.g., the call to the map method from
line 9), serializes and uploads the single-machine code (e.g., my_function from lines 3-4)
and the input data (e.g., the data variable de�ned at line 7) from the local machine
to the storage backend. Note that the single-machine code is a user-de�ned function
(UDF). At this point, the Invoker has the duty of invoking a serverless function for
each partition of the input data against the compute backend. Considering the example
from Listing 2.1, the Invoker performs three invocations of serverless functions against
the compute backend, i.e., one for each item from the data list de�ned at line 7. The
Worker runs in a serverless function on the compute backend, and it fetches the code
and input data from the storage backend and it executes the code, and �nally, the out-
put is persisted to the storage backend. The Executor monitors the storage backend
for the output data and when it becomes available, it transfers it to the local machine.

Lithops facilitates the invocation of MapReduce-like jobs via a built-in data par-
titioner. The partitioner splits a data set into several partitions, where each partition
is passed as input to a serverless function. When the storage backend is a BaaS object
storage service like Amazon S3, the data set must either be de�ned as a list of object
keys or a list of buckets. When a list of buckets is supplied, Lithops carries out the
data discovery of all objects in the buckets, and then automatically partitions them
via the partitioner. One can con�gure a chunk size parameter to specify in how many
partitions a data set should be split into. However, if the chunk size parameter is not
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Method Parameters Description

call_async()
• UDF code
• data

asynchronously executes a UDF as a
serverless function

map()
• map UDF code
• map data

asynchronously executes a UDF as a
parallel serverless function for each

partition of the input data

map_reduce()
• map and reduce UDF code

• map data

asynchronously executes a UDF as a
parallel serverless function for each

partition of the input data (map phase),
and then, executes another UDF as one

or more reducers (reduce phase)

wait()
• list of futures
• when to release

provides synchronization points in the
client code by blocking the execution
until the condition to release the
execution is met (e.g., resume

execution only after all results are
available in the storage backend)

get_result() • list of futures
fetches the results of the serverless
functions that are stored in the

storage backend

Table 2.4: Lithops API speci�cation

de�ned, then each data object from object storage will be considered a partition. Note
that the partitioner has the additional bene�t of speeding up the process of reading
the data set, as the serverless functions read their assigned partition in parallel.

Lithops provides an API that mimics the concurrent.futures [37] API from Python.
The concurrent.futures API delivers a high-level interface for asynchronously executing
callables [37]. Note that a Future is a non thread-safe, awaitable object and it represents
an eventual result of an asynchronous operation [38]. The Lithops API contains �ve
main methods that have been outlined in Table 2.4. There are three methods for run-
ning code in serverless functions: call_async(), map() and map_reduce(). Fur-
thermore, there is one method that keeps track of a function's execution, i.e., wait(),
and another function that downloads the �nal results of a function from the storage
backend, i.e., get_result().

2.3.4 Shared State Abstractions

In Python, each process has its own isolated memory space. The Python Multiprocess-
ing API provides abstractions to enable concurrent processes to share state between
each other. Similarly, Lithops contains a Multiprocessing module that provides ab-
stractions to enable concurrent serverless functions to share state with each other.
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Note that the Lithops Multiprocessing API mimics the Python Multiprocessing API.
The shared state abstractions from the Python Multiprocessing API store their

state values in local memory, whereas the shared state abstractions from the Lithops
Multiprocessing API store their state values in a remote memory data store (i.e., Redis).
For the implementation of the machine learning algorithms from this research project,
the Python Multiprocessing API is used for managing shared state in the serverful im-
plementations, whereas the Lithops Multiprocessing API is used for managing shared
state in the serverless implementations. The abstractions that enable shared state be-
tween processes and serverless functions are of three types: message passing primitives,
shared memory primitives and synchronization primitives. The design decisions for the
implementation of the various types of primitives from Lithops [39] will be presented
in the following.

Message passing: Pipes are used to enable message passing between a pair of
processes. When a Pipe object is instantiated, two Connection objects are returned,
each corresponding to a Redis list. The send() method of a Connection object
executes a Redis lpush command to insert a data item to the tail of the list, whereas
the recv() method of a Connection object executes a Redis blpop command to
retrieve and remove the data item from the head of the list or block until there is a data
item available. By following this approach, a list associated with a pipe Connection
object is treated as a FIFO queue. Queues are implemented the same as Pipes, with
the di�erence that more than two processes can push and pop data items to the queue.

Shared memory: Data can be stored in a shared memory map using the Value
and Array classes. Value and Array objects can store only basic C type values (e.g.,
c_bool, c_char, c_int, c_float, c_double). In Lithops, these primitives have
been implemented using the list type from Redis. Processes can read and write to
an Array at speci�c indexes or slices. Furthermore, a Value object is treated as an
Array of size 1. Another shared memory primitive is the Manager. Via a Manager
object, data can be shared between concurrent processes and can be shared over a
network between processes that are running on di�erent machines. In the Python
Multiprocessing API, a Manager object acts as a server process that manages shared
objects that can be accessed by other processes via proxies. For storing shared objects,
Managers support basic Python data types such as lists and dictionaries. In Lithops,
the Manager implementation of lists and dictionaries is trivial, as Redis provides the
list and hash types natively.

Synchronization: In the Lithops Multiprocessing API, locks are implemented
using the list type from Redis. When a Lock object is instantiated, one token is added
to the list. The list either contains one or zero tokens. The lock is acquired (i.e., locked)
when the list is empty, otherwise, the lock is unlocked when the list contains one token.
Each time the acquire() method of a lock is executed, the Redis blpop command
is triggered, which removes the existing token from the list. The release() method
inserts one token into the list via the Redis lpush command. If the list is empty when
acquire() is executed, the Redis blpop command will block until the process that
has acquired the lock calls release(). The Barrier primitive is implemented by
using a set of noti�cation lists, which is initially empty. The processes that have called
the wait() method of a Barrier object are blocked until a condition event is satis�ed.
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The condition event is that all processes arrive at the wait() method of the Barrier
object. When a process calls the wait() method and the condition event is not
satis�ed, the process adds a new empty list to the set containing noti�cation lists. The
process then calls the Redis blpop command to the new empty list, and the execution
of the process is blocked until an element is available in the list. Subsequently, another
process calls the wait() method and the condition event is satis�ed, i.e., all processes
have arrived at the wait() method. The process that has satis�ed the condition adds
an element to every noti�cation list from the set. Consequently, the blocked processes
by the Redis blpop command will resume their execution, as an element is available
in each noti�cation list.

2.4 Stateful Machine Learning Algorithms

This section presents the machine learning algorithms that have been chosen to be
implemented with serverless architectures in this research project.

Shared state is required for the implementation of iterative machine learning al-
gorithms based on distributed architectures. In contrast, non-iterative algorithms [40]
such as Naïve Bayes and K-Nearest Neighbors do not require shared state when be-
ing implemented with distributed architectures, as they are embarrassingly parallel.
Consequently, two iterative machine learning algorithms will be introduced, k -means
clustering, an unsupervised learning algorithm, and logistic regression, a supervised
learning algorithm for classi�cation.

2.4.1 K-Means Clustering

K-means is an unsupervised learning algorithm that is one of the most widely used
clustering algorithms, due to the simplicity of its implementation and interpretation of
its results [41]. There are multiple variants of k -means algorithms, however, throughout
this research project the focus is on Lloyd's algorithm [42], which is alternatively called
the standard k -means algorithm [43].

K-means is a partitional clustering algorithm, as given data sets are partitioned
into a speci�ed number of k disjoint clusters. The k -means algorithm begins by ran-
domly selecting k data points from the data set, and setting them as the initial cen-
troids. A centroid ci represents the center of the cluster C i, as it is found by averaging
the values of the N i data points assigned to the cluster, as shown in Eq. 2.1.

ci =
1

Ni

Ni∑
j=1

xj, ∀i ∈ {1, 2, ..., k} (2.1)

The algorithm is iterative and it has two phases, the assignment phase and the
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update phase [44]. The aim of the assignment phase is to �nd the cluster membership
by partitioning the data set into k clusters. During the assignment phase, for each
data point, the distance (i.e., the Euclidean distance metric) from the data point to all
centroids is evaluated, and then, the data point is assigned to the cluster of the closest
centroid [45]. Eq. 2.2 highlights this operation, as yi represents the label or the cluster
index of the centroid that is the closest to the data point xi. Next, during the update
phase, new centroids are calculated with the new cluster membership, by averaging the
data points that have been assigned to each cluster. The assignment phase and the
update phase are repeated until convergence, i.e., until there is stability in the cluster
membership.

yi = argmin
1≤k≤K

||xi − ck||2 (2.2)

Algorithm 1 contains the pseudocode of the standard k -means clustering. The
input of the algorithm is the number of clusters k and the data set X{x1,x2,...,xn},
where xi represents a data point. The algorithm partitions the data set into k clusters
(C1, C2, ..., Ck), and it outputs the centroids C{c1,c2,...,ck}, where ci represents the
centroid of cluster C i. Additionally, it outputs the labels Y {y1,y2,...,yn}, i.e., the cluster
index of each data point, where xi is assigned to the cluster with the index yi. First,
the centroids are randomly initialized at line 1. Lines 3-7 represent the assignment
phase, furthermore lines 4-5 are based on Eq. 2.2. Finally, the update phase is carried
out at line 8 by applying Eq. 2.1.

Algorithm 1: Standard K-Means Clustering
Input: k, X{x1,x2,...,xn}
Output: C{c1,c2,...,ck}, Y {y1,y2,...,yn}

1 C{c1,c2,...,ck} ← random k data points from X{x1,x2,...,xn}
2 repeat
3 foreach xi in X{x1,x2,...,xn} do
4 D{d1,d2,...,dk} ← compute distances from xi to C{c1,c2,...,ck}
5 yi ← argmin (D{d1,d2,...,dk})
6 assign xi to Cyi

7 end
8 C{c1,c2,...,ck} ← data points average of each cluster (C1,C2,...,Ck)
9 until cluster membership convergence;

2.4.2 Logistic Regression

One of the most used supervised learning algorithms for classi�cation is logistic re-
gression. Although there are multiple variants of the logistic regression algorithm, this
section presents logistic regression with gradient descent [46], as it is the variant used
throughout this research project.
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Logistic regression is a probabilistic classi�er that models a binary output variable
based on one or more variables called predictors [47]. The classi�er is trained to make
a binary decision regarding the class of a new given observation. Note that logistic
regression is a discriminative model, i.e., it models the decision boundary between the
classes by learning to distinguish and discriminate between them.

The classi�er takes as input an observation x, which is represented as a vector of
features [x1,x2,...,xn], where n is the number of features (i.e., predictor variables). The
output ŷ of the classi�er can either be 1, which means that the observation is predicted
to belong to the class, or it can be 0, which means that the observation is not predicted
to be a member of the class. During the training phase of the classi�er with a training
set, the classi�er learns a vector of weights and a bias term. Note that the training set
contains observations and the true labels of the observations, i.e., y(i) is the true class
label of observation x(i).

The weights are real numbers that represent the importance of the features to
the classi�cation decision, i.e., the weight wi represents the importance of the input
feature xi to the classi�cation decision. The weighted sum of the inputs is calculated,
and then, to the result is added the bias term, as shown in Eq. 2.3.

z =

(
n∑

i=1

wixi

)
+ b = w · x+ b (2.3)

As the weights w and the bias b represent the parameters of the model, the
conventional machine learning notation θ is used to refer to the parameters, where
θ = [b, w] = [b, w1,w2,...,wn]. To facilitate the discussion from this section, the term
weights will alternatively be referring to the term θ, meaning that it also includes
the bias term. Eq. 2.3 can be simpli�ed into z = θ · x, with the constraint that an
observation x must be represented as a vector of the form [1, x1,x2,...,xn].

The resulting number z represents the weighted sum of the evidence for the mem-
bership to the class, however, it is not a probability. As the weights are real numbers,
the resulting number z may not have a value between 0 and 1. To obtain a probability,
the value of z is passed through the sigmoid function from Eq. 2.4. The sigmoid func-
tion is also called the logistic function, and it ensures that a probability is obtained,
i.e., a value between 0 and 1. If the obtained probability σ(z) is higher than 0.5, then
the classi�cation decision ŷ is 1, otherwise ŷ is 0.

σ(z) =
1

1 + e−z
=

1

1 + exp (−z)
(2.4)

The training phase aims to learn the weights that make the predicted label ŷ of
each observation x as close as possible to the true label y. This is realized by minimizing
the distance between the predicted labels and the true labels. For this purpose, a loss
function L(ŷ, y) is used to measure the distance or dissimilarity between the predicted
label and the true label. Logistic regression is based on the cross-entropy loss function,
which represents the negative log-likelihood, as shown in Eq. 2.5. The cross-entropy
loss function is convex, therefore it has at most one minimum, which is global.
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L(ŷ, y) = −[y logσ(w · x+ b) + (1− y) log(1− σ(w · x+ b))] (2.5)

An optimization algorithm is used during the training phase, to iteratively up-
date the weights with the purpose of minimizing the loss function. The optimization
algorithm that has been used in this research project is batch gradient descent, also
known as standard gradient descent [48].

Gradient descent is guaranteed to �nd the global minimum of the cross-entropy
loss functions, as there are no local minima [46]. At every epoch, gradient descent
searches in the space of the parameters θ for the direction in which the loss function's
slope rises the most steeply. The direction represents the gradient, which is a vector
that points to the direction of the highest increase in the function. The aim is to move
in the opposite direction speci�ed by the gradient, and the magnitude of the movement
is speci�ed by a learning rate µ. The gradient is the derivative of the loss function from
Eq. 2.5, as shown in Eq. 2.6.

∂L(ŷ, y)

∂wj

= (ŷ − y) xj (2.6)

Algorithm 2 represents the training phase of the logistic regression algorithm with
(batch) gradient descent. The algorithm takes as input the observations x, the true
labels y, the learning rate µ, and the number of epochs e. Note that x is represented as a
matrix, in which the rows represent the observations x(i). Additionally, y is represented
as a vector, where y(i) is the true label of observation x(i). The algorithm outputs the
optimal weights θ that minimize the loss function. At line 1, the weights are initialized
to 0. With batch gradient descent, the gradient is computed for the entire training
set at each epoch. Note that with Stochastic Gradient Descent (SGD), the gradient
is computed only for a single randomly chosen observation from the training set. The
predicted labels are computed at line 3. Then, at line 4, the gradient is computed with
the transposed of matrix x by following Eq. 2.6. Finally, the weights are updated with
the negative value of the gradient that is weighted by the learning rate. Note that for
reporting purposes, one could optionally compute the loss at each epoch [46].

Algorithm 2: Logistic Regression with (Batch) Gradient Descent
Input: e, µ, x, y
Output: θ

1 θ ← 0
2 for i← 0; i < e; i← i+ 1 do
3 ŷ← σ(θ · x)
4 g ← (ŷ − yyy) · xT
5 θ ← θ − µg

6 end
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2.5 Distributed Machine Learning

The rapid technological innovations in recent years have brought massive growth in
data collection. Training machine learning models can take an extremely long amount
of time, as the data sets can be in the order of terabytes. A serial solution, i.e.,
a centralized solution of machine learning algorithms would not be feasible in the
case that a data set is too large to be stored on a single machine. Thus, machine
learning models are often trained on distributed systems to increase the parallelization
and total amount of I/O bandwidth. One must enable parallel computation, data
distribution and resilience to failures for the implementation of distributed machine
learning algorithms.

Machine learning workloads can be accelerated by applying two di�erent comple-
mentary methods: vertical scaling or scaling up (i.e., adding more resources to a single
machine) and horizontal scaling or scaling out (i.e., adding more machine nodes to the
distributed system) [49]. For vertical scaling solutions, the most common method is to
leverage programmable GPUs, as many research works have demonstrated the bene�ts
of leveraging GPUs [50, 51, 52, 53]. Machine learning algorithms can be scaled up
even by using general-purpose CPUs, as they have increased the availability and width
of vector instructions in the recent generations of products [54]. However, there are
several reasons to prefer scaling out rather than scaling up. First, the cost of hori-
zontally scaling a solution is often lower than vertical scaling. The second reason is
that a distributed system with multiple nodes increases resilience against failures, as
the system can continue operating when a single processor fails. Lastly, having several
machines increases the aggregate I/O bandwidth compared to a single machine.

There are two fundamental methods for partitioning a machine learning algorithm
across several machines: data parallelism and model parallelism. Note that the two

Figure 2.4: Parallelism methods in distributed machine learning [54]
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Figure 2.5: Bulk synchronous parallel (BSP) [49]

methods are complementary [49] and both methods can be simultaneously applied [54].
In the Data-Parallel method, the data set is divided into a number of partitions equal
to the number of worker nodes or machines in the system, and then the partitions are
distributed to the workers. All workers apply the same algorithm to their assigned
partition, and they have access to the same model [54]. In the Model-Parallel method,
the model is partitioned into several partial models [49] which are distributed to the
worker nodes. Each worker node processes the entire data set and updates his assigned
partial model. The resulting model is �nally obtained by aggregating all model parts.
The two methods are outlined in Figure 2.4.

There are several synchronization protocols for bridging the computation and
communication between nodes. These protocols will be presented in the following.

Bulk Synchronous Parallel (BSP) is the simplest and strictest synchronization
protocol. Algorithms that follow BSP alternate between a computation phase and a
communication phase or synchronization barrier [49]. The results of a computation
phase are visible to worker nodes only after the next synchronization barrier has been
completed. Figure 2.5 shows that each worker node executes one iteration of compu-
tation and then waits for all other nodes to complete their iteration, and exchange
information about model parameters before continuing the next iteration. The advan-
tage of algorithms based on BSP is that a correct solution is guaranteed. The drawback
of this protocol is that it induces overheads when certain workers are progressing slower
than others [54].

Stale Synchronous Parallel (SSP) relaxes the synchronization overhead from BSP,
by allowing the faster workers to continue their execution for a certain number of
iterations that is de�ned via a staleness threshold [49]. Once a worker has passed
the staleness threshold it is stopped by SSP. A worker operates over cached data and
commits changes to the data at the end of a task cycle, and this can cause other workers
to operate over stale data [54]. SSP ensures strong convergence guarantees, however,
when the staleness becomes too high, the convergence rates decline [54].

Approximate Synchronous Parallel (ASP) speci�es the limit of how inaccurate a
parameter can be. Whenever an insigni�cant aggregated update is carried out, the
synchronization can be delayed inde�nitely by the server. However, it is not straight-
forward which parameter to choose for de�ning which updates are insigni�cant [54].
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Barrierless Asynchronous Parallel (BAP), also called Total Asynchronous Parallel
(TAP), tolerates workers to communicate in parallel without waiting for each other.
Therefore, BAP is the fastest synchronization protocol, as synchronization overheads
are avoided. A drawback of BAP is that the model can develop incorrectly and can
converge slowly [54].
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Chapter 3

Porting Stateful Machine Learning

Algorithms to Serverless

This chapter presents a technique for porting stateful machine learning algorithms to
serverless, and the challenges and limitations that are encountered during this process.
Furthermore, optimization techniques are proposed for improving the performance of
the stateful machine learning algorithms running on serverless architectures.

Lithops has been used for porting k -means and logistic regression to serverless.
The serverless implementation of k -means is presented in Section 3.1, whereas the
serverless implementation of logistic regression is presented in Section 3.2. Note that
the serverful implementations based on the Python Multiprocessing API are not pre-
sented, as they are essentially identical to the serverless implementations, with the
di�erence that they are based on processes rather than serverless functions.

In this research project, the serverless functions are running via AWS Lambda,
and the data sets are stored in Amazon S3. The implemented stateful machine learn-
ing algorithms follow the BSP synchronization protocol, as it ensures the correctness
of the results, however, the protocol has the limitation that it brings synchroniza-
tion overheads that slow down the execution of the algorithms. The execution design
of the algorithms is illustrated in Figure 3.1. In the proposed implementation, the
inter-function parallelism pattern is adopted for employing data parallelism on stateful
machine learning algorithms across a set of concurrent serverless functions called work-
ers. A client machine executes client code that launches several serverless functions
that share mutable state through disaggregated memory. Each worker operates on a
partition of the data set and at each iteration exchanges partial results with the other
workers via the shared state, i.e., the Redis node.

When porting stateful algorithms to serverless, the �rst challenge is to identify
what data can be computed independently and concurrently by the workers. The
workers perform parallel computations regarding data of interest (e.g., centroids) and
then the partial results obtained by all workers are aggregated to attain global results.
As the stateful algorithms are in this case iterative machine learning algorithms, these
steps are repeated at each iteration of the algorithms. The partial results computed
by the workers must be stored in the shared state, as one of the workers must fetch
the partial results of all other workers, and then aggregate them. Furthermore, the
global results must be stored in the shared state, for the reason that they must be
accessed by all workers at each iteration. In the case of the k -means algorithm, the
partial results are represented by the cluster totals and cluster counters, whereas the
global results are the centroids that are computed by dividing the cluster totals by the
cluster counters. Moreover, in the case of the logistic regression algorithm, the partial
results are represented by the partial gradients (i.e., sub-gradients), whereas the global
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Figure 3.1: Inter-function parallelism algorithm design based on workers

results are represented by the weights and the global gradients.
In the implementation of the algorithms, the challenge is to access the Redis node

as little as possible to minimize communication overheads. Therefore, the workers
should operate over data stored in local memory as much as viable and then access
and update the shared state only when necessary. Furthermore, bulk operations for
accessing and updating the shared state should always be preferred, as they minimize
the number of communication requests to the Redis node. At each iteration, the
workers fetch the global shared state from the Redis node, then run a computation
phase that yields partial results that are stored in the shared state before continuing
to the next iteration. At the end of every iteration, one of the workers fetches the
partial results from the global shared state, and then performs an aggregation of the
partial results of all workers, and �nally stores the aggregated results in the shared
state. The limitation of this approach is that fetching the partial results of all workers,
aggregating them, and updating the global shared state with the aggregated results
is time-consuming and slows down the execution of the algorithms. In the proposed
implementation, the worker who performs the described aggregation is always the �rst
worker. These steps ensure that at the beginning of every iteration, all workers fetch
from the shared state the aggregated results of the last iteration.

Two versions have been implemented for both algorithms, where each version uses
a di�erent design for storing the shared state. In the �rst version of the implemented
algorithms, there is one single copy for each data object being stored globally in the
shared state. Therefore, locks are used to prevent concurrent serverless functions from
simultaneously accessing the same data object. Locks have the limitation of carrying
overheads and slowing down the execution of the algorithms, therefore the second
version applies an optimization technique that aims to mitigate overheads by proposing
a lock-free design. In contrast to the �rst version, the second version stores in the shared
state one copy of each data object for every worker. Therefore, whenever one worker
must update the shared state with his partial results, the worker will access the data
objects that are associated with him. By following this approach, it can be said that
every worker has his own memory space in the global shared state, as presented in
Figure 3.2. Consequently, no access con�icts can occur when the workers update the
shared state with their partial results. Furthermore, at the end of every iteration, one
of the workers (i.e., the �rst worker) fetches all data objects of all workers from the
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Figure 3.2: Shared State Design

shared state, and aggregates them, and then stores the aggregated results in the shared
state before continuing to the next iteration. However, the limitation of the second
version of the algorithms is that the aggregation phase lasts longer, considering that
more data objects from the shared state must be aggregated, as there is one copy of
each data object for every worker.

An optimization technique for improving the performance of the algorithms is
to additionally employ the intra-function parallelism pattern in conjunction with the
inter-function parallelism pattern. This modi�ed execution design of the algorithms
is illustrated in Figure 3.3. Similarly to the previous case, each worker operates on a
partition of the data set and at each iteration exchanges partial results with the other
workers via the shared state. At each iteration, the workers fetch the global shared state
from the Redis node, and the computation results are stored in the shared state before
continuing to the next iteration. However, the computation phase is not executed
by the workers, but by the inner workers. Each worker launches at every iteration a
number of inner workers, where the number is dictated by the number of vCPU of
the serverless function. Each worker splits his data set partition into smaller partition
chunks that are sent to the inner workers. The inner workers operate over the smaller
partition chunks and run the computation phase of the iteration in parallel. When
the inner workers have �nished running the computation, they send the results back
to the (parent) workers, and then each (parent) worker aggregates the results received
from the inner workers. The disadvantage of this approach is that sending the results
from the inner workers to the (parent) workers and aggregating the received results
is time-consuming, as these operations take place at every iteration. However, these
overheads are expected to be compensated by the fact that the inner workers execute
the computation phase in parallel, which should signi�cantly speed up the execution
of the algorithms. The inner workers are implemented as processes that are launched
and terminated at every iteration, therefore this brings additional overheads for each
iteration. Each worker adopts fork-join parallelism, as it forks its sequential control
�ow into multiple parallel branches of execution, i.e., the inner worker processes, and
join when the inner workers have �nished running the computation phase, and then
the sequential execution of the worker is continued.
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Figure 3.3: Inter-function and intra-function parallelism algorithm design based on
workers and inner workers

3.1 Serverless K-Means Clustering

In this section, the two serverless implementation versions of the k -means clustering
algorithm are detailed. Both versions follow the same logic, however, the �rst version
requires locks for updating the shared state, whereas the second version proposes an
optimization by using a lock-free design. Listing 3.1 contains the client code that
is executed on the client machine for invoking concurrent serverless functions (via the
mapmethod of FunctionExecutor) that run the k -means algorithm, where each function
reads its assigned data set partition from disaggregated object storage (in the method
launch_worker).

Figure 3.4: Lock-Based K-Means - detailed shared state variables (clusters k = 3)
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Figure 3.5: Lock-Free K-Means - initial shared state for each worker

1 def launch_worker(obj):

2 worker_id = obj.part - 1

3 dataset = get_dataset(obj.data_stream.read (). decode("utf -8"))

4 workers[worker_id ]. set_dataset(dataset)

5 return workers[worker_id ].run()

6

7 def fit(X):

8 ...

9 initialize_workers ()

10 fexec = FunctionExecutor ()

11 fexec.map(launch_worker , X, obj_chunk_number=n_workers)

12 workers_results = fexec.get_result ()

Listing 3.1: K-Means - client code for invoking serverless functions

The k -means clustering algorithm computes k centroids at each iteration. The
centroids are the principal pillar of the algorithm, as the assignment of the data points
to clusters depends entirely on the centroid values. Listing 3.2 de�nes all the variables
that represent the shared state in the �rst version of the implemented algorithm, i.e.,
the lock-based implementation. The shared state is primarily represented by data
related to the centroids. The centroid of a cluster represents the average of all data
points that are assigned to the cluster. To calculate the average, one would need the
sum of all data points assigned to the cluster, and the number of data points belonging
to the cluster. As such, the core data objects in the shared state are the sum of all data
points for each cluster, and the number of data points from each cluster, as both data
objects can be computed independently and concurrently by the workers. Each of the
two data objects is represented as an array, in which the index i is associated with the
cluster i, as illustrated in Figure 3.4. The array containing the cluster totals (i.e., the
sum of all data points for each cluster) has been de�ned at line 1 in Listing 3.2, and
the array containing the cluster counters (i.e., the number of data points from each
cluster) has been de�ned at line 2 in Listing 3.2. The workers iterate over their data
set partition, and for each data point, they update the values of the arrays from the
shared state, depending on which cluster the data point is assigned. In the lock-free
implementation of the algorithm, the di�erence in the shared state is that the variables
clusters_totals and clusters_counters are de�ned as a list of arrays as in
Listing 3.3, where each item of a list represents the memory space of one worker, as
illustrated in Figure 3.5.
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1 clusters_totals = Array('d', [0 for _ in range(n_clusters )])

2 clusters_counters = Array('i', [0 for _ in range(n_clusters )])

3 locks_clusters = [Lock() for _ in range(n_clusters )]

4 barrier = Barrier(n_workers)

5 has_converged = RawValue('i', 0)

6

7 if centroids_initialized == False:

8 clusters_centers = Array('d', [0 for _ in range(n_clusters )])

9 else:

10 clusters_centers = Array('d', init)

Listing 3.2: Lock-Based K-Means - shared state variables

1 clusters_totals =

2 [Array('d', [0 for _ in range(n_clusters )]) for idx in range(n_workers )]

3

4 clusters_counters =

5 [Array('i', [0 for _ in range(n_clusters )]) for idx in range(n_workers )]

Listing 3.3: Lock-Free K-Means - shared state variables

Figure 3.4 presents how the principal data objects from the shared state are com-
puted, where the table from the left represents the data set, and each table from the
right represents a shared state data object (i.e., a shared state variable). In the exam-
ple from Figure 3.4, the data set is bi-dimensional, and it is split into two partitions,
one for each worker. Each worker iterates the data points, assigns them to clusters and
updates the shared state variables accordingly. To exemplify, the �rst worker assigns
the �rst data point to the second cluster, therefore it increments by 1 the value of the
second index of the clusters_counters array, and additionally, the �rst data point
is summed to the value of the second index of the clusters_totals array. Three
data points from the data set are assigned to the second cluster, therefore the value at
index 2 of clusters_counters will become 3 by the end of the iteration. Further-
more, the value at index 2 of clusters_totals will be the sum of all data points
assigned to the second cluster by the end of the iteration. One data point has been
assigned to the third cluster, therefore the value at index 3 of clusters_counters
will become 1 by the end of the iteration. As only one data point has been assigned to
the third cluster, the value at index 3 of clusters_totals will become the value
of the only data point assigned to the third cluster. When both workers have �nished
assigning the data points to clusters, and have �nished updating the shared state vari-
ables called clusters_counters and clusters_totals, one of the workers (i.e.,
the �rst worker) will compute the values of the centroids. The �rst worker will fetch
the �nal values of the iteration of clusters_counters and clusters_totals,
and then compute the centroids by dividing the totals by the counters. Finally, the �rst
worker will update the shared state variable clusters_centers by the computed
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centroids. At the beginning of the next iteration, all workers will retrieve the current
centroids by fetching the value of clusters_centers.

The synchronization of the workers is realized at each iteration via a barrier object
that is stored in the shared state, which has been de�ned at line 4 in Listing 3.2. In
the lock-based version of the algorithm, locks are required for synchronization when
the workers update the values of the arrays containing the cluster totals and clus-
ter counters. The limitation of the described implementation is that using barrier
and lock objects brings additional overheads that slow down the execution of the al-
gorithm. Considering the example from Figure 3.4, the two workers should not be
able to write simultaneously at the same index of the arrays clusters_totals and
clusters_counters. Therefore, locks have been used to synchronize access to a
speci�c index of the two arrays. One lock has been used for every index (i.e., for every
cluster), as an entire array should not be locked at a certain point by a worker, but
rather only the access to the value of a speci�c cluster index should be locked by a
worker. The locks have been de�ned at line 3 in Listing 3.2.

1 if worker_id == 0 and centroids_initialized == False:

2 cluster_centers_idx = np.random.choice(len(X), n_clusters , replace=False)

3 cluster_centers [:] = [X[idx] for idx in cluster_centers_idx]

Listing 3.4: K-Means - centroids initialization

The centroids are stored in the shared state, and they are accessed by all workers
at the beginning of each iteration, and they are updated by the �rst worker at the
end of every iteration. The centroids have been de�ned at lines 7-10 in Listing 3.2.
In the standard k -means clustering algorithm, the centroids are initially chosen by
selecting k random data points from the data set. As the data set is only accessed
by the workers in parallel by reading their assigned partitions from object storage,
selecting k random data points from the entire data set would unnecessarily complicate
the implementation and slow down the execution of the algorithm. To facilitate the
implementation and speed up the execution of the algorithm, it has been decided to
simply select k random data points from the partition of one of the workers (i.e., the
�rst worker), as presented in Listing 3.4. Additionally, one can prede�ne a set of initial
centroids in a �le on disk. The prede�ned initial centroids must be stored in a �le
because one may have hundreds of clusters, therefore the centroids must be stored on
disk, as it is not feasible to specify hundreds of centroids as command line arguments
when running the program containing the algorithm. Having the option of prede�ning
a set of centroids is important for evaluation purposes. When comparing performance
aspects such as the execution time of two di�erent versions of the k -means algorithm,
one must initialize the algorithms with the same centroids, as di�erent values of initial
centroids can yield di�erent results and convergence may be achieved in a di�erent
number of iterations.

There is one variable in the shared state which represents the state of convergence
of the algorithm, which has been de�ned at line 5 in Listing 3.2. This variable is
not mandatory for the implementation of the algorithm, however, it was used to have
only one of the workers (i.e., the �rst worker) checking for convergence, rather than
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all workers. The �rst worker will verify convergence by comparing the centroids of the
last iteration with the centroids of the current iteration, and if they are equal, then the
�rst worker will set the value of the convergence variable to 1. The advantage of this
approach is that the other workers will not verify the convergence criteria themselves,
but rather they will only verify the value of the convergence variable from the shared
state.

1 clusters_counters_local = [0 for _ in range(n_clusters )]

2 clusters_totals_local = [0 for _ in range(n_clusters )]

3 clusters_centers_local = clusters_centers [:]

4

5 for x_idx , x_value in enumerate(X):

6 cluster_idx = argmin(computeDistances(clusters_centers_local , x_value ))

7 labels[x_idx] = cluster_idx

8 clusters_counters_local[cluster_idx] += 1

9 clusters_totals_local[cluster_idx] += x_value

10

11 for cluster_idx in range(n_clusters ):

12 with locks_clusters[cluster_idx ]:

13 clusters_counters[cluster_idx] += clusters_counters_local[cluster_idx]

14 clusters_totals[cluster_idx] += clusters_totals_local[cluster_idx]

15

16 barrier.wait()

17

18 if worker_id == 0:

19 cluster_centers_new = computeCentroids(clusters_totals , clusters_counters)

20 clusters_centers [:] = cluster_centers_new

21 clusters_counters [:] = 0

22 clusters_totals [:] = 0

23 if areEqual(cluster_centers_new , clusters_centers_local ):

24 has_converged.value = 1

25

26 barrier.wait()

27

28 if has_converged.value == 1:

29 break

Listing 3.5: Lock-Based K-Means - worker code of an iteration

Listing 3.5 contains the code for an iteration of the lock-based k -means algorithm
that is executed by the workers. The variables clusters_counters_local and
clusters_totals_local represent the local version of the shared state variables
clusters_counters and clusters_totals from Listing 3.2. To minimize com-
munication with the Redis node, changes are made over the local version of shared state
variables, and when all required changes have been made locally, the global shared state
variables are updated with the values of the local version. At line 3 from Listing 3.5,
the cluster centers (i.e., the centroids) are fetched from the shared state. At lines 5-9,
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the worker iterates its data set partition (i.e., the X variable), and for each data point,
it computes the distances between the data point and the centroids to �nd the label
(i.e., the cluster index to which the data point is assigned), and then updates the arrays
storing the totals and counters of the clusters. At lines 11-14, the shared state variables
are updated using the �nal values for totals and counters that have been obtained in
the previous step by the worker. At line 12, a lock is used to synchronize the access
to a speci�c index of the totals and counters arrays. At line 16, a barrier waits for
all workers to have �nished updating the shared state. When the barrier passes, at
lines 18-19, the �rst worker computes the new centroids using the �nal values of totals
and counters aggregated from all workers. At lines 20-22, the �rst worker updates
the global centroids with the computed centroids, and resets the global values of the
cluster counters and totals to 0 for the next iteration. At lines 23-24, the �rst worker
checks for convergence, and if convergence has been met, the �rst worker updates the
has_converged variable from the shared state. A barrier is used at line 26, to wait
for the �rst worker to update the global centroids before continuing the execution of
the other workers. Finally, at lines 28-29, all workers check at the end of each iteration
whether convergence has occurred, and if it has, the workers break the execution of
the iteration phase.

Listing 3.6 contains the primary implementation di�erence between the lock-based
and the lock-free implementation of the algorithm. The code from Listing 3.6 represents
the lock-free equivalent of the code at lines 11-14 from Listing 3.5. The variables
clusters_counters and clusters_totals are lists, in which each item is an
array. Each worker will only access the lists at the index that is associated with his
identi�er (i.e., the worker_id variable). Therefore, no locks are required, as no access
con�icts can occur.

1 for idx in range(n_clusters ):

2 clusters_counters[worker_id ][idx] = clusters_counters_local[idx]

3 clusters_totals[worker_id ][idx] = clusters_totals_local[idx]

Listing 3.6: Lock-Free K-Means - updating the shared state

1 def innerWorker_computeClusters(connection , X, cluster_centers ):

2 labels = []

3 clusters_counters = [0 for _ in range(len(cluster_centers ))]

4 clusters_totals = [0 for _ in range(len(cluster_centers ))]

5 for x in X:

6 cluster_idx = argmin(computeDistances(cluster_centers , x))

7 labels.append(cluster_idx)

8 clusters_counters[cluster_idx] += 1

9 clusters_totals[cluster_idx] += x

10 connection.send([labels , clusters_counters , clusters_totals ])

11 connection.close()

Listing 3.7: K-Means - inner worker code
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1 partitioned_X = partition_dataset(X, n_processes)

2 ...

3 for pid in range(n_processes ):

4 parent_conn , child_conn = mp.Pipe()

5 parent_connections.append(parent_conn)

6 child_connections.append(child_conn)

7 ...

8 for pid in range(n_processes ):

9 process = mp.Process(

10 target=innerWorker_computeClusters ,

11 args=( child_connections[pid], partitioned_X[pid], cluster_centers_local ,))

12 process.start()

13

14 for parent_connection in parent_connections:

15 results = parent_connection.recv()

16 labels.extend(results [0])

17 for cluster_idx in range(n_clusters ):

18 clusters_counters_local[cluster_idx] += results [1][ cluster_idx]

19 clusters_totals_local[cluster_idx] += results [2][ cluster_idx]

Listing 3.8: K-Means - invoking inner workers and aggregating their results

As an optimization technique, the intra-function parallelism pattern will be em-
ployed to parallelize the execution of the serverless functions via inner workers. Note
that for parallelizing the execution of AWS Lambda functions based on Python code,
one can only use processes and pipes from the Python Multiprocessing API. At each
iteration, a number of processes (i.e., inner workers) will be launched to parallelize
the sequential execution of the serverless function (i.e., worker), where the number is
dictated by the number of vCPU of the serverless function. Each inner worker will run
the computation phase of the algorithm, i.e., computing the cluster totals, counters
and labels, as in Listing 3.7. The code for invoking inner workers and aggregating
their results is presented in Listing 3.8. At line 1 in Listing 3.8, the partition as-
signed to the worker is split into several smaller chunks (i.e., sub-partitions), one for
each inner worker. At lines 3-6, a pipe is created for each inner worker, to enable the
communication between the inner workers (i.e., child processes) and the parent pro-
cess of the worker. Each inner worker will run the function from Listing 3.7 called
innerWorker_computeClusters, which takes as parameters the child process
connection object, the chunk of the partition (i.e., a sub-partition) and the centroids.
The inner workers perform the computation and when they have �nished, the results
are received and aggregated at lines 14-19. At this point, the worker has obtained
the iteration's �nal local version of the cluster counters and totals, which will have
to be used for updating the global shared state, as in lines 11-14 from Listing 3.5 for
the lock-based implementation, or as in Listing 3.6 for the lock-free implementation.
The limitation of this optimization technique is that additional overheads result from
splitting partitions into sub-partitions, creating pipes for enabling communication with
the inner workers, launching and terminating inner workers at every iteration, sending
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the output (i.e., the cluster totals, counters and labels) of the inner workers to the
(parent) workers and aggregating the received results. However, these overheads are
expected to be compensated by the speed-up resulting from the parallel execution of
the algorithm via the inner workers.

The output of the k -means algorithm is the centroids and the labels. The centroids
are stored in the shared state, i.e., remotely in the Redis node, therefore the serverless
functions do not need to output the centroids, as they can be accessed by the client
machine directly via the shared state. However, the labels (i.e., the cluster index to
which each data point is assigned) represent data that is local to the serverless functions,
and it must be returned to the client machine that launched the serverless functions.
Therefore, the output of each serverless function is the labels of its assigned partition
of the data set. Each serverless function outputs a set of partial labels, which must be
concatenated to obtain the complete list of labels for the entire data set. A limitation
of the serverless implementations is that fetching the centroids from the shared state,
retrieving the partial labels outputted by the serverless functions and aggregating the
partial labels yield additional overheads that slow down the execution of the algorithm.
Listing 3.9 contains the client code that is executed on the client machine that invokes
a number of n_workers serverless functions at line 2, receives the partial labels of
each serverless function as a result at line 3, and then the complete labels are obtained
via concatenation at line 4.

1 fexec = FunctionExecutor ()

2 fexec.map(launch_worker , X, obj_chunk_number=n_workers)

3 partial_labels = fexec.get_result ()

4 labels = np.concatenate(partial_labels , axis =0)

Listing 3.9: K-Means - concatenating the partial labels of all workers

Algorithm 3 contains the pseudocode of a generalized serverless implementation
of the k -means algorithm. The algorithm takes as input X which represents the
data set partition assigned to the worker, worker_id which represents the identi-
�er of the worker, max_iter which represents the maximum number of iterations,
centroids_initialized which states whether the centroids have already been initial-
ized, and cpu_count which speci�es the level of parallelism adopted by the worker
(i.e., either serial or parallel via inner workers). The output of the algorithm is the
global centroids and the labels. The shared state is represented by all variables pre�xed
by �global�, whereas the variables pre�xed by �local� represent the local version
of the variables from the shared state. Initially, the values of the cluster counters and
totals from the shared state are initialized to 0. At lines 1-4, if the centroids have not
been prede�ned, then the �rst worker will randomly initialize the centroids, whereas
the other workers wait for the centroids to be initialized. The iteration phase begins at
line 5, and at line 6, the global centroids are fetched from the shared state and stored in
a local variable. At lines 7-11, the labels and cluster counters and totals are computed
serially, whereas at lines 12-18, the labels and cluster counters and totals are computed
in parallel by the inner workers, and then aggregated. At lines 19-20, the global shared
state variables for counters and totals are aggregated with the partial values computed
by each worker. At line 21, all workers synchronize, and by this point, the �nal values
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for the current iteration of the counters and totals have been obtained. At lines 22-23,
the �rst worker computes the new centroids by dividing the �nal totals and counters
from the shared state, and then updates the global centroids with the new centroids.
At lines 24-25, the �rst worker resets the values of the cluster counters and totals from
the shared state to 0 for the next iteration. The workers must once again synchronize
at line 26, to ensure that they are operating with the new computed centroids. Finally,
at the end of every iteration, at lines 27-28, all workers check whether the algorithm
has converged and break the execution of the algorithm if necessary.

Algorithm 3: Serverless K-Means Clustering
Input: X, worker_id, max_iter, centroids_initialized, cpu_count
Output: global_clusters_centers, labels

1 if centroids_initialized == False then
2 if worker_id == 0 then
3 global_clusters_centers← getRandomCentroids(X)
4 global_barrier.wait()
5 for iter ← 0; iter < max_iter; iter ← iter + 1 do
6 local_clusters_centers← global_clusters_centers
7 if cpu_count == 1 then
8 clusters_data← computeClusters(X, local_clusters_centers)
9 labels← clusters_data.getLabels()
10 local_clusters_counters← clusters_data.getClustersCounters()
11 local_clusters_totals← clusters_data.getClustersTotals()
12 else if cpu_count > 1 then
13 partitions← partitionDataset(X, cpu_count)
14 inner_workers← createInnerWorkers(partitions, local_clusters_centers)
15 invoke(inner_workers)
16 labels← inner_workers.getLabels()
17 local_clusters_counters← inner_workers.getClustersCounters()
18 local_clusters_totals← inner_workers.getClustersTotals()
19 global_clusters_counters← global_clusters_counters + local_clusters_counters
20 global_clusters_totals← global_clusters_totals + local_clusters_totals
21 global_barrier.wait()
22 if worker_id == 0 then
23 global_clusters_centers← global_clusters_totals / global_clusters_counters
24 global_clusters_counters←0
25 global_clusters_totals←0
26 global_barrier.wait()
27 if global_clusters_centers == local_clusters_centers then
28 break
29 end
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3.2 Serverless Logistic Regression

The two serverless implementation versions of the logistic regression algorithm based
on (batch) gradient descent are described in this section. Note that the training phase
(i.e., the �tting) of the algorithm has been implemented, and not the classi�er's predic-
tion procedure of a new given observation. As in the implementation of the k -means
algorithm, the �rst version of the algorithm requires locks for updating the shared
state, whereas the second version aims to be an optimization of the �rst version, by
providing a lock-free design. The client code from Listing 3.1 can as well be used for in-
voking concurrent serverless functions (via the map method of FunctionExecutor) that
run the logistic regression algorithm, where each function reads its assigned training
set partition from disaggregated object storage (in the method launch_worker).

1 weights = Array('d', [0 for _ in range(n_features + 1)])

2 gradients = Array('d', [0 for _ in range(n_features + 1)])

3 barrier = Barrier(n_workers)

4 lock = Lock()

Listing 3.10: Lock-Based Logistic Regression - shared state variables

1 gradients = [Array('d',

2 [0 for _ in range(n_features + 1)]) for idx in range(n_workers )]

Listing 3.11: Lock-Free Logistic Regression - shared state variables

At each iteration of the logistic regression algorithm, a set of gradients are com-
puted, that are used for updating the weights. The objective of the training phase of
the algorithm is to learn a set of weights that will be used by the classi�er to predict
the class label of a new given observation. Listing 3.10 de�nes all the variables that
represent the shared state in the �rst version of the implemented algorithm, i.e., the
lock-based implementation. The shared state is primarily represented by the gradi-
ents and the weights. Both of these data objects are represented as an array, where
the length of the array is dictated by the number of features of the training set. The
weights array has been de�ned at line 1 in Listing 3.10, whereas the gradients array has
been de�ned at line 2. In the lock-free implementation of the algorithm, the di�erence
in the shared state is that the gradients variable has been de�ned as a list of arrays as
in Listing 3.11, where each item of the list represents the memory space of one worker,
as illustrated in Figure 3.2. The synchronization of the workers is realized at each
iteration via the barrier object that has been de�ned at line 3 in Listing 3.10. At every
iteration, each worker increments the global gradients from the shared state with the
partial gradients (i.e., sub-gradients) computed by the worker. Two concurrent workers
should not be able to increment the value of the global gradients simultaneously, as
con�icts and incorrect results can occur. Therefore, a lock has been de�ned at line 4
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in Listing 3.10 to synchronize the access to the global gradients in the lock-based im-
plementation of the algorithm. The limitation of the described implementation is that
using a barrier and a lock leads to additional overheads that slow down the execution
of the algorithm. Before the end of every iteration, one of the workers (i.e., the �rst
worker) fetches the �nal global gradients aggregated from all workers and computes
the new values of the weights by using the gradients and a learning rate. The weights
represent the output of the logistic regression algorithm, however, the weights do not
need to be returned by the serverless functions to the client machine that launched
the functions. The weights are stored in the shared state, i.e., remotely in the Redis
node, therefore they can be fetched by the client machine directly. A limitation of the
described implementation is that the necessity of fetching the weights from the shared
state leads to additional communication overheads.

1 weights_local = weights [:]

2 z = np.dot(X, weights_local)

3 y_pred = sigmoid(z)

4 errors = y_pred - y

5 gradients_local = np.dot(X.T, errors)

6

7 with lock:

8 gradients [:] += gradients_local

9

10 barrier.wait()

11

12 if worker_id == 0:

13 gradients_total = np.array(gradients [:])

14 weights_local = weights_local - learning_rate * gradients_total

15 weights [:] = weights_local

16 gradients [:] = empty_gradients

17

18 barrier.wait()

Listing 3.12: Lock-Based Logistic Regression - worker code of an iteration

At every iteration, each worker computes the gradients associated with his as-
signed training set partition. Thus, they are considered partial gradients, as they are
not computed over the entire training set. However, the global values of the gradients
can be obtained by summing the partial gradients of all workers. Therefore, the server-
less functions (i.e., the workers) compute the partial gradients in parallel, and each of
them increments the global values of the gradients using the partial computed gradi-
ents. Listing 3.12 contains the code for an iteration of the lock-based logistic regres-
sion algorithm that is executed by the workers. The variables weights_local and
gradients_local represent the local version of the shared state variables weights
and gradients from Listing 3.10. To minimize the number of requests to the Redis
node, changes are made to the local version of shared state variables, and when all
required changes have been made locally, the global shared state variables are updated
with the values of the local version. At the beginning of each iteration, at line 1 in
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Listing 3.12, each worker fetches the global weights and stores them in a local vari-
able. At lines 2-5, the partial gradients are computed by following the steps outlined
in Algorithm 2. After computing the partial gradients, each worker increments the
values of the global gradients by the partial gradients at lines 7-8. At line 7, a lock is
used to synchronize the access to the global gradients. At line 10, a barrier waits for
all workers to have �nished updating the global gradients. When the barrier passes,
at lines 12-14, the �rst worker computes the new weights using the �nal global values
of the gradients aggregated from all workers, by taking into account the learning rate.
Then, at lines 15-16, the �rst worker updates the global weights with the computed
weights and then resets the values of the global gradients to 0 for the next iteration.
Finally, a barrier is used at line 18, to wait for the �rst worker to update the global
weights before continuing the execution of the other workers.

Listing 3.13 contains the primary di�erence between the lock-based and the lock-
free implementation of the algorithm. The code from Listing 3.13 represents the lock-
free equivalent of the code at lines 7-8 from Listing 3.12. The gradients variable is
a list, in which each item is an array. Each worker will only access the list at the index
that is associated with his identi�er (i.e., the worker_id variable). Thus, locks are
not required, as access con�icts cannot occur.

1 gradients[worker_id ][:] = gradients_local

Listing 3.13: Lock-Free Logistic Regression - updating the shared state

1 def innerWorker_computeGradients(weights , connection , X, y):

2 z = np.dot(X, weights)

3 y_pred = sigmoid(z)

4 errors = y_pred - y

5 gradients = np.dot(X.T, errors)

6 connection.send(gradients)

7 connection.close()

Listing 3.14: Logistic Regression - inner worker code

Similar to the k -means implementation from Section 3.1, as an optimization tech-
nique, the intra-function parallelism pattern will be adopted to parallelize the execution
of the serverless functions via inner workers. As a reminder, one can only use processes
and pipes from the Python Multiprocessing API for parallelizing the execution of AWS
Lambda functions based on Python code. At each iteration, a number of processes (i.e.,
inner workers) will be launched to parallelize the sequential execution of the server-
less function, where the number is dictated by the number of vCPU of the serverless
function. Each inner worker will run the computation phase of the algorithm, i.e., com-
puting the partial gradients, as in Listing 3.14. The code for invoking inner workers
and aggregating the resulting gradients is presented in Listing 3.15. At lines 1-2 from
Listing 3.15, the partition (X, y) of the training set assigned to the worker is split into
several smaller chunks (i.e., sub-partitions), one for each inner worker. At lines 4-7, a
pipe is created for each inner worker, to enable the communication between the inner
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workers (i.e., child processes) and the parent process of the worker. Each inner worker
will run the function from Listing 3.14 called innerWorker_computeGradients,
which takes as parameters the weights, the child process connection object, and the
chunk of the partition (i.e., a sub-partition). The inner workers perform the computa-
tion and when they have �nished, the results are received and aggregated at lines 17-19.
At this point, the worker has obtained the iteration's �nal local version of the gradients,
which will have to be used for incrementing the values of the global gradients, as in
lines 7-8 from Listing 3.12 for the lock-based implementation, or as in Listing 3.13 for
the lock-free implementation. The limitation of the described optimization technique is
that additional overheads result from splitting partitions into sub-partitions, creating
pipes for enabling communication with the inner workers, launching and terminating
inner workers at every iteration, sending the output (i.e., the partial gradients) of the
inner workers to the (parent) workers and aggregating the received results to obtain
the global gradients. Nevertheless, these overheads are expected to be compensated by
the speed-up resulting from the parallel computation of the partial gradients.

1 partitioned_X = partition_dataset(X, n_processes)

2 partitioned_y = partition_dataset(y, n_processes)

3 ...

4 for pid in range(n_processes ):

5 parent_conn , child_conn = mp.Pipe()

6 parent_connections.append(parent_conn)

7 child_connections.append(child_conn)

8 ...

9 for pid in range(n_processes ):

10 process = mp.Process(

11 target=innerWorker_computeGradients ,

12 args=( weights_local , child_connections[pid],

13 partitioned_X[pid], partitioned_y[pid],))

14 process.start()

15

16 gradients_local = 0

17 for parent_connection in parent_connections:

18 innerWorker_gradients = parent_connection.recv()

19 gradients_local += innerWorker_gradients

Listing 3.15: Logistic Regression - invoking inner workers and
aggregating their results

Algorithm 4 contains the pseudocode of a generalized serverless implementation of
the logistic regression algorithm. The algorithm takes as input X which represents the
observations of the training set partition assigned to the worker, y which represents
the true class labels of the observations from the training set partition, worker_id
which represents the identi�er of the worker, max_iter which represents the maximum
number of iterations, learning_rate which speci�es the step size, and cpu_count which
speci�es the level of parallelism adopted by the worker (i.e., either serial or parallel via
inner workers). The output of the algorithm is the global weights. The shared state is
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represented by all variables pre�xed by �global�, whereas the variables pre�xed by
�local� represent the local version of the variables from the shared state. Initially,
the values of the weights and gradients from the shared state are initialized to 0. The
iteration phase begins at line 1, and at line 2, the global weights are fetched from
the shared state and stored in a local variable. At lines 3-4, the partial gradients are
computed serially, whereas at lines 5-9, the partial gradients are computed in parallel
by the inner workers, and then aggregated. At line 10, the global gradients from the
shared state are incremented by the partial gradients computed by each worker. At line
11, all workers synchronize, and by this point, the �nal values for the current iteration
of the gradients have been obtained. At lines 12-13, the �rst worker computes the new
weights using the �nal global values of the gradients aggregated from all workers and
the learning rate, and then updates the global weights with the computed weights.
At line 14, the �rst worker resets the values of the global gradients to 0 for the next
iteration. Finally, the barrier from line 15 waits for the �rst worker to update the
global weights before continuing the execution of the other workers.

Algorithm 4: Serverless Logistic Regression
Input: X, y, worker_id, max_iter, learning_rate, cpu_count
Output: global_weights

1 for iter ← 0; iter < max_iter; iter ← iter + 1 do
2 local_weights← global_weights
3 if cpu_count == 1 then
4 local_gradients← computeGradients(X, y, local_weights)
5 else if cpu_count > 1 then
6 partitions← partitionDataset(X, y, cpu_count)
7 inner_workers← createInnerWorkers(partitions, local_weights)
8 invoke(inner_workers)
9 local_gradients← inner_workers.getGradients()

10 global_gradients← global_gradients + local_gradients
11 global_barrier.wait()
12 if worker_id == 0 then
13 global_weights← local_weights − learning_rate · global_gradients
14 global_gradients← 0
15 global_barrier.wait()
16 end
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Chapter 4

Correctness Validation of Serverless

Implementations

This chapter presents the method in which the correctness of the serverless implemen-
tations of the stateful machine learning algorithms has been validated. The aim is to
validate that the serverful machine learning algorithms have been correctly ported to
serverless. The scikit-learn machine learning library has been used as a baseline for
comparison.

Scikit-learn is a Python module that comprises a wide range of state-of-the-art
machine learning algorithms and it provides an easy-to-use interface that ful�lls the
needs of non-specialists in statistical data analysis [55]. It features numerous machine
learning algorithms for classi�cation, regression and clustering, including k -means, k -
nearest neighbors, support vector machines, decision trees, random forests, gradient
boosting, principal component analysis, ensemble methods and neural network mod-
els. The implementation of scikit-learn is largely based on Python and uses NumPy1

extensively for high-performance linear algebra and array operations. Note that NumPy
is a fundamental Python library for scienti�c computing that specializes in fast and
e�cient numerical processing of multi-dimensional arrays [56].

Validation scripts have been used for verifying the correctness of the serverless
implementations. To validate the correctness of the serverless implementations of the
stateful machine learning algorithms, the results obtained by the serverless implemen-
tations have been compared with the results obtained using scikit-learn. The results
obtained using the serverless implementations and using scikit-learn should be identi-
cal when using the same con�guration of parameters. Note that the correctness of the
serverful implementations have been validated in the same way as the serverless im-
plementations, as both implementations follow the same logic, with the di�erence that
the serverful implementations are based on processes rather than serverless functions.

The validation script of the k -means serverless implementation validates that the
centroids and labels outputted by the serverless implementation are identical to the
centroids and labels outputted by the scikit-learn library. The validation of the k -means
serverless implementation has been carried out successfully, by using data sets of various
sizes, with various number of clusters, various number of workers (i.e., concurrent
serverless functions), and various number of inner workers. Speci�cally, the validation
has been carried out using data sets with sizes of [10, 50, 100, 500] MB, with a number
of [3, 5, 7, 10] clusters, with a number of [1, 2, 10, 20, 50] workers, and with a number
of [2, 3, 4, 5, 6] inner workers.

Listing 4.1 contains an excerpt from the validation script that veri�es the cor-
rectness of the serverless implementation of the k -means algorithm. The data set

1https://numpy.org
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X_serial is the same as X_serverless, however, X_serial is stored locally on
the client machine, whereas X_serverless is stored in disaggregated object storage
(i.e., Amazon S3). The k -means algorithm from scikit-learn is executed locally on the
client machine at lines 7-9, by using the same parameters that are used for the execution
of the serverless implementation at lines 11-13. At lines 15-19, the correctness of the
serverless implementation is validated, as the results of both algorithms are compared,
i.e., the labels and the centroids.

1 import argparse

2 import numpy as np

3 from sklearn.cluster import KMeans as KMeansSerial

4 from kmeans_serverless import KMeansServerless

5

6 ...

7 kmeans_serial = KMeansSerial(

8 n_clusters=args.k, init=centroids)

9 kmeans_serial.fit(X_serial)

10

11 kmeans_serverless = KMeansServerless(

12 n_clusters=args.k, init=centroids , n_workers=args.n_workers)

13 kmeans_serverless.fit(X_serverless)

14

15 labels_equal = np.allclose(

16 kmeans_serial.labels_ , kmeans_serverless.labels_)

17

18 centroids_equal = np.allclose(

19 kmeans_serial.cluster_centers_ , kmeans_serverless.cluster_centers_)

Listing 4.1: Serverless K-Means - correctness validation

The validation script of the logistic regression serverless implementation validates
that the predictions outputted by the serverless implementation are identical to the
predictions outputted by the scikit-learn library. The validation of the logistic regres-
sion serverless implementation has been carried out successfully, by using data sets of
various sizes, with various number of features, various number of workers, and various
number of inner workers. Respectively, the validation has been carried out using data
sets with sizes of [10, 50, 100, 500] MB, with a number of [3, 5, 7] features, with a
number of [1, 2, 10, 20, 50] workers, and with a number of [2, 3, 4, 5, 6] inner workers.

Listing 4.2 contains an excerpt from the validation script that veri�es the correct-
ness of the serverless implementation of the logistic regression algorithm. The variable
X_serial contains the observations of the training set, and the variable y_serial
contains the true class labels of the observations from the training set, where both are
stored locally on the client machine. The variable X_y_serverless represents the
storage object from Amazon S3 that contains the same observations and true class
labels as the variables X_serial and y_serial. The logistic regression algorithm
from scikit-learn is executed locally on the client machine at lines 7-11, by using equiv-
alent parameters that are used for the execution of the serverless implementation at
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lines 13-17. At line 19, the correctness of the serverless implementation is validated,
as the results of both algorithms are compared, i.e., their prediction results.

1 import argparse

2 import numpy as np

3 from sklearn.linear_model import SGDClassifier

4 from logisticRegression_serverless import LogisticRegressionServerless

5

6 ...

7 logisticRegression_serial = SGDClassifier(

8 max_iter=args.max_iter , eta0=args.learning_rate , alpha=0,

9 learning_rate="constant", loss="log_loss", tol=None)

10 logisticRegression_serial.fit(X_serial , y_serial)

11 predictions_serial = logisticRegression_serial.predict(X_serial)

12

13 logisticRegression_serverless = LogisticRegressionServerless(

14 max_iter=args.max_iter , learning_rate=args.learning_rate ,

15 n_features=args.n_features , n_workers=args.n_workers)

16 logisticRegression_serverless.fit(X_y_serverless)

17 predictions_serverless = logisticRegression_serverless.predict(X_serial)

18

19 predictions_equal = np.allclose(predictions_serial , predictions_serverless)

Listing 4.2: Serverless Logistic Regression - correctness validation
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Chapter 5

Experimental Evaluations

Several experiments have been carried out to assess the performance of the serverless
implementations. Table 5.1 outlines the general con�guration parameters of the eval-
uation setup used for carrying out the experiments. All resources have been placed in
the eu-west2 region, including the EC2 virtual machines, the AWS Lambda functions,
and the Amazon S3 buckets storing the data sets. For minimizing the network latency,
the AWS Lambda functions and the EC2 instances, i.e., the Redis node and the client
machine, have been con�gured to run inside the same VPC.

A memory optimized EC2 instance has been used for the virtual machine that
hosts Redis, for storing the shared state. A general purpose EC2 instance with 32GB
of memory has been used as the client machine that launches the serverless functions.
A client machine with 32GB of memory was used for the reason that most experiments
involve the k -means algorithm, which outputs one label for every observation of the
data set, therefore in the case of large data sets, a considerable amount of memory
is needed for being able to store in memory the labels outputted by the serverless
functions. Note that the experiments involving the k -means algorithm have initialized
di�erent executions of the algorithm with the same centroids to secure a fair evaluation.

Con�guration Parameter Value

Resources Region eu-west2 (Europe - London)
Redis Node Instance Type r5.large (memory optimized - 2 vCPU, 16GB RAM)

Client Machine Instance Type t2.2xlarge (general purpose - 8 vCPU, 32GB RAM)
AWS Lambda Timeout 15 minutes

Table 5.1: Experiments Evaluation Setup

5.1 Serverless Synchronization Overheads

An experiment has been carried out to measure the synchronization overheads incurred
by barriers. The k -means algorithm has been executed over serverless functions with
1769MB (1 full vCPU) and with a data set of 2GB. The average time spent waiting
on a barrier has been measured with an increasing number of workers.

The chart from Figure 5.1 outlines the results of the experiment. The horizontal
axis of the chart represents the number of workers used for executing the k -means
algorithm, whereas the vertical axis represents the average time spent waiting on a
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barrier. Thus, when running 300 workers, a synchronization overhead of 2.72 seconds
is incurred by each barrier. Considering that two barriers are used at each iteration
for synchronizing the execution of the k -means algorithm, substantial overheads can
result when executing the algorithm over a large number of iterations.

Figure 5.1: Synchronization Overheads - Average Time
Spent Waiting on a Barrier

5.2 Serverless Peformance Compared to Sequential

This experiment aims to compare the performance of the serverless (lock-based) imple-
mentation of the k -means algorithm with its sequential (i.e., serial) implementation.
The sequential implementation of k -means has been executed on a compute optimized
EC2 instance, as presented in Table 5.2. Both implementations have used the same
8GB data set. Furthermore, each serverless function has been allocated with 1 full
vCPU.

Con�guration Parameter Value

AWS Lambda Memory 1769MB (1 full vCPU)
Data Set Size 8GB

EC2 Instance Type c5.4xlarge (compute optimized - 16 vCPU, 32GB RAM)

Table 5.2: Evaluation Setup - Serverless Performance Compared to Sequential

Figure 5.2 presents the speedup obtained by using a serverless implementation
compared to a single-machine sequential implementation. Note that the speedup is
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measured as the ratio of the execution time of the sequential implementation, to the
execution time of the serverless implementation. Additionally, a speedup factor of n is
alternatively called an n-fold speedup. The horizontal axis of the chart represents the
number of workers (i.e., concurrent serverless functions) used for executing the k -means
algorithm, whereas the vertical axis represents the speedup obtained with a serverless
implementation using the speci�ed number of workers. The serverless implementation
was launched with a number of concurrent serverless functions that are multiple of 50,
up to 400. The peak performance is achieved with 350 workers, obtaining a speedup
factor of 87, i.e., an 87-fold speedup. The performance of the serverless implementation
improves with the number of workers up to 350 workers, and then the performance
begins to decline. The performance decline is to be expected, as the size of the data
set is constant throughout the entire experiment.

Figure 5.2: Speedup - Serverless Compared to Sequential

5.3 Serverless Peformance Compared to Serverful

This experiment compares the performance of the serverless (lock-based) implemen-
tation of the k -means algorithm with its serverful (i.e., parallel and single-machine)
implementation. Both implementations have used the same 3GB data set. Moreover,
each serverless function has been allocated with 1 full vCPU. The serverful implemen-
tation has been realized via Lithops by using localhost deployment, and it has been
executed on a compute optimized EC2 instance, as presented in Table 5.3. The reason
that Lithops was used is that it provides a built-in data partitioner that ensures that
the workers (i.e., processes) read their assigned partitions in parallel, thus speeding
up the execution of the serverful implementation. The parallelization of the serverful
implementation is enabled via processes and a local (i.e., on the same EC2 instance)
Redis instance has been set up for storing the shared state of the processes.
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Con�guration Parameter Value

AWS Lambda Memory 1769MB (1 full vCPU)
Data Set Size 3GB

EC2 Instance Type c5.4xlarge (compute optimized - 16 vCPU, 32GB RAM)

Table 5.3: Evaluation Setup - Serverless Performance Compared to Serverful

Figure 5.3 presents the execution time of the serverless implementation compared
to the serverful implementation. The horizontal axis of the chart represents the number
of workers (i.e., the number of concurrent serverless functions or processes) used for ex-
ecuting the k -means algorithm, whereas the vertical axis represents the execution time.
The execution times have been compared when using [8, 12, 16] workers. The chart
shows that the serverless implementation is slower when using 8 concurrent serverless
functions than the serveful implementation when using 8 processes. Furthermore, the
serverless implementation is slightly faster than the serverful implementation when us-
ing 12 processes, however, the di�erence is negligible and could be caused by �uctuating
network latencies. Moreover, the serverful implementation is slower than the serverless
implementation when using 16 processes. When using all 16 vCPU of the EC2 instance,
the performance of the serverful implementation degrades. It can be noted that the
performance of the serverful implementation slightly increases with the increase in the
level of parallelism, however, the performance declines when all vCPU are used. In
contrast, the performance of the serverless implementation improves steadily with the
increase in the level of parallelism.

Figure 5.3: Execution Time - Serverless Compared to Serverful

A breakdown of the execution times has been carried out to determine the reason
why the performance of the serverless implementation improves with the increase in
the number of workers. After analyzing the breakdown of execution times, it can
be concluded that the performance of the serverless implementation improves with
the increase in the number of workers due to the parallelization of computation and of
reading the data set from object storage. Table 5.4 shows that the total time of reading
the data set decreases with the increase in the number of workers. Furthermore, the
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duration of the computation phase of the k -means algorithm decreases signi�cantly
with the increase in the level of parallelism.

No. Workers (Serverless Functions) Read Dataset Compute

8 28.83 527.27
12 19.47 341.15
16 14.08 262.12

Table 5.4: Breakdown of Execution Times (seconds) - Serverless Implementation

Similarly, a breakdown of the execution times has been carried out to determine
the reason why the performance of the serverful implementation slightly increases with
the increase in the number of processes but then declines when a number of processes
equal to the number of vCPU are used. Table 5.5 shows that the total time for read-
ing the data set and for performing the computation phase slightly decreases when
increasing the number of processes from 8 to 12. However, when using all vCPU of the
EC2 instance, the total time of reading the data set and carrying out the computation
phase of the k -means algorithm slightly increases.

No. Workers (Processes) Read Dataset Compute

8 17.06 378.82
12 11.64 361.79
16 17.37 398.02

Table 5.5: Breakdown of Execution Times (seconds) - Serverful Implementation

An additional serverful implementation of k -means has been realized via the
Python Multiprocessing API. The serverful implementation based on Lithops relies on
a local Redis node for managing the shared state, however, the implementation based
on the Python Multiprocessing API leverages its built-in shared state abstractions.
The disadvantage of the serverful implementation based on the Python Multiprocess-
ing API is that it does not provide a built-in data partitioner, therefore the entire
data set is read sequentially, rather than in parallel, which consequently slows down
the execution of the algorithm. However, one could implement a data partitioner to
mitigate this limitation. A breakdown of the execution times of the two serverful im-
plementations using 16 processes is presented in Table 5.6. The breakdown shows that
the total synchronization of the k -means algorithm for all iterations via barrier objects
has a slightly longer duration in the implementation based on Lithops with localhost.
Additionally, updating the shared state, i.e., updating the cluster totals and counters,
has a slightly longer duration in the implementation based on Lithops with localhost.
It can be concluded that using the Python Multiprocessing API for the serverful im-
plementation is bene�cial as it provides faster access to the shared state compared to
accessing a local Redis node for managing the shared state. However, Lithops provides
a built-in data partitioner that compensates for these overheads and speeds up the
execution of the implementation.
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Implementation Compute Synchronization
Fetch

Shared State
Update

Shared State
Aggregate

Shared State

Lithops with
Localhost

400.021 1.664 0.003 0.020 0.015

Python
Multiprocessing API

400.650 1.077 0.005 0.005 0.011

Table 5.6: Breakdown of Execution Times (seconds) - Serverful Implementations

5.4 Serverless Scalability Compared to Serverful

An experiment has been carried out to compare the scalability of the serverless (lock-
based) implementation of the k -means algorithm with its serverful implementation.
The serverful implementation has been realized via Lithops by using localhost deploy-
ment, and it has been executed on two compute optimized EC2 instances, with 8 and
16 vCPU, as presented in Table 5.7. The size of the baseline data set is 50MB, i.e.,
this represents the size of the data set when executing the k -means algorithm with
one worker (i.e., one serverless function or one process). Data sets of sizes that are
multiples of 50MB are used proportionally to the number of workers. For example, a
data set of size 100MB is used when running two workers, and a data set of size 200MB
is used when running four workers respectively.

Con�guration Parameter Value

AWS Lambda Memory 256MB
Baseline Data Set Size 50MB
First EC2 Instance Type c5.2xlarge (compute optimized - 8 vCPU, 16GB RAM)
Second EC2 Instance Type c5.4xlarge (compute optimized - 16 vCPU, 32GB RAM)

Table 5.7: Evaluation Setup - Serverless Scalability Compared to Serverful

Figure 5.4 presents the scalability of the serverless implementation compared to
the serverful implementation. The horizontal axis of the chart represents the number
of workers (i.e., the number of concurrent serverless functions or processes) used for ex-
ecuting the k -means algorithm, whereas the vertical axis represents the scale-up. The
scalability is measured in terms of scale-up = T1/Tn, where T1 is the execution time
using one worker and a data set of 50MB, whereas Tn is the execution time using n
workers and a data set of n×50MB. Perfectly linear scalability would be denoted with
scale-up = 1, i.e., the increase in the number of workers can handle the increase in the
workload size. The chart shows that the scalability of the serverless implementation is
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better than the serverful implementation. The scale-up of the serverless implementa-
tion degrades at a slower pace than the serverful implementation, as it can be noted
that the scale-up of the serverful implementation quickly degrades. The serverless im-
plementation achieves a scale-up factor of 0.96 with 40 workers, but it lowers down
to 0.91 with 100 workers. The serverful implementation running on the EC2 instance
with 8 vCPU achieves a scale-up factor of 0.99 with 4 workers, but it lowers down to
0.47 with 8 workers. Correspondingly, the serverful implementation running on the
EC2 instance with 16 vCPU achieves a scale-up factor of 0.98 with 8 workers, but it
lowers down to 0.65 with 12 workers, and to 0.48 with 16 workers.

Figure 5.4: Scalability - Serverless Compared to Serverful

Figure 5.5: Serverless Scalability - Synchronization Time

After analyzing a breakdown of the execution times, it has been determined that
the scalability of the serverless implementation slowly degrades due to synchronization
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overheads. Figure 5.5 illustrates that the total synchronization times of the serverless
implementation increase with the increase in the number of workers. The synchroniza-
tion times are caused by the total time spent waiting on barrier objects. One of the
reasons for this may be that the Redis node cannot handle gracefully requests from
multiple connection points, i.e., the concurrent serverless functions.

Similarly, after carrying out a breakdown of the execution times, it has been
determined that the scalability of the serverful implementation degrades due to the
duration of the computation phase of the algorithm. Table 5.8 presents the execution
time of the computation phase when running the algorithm on the two EC2 instances.
The results show that as the number of used vCPU increases, the performance of the
computation decreases. Note that the duration of the computation phase more than
doubles when using all vCPU.

No. Workers
Compute

EC2 c5.4xlarge (16 vCPU)
Compute

EC2 c5.2xlarge (8 vCPU)

4 51.22 49.13
8 51.72 49.59
12 70.76 109.26
16 106.80 -

Table 5.8: Serverful Scalability - Computation Time (seconds)

5.5 Serverless Lock-Based and Lock-Free Performance

Experiments have been carried out to evaluate the performance of the two types of
serverless implementations, in the context of the k -means algorithm. As a reminder,
the �rst implementation version is lock-based as it requires locks for updating the
shared state, whereas the second implementation version is an optimization of the �rst
version, by proposing a lock-free design. Serverless functions with 1GB of memory
have been used in the experiments.

The �rst experiment aims to explore the execution times of the two serverless
implementations, with an increasing number of workers. Note that only the execution
times of the iteration phase have been measured, as other phases are not relevant for
the evaluation (e.g. launching the serverless functions, reading the data sets). The
number of clusters used is k = 3 and a data set of 1GB has been used. Table 5.9 shows
the execution times of the lock-based and lock-free serverless implementations with an
increasing number of workers. The results show that the lock-based implementation is
slightly slower, by an average of 1.5 seconds. Therefore, the optimization proposed by
the lock-free implementation provides minimal added value, as it delivers a negligible
performance improvement.

The second experiment compares the execution times of the iteration phase of the
two serverless implementations, with an increasing number of clusters. The experiment
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No. Workers Lock-Based Lock-Free Delta

10 262.27 260.20 2.07
20 141.65 138.99 2.66
30 97.15 96.36 0.79
40 78.20 76.41 1.79
50 64.25 62.07 2.18
60 55.77 54.23 1.54
70 51.16 49.69 1.47
80 48.38 46.71 1.66
90 44.31 43.07 1.24
100 42.12 41.82 0.29

Table 5.9: Serverless Lock-Based and Lock-Free
Execution Time (seconds) by Number of Workers

k clusters
Serverless

Implementation
Update

Shared State
Aggregate

Shared State

100
Lock-Based 11.10 10.57

Lock-Free 5.58 31.31

200
Lock-Based 14.19 8.20

Lock-Free 11.04 62.96

300
Lock-Based 31.52 32.27

Lock-Free 15.17 88.62

400
Lock-Based 45.35 44.15

Lock-Free 22.17 122.13

500
Lock-Based 57.46 55.27

Lock-Free 27.00 153.01

Table 5.10: Serverless Lock-Based and Lock-Free
Breakdown of Execution Times (seconds) by Number of Clusters

aims to determine the e�ect of the number of clusters on execution times. Data sets of
100MB have been used in the experiment, where each data set contains data that can be
clustered into a di�erent number of k partitions. Note that 10 workers have been used
in the experiment. Figure 5.6 shows the performance improvement gained by using
the lock-based rather than the lock-free serverless implementation. The performance
improvement is measured as a percentage and has been calculated as in Eq. 5.1. The
horizontal axis of the chart represents the number of clusters contained in the data sets,
whereas the vertical axis represents the performance improvement. The chart shows
that with a small number of clusters, the performance improvement has a negative
value, whereas the performance improves steadily with the increase in the number of
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Figure 5.6: Serverless Lock-Based and Lock-Free
Performance Comparison by Number of Clusters

clusters. Therefore, the lock-free implementation is slightly faster than the lock-based
implementation when using a number of clusters k < 50. However, the performance
of the lock-free implementation declines with the increase in the number of clusters,
to the point in which it is less performant than the lock-based implementation when
using a number of clusters k > 50.

performanceImprovement = 100%− lockBased_executionT ime

lockFree_executionT ime
(5.1)

A breakdown of the execution times has been carried out to determine the reason
for the performance degradation of the lock-free implementation with the increase in
the number of clusters. Table 5.10 shows that the time spent aggregating the shared
state in the lock-free implementation increases signi�cantly with the increase in the
number of clusters. The reason for this is that more data objects from the shared state
must be aggregated, as in the shared state of the lock-free implementation there is one
copy of each data object for every worker. However, the results show that the lock-free
implementation does speed up the process of updating the shared state, due to the
removal of locks. Nevertheless, the performance improvement for updating the shared
state by removing the locks does not compensate for the performance degradation in the
aggregation of the shared state. Hence, the performance of the lock-free implementation
declines with the increase in the number of clusters.
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5.6 Serverless Intra-Function Parallelism Performance

Several experiments have been carried out to evaluate the performance improvement, if
any, of enabling intra-function parallelism in serverless functions. Both stateful machine
learning algorithms, k -means clustering and logistic regression, have been used in the
experiments.

In the �rst experiment, the k -means algorithm has been executed with a data set
of 8GB and with a growing number of concurrent serverless functions (i.e., workers),
from 50 up to 400, where each serverless function has 3 vCPU allocated. In the
�rst (baseline) instance, the k -means algorithm was executed without employing intra-
function parallelism, i.e., without leveraging the multi-core computing resources of each
serverless function. In the second instance, the k -means algorithm was executed by
employing intra-function parallelism, by using 2 vCPU of each serverless function, i.e.,
making use of 2 inner workers for each worker. In the third instance, the k -means
algorithm was executed by employing intra-function parallelism, by using all 3 vCPU
of each serverless function, i.e., making use of 3 inner workers for each worker. The
performance of the algorithm when leveraging intra-function parallelism, i.e., when
using 2 and 3 inner workers, has been compared against the baseline, i.e., when not
employing intra-function parallelism.

In the context of the described experiment, Figure 5.7 presents the performance
improvement gained by leveraging intra-function parallelism. The horizontal axis of the
chart represents the number of workers used in the execution of the k -means algorithm,
whereas the vertical axis represents the performance improvement obtained by using
2 inner workers and 3 inner workers compared to the case in which intra-function
parallelism is not employed. For instance, the chart shows that when running the
algorithm with 50 workers and 2 inner workers, a performance improvement of 28%
has been obtained compared to when using 50 workers without any inner workers, i.e.,
without employing intra-function parallelism. Additionally, the chart shows that when
running the algorithm with 50 workers, each containing 3 inner workers, a performance
improvement of 49% has been obtained compared to when using 50 workers without any
inner workers, i.e., without leveraging intra-function parallelism. The results show that
one can achieve signi�cantly improved performances when leveraging intra-function
parallelism. Note that the performance improvement is measured as a percentage and
has been calculated as in Eq. 5.2.

performanceImprovement = 100%− withInnerWorkers_executionT ime

withoutInnerWorkers_executionT ime
(5.2)

Another experiment has been carried out, that is similar to the previous exper-
iment. The k -means algorithm has been executed with a data set of 8GB and with
an increasing number of concurrent serverless functions, from 50 up to 400, however
in this experiment, each serverless function has 6 vCPU allocated. Figure 5.8 presents
the performance improvement gained by leveraging intra-function parallelism in this
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Figure 5.7: Serverless Intra-Function Parallelism Performance
using 2 and 3 Inner Workers

experiment. For instance, the chart shows that when running the algorithm with 400
workers and 2 inner workers, a performance improvement of 20% has been obtained
compared to when using 400 workers without any inner workers, i.e., without employing
intra-function parallelism. Additionally, the chart shows that when running the algo-
rithm with 400 workers, each containing 6 inner workers, a performance improvement
of 30% has been obtained compared to when using 400 workers without any inner work-
ers, i.e., without leveraging intra-function parallelism. The results show that one can
achieve better performances by up to 68% when leveraging intra-function parallelism.
It can be noticed that as the number of workers increases, the performance gained by
employing inner workers slowly decreases. Therefore, employing inner workers when
the number of workers is very high may provide minimal performance improvements.

One may argue that the previous two experiments do not carry out a fair evalua-
tion. For example, executing 50 workers with 3 inner workers each does not yield the
same level of parallelism as 50 workers without inner workers. In the case of executing
50 workers, each with 3 inner workers, 150 vCPU are used, whereas in the case of using
50 workers without inner workers, only 50 vCPU are used. Furthermore, one may argue
that instead of using 50 workers with 3 inner workers each, one could instead simply
use 150 workers without any inner workers. To validate this proposal, experiments have
been carried out the evaluate the performance improvement obtained when leveraging
intra-function parallelism, whilst maintaining the same level of parallelism. The aim is
to determine whether it is better to use multiple workers, each with one vCPU, without
inner workers, or a lesser number of workers with multiple vCPU, each employing mul-
tiple inner workers. For example, it is to be determined whether a better performance
can be obtained when invoking 50 serverless functions, each with 6 vCPU, that leverage
intra-function parallelism, compared to when invoking 300 serverless functions, each
with only one vCPU. One may expect fewer synchronization overheads in the case of
using 50 serverless functions, each with 6 vCPU, due to the fewer connection points to
the Redis node. Furthermore, in the case of using 50 serverless functions, data locality
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Figure 5.8: Serverless Intra-Function Parallelism Performance
using 2 to 6 Inner Workers

may improve the performance of the algorithm. In both cases, a level of parallelism of
300 would be achieved, as a total number of 300 vCPU are used in the execution of
the algorithm.

An experiment has been carried out, in which the k -means algorithm has been
executed with a data set of 500MB and with various numbers of workers and inner
workers, whilst maintaining an equivalent level of parallelism. Table 5.11 presents the
results of the experiment. The table shows that the algorithm has realized a level of
parallelism of 300 by employing 300 workers without intra-function parallelism, 150
workers with 2 inner workers each, 100 workers with 3 inner workers each, 75 workers
with 4 inner workers each, 60 workers with 5 inner workers each, and 50 workers with
6 inner workers each. The results show that a better performance is achieved with a
lesser number of workers that have more inner workers. Having many workers causes
synchronization overheads due to having many connection points to the Redis node. It
can be concluded that leveraging intra-function parallelism is bene�cial for improving
performance.

The previous experiment has been repeated with the logistic regression algorithm,
running for 90 iterations, with a large data set of 120GB. Table 5.12 presents the re-
sults of the experiment. In this experiment, a much higher improvement in execution
time has been obtained. The reason for the improvement is the large synchronization
overheads that are caused by having many workers, i.e., connection points to the Redis
node. The reason for the large synchronization overheads is that the logistic regression
algorithm is generally executed over a large number of iterations, as the weights of
the logistic regression algorithm are updated at each iteration with a learning rate.
For instance, having a synchronization overhead of 5 seconds at each iteration would
result in an overhead of 500 seconds when running the algorithm over 100 iterations.
The results outline that inner workers are especially bene�cial when executing stateful
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vCPU
AWS Lambda
Memory (MB)

Workers
Inner

Workers
Execution

Time (seconds)
Synchronization

(seconds)

1 1500 300 - 61.10 53.79
2 3000 150 2 33.21 23.94
3 4500 100 3 22.92 14.34
4 6000 75 4 19.46 8.59
5 7500 60 5 17.71 8.78
6 9000 50 6 15.66 6.48

Table 5.11: Serverless K-Means - Intra-Function Parallelism
Execution Time with Equivalent Level of Parallelism

vCPU
AWS Lambda
Memory (MB)

Workers
Inner

Workers
Execution

Time (seconds)
Synchronization

(seconds)

1 1500 300 - 893.81 832.55
2 3000 150 2 474.24 397.94
3 4500 100 3 385.87 284.44
4 6000 75 4 311.60 182.38
5 7500 60 5 288.59 128.74
6 9000 50 6 298.53 117.57

Table 5.12: Serverless Logistic Regression - Intra-Function Parallelism
Execution Time with Equivalent Level of Parallelism

machine learning algorithms over many iterations. Algorithms like k -means can con-
verge quickly with a small number of iterations, however, algorithms that make use
of a learning rate generally require a large number of iterations. A potential bene�t
of leveraging inner workers is that the achieved reduction in execution time can en-
able running more iterations in a stateful machine learning algorithm, considering that
serverless functions have a timeout of 15 minutes.

Table 5.13 presents a breakdown of the execution times of this experiment. The
durations of various operations have been measured, i.e., for reading the data set,
updating the shared state, launching the workers, launching the inner workers, and
sending the results of the inner workers to the (parent) workers. As the number of
workers decreases, the time spent reading the data set increases. This limitation could
have been mitigated by implementing a data partitioner that leverages the inner work-
ers to read the data set in parallel. As the number of workers decreases, less time
is required for updating the shared state. Furthermore, launching a lesser number of
serverless functions, but with more vCPU, increases the launch duration of the server-
less functions by a few seconds. Moreover, as the inner workers are launched and
terminated at every iteration, higher overheads are incurred when launching a higher
number of inner workers.

The bene�t of leveraging inner workers is that it decreases the synchronization
overheads, by reducing the number of serverless functions (i.e., workers) that communi-
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Workers
Inner

Workers
Read
Dataset

Update
Shared State

Launch
Workers

Launch
Inner Workers

Inner Workers
Send Results

300 - 29.76 7.94 0.92 - -
150 2 46.09 3.04 1.85 0.66 0.51
100 3 67.05 2.52 1.77 0.85 0.40
75 4 90.21 2.43 1.74 1.92 0.99
60 5 114.74 2.31 1.77 2.27 1.02
50 6 133.68 1.96 1.73 2.79 1.47

Table 5.13: Serverless Logistic Regression - Intra-Function Parallelism
Breakdown of Execution Times (seconds)

Workers
Inner

Workers
Execution
Time

Synchronization
Inner Workers
Send Results

300 - 164.38 50.65 -
150 2 180.52 38.92 25.52
100 3 181.39 34.07 26.24
75 4 180.48 24.82 28.34
60 5 188.76 28.28 28.75
50 6 193.92 25.91 30.27

Table 5.14: Serverless K-Means - Intra-Function Parallelism
Execution Time (seconds) with Equivalent Level of Parallelism

and with Large Output of Inner Workers

cate with the Redis node. However, there may be cases in which reducing synchroniza-
tion overheads may not be enough for improving the performance of the algorithm. For
instance, there may be cases in which the decreased synchronization overheads may be
canceled out by high overheads of operations such as the ones presented in Table 5.13.
Speci�cally, if the output of the inner workers is very large, then large overheads may
be induced, as sending a large result from the inner workers to the (parent) workers
will slow down the execution of the algorithm.

The experiment from Table 5.11 has been repeated but with a large data set of
15GB, containing 299439300 data points. As the output of the inner workers is a set of
labels, one for each data point, it follows that the output of the inner workers is large.
Therefore, a signi�cant transfer overhead is incurred when sending the resulting labels
of the inner workers to the (parent) workers at each iteration. Table 5.14 presents the
results of this experiment. The results show that the decreased synchronization times
caused by employing inner workers are canceled out by the overheads of sending the
results from the inner workers to the (parent) workers. Thus, inner workers are not
bene�cial when the output of the inner workers is very large. In this particular case,
this is a limitation of AWS Lambda running Python code, as state between processes
can only be shared via pipes that inherently incur transfer overheads.
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Chapter 6

Related Work

Several research works have shown the bene�ts of leveraging serverless computing for
data analytics applications. However, the majority of these e�orts have been carried
out in the context of embarrassingly parallel workloads such as hyperparameter tuning
[36], Monte Carlo simulations [57], analytics queries [58, 59, 60], video encoding [61],
tone analysis of Airbnb1 reviews [35], and other simple MapReduce jobs [25, 62, 63].
Nevertheless, additional research e�orts have been carried out for tackling stateful data
analytics applications by leveraging serverless architectures [64, 65, 66, 67].

The most signi�cant works that are related to this research project have been
carried out in [64, 67]. Crucial2 is a framework that facilitates the development of
stateful distributed applications with serverless architectures. The framework is based
on the Java programming language, hence parallelism is achieved via threads rather
than concurrent processes, as one thread is mapped to an invocation of a serverless
function. From the point of view of Crucial, serverless functions are seen as a set of
cloud threads that communicate through shared state. Crucial organizes the shared
state in a layer of distributed shared objects (DSO). The DSO layer has been im-
plemented using In�nispan3, a low-latency in-memory data store. The advantage of
Crucial is that one can implement complex computations as object methods in the
DSO layer, that can be called by serverless functions to perform aggregations. Hence,
stateful applications implemented using Crucial can achieve improved performance
when executing complex and aggregation operations over the shared state. As Cru-
cial bene�ts from disjoint-access parallelism, it achieves better performances than the
solutions from this research project, considering that Redis is single-threaded.

The work from [64, 67] leverages Crucial to implement two serverless machine
learning algorithms (i.e., k -means clustering and logistic regression) that require shared
state. The scalability of the serverless implementation of the k -means clustering al-
gorithm has been compared against a serverful implementation of the algorithm. A
scale-up factor of 94% has been achieved with 160 cloud threads, whereas a scale-up
factor of 90% has been achieved with 320 cloud threads, due to the overhead of thread
creation. Note that these results are better than the results obtained in this research
project. Moreover, the iteration's phase running time of the Crucial implementa-
tion of the k -means clustering and logistic regressing algorithms have been compared
against Apache Spark [68]. The results show that logistic regression is 18% faster in
Crucial than Apache Spark, whereas k -means clustering is 40% faster in Crucial

than Apache Spark with k = 25 clusters, however, the time gap decreases with the
increase in the number of clusters.

1Airbnb is a service for property owners to rent out their property to travelers
2https://github.com/crucial-project
3https://infinispan.org
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Several works opt to store the shared state to highly-scalable but slow disaggre-
gated object stores [25, 35, 69]. Other works rely on fast in-memory stores for storing
the shared state [67] and on a mixture of storage mediums [59]. Moreover, another
storage medium for shared state can be shared logs, as presented in the Boki serverless
runtime [70].

Function composition is an orchestration technique that can be leveraged to pro-
vide share state and coordination among serverless functions. The main public cloud
providers o�er cloud services that enable function composition: AWS Step Functions4,
Google Cloud Composer5, Azure Durable Functions6 and the IBM Composer7. Nev-
ertheless, the enumerated cloud services have poor performance when running highly
parallel compositions [71, 72]. PyWren has addressed this limitation, as it was the �rst
system to provide coordination by employing the BSP synchronization protocol [25].
Although function composition is a technique that can provide shared state, it is not
explored throughout this research project.

Other works have demonstrated the bene�ts of using serverless architectures for
the implementation of machine learning algorithms that require shared state [65, 66].
Siren is proposed in [65], an asynchronous distributed machine learning framework
based on serverless architectures. A serverless implementation of logistic regression
with SGD based on Siren has been compared against its equivalent serverful im-
plementation. The evaluation results have shown that the serverless implementation
needed 22.9% less training time to reach the same loss. Furthermore, a comprehensive
study has been carried out in [66] to outline the tradeo�s between training stateful
machine learning models on serverless and serverful architectures.

Cirrus [73] is a machine learning framework that leverages serverless infrastruc-
tures for the purpose of enabling robust and e�cient iterative machine learning train-
ing. Distributed machine learning training is carried out via concurrent workers that
compute model parameters and share intermediate results on a distributed data store.
Cirrus has been evaluated against PyWren on AWS Lambda, with logistic regression.
The term big lambda is de�ned in [73] as an AWS Lambda function with a large amount
of memory. The evaluation results of Cirrus show that bigger lambdas achieve higher
throughput, however, small lambdas are more e�cient with regard to costs.

Faaslets are a lightweight isolation abstraction that delivers e�cient shared mem-
ory access to stateful serverless functions [74]. The memory of serverless functions
is isolated via the software-fault isolation (SFI) facilities of WebAssembly, enabling
memory regions to be shared among functions located in the same address space. A
two-tier state architecture is used by Faaslets: a local tier that supports in-memory
data sharing for co-located functions, and a global tier implemented as a distributed
Redis instance that enables distributed state access across the entire system. Faaslets
are executed by Faasm

8, a distributed serverless runtime that provides an API for
�ne-grained state management to Faaslets.

The work from [75] presents SAND, a serverless computing system that ensures

4https://aws.amazon.com/step-functions
5https://cloud.google.com/composer
6https://learn.microsoft.com/en-us/azure/azure-functions/durable/

durable-functions-overview
7https://cloud.ibm.com/docs/openwhisk?topic=openwhisk-pkg_composer
8https://github.com/faasm/faasm
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low latency and a high level of resource e�ciency. SAND relaxes isolation at the
application level, and thus serverless functions belonging to the same application are
able to share memory and communicate via a hierarchical message bus.

Cloudburst [76] is a stateful FaaS platform that aims to increase the feasibility
of stateful serverless functions. This is carried out by reducing to a reasonable level
the overheads of managing the shared state. To this end, Cloudburst achieves local
disaggregation and physical colocation of computation and state. State sharing across
serverless functions is realized by leveraging Anna [77], an autoscaling key-value store.
Similarly to this research project, the focus is on making stateful serverless functions
practical, however, optimization techniques are not of interest in [76].

In [78], complex stateful applications are ported to the Apache OpenWhisk server-
less platform. The work aims to migrate existing stateful applications to serverless,
with minimal code changes whilst achieving comparable performance. For storing the
shared state, an external storage service is used. If the application to be ported al-
ready uses an external storage service for other purposes, that external storage service
is leveraged to store the shared state, to minimize code changes. However, if the ap-
plication to be ported does not already use an external storage service, the application
is modi�ed such that it will use a remote storage service (e.g., Amazon S3) for storing
the shared state. Similarly to this research project, a set of observations and guide-
lines for the portage to serverless are reported, but the goal is not to migrate machine
learning algorithms, but rather complex stateful applications, such as, Overleaf9, Social
Network [79], LAB Insurance Sales Portal [80] and Robot Shop [81].

In the context of serverless computing, the majority of the research works have
adopted a so-called inter-function parallelism pattern for parallelizing applications
across a set of individual function instances [82]. Due to the increased computational
capabilities of serverless functions o�ered by cloud providers, one can now achieve
intra-function parallelism within a serverless function [30, 82, 83]. Thus, engineers
can take advantage of the multi-core computing resources of a single serverless func-
tion to parallelize its execution via threads or processes. Signi�cant cost savings have
been achieved in [83] by leveraging intra-function parallelism: 81% cost savings with
AWS Lambda and 49% with Google Cloud Functions. It can be concluded that the
works from the literature leverage inter-function parallelism for the implementation of
serverless machine learning algorithms that require shared state. However, no e�orts
have been carried out for tackling stateful machine learning algorithms by leveraging
intra-function parallelism.

9https://www.overleaf.com
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Conclusions

In this work, a technique has been presented for porting to serverless two stateful
machine learning algorithms, k -means clustering and logistic regression. There are
several limitations and challenges that are encountered when porting stateful machine
learning algorithms to serverless. The focal limitation is that serverless functions are
not directly network-addressable, hence one must rely on a remote storage service
for storing the shared state. However, using a remote storage service for storing the
shared state induces communication overheads, as the serverless functions are required
to access and update the shared state at each iteration of the algorithms. The overheads
are ampli�ed by the number of executed iterations, as having hundreds of concurrent
serverless functions accessing a remote storage service for hundreds of iterations can
result in signi�cant overheads. At the implementation level, the challenge is to access
the Redis node as little as possible, for minimizing communication overheads. Hence,
the workers should operate over data that is stored in local memory as much as it
is feasible, and then update the shared state only when necessary. In addition, bulk
operations for accessing and updating the shared state should be used where possible,
for minimizing the number of requests to the Redis node.

The �rst challenge of porting stateful machine learning algorithms to serverless
is to identify what parts of the algorithms can be parallelized, and speci�cally, what
partial results can be computed independently and concurrently by the workers. In
the case of the k -means algorithm, the partial results are the cluster totals and clus-
ter counters, whereas in logistic regression, the partial results are the sub-gradients.
By using the partial results, the global results are computed, i.e., the centroids in k -
means, and the weights and global gradients in logistic regression. The partial and
global results are stored in the shared state, and at the end of each iteration, one of
the workers (i.e., the �rst worker) fetches the partial results of all workers from the
shared state, aggregates the partial results to obtain the global results, and then up-
dates the shared state with the global results. The limitation of this approach is that
it causes additional overheads by executing operations that are not typically executed
in a sequential implementation, i.e., fetching the partial results of all workers, aggre-
gating the partial results and updating the shared state with the global results. For
instance, large overheads have been demonstrated in one of the experiments executing
the serverless k -means algorithm with a data set containing 500 clusters, in which the
total duration of updating the shared state was of 57.46 seconds, whereas the total
duration of aggregating data from the shared state was of 153.01 seconds.

To ensure the correctness of the results of the stateful machine learning algorithms,
the BSP synchronization protocol has been employed in the serverless implementations.
For this purpose, two barrier objects have been used as synchronization points at
each iteration. However, this has the limitation that waiting on barriers can yield
substantial overheads, especially when the number of workers is high. In the context of
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the k -means algorithm, it has been shown that when running 300 workers, the average
time spent waiting on a barrier is of 2.72 seconds. Taking into account that there
are two barriers at each iteration, and that iterative machine learning algorithms such
as logistic regression are typically executed over hundreds or thousands of iterations,
this can cause enormous overheads. In one of the experiments, it has been shown
that executing the serverless logistic regression algorithm with 300 workers had a total
execution time of 893.81 seconds, whereas the synchronization overheads caused by
barriers accounted for 832.55 seconds, i.e., 93% of the total execution time.

Two versions have been proposed for both algorithms, a lock-based implementa-
tion, and a lock-free implementation which aims to be an optimization of the lock-based
implementation. In the lock-based implementation, there is one single copy of each data
object being stored globally in the shared state. Therefore, locks have been used for
preventing concurrent serverless functions from simultaneously accessing the same data
objects from the shared state. However, locks have the limitation of carrying additional
overheads. As such, the lock-free version of the algorithms has been implemented for
avoiding the overheads caused by locks. For this purpose, in the shared state, there is
stored one copy of each data object for every worker. With this approach, each worker
has his own memory space in the global shared state and each worker only accesses data
objects that are associated with him, and consequently, access con�icts are avoided.
Nevertheless, it has been demonstrated in the context of the k -means algorithm that
the lock-free implementation is only slightly faster than the lock-based implementation
when having a small number of clusters, however, the lock-based implementation is
faster when having a large number of clusters. The time spent aggregating the shared
state in the lock-free implementation increases with the number of clusters, as more
data objects from the shared state must be aggregated at each iteration, considering
that in the shared state there is one copy of each data object for every worker. Although
removing the locks speeds up the process of updating the shared state, the performance
improvement does not compensate for the performance degradation in the aggregation
of shared state. Through experiments, it has been shown that when executing the
k -means algorithm with a number of 3 clusters, the lock-free implementation is faster
by an average of 1.5 seconds than the lock-based implementation. Therefore, the opti-
mization proposed by the lock-free implementation provides a negligible performance
improvement. Furthermore, it has been shown that with 500 clusters, the lock-free
implementation is faster by 30.46 seconds in the phase of updating the shared state,
however, it is slower by 97.74 seconds in the phase of aggregating the shared state, and
consequently, it is slower overall than the lock-based implementation.

Although the serverless implementations inherently induce overheads, the per-
formance improvement achieved by parallelizing the algorithms compensates for the
overheads. An experiment has been carried out to evaluate the performance of the
serverless (lock-based) implementation of the k -means algorithm compared to its se-
quential implementation. The results of the experiment have shown that the serverless
implementation achieves an 87-fold speedup compared to the sequential implementa-
tion when running the k -means algorithm with 350 workers.

The performance of the serverless (lock-based) implementation of the k -means al-
gorithm has been compared to a serverful implementation in an experiment. The results
of the experiment have shown that the performance of the serverful implementation
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slightly increases with the increase in the number of workers, however, the performance
declines when all vCPU are used. When all vCPU are used, the total execution time
of the serveful implementation increases due to the performance degradation in the
phases of computation and of reading the data set. In contrast, the serverless imple-
mentation achieves a steady performance improvement with the increase in the number
of workers, due to the parallelization of computation and of reading the data set.

An experiment has been carried out to evaluate the scalability of the serverless and
serverful implementations of the k -means algorithm. The serverless implementation
achieved a scale-up factor of 0.96 with 40 workers, but this declines to 0.91 with 100
workers, due to synchronization overheads. The serverful implementation was executed
on two EC2 instances, with 8 and 16 vCPU. When running on the EC2 instance with 16
vCPU, the serverful implementation achieved a scale-up factor of 0.98 with 8 workers,
but this lowers down to 0.65 with 12 workers, and to 0.48 with 16 workers. The decline
in scalability is caused by the performance degradation of the computation phase with
the increase of used vCPU.

Intra-function parallelism has been employed as an optimization technique to im-
prove the performance of the stateful machine learning algorithms. At every iteration
of the algorithms, each worker launches a number of inner workers, where the number
is dictated by the number of vCPU of the serverless function. Each worker splits his
data set partition into smaller partition chunks, and then each inner worker performs
the computation phase in parallel over the smaller partition chunks. The drawback of
this approach is that it incurs additional transfer overheads by sending the results from
the inner workers to the (parent) workers and overheads caused by the aggregation of
the results received from the inner workers. The k -means algorithm has been executed
in an experiment with an increasing number of concurrent serverless functions, where
each serverless function had 6 vCPU allocated. The performance of the algorithm
has been compared in the case in which intra-function parallelism is not employed,
to the case in which intra-function parallelism is employed by leveraging the multi-
core computing resources of each serverless function. The results of the experiment
have shown that one can achieve better performances by up to 68% when leveraging
intra-function parallelism. This experiment does not carry out a fair evaluation, as
for example, executing 50 workers with 3 inner workers each, does not yield the same
level of parallelism as 50 workers without inner workers. For this purpose, additional
experiments have been carried out to evaluate the performance improvement obtained
when leveraging intra-function parallelism, whilst maintaining the same level of paral-
lelism. The experiments have con�rmed that better performances are achieved with a
lesser number of workers, where each worker has inner workers, compared to a higher
number of workers, that do not have inner workers.

In future work, it would be bene�cial to validate the generality of the �ndings
from this research project using other stateful machine learning algorithms. Further
work could involve porting the algorithms to other cloud providers and then comparing
the obtained results to the ones obtained in this research project. Moreover, a di�erent
line of work could involve using a programming language other than Python, to avoid
the limitation of the Python GIL, which prevents true multithreading. In addition,
the existing data partitioner from Lithops could be extended to leverage intra-function
parallelism for partitioning the data sets.
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