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Abstract: Causal Consistency has been proven to be the strongest type of consistency that can be
achieved in a fault-tolerant, distributed system. This paper describes an implementation of D-Thespis,
which is an approach that employs the actor mathematical model of concurrent computation to
establish a distributed middleware that enforces causal consistency on a widely used relational
database management system (RDBMS). D-Thespis prioritises developer experience by encapsulating
the intricacies of causal consistency behind an interface that is accessible over standard REST protocol.
Here, we discuss several novel results. Firstly, we define a method that builds a causally consistent
DBMS supporting elastic horizontal scalability. Secondly, we deliver a cloud-native implementation
of the middleware and provide results and insights on 6804 benchmark configurations executed
on our implementation while running on a public cloud infrastructure across several data centres.
The evaluation concerns transaction processing performance, an evaluation of our implementation’s
update visibility latency, and a memory profiling exercise. The results of our evaluation show
that under a transactional workload, a single-node installation of our implementation of D-Thespis
is 1.5 times faster than a relational DBMS running serialisable transaction processing, while the
performance of the middleware can improve by more than three times when scaled horizontally
within the same data centre. Our study of the memory profile of the D-Thespis implementation
shows that the system distributes its memory requirements evenly across all the available machines,
as it is scaled horizontally. Finally, we also illustrate how our middleware propagates data changes
across geographically-distributed infrastructures in a timely manner: our tests show that most of the
effects of data change operations in one data centre are available in a remote data centre within less
than 300 ms over and above the network round trip latency between the two data centres.

Keywords: causal consistency; elastic horizontal scalability; middleware; distributed DBMS; actor
model; fault tolerance

1. Introduction

The CAP theorem [1,2] demonstrates the impossibility of simultaneously achieving
both partition tolerance and availability in distributed database systems that implement
strong consistency (SC) [3]. SC represents the most robust form of data consistency provided
by conventional distributed database management systems (DDBMSs).

The proliferation of distributed data centres (DCs) has led to broad integration of
database (DB) configurations where availability and partition tolerance are prioritised
over strong data consistency. This shift is driven by the need for scalability and high
availability (HA) in business-grade and mission-critical software. In this context, popular
database management systems (DBMSs) frequently implement eventual consistency (EC) [4].
Eventual consistency is a weak consistency model that ensures all sites (i.e., distributed
partitions) of a database will, at some point, converge and store the same dataset, provided
no new WRITE operations occur.
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Eventual consistency is comparatively straightforward to implement in a DBMS and
avoids the performance constraints associated with distributed consistency enforcement
algorithms, such as Paxos [5]. These algorithms aim to achieve durability and consen-
sus on data updates in unreliable distributed environments. However, eventual consis-
tency relinquishes consensus and shifts the responsibilities for data consistency and safety
to the application layer. This shift introduces a novel array of challenges in software
development [6].

Causal Consistency (CC) [7] occupies a middle ground among consistency models
in distributed systems, surpassing EC in strength while not reaching the rigidity of SC.
The research has established CC as the most robust consistency achievable in distributed
systems tolerant to faults [8]. The essence of CC lies in its guarantee that data element
versions are only visible when all contributing operations are observable [9] by clients (i.e.,
data consumers). Despite its theoretical suitability for enterprise-scale applications [10],
CC’s widespread adoption faces several obstacles:

1.  Data modelling constraints: CC DBMSs typically restrict themselves to key-value or
abstract data type paradigms, limiting expressiveness.

2. Developer-unfriendly interfaces: The current CC DBMS implementations often re-
quire bespoke application design tailored to their specific semantics, failing to shield
developers from distributed computing complexities [11].

3. Ecosystem incompatibility: The proprietary data formats employed by CC DBs create
isolation, impeding interoperability with external data consumers.

These factors collectively contribute to the limited industrial uptake of CC, despite its
theoretical advantages.

Our prior research introduced Thespis [12], a middleware solution implementing
CC while utilising a relational database management system (RDBMS) for data storage.
Thespis prioritises developer experience (DX) by implementing an intuitive interface via
REST APIs, effectively masking the intricacies of CC. Building upon this foundation, we sub-
sequently proposed D-Thespis [13], an enhanced iteration addressing two key aspects. First,
D-Thespis achieves “elastic horizontal scalability”, enabling multi-machine deployment
within each DC while preserving autonomous DC configuration. This approach diverges
from conventional “horizontal scalability” methods, such as partitioning, which typically
mandate predetermined, uniform DBMS configurations across DCs. Second, D-Thespis
refines the Thespis protocol by minimising false positives in causal dependency identi-
fication. This optimisation yields improved update visibility latency and accelerates the
propagation of WRITE operation effects to clients in remote DCs.

This paper presents an implementation of the D-Thespis middleware and also de-
scribes several novel results. Firstly, for every aspect of our implementation of the D-
Thespis design [13], we describe the technical choices made to achieve a cloud-native
implementation of D-Thespis. Subsequently, we perform a detailed empirical analysis of
our implementation, comprising a total of six thousand and forty-eight (6048) test runs
against the middleware running on a public cloud infrastructure across several data centres.
We show that D-Thespis can be deployed in a public cloud data centre, running on five
machines, to sustain a throughput of up to 400 thousand requests per second, outperform-
ing an RDBMS running on the same infrastructure by more than 300%. Our study of the
memory profile of the D-Thespis implementation shows that the system distributes its
memory requirements evenly across all the available machines, as it is scaled horizontally.

Other empirical analysis efforts focused on measuring the update visibility latency
of our implementation. D-Thespis was deployed on two data centres. These data centres
were interconnected such that the network round trip latency between them was measured
to be 135 ms. In this configuration, the effects of the majority of data change operations in
one data centre were available in the other data centre within less than 300 ms over and
above the network round trip latency between the two data centres.

This paper is structured to provide a comprehensive exploration of our research.
Section 2 establishes the essential terminology. Section 3 presents a concise review of the
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relevant literature and outlines the fundamental architecture of Thespis. Specifically in
Section 3.3, we present a summary of D-Thespis, drawing from our previous research [13].
The implementation details of D-Thespis are examined in Section 4, alongside a discussion
of the requisite features for a middleware that delivers causal consistency while supporting
elastic horizontal scalability. Section 5 offers an in-depth analysis of our performance
evaluations. We then critically examine our findings in Section 6 before presenting our
conclusions in Section 7.

2. Definitions

This section introduces the key terminology used throughout the paper.

Replica: A complete copy of a database, with each instance containing the full dataset.

Data Centre/Site: A physical location housing a database replica.

Distributed Database (DDB): A database system distributed across multiple sites.

Database Operation: An action executed by an application via the DBMS’s APL

Operation Latency: The time interval between a client’s request submission and receipt
of the operation’s result, typically measured in milliseconds.

System Throughput: The number of operations processed per unit time, often ex-
pressed as requests per second, for a given system setup (i.e., a given system implementa-
tion, configuration and infrastructure).

Data Freshness: The time required for clients connected to a remote DC to access the
results of state-changing operations (e.g., WRITEs) performed in the local DC. Often, data
freshness is compromised to enhance performance, as measured by system throughput and
the latency of the DBMS operations.

Causal Consistency: A DDB is considered causally consistent when all causally related
operations are observed in the same order across all sites [7]. Operations a and b are
potentially causally related, denoted as a — b, if they meet at least one of the following
criteria [14]:

1. Thread of Execution: Within a process P, if P performs a before b, then a — b.
2. Reads From: If operation b reads the result of a WRITE operation 4, then a — b.
3. Transitivity: If a =+ band b — ¢, thena — c.

Causally consistent DDBs do not enforce a deterministic order for concurrent oper-
ations across their distributed nodes. Operations are classified as concurrent when they
exhibit no causal dependency, implying independence in terms of data access patterns [7].
Two operations a and b are concurrent if neither precedes the other (a - b and b - a).
This characteristic permits the arbitrary replication of concurrent operations within the
DDB without compromising causal consistency.

Conflict Handling: To ensure system availability even within unreliable environments
(i.e., to achieve HA), as well as to perform with optimal operation latency, distributed
databases must accept WRITE operations at any node without incurring the overheads
of coordination and synchronisation among the rest of the nodes, particularly within the
critical path [9]. Data inconsistency arises from conflicting updates across different replicas.
A conflict occurs when two replicas concurrently modify the same data element. Two
operations on a shared data element are considered conflicting if they produce divergent
values and are causally independent (i.e., concurrent) [7]. The following is a formal
definition, in the context of DDBs, of operations that are both “concurrent” as well as
“conflicting”:
¢ Let ©; and O, define a WRITE operation on a data item identified by key ky, in DC;

and DC, respectively.

e Let put(k,v) represent an operation that sets the value v to the data element identified

by key k.

e Let©®p = put(ky,v1).
e Let O, = put(ky,v2).

.. ©1 and O, are concurrent and conflicting operations.
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Several methods have been proposed for detecting and resolving conflicts in dis-
tributed systems [15-17]. One widely used conflict resolution strategy is the last-writer
wins (LWW) approach, where the most recent update takes precedence in the event of a
conflict. A database that ensures causal consistency (CC ) along with conflict detection and
resolution, leading to eventual convergence, is considered to provide causal+ consistency
(CC+) [18].

3. Literature Review
3.1. Causally Consistent Databases

We give a brief overview of a few causally consistent implementations that are relevant
to this paper.

In the COPS [18] system, the application clients are positioned within a number of
servers storing a complete image of a database. A WRITE is enqueued and sent to the
associate data centres, where it is deposited if all of its dependents are also found. A
client-side library is responsible for tracking the dependencies of a WRITE by monitoring a
context identifier. The WRITE dependencies in a given context are determined by the most
recent state of all the keys that have been previously accessed, ensuring causality. Conflicts
are resolved utilising a last-writer wins (LWW) technique.

COPS-GT [18] enhances the functionality of COPS by including the ability to do read-
only transactions. Users can request the values of several keys instead of just one, and the
DDBMS provides a snapshot of the requested keys that is consistent with the causal order of
events. The COPS-GT system utilises a sequentially consistent key-value pair store, similar
to the COPS system mentioned earlier. However, it differs in terms of the client library, the
database, and the semantics of the READs and WRITEs. In contrast to COPS, the keys in this
system are associated with a collection of versions rather than a single value. Every version
is associated with a value and a collection of dependencies, represented as pairs of key and
version values. This versioning allows for performing READ and WRITE operations inside a
transactional context.

Bolt-on [9] refers to a specialised middleware that is built on top of Cassandra, a
commercially accessible EC DB that utilises a columnar data architecture and manages
object replication. Bolt-on utilises explicit causality, transferring the responsibility of
tracking dependencies to the process spawning the operation. The objects are labelled with
a collection of data structures, each including an identifier of the process in which they are
generated, as well as an identifier that increments progressively. The WRITEs dependencies
are determined by the key versions that were read in order to generate that operation.
Every process possesses a collection of interests, which are the specific keys it requires
to access. A resolver process is responsible for maintaining a view of these keys that is
consistent with their causal relationships. This is achieved by retrieving the most recent
object versions and their associated dependencies.

GentleRain [19] offers consistency and control over a distributed database that uses a
key-value structure, supports many versions of data, and is both sharded and replicated.
The propagation of WRITEs between DCs relies on a proprietary replication technique. The
efficiency of dependency tracking lies in the small amount of meta-data stored during
a WRITE operation, which includes simply a date and a server identifier. Only the data
versions produced locally or versions that are sent across all data centres can be accessed by
any READ operation. This ensures causality by guaranteeing that all data centres include
the elements that have contributed to the formation of a version, known as its dependencies.

Wren [20] adopts a comparable strategy to Gentlerain [19] but employs hybrid logical
clocks [21] to accurately date occurrences. In addition, Wren incorporates transactional
concurrency control, enabling clients to execute read transactions and execute multiple
WRITEs atomically.
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3.2. Thespis

Thespis [12] serves as a middleware that enforces causal consistency in a database
while also providing mechanisms to detect and resolve data conflicts. Thereby, Thespis
fulfils the requirements of CC+. The data are maintained in a database managed by a
DBMS. This DBMS provides strong consistency and a robust data model with advanced
querying and reporting features, but it lacks effective horizontal scalability. Thespis, in fact,
uses an RDBMS to store data. RDBMSs are commonly deployed in production enterprise-
grade systems and are sought for their rich data model and efficient capabilities for the
management and analysis of data sets. Therefore, while not a strict requirement for Thespis
middleware, its design presumes that the primary data management system is an RDBMS
and that its clients are applications that manage “objects”, predominantly instances of
business domain models.

Thespis addresses several goals: it facilitates the integration of CC without necessitat-
ing significant re-engineering and/or refactoring of application code, preserves data using
a structure such that they remain accessible to other systems (e.g., business intelligence
systems), and ensures that the performance costs of causal consistency guarantees are
justified by the benefits of using a DDBMS. These goals are achieved through the integration
of various methodologies, including the following:

1.  The actor mathematical model for concurrent computation [22], which defines compu-
tation as a hierarchical society of “experts”. These communicate by passing messages
asynchronously. An actor comprises (a) a mailbox to queue incoming messages;
(b) the actor’s behaviour, which is the function that executes in response to the re-
ceived messages; and (c) the actor’s state, which is the data that the actor holds at a
given time. Actors process messages one at a time and operate within the scope of
actor Systems [23], allowing for hierarchical formations.

2. Command query responsibility segregation (CQRS) [24], a software architectural
pattern that implements the principle of command query separation (CQS) [25] to
manage distinct data models for operations that read and write data.

3. Event Sourcing (ES) [26], another software architectural pattern which defines that
data modifications are recorded in terms of sequences of events. These events can
be stored in an append-only event log and subsequently applied sequentially. This
approach allows a system using ES to reconstruct its state at any point in time based
on the recorded events.

Figure 1 presents the Thespis middleware, which provides an API supporting two ac-
tions: READ and WRITE. Both operations utilise the actor model to address the intricacies of
concurrency. Firstly, through the guarantees of the actor model, the approach ensures that
READ operations occur concurrently. Furthermore, the approach guarantees that WRITE
operations on the same object and within the same replica occur in a defined order. The
hierarchical structure of the actor systems is also leveraged to maintain a view of the
underlying DB, which satisfies the requirements of causal consistency. Respectively, the
writer actor and reader actor are concerned with the storage of actor states and the retrieval
of business objects from the backing data store (i.e., the RDBMS). The responsibility of the
replication actor handles the propagation of actor state changes across replicas. The central
middleware actor system comprises a collection of actors that deliver a representation
of the DB to the application. Additionally, the actor system employs a “child-per-entity”
approach, creating one entity actor per type of business object (e.g., DB table), which su-
pervises dedicated entity instance actors for each business object instance (e.g., a table’s
row). The entity instance actor maintains a state that consists of two components: the entity
instance and the event log. By applying the events in the event log to the entity instance
managed by the entity instance actor, the system obtains the most recent version of the
entity that does not violate the principles of causal consistency.

WRITE operations are processed at the middleware layer. Given a WRITE operation w,
affected on entity e, a new version of the same entity e, is generated. By comparing this
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new version e; to the previous version of the same entity ey, it is possible to extract a set of
events [ that describe the transition from e; to e;. The middleware is also responsible to
periodically execute the snapshot process. This process modifies the state of the RDBMS to
align with the updates represented by the events identified by the middleware, specifically

for those events that have been received in all the replicas of the Thespis DDBMS.

Thespis Middleware DC1 Thespis Middleware DCN

Entity Actor | | Entity Actor '

ety | | 2y Replication Replication Entity” ]| 2Py
Instance Instance Actor G——> Actor Instance Instance
Actor Actor Actor Actor
Reader 7V7\7lir7it(;r Reader Writer
Actor Actor Actor Actor
RDBMS
RDBMS

¢ 3 Inter-DC Actor Framework
Message Passing Protocol (WAN)

Legend

Intra-DC (LAN) Connection

Intra-DC Actor Framework
Message Passing Protocol (LAN)

Figure 1. System Model of Thespis: A middleware delivering causal consistency over an RDBMS

using the actor model.

Lastly, the system integrates a replication protocol, also designed based on the mechan-
ics of the actor model. The replication protocol comprises two algorithms: the originating
server algorithm and the remote server algorithm. Respectively, these algorithms are exe-
cuted within the data centre, where a new event is generated (i.e., the DC that processes a
WRITE operation), and within the data centre, which asynchronously receives the effects of
the same WRITE operation. The replication protocol enforces causal consistency through
the use of the stable version vector (SVV). The SVV is an M-dimensional array, with M
constituting the quantity of Thespis replicas (i.e., the number of DCs). Every vector element
SVVpc is the latest timestamp of an event originating from the corresponding peer DC.
More precisely, the entry SVVpc, [M] of vector SVVpc holds the most recent timestamp
observed from DC M within DC N.

The findings from our assessment of an implementation of Thespis [12] demonstrate
the effectiveness of this approach in attaining causal+ consistency, availability and partition
tolerance, while delivering superior performance (in terms of throughput) compared
to an RDBMS. Moreover, in alignment with the PACELC theorem [27], Thespis ensures
causal consistency and minimises the latency of database operations in normal operating
conditions, all while accommodating failures of nodes participating in the database cluster,
as well as the partition of the network interconnecting the database replicas.
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In the later research, we enhance Thespis to accommodate read-only transactions with
ThespisTRX [28]. This extension introduces new API endpoints in Thespis to allow the
retrieval of multiple entities from the backing data store (i.e., the RDBMS) over several oper-
ations while still ensuring causal consistency guarantees. We demonstrate that ThespisTRX
addresses issues like time-to-check-time-to-use (TOCTOU) race conditions. Our empirical
analysis reveals that the read latency in ThespisTRX is comparable to that in Thespis, thus
highlighting the efficiency of our approach.

In yet another research paper [29], we tackled the issue of data integrity invariants in a
distributed DBMS such as Thespis. We introduced ThespisDIIP [29], another extension to Thes-
pis that can preserve integrity invariants for data values that adhere to the linear arithmetic
inequality constraints [30] in a distributed environment. Our evaluation of ThespisDIIP [29]
indicates that ThespisDIIP achieves asynchronous operation latencies that are low enough to
avoid delays in the critical path of representative enterprise-grade applications.

3.3. The Design of D-Thespis

The research presented in [13] introduces a novel approach that builds upon the
foundations of Thespis, enhancing it in three principal domains. The first advancement
pertains to the implementation of “elastic horizontal scalability”, enabling the deployment
of the middleware across multiple machines within each data centre, whilst simultaneously
allowing for the autonomous configuration of individual data centres. This contrasts with
conventional “horizontal scalability” methods, which often rely on less flexible techniques
such as partitioning, necessitating a priori definition and standardisation of DBMS configu-
rations (e.g., partition numbers) across all the database replicas. Secondly, the proposed
system aims to refine the Thespis protocol by mitigating the incidence of false positives in
causal dependency identification. This improvement ameliorates update visibility latency
and expedites the propagation of WRITE operation effects to clients (i.e., data consumers) in
remote data centres. The third area of improvement focuses on improving performance
by allowing the safe concurrency of READ and WRITE operations. The original Thespis
protocol, by modelling all operations as actor calls, processes operations on any given
entity within a DC sequentially. While this approach effectively manages the complexities
of parallelism and concurrency for stateful entities, it inadvertently introduces unnec-
essary bottlenecks in handling READ and WRITE operations on individual data entities.
Drawing inspiration from the previous research [31,32], D-Thespis implements transaction
concurrency mechanisms without compromising correctness.

In our previous work [13] we also outline the requirements of D-Thespis, namely,

1.  The data centre clock, which serves as the source of truth that provides physical
timestamps within its DC;

2. The data cluster clock, which is the source of truth of the SVV within its DC;

3. Ascalable event log that provides key-based multi-record lookups, key-based event
queueing, durability, key-level atomicity, key-level isolation and horizontal scalability;

4. Aversion cache for operation concurrency, which is a cache layer installed in every
DC. This layer preserves the latest causally consistent version of any data entity. The
version stored in this cache layer is the one inferred by a READ operation within the
same DC. This cache layer is also mutualised, such that all the nodes within a DC
refer to a single cache layer. This promotes a higher cache hit ratio, i.e., the ratio of
calls to the cache layer requesting data entities that are stored within the cache (cache
hits) versus the total number of calls to the cache layer, including those that request
data entities that are not stored in the cache (cache misses). The D-Thespis READ and
WRITE operations are also tuned with cache maintenance functionality.

The D-Thespis architecture given in [13] is illustrated in Figure 2, comprising several
components that depend on each other through library references, calls over the LAN
(i.e., within the same DC), or calls over the internet (i.e., across different DCs). The compo-
nents that are used through library referencing expose generic interfaces, such that their
implementation specifics are hidden from any dependent layers. This design choice allows
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multiple implementations of each library to co-exist and be used through a configuration
or convention-driven setup, effectively achieving low coupling across the different layers.

The rest client API provides a lightweight facade that exposes REST APIs, enabling
clients to perform read and write operations on the dataset stored in the RDBMS. This layer
transforms client HTTP requests into appropriate internal data structures before forwarding

them to the middleware engine.

Client

> GRPC Internal API

Cluster Connector

T Actor Cluster Client /

\ 4

REST Client API

!

Middleware Engine

Actor Provider:

D-Thespis Middleware IDC 1

DB-Specific

Connector
+ Connection Pooler

—ﬂ RDBMS Connector

Actor Cluster DB-Specific
Connector
+ Connection Pooler
Cluster Clock <t~
7/ ] Cache Connector
—>
Data Centre Clock |«
1
T T Data Repository ==
DB-Specific
Connector
Entity Instance Actor + Connection Pooler
Manager
A
7 ~ o7 7 —] Event Log
| Connector
Data Replication Job | Data Snapshotting Job |
l \4
D-Thespis Middleware |[DCN |
GRPC Internal API Event Log
RDBMS
- v
<.—=_
Data Replication Job ——H
Cache

—

—

Library Reference / Dependency

Inter-DC (WAN) Connection

Legend

‘il Actor Logic Implementation

Intra-DC (LAN) Connection

Background Job

D Data Access Layer

Figure 2. Conceptual Architecture of D-Thespis.
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The GRPC internal API is implemented for enhanced efficiency in inter-component
communication. This layer utilises the GRPC (https://grpc.io/ accessed on 24 March 2024)
protocol and is exclusively used for internal network communication between various
system components.

The middleware engine interacts with the actor provider module. While the middle-
ware engine itself remains agnostic to the specifics of how the actor model is implemented, it
serves as an intermediary layer, delegating requests to the actor provider module. An excep-
tion to this occurs when the actor provider module supports concurrent READ operations.
In these scenarios, the middleware engine seeks to process READ requests autonomously
by accessing a version of the data record requested by the client from the distributed
cache. This version is guaranteed to be the most up-to-date and causally consistent version.
Should this attempt fail (i.e., no cache entry exists for the requested data entity), the READ
operation is then forwarded to the actor provider component.

The actor provider module encapsulates the logic necessary for execution within the
context of the actor model. It consists of two components: the actor cluster client and
the actor cluster. The requests received from the middleware engine are encapsulated in
appropriate data structures and transmitted as messages to the actor cluster via the actor
cluster client.

The actor cluster implements the core protocol of D-Thespis, using the specific seman-
tics of its actor model framework. It also interfaces with the entity instance actor manager
for algorithms that are fundamental to the system but not influenced by the particularities
of the Actor model framework. This entails, for instance, the algorithm for implementing a
new event to a particular version of a data entity.

The data repository is effectively a data access layer and serves as the primary interface
for all other components to interact with the data storage systems. It exposes an interface
through which other components can read data from the RDBMS, access the event log
and interact with the distributed version cache. Access to the various data repositories is
abstracted further within connectors that are specific to each database system, ensuring
that the data access logic remains independent from the underlying database system.

The data centre clock is a module that enables other components to retrieve a physical
clock timestamp. Various approaches can be employed to implement this module. For
instance, in the server data centre clock approach, the module provides the wall clock time
by interrogating the physical clock of the machine on which it is installed. Alternatively, by
using the middleware data centre clock strategy, the module acts as a thin client: it retrieves
a physical timestamp by interrogating an internal API offered by a component running on
a designated server within the data centre.

The cluster clock is a module that serves as the entry point for reading and updating
the stable version vector (SVV). Like the data centre clock, when using the server cluster
clock approach, the cluster clock component manages a version of the SVV in its process
memory. In contrast, when using the middleware cluster clock technique, the cluster clock
interrogates a singleton service hosted on a designated machine within the local DC to
retrieve or change the values of the SVV.

D-Thespis also incorporates a data replication job that runs at regular intervals. This
component queries the event log to retrieve events originating from the local data centre
that have yet to be propagated to other data centres in the D-Thespis cluster. Once identified,
these events are aggregated into batches and transmitted to peer data centres via remote
procedure calls (RPCs). Each data centre participating in the D-Thespis cluster exposes a
dedicated endpoint to facilitate this inter-DC communication.

Lastly the data snapshotting job is implemented for two reasons: to optimise storage
and improve system efficiency and to ensure that the underlying RDBMS is updated with the
data modifications generated by WRITE operations handled by the D-Thespis middleware.
Like the data replication job, this process also runs periodically, analysing the event log to
identify specific events that represent stable versions of data entities, i.e., those versions
for which no additional dependencies are anticipated. These events are then applied
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sequentially to update the corresponding data entity’s representation in the primary RDBMS.
Following this consolidation, the data snapshotting job then prunes the event log, by
removing the processed event data from the event log.

The system supports various deployment configurations. Figure 3 demonstrates a
potential arrangement of the architecture deployed in a configuration that spans across ten
nodes (servers) within a single data centre. This constitutes just one particular arrangement:
other configurations can be scaled horizontally across a different number of nodes. In this
type of setup, the user-facing components, specifically the REST client API, the middleware
engine and the actor cluster client, function independently from the actor cluster and can
therefore be served by a segregated part of the infrastructure. Requests originating from
clients connected to the middleware are distributed among these nodes using conventional
mechanisms suitable to load balance HTTP requests. The actor cluster can scale horizontally,
utilising the distribution policies and protocols implemented by the actor model frame-
work to allocate actors across several machines while still ensuring that only one actor
representing a data item exists at any given moment. The actor cluster clients engage in the
particular protocol defined by the actor model framework to locate servers hosting actor
cluster nodes, which can then accept requests to the actor provider layer. In this system
setup, it is presumed that all servers within the same DC maintain highly synchronised
clocks. Consequently, the data centre clock layer implements the server data centre clock
approach, operating independently on each node. Nonetheless, all the machines hosted
in the same data centre must interrogate and manage a single instance of the SVV. Thus,
each server runs a middleware cluster clock client that interrogates the same server cluster
clock service via GRPC (i.e., internal) API calls. In the configuration illustrated in Figure 3,
Server 10 serves as the authority for the SVV. Lastly, within this setup, the data replication
job and the data snapshotting job cannot execute on more than one machine and therefore
cannot be scaled horizontally: it is not possible to run concurrent instances of each of these
background processes within any particular DC. Nevertheless, these background processes
are independent and largely autonomous from the other system modules, allowing them
to run on dedicated servers if necessary.

The D-Thespis configuration shown in Figure 4 is very different from the one illus-
trated in Figure 3, but it is also valid. This setup illustrates that all D-Thespis components
can be hosted by a single server. In such a setup, we can use the server version of both the
data centre clock and the cluster clock, which are more efficient.

The specifications of D-Thespis [13] also include the definition of the D-Thespis proto-
col, in the form of a series of algorithms. These include algorithms for the server cluster
clock, the stable version vector, the READ and WRITE operations in D-Thespis, event or-
dering and the snapshot and replication operations. We omit the replicating details of
these algorithms for brevity. A correctness evaluation for D-Thespis is also given [13],
where we show how the definition of the D-Thespis protocol delivers monotonic read
consistency, read-your-writes guarantees, monotonic write operations, write follow reads
and causal consistency.
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Electronics 2024, 13, 3367

12 of 41

D-Thespis Middleware DC1
Server 1
REST Client API GRPC Internal
API
Middleware Engine Cluster Connector
Actor Provider Client Data
Replication Job

Data
Actor Provider Snapshotting

Job
Entity Instance “ Server Data
Actor Manager . Centre Clock

Server Cluster

Clock Data Access Layer

Figure 4. Conceptual Architecture of D-Thespis: Single-node configuration within a data centre.

4. D-Thespis Implementation

In this paper, we focus on an implementation of D-Thespis, along the system archi-
tecture design discussed in Section 3.3. Our implementation uses the Microsoft .NET 6.0
framework, in line with conclusions drawn from the experiments in our earlier work [33].
The implementation uses the C# language, comprising 7000 lines of code and following the
concepts of a “Clean Architecture” (https:/ /blog.cleancoder.com/uncle-bob/2012/08/13
/the-clean-architecture.html accessed on 20 February 2024) as shown in Figure 5.
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Figure 5. D-Thespis architecture based on concepts of the “Clean Architecture” https://blog.
cleancoder.com/uncle-bob /2012 /08/13/the-clean-architecture.html (accessed on 20 February 2024).

Intra-layer network communication is based on GRPC https://grpc.io/ (accessed on
24 March 2024), using Google protocol buffers (Protobuf) https:/ /developers.google.com/
protocol-buffers/ (accessed on 24 March 2024) for message marshalling. The combination
of GRPC and Protobuf is a modern industry standard for efficient communication [34], and
the technology is also uplifted for similar purposes in the literature [35,36].

Two implementations of the actor provider layer are incorporated, one using the
Akka.NET toolkit and the other the Microsoft Orleans framework. The Akka.NET actor
provider implementation is tuned for single-node configuration, while the version based
on Microsoft Orleans is automatically used when D-Thespis is configured in a horizontally
scalable setup.

Redis https:/ /redis.io/ (accessed on 24 March 2024) is incorporated for several pur-
poses. Firstly, a horizontally scalable setup of D-Thespis that uses the Microsoft Orleans
actor framework requires a grain directory https://docs.microsoft.com/en-us/dotnet/
orleans/host/grain-directory (accessed on 24 March 2024). Briefly, the purpose of the grain
directory is to track the physical location of grains, and keep track of the available silos.
Microsoft Orleans supports Redis as one of its implementations of the grain directory.

Secondly, it is also uplifted for the purposes of the distributed cache layer as it answers
all the requirements of a version cache for operation concurrency [13]. Specifically,

1.  Key-based lookups are supported via the GET command, which runs efficiently in
O(1) complexity;


https://blog.cleancoder.com/uncle-bob/2012/08/13/the-clean-architecture.html
https://blog.cleancoder.com/uncle-bob/2012/08/13/the-clean-architecture.html
https://grpc.io/
https://developers.google.com/protocol-buffers/
https://developers.google.com/protocol-buffers/
https://redis.io/
https://docs.microsoft.com/en-us/dotnet/orleans/host/grain-directory
https://docs.microsoft.com/en-us/dotnet/orleans/host/grain-directory
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2. Key-based version storage is supported via the SET command, which also executes in
O(1) complexity;

3. Key-level atomicity and isolation are guaranteed since Redis executes all operations
on a single thread [37]. Therefore, all operations are atomic and execute sequentially;

4. Horizontal scalability is supported by Redis in different configurations (e.g., master—
slave and Redis cluster) and can also be built in custom logic executing against
stand-alone Redis databases.

Furthermore, the applicability of Redis as a distributed cache layer is widely exploited
both in the industry as well as in other works in the literature [38]. Specifically for horizontal
scalability, the D-Thespis implementation does not rely on Redis out-of-the-box support
but rather can connect to multiple stand-alone instances of Redis and distribute keys
among them using a custom implementation of a key distribution algorithm, heavily
inspired by the server selection strategy in the Redis driver from StackExchange https:
/ /github.com/StackExchange/StackExchange.Redis/ (accessed on 24 March 2024).

Lastly, Redis is also used as the event log storage layer, which is represented using
one list data structure per data entity, with the list items being the events, as shown in
Figure 6. In Redis, the list data structure can store up to 23 — 1 items, which are sorted in
order of insertion.

List ltems (Events)

db_name- |

table_name-id 'evt1 evi2 | evt3

List Key

Figure 6. Event log storage using one Redis list per data entity in D-Thespis.

With this approach, Redis meets the needs of a scalable event log [13], specifically,

1.  Key-based multi-record lookups are supported via the LRANGE command. This opera-
tion takes two positional values as arguments and returns the elements within the list
that are stored at the given key and reside within the range of positions defined by
the given arguments. The LRANGE operation has a computational complexity of O(N),
with N being the number of items in the list;

2. Key-based event queuing is supported by the RPUSH command, which adds a new
item to the end of the list corresponding to the event log of a particular data entity.
RPUSH for a single item is an operation with O(1) complexity;

3. Durability is supported given that two specific configurations are set for Redis, namely,
‘appendonly=yes’ and ‘appendfsync=always’;

4. Key-level atomicity and isolation are guaranteed due to the single-threaded nature
of Redis;

5. Horizontal scalability can be supported by Redis as discussed for the cache layer in
our definition of a version cache for operation concurrency [13].

Furthermore, by not introducing another database for event log storage, the D-Thespis
implementation benefits from a reduction in overall complexity.

Despite the use of Redis for several functionalities, it should be noted that the D-
Thespis approach does not rely on any feature that is specifically delivered by Redis. For
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example, the Redis cluster feature answers the horizontal scalability requirements of the
distributed cache layer and even introduces elements of high-availability and promotes
resilience. However, the approach of using custom-built key-placement logic decouples the
implementation from dependencies on features that are highly specific to Redis. Although
this reduces support for the high-availability features of the Redis Cluster module, more
importance is given to ensure that the D-Thespis approach can generalise for any other
technology that can deliver the requirements of the distributed cache layer. Therefore,
other implementations could swap out Redis for other technologies and even opt for a
more complex (but perhaps more tuned) setup of different technologies for cache and event
log storage.

5. D-Thespis Middleware Performance Evaluation

The implementation of D-Thespis was rigorously benchmarked. A number of systems-
under-test (SUTs) were used, namely,

e DB_1S_1DC: An application that exposes the same REST API as D-Thespis, executing
operations directly on the relational DBMS (DB), running on a single server (18) in one
data centre (1DC).

*  DB_NS_1DC: The same as DB_1S_1DC but with the REST API running on multiple (N)
servers (NS), while the relational DBMS runs on a single server.

e  DT_1S_1DC_0: D-Thespis (DT) deployed on a single server (1S) within a single data
centre (1DC) using the Microsoft Orleans actor framework (0), enabling concurrent
READ operations over cached data and using the server cluster clock implementation.

e  DT_NS_1DC_0: D-Thespis (DT) deployed on multiple (N) servers (NS) within a single
data centre (1DC) using the Microsoft Orleans actor framework (0), enabling con-
current READ operations over cached data and using the middleware cluster clock
implementation.

*  DT_1S_1DC_A: D-Thespis (DT) deployed on a single server (1) within a single data
centre (1DC) using the Akka.NET actor toolkit (4) with caching disabled and using the
server cluster clock implementation.

e DT_NS_2DC_0: D-Thespis (DT) deployed across two data centres (2DC) with each data
centre running the same configuration as DT_NS_1DC_Q.

We designed our benchmarks to specifically answer the following questions:

Q1: What is the impact of the workload profile (i.e., read /write ratio) on the performance
of D-Thespis under every configuration?

Q2: Does the dataset size have any bearing on the performance of D-Thespis under
every configuration?

Q3: How does the performance of all D-Thespis configurations change in relation to the
number of requests submitted?

Q4: How does the performance of D-Thespis under every configuration compare to the
DB_1S_1DC and DB_NS_1DC SUTs, under all the different workload conditions?

Q5: For DT_NS_1DC_0, what is the effect of horizontally scaling D-Thespis within a single
data centre?

Q6: What is the update visibility latency of D-Thespis? Thus, for DT_NS_2DC_0, how long
does it take for an event to be visible in a remote data centre?

Q7: How can the memory footprint of D-Thespis be characterised?

5.1. Benchmark Hardware Infrastructure

Benchmarks were executed on a hardware infrastructure deployed in the Google
Cloud Platform (GCP), as illustrated in Figure 7. The hardware infrastructure like the one
used in our earlier work for actor model framework micro-benchmarks [33], was, in fact,
configured with the same hardware specifications as illustrated in Table 1. Briefly, the
infrastructure exploits two types of cloud services.
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Figure 7. D-Thespis Performance Evaluation Infrastructure.
Table 1. Benchmark Infrastructure Specifications.

Kubernetes
Role Database Server Load Server PGBouncer Server

Cluster Nodes
Operating Container- Debian Linux | Debian Linux | Debian Linux
System Optimized OS 9.13 (stretch) 10 (buster) 11 (bullseye)
CPU 8x Xeon 8x Xeon 60x Xeon 8x Xeon

@ 2.80 GHz @ 2.80 GHz @ 2.80 GHz @ 2.80 GHz
RAM 32 GB 32 GB 240 GB 32 GB
Disk 10 GB SSD 100 GB SSD 10 GB Spindle 60 GB SSD

Firstly, a Kubernetes (GKE) cluster was configured with two node pools (i.e., group
of servers). The application tier node pool was configured to host most of the D-Thespis
components, whilst the storage tier node pool hosts instances of Redis. One server in the
storage tier also runs the singleton components of D-Thespis, i.e., the event replication job
and the event snapshotting job, and it also exposes the GRPC API for internal communica-
tion across the D-Thespis cluster. When running in a horizontally scaled configuration (i.e.,
DT_NS_1DC_0 and DT_NS_2DC_0), the same server in the storage tier also hosts the cluster
clock component and, therefore, serves as the location where the stable version vector
resides. In all configurations, it is assumed that the servers in the GKE cluster are equipped
with highly synchronised clocks. All components are configured as Kubernetes statefulsets,
thus the GKE cluster guarantees the most the number of expected replicas execute at any
point in time (e.g., only a maximum of one replica of the singleton components executes at
any time). During all tests, three servers are deployed constantly in the storage tier pool.
Having three servers running Redis instances was found to be sufficient for the experiments
at hand in that the benchmark workloads did not saturate the Redis instances.
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Secondly, three compute instances (virtual machines) were deployed in the Infra-
structure-as-a-Service (IaaS) mode, as follows:

1.  The database server hosts an instance of PostgreSQL;

2. The PGBouncer Server runs four instances of PGBouncer, configured with the option
SO_REUSEPORT such that all instances share the same TCP port;

3. The load server from which the requests to the D-Thespis API dictated by the bench-
mark workload for each execution are generated.

5.2. System under Test Configuration

Every SUT consisted of a different configuration, while some components were com-
monly used by most SUTs. The next few sections describe the configurations in more detail.

5.2.1. Compute Engine Instances

The servers deployed in IaaS mode were used in the same manner for all SUTs. All the
benchmarks were executed against the same relational DBMS, using the same connection
pooler, while all benchmark workloads originated from the same server.

5.2.2. Redis for Event Log and Cache Storage

Except for DB_1S_1DC, all SUTs deployed a statefulset of three replicas, each running a
Redis instance having access to a 300 GB SSD disk. These served as the event log storage
repository and, for SUTs allowing concurrent reads and with the cache enabled, also as
the cache repository. A YAML configuration was used to deploy these instances. One
detail of note in this configuration is that Redis is executed with the configuration param-
eter ‘appendfsync=always’. This is required to guarantee the durability requirements
of the event log storage but in practice is overkill for the cache repository, which does
not have strict durability requirements. For these benchmarks, the same Redis instances
were used for event log storage and cache storage to make efficient use of the available
hardware infrastructure.

5.2.3. Redis for Grain Directory

For the SUTs running Microsoft Orleans (i.e., all SUTs except DB_1S_1DC and
DT_1S_1DC_A), an additional statefulset scaled to one replica running a Redis instance
was deployed with a 1 GB SSD disk. This instance served as the grain directory for the
Microsoft Orleans cluster.

5.2.4. D-Thespis with Microsoft Orleans

A configuration was developed and used to deploy an SUT running Microsoft Orleans.
This configuration assimilates to the one given in Figure 3, and comprises three separate
statefulset workloads in the GKE cluster:

1. d-thespis-client includes the REST API, the middleware engine and the actor
provider client components

2. d-thespis includes the actor provider and related components

3. d-thespis-internal includes the internal API exposed over GRPC (for message
packing with Protobuf), the server cluster clock, the data replication job and the event
snapshotting job.

Across the different configurations of SUTs running in this configuration,
the d-thespis-client and d-thespis were scaled as necessary, while the d-thespis-
-internal workload was always configured to run a single instance.

5.2.5. D-Thespis with Akka.NET

Another specific configuration for SUT DT_1S_1DC_A was developed, like the one
given in Figure 4, where all the modules of D-Thespis are hosted on a single node in the
GKE cluster.
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5.2.6. REST API over Relational DBMS

Finally, one last configuration of the SUT DB_1S_1DC was developed. This is the most
simple and configures a scalable statefulset workload that exposes the D-Thespis REST API
but connects directly to the relational DBMS.

5.3. Benchmarking Tool and Dataset

As in our previous works [12,33,39], the Yahoo! Cloud serving benchmark (YCSB) tool
was used for these benchmarks. However, in this case, a customised version of YCSB https:
/ /github.com/carlcamilleri/YCSB (accessed on 20 February 2024) was adopted. This ver-
sion was forked from the official YCSB repository https:/ /github.com /brianfrankcooper/
YCSB (accessed on 20 February 2024) and includes two main customisations:

1. A D-Thespis client that has knowledge of the D-Thespis REST API and can send READ
and WRITE queries in the correct format. The D-Thespis client can also be configured
with a list of URLs such that the workload is distributed across these endpoints, thus,
allowing a workload to exercise multiple servers without necessarily relying on load
balancing equipment;

2. An extension of the BasicDB module of YCSB to support asynchronous requests and,
therefore, allow YCSB clients to make better use of application thread pools where the
target database supports asynchronous requests. In the case of the D-Thespis client,
the benchmark uses this interface to perform asynchronous HTTP requests.

The benchmarks were executed over the YCSB dataset, with the relational DBMS seeded
with the same dataset of three million records described in our earlier work [33]. Out of these,
one million records were randomly selected to be considered for benchmark workloads.

5.4. Performance Benchmarks: Variations and Procedure

The first set of benchmarks targeted all the possible configurations across the following
dimensions:

1. The type of SUT: D-Thespis with the Microsoft Orleans framework (i.e., DT_NS_1DC_0)
and the REST API that executes queries directly on the RDBMS (i.e., DB_NS_1DC).

2. The number of servers, i.e., N in the SUT type, with N varied for values 1, 2, 3
and 5. For example, for the specific SUT DB_3S_1DC, the benchmark workload is
handled by three instances of the REST API application, running on three servers in
the application tier of the GKE cluster. Conversely, for the specific SUT DT_3S_1DC_0,
three servers in the application tier of the GKE cluster host the d-thespis-client
workload, whilst another three servers in the application tier of the GKE cluster host
the d-thespis workload.

3. The type of workload, with each type performing a different ratio of READ and WRITE
operations. Nine workloads were tested: 100% READ/0%WRITE, 99% READ/1% WRITE,
95% READ/5% WRITE, 90% READ/10% WRITE, 85% READ/15% WRITE, 80% READ/20%
WRITE, 75% READ/25% WRITE, 70% READ/30% WRITE and 65% READ/35% WRITE. The
spectrum of workload ratios selected is consistent with other works that bench-
mark web-scale transactional databases [40], and includes the ratios WRITE and 65%
READ/35% WRITE and WRITE, 90% READ/10% WRITE, which are defined by the popular
transactional workloads from the standard TPC-C and TPC-E benchmarks, respec-
tively [41].

4. The data set size over which the workload executes. Four data set sizes were tested:
10,000 records; 100,000 records, 500,000 records; 1,000,000 records.

5. The number of virtual users, i.e., the number of threads that the YCSB benchmarking
tool spawns in parallel. Seven variations were tested: 60, 120, 240, 480, 960, 1920 and
3840 virtual users.

Therefore, two thousand and sixteen (2016) configurations were considered, with three
benchmark runs executed for each configuration, for a total of six thousand and forty-eight
(6048) benchmark runs.
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Furthermore, the same approach was used to test the SUT DT_1S_1DC_A: the D-Thespis
configuration running on a single server and using the Akka.NET toolkit was tested for
all possible combinations of type of workload, data set size and number of virtual users,
yielding another two hundred and fifty-two (252) configurations and seven hundred and
fifty-six (756) benchmark runs.

Thus, a total six thousand, eight hundred and four (6804) configurations were tested.
A Powershell script was developed to execute these benchmarks. A high-level summary of
the benchmark procedure is then given in Algorithm 1.

Algorithm 1 Benchmark routine executed for every type of SUT

1: for clusterSize < [1,2,3,5] do

2: Scale the Application Tier node pool of the GKE cluster to clusterSize x 2
3 for noOfVUsers <+ [60,120,240,480,960,1920,3840] do

4: for workloadType < [1009,991,95s, . ..,6535] do

5: for dataSetSize < [10000, 100000, 500000, 1000000] do
6.
7
8

Restart the PostgreSQL Database server
Restart the SUT running in GKE
for runNo < [1...3] do

0 0

for warmupNo « [1...3] do
10: YCSB(workloadType, dataSetSize, 1) > Warmup with 1 vUser and 100 reqgs
11: end for
12: noOfYCSBInstances <— CEILING(noOfVUsers < 60)
13: yesbjobs <— @
14: for i < [1..noOfYCSBInstances] do
15: > Spawn a standard YCSB run for 60 s
16: yesbJobs <— YCSB(workloadType, dataSetSize, noOf VUsers)
17: end for
18: Wait for all ycsbjobs to finish
19: end for
20: end for
21: end for
22: end for
23: end for

5.5. Performance Benchmarks: Tool Calibration

Similar to our previous work [12], we configured the YCSB benchmarking tool to
yield workloads that fit the Zipfian distribution, a commonly observed distribution in
real-life workloads [42]. We performed these benchmarks using a customised version of
the YCSB tool, which incorporates a Zipfian sequence generator. Although we did not
modify this module in the customised version of YCSB, we tested it to ensure that the
sequence generation was still yielding an output that conforms to the Zipfian distribution,
as expected.

We performed a calibration run with the customised version of YCSB. The run duration
was set to 60 s, which was deemed sufficiently long to consider a sizeable set of values
from the set of possible values, and thus sufficient for this assessment. Running YCSB
workloads for 60 s is also a practice adopted in orthogonal works [43,44]. We configured
YCSB to spawn one virtual user and to generate values out of a possible sequence of one
million values. Each value generated from the Zipfian sequence generator was logged
during the run.

This calibration run considered 427,799 values out of the possible million. Figure 8
illustrates the top fifty values generated, ordered in descending order of the number of times
that they were generated by the distribution generation. The graph shows that some values
appeared much more frequently than others in the output from the distribution generator.
For example, value ‘850018’ appeared 179,832 times, while value 100044’ appeared
3722 times. We could therefore assert that the YCSB tool was generating workloads that
conformed to a Zipfian distribution.
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Figure 8. Output of the Zipfian workload generator in the YCSB as customised for D-Thespis for the
top 50 values during a run.

5.6. Performance Benchmarks: Results

In this section, we summarise the results of all six thousand, eight hundred and four
(6804) benchmark executions and discuss the most salient observations from our analysis.
We also illustrate our results in a series of graphs while referring to variations across the
dimensions discussed in Section 5.4.

Each graph in Figures 9-11 illustrates statistics obtained from a set of twenty-four (24)
benchmark runs, carried out against a specific configuration of D-Thespis (i.e., a D-Thespis
SUT) and a specific (and comparable) configuration of REST API executing operations
against the relational DBMS (i.e., a DBMS SUT). Each graph represents benchmark runs
with two of our benchmark dimensions (the type of workload and the number of virtual
users) pegged to particular values for all the twenty-four (24) benchmark runs that it illustrates.
The graphs give the throughput (operations per second) of three (3) runs of the benchmark
workload against each SUT across four (4) different variations of the data set size dimension.
The graphs also show the average latency (in milliseconds) of READ and WRITE operations of
both SUTs, for the twelve (12) benchmark runs against each of the two (2) SUTs.

Each of the visuals in Figures 1215 illustrates nine (9) graphs, with each graph giving
twenty-eight (28) values for two specific SUTs: a specific D-Thespis SUT using the Microsoft
Orleans actor framework and a specific (and comparable) DBMS SUT. Each graph within
these figures shows the percentage difference in average throughput of the D-Thespis SUT
relative to the average throughput of the comparable DBMS SUT under study, for a range of
values of the data set size and number of virtual users dimensions. Effectively, the statistic
S represented by each bar in these graphs is calculated as follows:

1. LetTDj, TD; and TDj3 = the throughput (operations per second) of the D-Thespis SUT
under study, obtained by executing three (3) benchmark workloads for a particular
benchmark variation (i.e., a particular set of values for each dimension discussed in
Section 5.4).

2.  Let TBy, TB; and TBs = the throughput (operations per second) obtained like TD1,
TD, and TD3, but for the DBMS SUT under study.

3. AD — TD1+T3D2+TD3

4 AR — IBL+TBy+TBy

5. §=ABAB %100
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Figure 9. Results of D-Thespis SUTs DT_3S_1DC_0 and DB_3S_1DC (85% READ, 15% WRITE).
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Figure 10. Results of D-Thespis SUTs DT_5S_1DC_0 and DB_5S_1DC (65% READ, 35% WRITE).
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Figure 16 also illustrates nine (9) graphs. Each of these graphs, like the ones in
Figures 13-15, shows the percentage difference in average throughput of a D-Thespis SUT
relative to the average throughput of a comparable DBMS SUT. However, in the case of

this Figure 16, the D-Thespis SUT is configured to use the Akka.NET actor toolkit.

Finally, the visuals in Figures 17-19 are also like the ones in Figures 13-15, but they
show the difference in average throughput of a specific D-Thespis SUT using the Microsoft
Orleans actor framework, scaled horizontally across five, three and two machines (respec-
tively, Figures 17-19), compared to the throughput of a different D-Thespis SUT using the
Akka.NET actor toolkit and running on a single machine. Therefore Figures 17-19 illustrate
how the throughput of D-Thespis changes as the system is scaled horizontally over several
machines in a single data centre.
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Figure 11. Results of D-Thespis SUTs DT_1S_1DC_0 and DB_1S_1DC (65% READ, 35% WRITE).

5.6.1. The Cache Effect

Figure 9 illustrates the performance characteristics for a workload with a segmentation
of 85% READ and 15% WRITE operations, with 1920 virtual users, executed three times over
four data set sizes. This case considers the DT_3S_1DC_0 and DB_3S_1DC SUTs, specifically
running a D-Thespis configuration with three servers for the REST API and three servers
for the Orleans cluster, compared to running a REST API over three servers and accessing
the RDBMS directly.

It can be noted that for D-Thespis, the performance improves as more runs are executed.
This “cache effect” was observed for all benchmark runs and is in line with the observations
reported for Thespis [12]. Indeed, for smaller data set sizes, the improvement in throughput
from the first run to the third one is less marked than for larger dataset sizes. This is due to
the fact that with a smaller data set size, the cache is primed more quickly and the benefits
of reading from the cache are observed earlier in the benchmark execution.

5.6.2. D-Thespis and the RDBMS

Figure 12 gives an analysis of the percentage difference in average throughput when
comparing SUT DT_6S_1DC_0 to DB_5S_1DC across all benchmark combinations. Hence, the
graphs illustrate how the throughput of D-Thespis running on five servers for the REST
API and five servers for the Microsoft Orleans cluster compares to the throughput of a
REST API running on five servers that queries the RDBMS directly. Similarly, Figures 13-15
illustrate the comparison of DT_3S_1DC_0 vs. DB_3S_1DC, DT_2S_1DC_0 vs. DB_2S_1DC and
DT_1S_1DC_0 vs. DB_1S_1DC, respectively.

Figures 12-14 show that D-Thespis has a higher throughput than the RDBMS under
most conditions. For example, as per Figure 12, for the scenario with a cluster size of 5,
3480 virtual users and a workload of 65% READ and 35% WRITE, the throughput of D-Thespis
reaches an improvement of 800% compared to the RDBMS. Analysing the detail of this
particular scenario shown in Figure 10, we see that D-Thespis is faster than the RDBMS
in all benchmark executions, including the first execution where the benefits of the cache
produces the least benefits (in line with the “cache effect” discussed earlier).
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Figure 12. Percentage difference in average throughput for SUT DT

55_1DC_0 vs. DB_5S_1DC.
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Figure 13. Percentage difference in average throughput for SUT DT

3S_1DC_0 vs. DB_3S_1DC.
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Figure 14. Percentage difference in average throughput for SUT DT

25_1DC_0 vs. DB_2S_1DC.
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Figure 15. Percentage difference in average throughput for SUT DT_

1S_1DC_0 vs. DB_1S_1DC.
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However, the comparison of DT_1S_1DC_0 vs. DB_1S_1DC in Figure 15 shows that the
throughput of D-Thespis degrades as the percentage of WRITE operations increases. In some
scenarios, indicated by negative values in the graphs, the D-Thespis middleware is slower
than the relational DBMS. Figure 11 shows the detail of one such scenario, specifically
the respective detail of the benchmark execution with 480 virtual users and a workload
of 65% READ and 35% WRITE from Figure 15. In this scenario, D-Thespis outperforms
direct RDBMS access only for the two smaller data sets. This shows that the version
of D-Thespis running the Microsoft Orleans actor framework and tuned for horizontal
scalability introduces substantial overheads that, in some cases, make it significantly slower
than direct access to the RDBMS. This is especially encountered in cases where the hit
ratio on the distributed cache is relatively low, such as for write-heavy workloads over
a larger dataset, as detailed in Figure 11. These results are different than those achieved
for Thespis [12], where the middleware running on a single server was faster than an
application programming interface (API) with direct RDBMS access.

Conversely, the comparison of DT_1S_1DC_A vs. DB_1S_1DC in Figure 16 shows that
when D-Thespis is deployed on a single server and configured favourably (using the
Akka.NET actor model implementation), it always outperforms direct access to the RDBMS.
In most cases, the difference in throughput is considerably higher on D-Thespis, e.g.,
D-Thespis is >150% faster when handling a 100% READ workload from 3840 virtual users
over a 10,000 record dataset.

5.6.3. Horizontal Scalability

Figure 17 gives an analysis of the percentage difference in average throughput when
comparing SUT DT_58_1DC_0 to DT_1S_1DC_A across all benchmark combinations. The
graphs illustrate the change in throughput for D-Thespis running on five servers for the
REST API and five servers for the Microsoft Orleans cluster compared to the throughput of
D-Thespis running on a single machine and optimally configured with the Akka.NET actor
model implementation.

Similarly, Figures 18 and 19 illustrate the comparison of DT_3S_1DC_0 vs. DT_1S_1DC_A
and DT_2S_1DC_0 vs. DT_1S_1DC_A, respectively. The comparison of
DT_5S_1DC_0 vs. DT_1S_1DC_A shows that the throughput of D-Thespis in general improves
considerably when it is horizontally scaled in a single data centre. For example, the
performance of D-Thespis improves by more than 300% when handling a workload of 65%
READs and 35% WRITEs from 3840 virtual users, for all datasets. This is over and above the
improvement in the same scenarios of DT_15_1DC_A when compared to direct access to
the RDBMS, as shown in Figure 15. Only a few cases show that D-Thespis hosted on one
machine outperforms the configuration of D-Thespis that leverages horizontal scalability,
and these are cases where the system sustains a relatively low volume of requests (i.e.,
workloads generated by 60 virtual users).

From Figure 18, SUT DT_3S_1DC_0 also performs better than DT_1S_1DC_A. In contrast
to DT_5S_1DC_0, DT_3S_1DC_0 outperforms DT_1S_1DC_A in all cases, but in general, the
improvement in throughput is less considerable. For example, the performance of D-
Thespis improves by more than 200% when handling a workload of 65% READs and 35%
WRITEs from 3,840 virtual users, for all datasets, as compared to the improvement of more
than 300% by DT_56S_1DC_0.

Finally, from Figure 14, SUT DT_2S_1DC_0 also performs better than DB_2S_1DC in
most cases, but, as shown in Figure 19, there are several cases where the horizontally scaled
configuration of D-Thespis performs worse than when D-Thespis is deployed on a single
server and configured optimally to use the Akka.NET actor model implementation. This
indicates that the overheads of horizontal scaling are not fully amortised when only a single
machine is added.
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Figure 16. Percentage difference in average throughput for SUT DT

1S_1DC_A vs. DB_1S_1DC.
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Figure 17. Percentage difference in average throughput for SUT DT

55_1DC_0 vs. DT_1S_1DC_A.
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Figure 18. Percentage difference in average throughput for SUT DT

3S_1DC_0vs. DT_1S_1DC_A.
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5.7. Update Visibility Latency Benchmark: Configuration and Procedure

Update visibility latency was measured in terms of how long it takes for a data entity
event to be replicated to a remote data centre. Since the D-Thespis protocol timestamps
events use vectors of physical timestamps, rather than a scalar physical timestamp (as in
Thespis), under normal conditions, a data entity event is made visible to clients of a remote
data centre as soon as it is replicated, as discussed in our objective to improve update
visibility latency [13]. This analysis therefore focuses on the efficiency of the replication
protocol in the context of varying workloads.

D-Thespis was deployed in two data centres, europe-west-1d (Belgium) and
us-westl-c (Oregon, USA). In both data centres, D-Thespis was deployed in the con-
figuration DT_2S_1DC_G, i.e., using a Microsoft Orleans actor cluster horizontally scaled
over two machines within each data centre, using hardware of the specifications given
in Table 1.

The network round trip time (RTT) between both data centres was measured to be
approximately 135 ms using the ping network diagnostic tool and is in line with the RTT
reported in other works for similar infrastructure setups [45].

In both data centres, the event replication protocol was configured to be executed
every 10 ms, consistent with similar methods described in the literature [19]. The event
snapshotting protocol was executed every 100 ms, a period that was slightly less than the
RTT between both data centres.

Update visibility latency was measured by running a workload segmented at 65%
READ/35% WRITE operations in us-west1-c for 60 s over a dataset of one million records.
In europe-west-1d, we logged the difference in time between the event generation time
in us-westl-c and the time it was received in europe-west-1d for each event received
by the replication protocol running in europe-west-1d. Similar to approaches in the
literature [19], this measure of update visibility latency is an approximation because

1. The time of event generation does not include any latency encountered in saving the
event to the event log in us-west1-c, while the replication protocol can only consider
the event for replication once it is saved;

2. The clocks in the different data centres were not assumed to be highly synchro-
nised and the measure could be happening in the presence of some clock skew. The
computer processors are equipped with in-built physical clocks. These operate in-
dependently can have a different rate of progress, resulting in different frequencies.
This, in turn, produces clock skew, which is the difference between the time produced
by a clock and time produced by the perfect clock or by another physical clock [46].

However, it was assumed that the RTT between the data centres was much larger
than the clock skew and the duration to save the event to the event log, making such
discrepancies negligible.

5.8. Update Visibility Latency Benchmark: Results

Figures 20 and 21 show how the update visibility latency varies when the D-Thespis
in us-west1-c was exercised with a workload from 30 virtual users and 60 virtual users,
respectively, together with the relative cumulative frequency plots.

From Figure 20, we ascertain that most events were received in
europe-west-1d in less than 400 ms when running a workload of 30 virtual users in
us-west-1c. Ninety-five percent of the events were received in around 2.4 s or less, with
the minimum observed latency being 72 ms.

In Figure 21, we observe that when running a workload of 60 virtual users in
us-west-1c, there was an overall increase in update visibility latency. In this case, the
majority of the events were received in europe-west-1d in 700 ms or less. Ninety-five
percent of the events were received within less than 2.5 s, and the minimum observed
latency was 193 ms.
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These results indicate a correlation to both the network round trip time between the
data centres, as well as the volume of events that need to be replicated at any point in time.
No event can arrive in a remote data centre in less than % of RTT, while the more events
generated in a data centre, the longer it takes for an event to be replicated to a remote
data centre.
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Figure 20. D-Thespis update visibility latency for events generated by 30 virtual users.
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Figure 21. D-Thespis update visibility latency for events generated by 60 virtual users.
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5.9. Memory Profile Benchmark: Configuration and Procedure

The memory-bound nature of D-Thespis necessitates awareness of the memory foot-
print characterisation of the system, which was studied using a benchmark designed for
this purpose.
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We deployed D-Thespis in one data centre, europe-west-1d (Belgium), using the
configuration DT_2S_1DC_0, similar to that used in Section 5.7. The benchmark consisted
of running a workload of 100% READ operations for 15 min over a dataset of one million
records. The memory footprint of the specific GKE workload as reported in the GCP
console was then noted.

5.10. Memory Profile Benchmark: Results

Figure 22 shows a profile of the memory footprint before, during and after the bench-
mark. The top graph shows the memory footprint for one of the replicas in the GKE
workload, while the bottom graph shows the total memory used by the GKE workload
running two replicas.

The total memory usage of D-Thespis hovered at around 10 GB at peak. The graphs
also show that the memory usage was evenly distributed across both replicas, thus showing
the efficacy of the actor placement strategy configured in the implementation based on the
Microsoft Orleans framework in distributing the entity actors evenly within the cluster. The
results also show how memory usage started dropping once the benchmark finished and the
system was left idle. This was expected behaviour, as a period of idle time allows memory
to be reclaimed by both the managed memory garbage collector of the .NET framework, as
well as the actor graceful passivisation routine of the Microsoft Orleans framework.
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Figure 22. D-Thespis Memory Footprint: Memory usage in GKE for 1 workload (top) and total for
2 workloads (bottom).

6. Discussion

In our prior study [13], we established the D-Thespis framework. The D-Thespis
middleware was designed to meet the requirements and objectives of Thespis [12]. It
achieves this by implementing a causal consistency model based on the actor model of
computation. Additionally, D-Thespis simplifies the intricacies of causal consistency by
providing a REST interface that is familiar to application developers.

In addition, our design of D-Thespis addressed another crucial aspect: the capacity
to horizontally scale elastically. This property guarantees that our causally consistent
middleware can be used for data sets that have specific workloads, even if an in-memory
representation using actors cannot fit into the main memory of a single machine due to
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its memory-bound characteristics. D-Thespis stands apart from state-of-the-art systems
by offering elastic horizontal scalability, a feature that is not seen in systems that rely on
a strictly partitioned key-value data format. Unlike other approaches, our method does
not rely on any predetermined number of servers. The number of servers can fluctuate
over time and may change across various data centres. The D-Thespis architecture may be
easily deployed in many data centres, with the flexibility to optimise the design of each
data centre based on the predicted workloads and geographic location.

Our prior research [13] validates the D-Thespis approach theoretically. We give de-
tailed explanations as to why the newer D-Thespis approach is superior to the Thespis
approach (e.g., improved performance and improved update visibility latency). We also
provide sketches of proofs that illustrate the correctness of the D-Thespis protocols.

In this paper, we further confirm our initial findings empirically. We follow the system
design and algorithms of D-Thespis [13] to achieve an efficient implementation. The
implementation is grounded on sound software engineering concepts, which, among other
advantages, allows us to achieve a setup that is not forced to trade off optimisations for a
single-machine setup to accommodate a distributed setup within a data centre.

The empirical results from our previous research [33] also guided us in selecting a
technological stack that is well-suited for achieving high performance. For instance, while
various implementations of the actor model offer the same assurances that may be utilised to
ensure the accuracy of causal consistency, empirical evaluation shows that the performance
in terms of system throughput can differ, particularly in relation to horizontal scalability [33].
Given these findings, we had previously developed the D-Thespis architecture [13] to
separate the protocol responsible for ensuring causal consistency from the individual
implementations of the various tiers. This work utilised an architectural design to create
a version of D-Thespis that is optimised for both single-node and horizontally scaled
configurations. The design contains the protocol in both the Actor model (as described by
Agha [23]) and the Virtual Actor model (as described by Bernstein et al. [47]).

In this work, we also study the applicability of D-Thespis to modern hardware infras-
tructure. In fact, our implementation D-Thespis shows that it can be deployed natively in a
public cloud infrastructure but without depending on vendor-specific capabilities. Thus,
we show that D-Thespis generalises also to multi-cloud infrastructure setups.

Furthermore, here, we also study the performance of D-Thespis empirically. A stan-
dard benchmarking tool, YCSB, was customised to include connectivity to D-Thespis.
This exercise was driven both by the need to run standard performance benchmarks on
D-Thespis and also to analyse the approachability of the D-Thespis REST interface. In
fact, here we have shown that YCSB (a Java application) could be adapted to connect to
D-Thespis and execute the necessary workloads without having any intrinsic knowledge
of causal consistency and without relying on any additional components or drivers specific
to its ecosystem.

The performance benchmarks showed the efficacy of having a configurable design
and implementation. Specifically, deploying D-Thespis on a single machine but tuning
it for horizontal scalability resulted in a degradation in performance within a single data
centre. Arguably, the workload of an information system that makes use of D-Thespis
would benefit from the distributed nature of the middleware across more than one data
centre, and thus still improve, in terms of performance, over an installation that depends
on one RDBMS server. Nonetheless, by tuning D-Thespis correctly, it was shown that
performance could be improved considerably in most of the scenarios tested, even in a
single data centre.

In addition, we examined the performance features of the replication protocol and
found that the duration for the impacts of a WRITE operation to become apparent to clients
in a distant data centre is primarily consistent with the time it takes for data to travel
between two data centres. Nevertheless, these benchmarks also show that the delay in
updating visibility is influenced by the number of events that a data centre must distribute.
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Finally, the effectiveness of utilising robust, widely accepted implementations of the
actor model is demonstrated in the profiling of memory characteristics. These findings
demonstrated that the benchmark workload, when applied to a dataset containing one
million records, produced a memory footprint that was small enough to be accommodated
inside the primary memory of a single computer. However, it also demonstrated that while
horizontally expanding the middleware, the memory usage was uniformly divided among
the servers in the same data centre.

6.1. Synopsis

Based on our observations, we can now refer to the questions posed at the start of
Section 5 and give a summary to each.

Q1: What is the impact of the workload profile (i.e., read/write ratio) on the performance of
D-Thespis under every configuration?
Summary: The D-Thespis approach introduces the “cache effect”, as discussed in
Section 5.6.1. Our results show that the throughput of D-Thespis is higher as the read
ratio increases. Nonetheless, our benchmarks show that D-Thespis configuration is
able to produce higher throughput from an RDBMS across all workload profiles.

Q2: Does the dataset size have any bearing on the performance of D-Thespis under every configuration?
Summary: The throughput of D-Thespis is generally higher for smaller data sets
when running on a single server but generally higher for larger data sets when
running on multiple servers and sustaining a sufficiently large workload. Here, we
see that a higher cache-hit ratio is achieved in a shorter time in smaller data sets;
however, the effects of contention (i.e., a larger chance of concurrent requests to the
same data record) on a smaller data set causes overheads when running on multiple
servers (therefore, using a distributed cache rather than an in-memory actor-based
cache). We consider this a positive result; running D-Thespis on a single server fits
better for use cases that handle smaller data sets, while a larger data set is likely to
require D-Thespis to run on multiple servers.

Q3: How does the performance of all D-Thespis configurations change in relation to the number of
requests submitted?
Summary: Our results show that, in general, the throughput of D-Thespis increases
as the workload increases. This correlates with our observation that the hardware
infrastructure was not saturated in most of our tests. Naturally, this pattern is not
considered infinite, i.e., given a fixed infrastructure size, the system throughput
will degrade as the workload size increases to a level that saturates the available
hardware resources. Indeed, the last case in Figure 16 is such an example: with
D-Thespis running on a single server, increasing the workload to 3840 virtual users
with a read /write ratio of 65%/35% yields lower throughput than the same type of
workload with 1920 virtual users. Nonetheless, by introducing the concept of elastic
horizontal scalability in D-Thespis, larger workloads can be handled by introducing
additional hardware capacity.

Q4: How does the performance of D-Thespis under every configuration compare to the DB_1S_1DC
and DB_NS_1DC SUTs, under all the different workload conditions?
Summary: D-Thespis is generally faster than the DB_1S_1DC and DB_NS_1DC SUTs,
with two exceptions. Firstly, D-Thespis is slower than the DB_15_1DC SUT when
running on a single server and not configured correctly (i.e., when not configured
to use the Akka.NET actor provider), as shown in Figure 15. Secondly, D-Thespis
is slower than the DB_NS_1DC SUT when running on multiple servers and the work-
load is not sufficiently high, as shown, for example, in several graphs of Figure 12,
where the workload was generated by 60 virtual users. We consider this a positive
result in that D-Thespis should be configured correctly to achieve its best perfor-
mance, and the system should not be horizontally scaled unless it needs to sustain a
substantial workload.
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Q5: For DT_NS_1DC_ 0, what is the effect of horizontally scaling D-Thespis within a single data centre?
Summary: The effect is generally positive, as discussed in Q4, and as shown in
Figure 17, by horizontally scaling D-Thespis, the throughput could be improved by
more than 300% in some scenarios. However, as shown in the results of Figure 19,
scaling D-Thespis by a single machine might actually result in loss of performance,
and therefore, our results indicate that a horizontally scaled installation of D-Thespis
would benefit from running on three machines or more.

Q6: What is the update visibility latency of D-Thespis? Thus, for DT_NS_2DC_0, how long does it
take for an event to be visible in a remote data centre?
Summary: As detailed in Section 5.8, our experiments indicate that, on average, the
update visibility latency varies between 400 and 700 ms. The results also indicate a
correlation between the update visibility latency, the network round trip time between
the data centres, as well as the volume of events that need to be replicated at any
point in time.

Q7: How can the memory footprint of D-Thespis be characterised?
Summary: During our experiments, D-Thespis did not require additional memory
than that allocated to the machines on which it was installed, i.e., 32GB. By the results
presented in Section 5.10, when D-Thespis was scaled horizontally, the memory
requirements were evenly distributed across the available machines.

6.2. Strengths and Weaknesses

Causal Consistency: Our work addresses problems in distributed data management
by adopting causal consistency. Based on our results, we postulate that causally consistent
DBMSs are indeed a strong solution for distributed information systems. However, it is still
a fact that causal consistency is not as prevalent as other types of data consistency models.
Gaining the necessary knowledge to architect solutions based on causally consistent DBMS
may constitute a steeper learning curve for application developers than other approaches,
such as ones that rely on mixed-consistency models. Whilst not specific to our approach,
we consider this a weakness.

Approach to Causal Consistency: We consider that our choice of the actor model of
computation to model causal consistency has been a strong point throughout our various
contributions, particularly allowing us to manage correctly and efficiently the complexities
of concurrency and parallelism in a distributed system. Adopting other approaches, such
as vectors of timestamps as the only meta-data to determine causality, also served us well
and proved to be a correct and efficient way of modelling causal consistency. However, in
some aspects, our approach can be considered unnecessarily restrictive. The actor model
serialises operations on the same data item, even when it is not strictly necessary to do so;
for example, it does not allow multiple READ operations for the same data item to proceed
concurrently, even though it is safe to do so. Using a vector of physical timestamps to
determine causality also does not provide any guarantees against false positives; every
event is considered possibly causally related to every other event that happened before
it, without considering that some events may happen sequentially in time, but are not
necessarily related by causality and can therefore be allowed to be processed independently,
and faster, without jeopardising the correctness of causal consistency.

Performance and Efficiency: Our choice to evaluate the performance of the various
implementations in relative terms to the performance of an RDBMS is considered a strength
of an empirical evaluation. We believe that the decision to adopt a distributed DBMS
in an information system ecosystem should not be taken lightly, and that such a DBMS
should only be opted for when the requirements of the information system cannot be
satisfied by a centralised database. Therefore, the results of an empirical evaluation that
contrasts the performance of an RDBMS to that of our causally consistent distributed
DBMS constitute important information as to the applicability of such a distributed DBMS
to an information system ecosystem. Nonetheless, we acknowledge that an empirical
evaluation also has its limitations. For example, synthetic workloads (such as the ones
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in our evaluation) are not always representative of the specific types of workloads that
information systems are expected to handle. In reality, transactional loads for a particular
information system may also change over time, and thus, even if the empirical evaluation
is carried out using calibrated workloads, the results would only remain representative
until the context changes. Finally, the performance of the distributed DBMS may also be
significantly influenced by infrastructure components (e.g., performance characteristics of
the machines, the efficiency of virtualisation and the speed of the network).

Infrastructure Compatibility: We showed that our approaches lend themselves well to
being deployed in diverse types of infrastructures. All our implementations were installed
and tested using commodity hardware. Even though we have deployed them in a public
cloud infrastructure, we have sometimes used this in IaaS mode, which can be effectively
replicated in any data centre. Our forage for a massively scalable solution in D-Thespis used
container orchestration to facilitate the management of a large infrastructure. We consider
that this introduced complexities in a similar manner as other horizontally scaled systems
and thus represents a burden of our approach. It would require significant investment
from a data owner, both in hardware and skillset, to maintain an elastically scaled setup of
our middleware.

Developer Experience: We also consider that emphasising on exposing the causally
consistent middleware via an intuitive REST interface to any information system was
a solid choice. We felt the benefits of this approach even during our work. It allowed
us to use the existing robust benchmarking tools, such as YCSB and OLTP-Bench, with
minimal adaptations. We would therefore expect that the integration of our middleware
in an information system ecosystem would be of similar complexity. We consider that
exposing only this type of interface at the same time constitutes a weakness, as more
efficient protocols (e.g., ones based on compressed binary formats) would be better suited
for a high-performance transactional DBMS. Furthermore, the middleware’s APIs should
provide richer semantics to truly allow application developers to access the relational data
set in the RDBMS in a causally consistent manner but with the same ease of access offered
by the RDBMS'’s APL

7. Conclusions

This paper presents an implementation of D-Thespis, an approach that we described
in earlier works [13] and which extends Thespis [12] to deliver causal consistency over a
relational DBMS.

For every aspect of our implementation of the D-Thespis design, we describe the
technical choices made. Subsequently, we perform a detailed empirical analysis of our
implementation, comprising a total of six thousand and forty-eight (6048) test runs. Here,
we show that D-Thespis can be deployed in a public cloud data centre, running on five ma-
chines, to sustain a throughput of up to 400 thousand requests per second, outperforming
an RDBMS running on the same infrastructure by more than 300%.

Other empirical analysis efforts focused on measuring the update visibility latency of
our implementation. Results from these tests showed that when D-Thespis was deployed
on two data centres having an inter-DC network round trip latency of 135 ms, the effects of
the majority of the data change operations in one DC were available in the other DC within
400 ms.

7.1. Contributions and Innovations

In this paper, we present multiple novel contributions. Firstly, we detail an implemen-
tation of the design of D-Thespis [13] and empirically show that a robust implementation
of this design delivers enhancements over and above the novelties of the techniques in
Thespis [12] in delivering causal consistency over a relational DBMS by introducing elastic
horizontal scalability within a single data centre. Our technical choices for the implementa-
tion (e.g., using cloud-native capabilities) demonstrate how D-Thespis distinguishes itself
from other approaches in the existing research in that it does not need to rely on a consistent
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and static infrastructure setup in every data centre. The architecture of a horizontally scal-
able middleware, operating on datasets that are not strictly partitioned, proves particularly
efficacious for information systems interfacing with full replicas of databases managed by
relational database management systems.

Furthermore, our analysis of diverse capabilities in contemporary infrastructures and
industry-standard actor model frameworks and libraries demonstrated that an efficient
technique would leverage the strengths of different combinations of these capabilities.
Benchmarks of an implementation of the middleware, based on the modular design given
for D-Thespis, showed that such an approach could improve the performance in a single
data centre even beyond the improvements of Thespis. Therefore, an information system
connected to D-Thespis could expect to handle larger workloads more efficiently than if it
connected directly to the relational DBMS, even in a single data centre. The architecture
that we presented here offers a distinctive approach compared to related works, as the
system is configurable and can be fine-tuned for both single-server and horizontally scaled
deployments. This flexibility is achieved through the deliberate decoupling of the core pro-
tocol from the system model, allowing for adaptable configurations that can be optimised
for various deployment scenarios. Such adaptability stands in contrast to many existing
systems, where the protocol is often tightly integrated with the system model, limiting
deployment options and scalability.

Lastly, this paper describes a cloud-native implementation of D-Thespis. The imple-
mentation adopts two different actor model frameworks. These vary in their approaches
but still provide the necessary guarantees for the correctness of the middleware protocols.
This demonstrates that the D-Thespis protocol is capable of generalising to multiple imple-
mentations of the actor mathematical model for concurrent computation. Furthermore, we
show that a cloud-native implementation of D-Thespis can be deployed and configured for
different use-cases.

7.2. Future Work

Several aspects are left as an exercise for future work, including enabling a more
semantically rich API for D-Thespis such as proposed in [48], including the capability
of WRITE transactions of transactional causal consistency [49] to improve the developer
experience when handling real-world transactional workloads and considering more effi-
cient event logging and replication mechanisms to improve further the solution’s update
visibility latency characteristics and running real-world workload simulations to widen the
assessment of the performance of the middleware with more diverse transactional work-
loads and different infrastructures (e.g., infrastructures built on different cloud providers).
Several aspects that would facilitate the industrialisation of D-Thespis are also in the
scope of future work, including the development of binary interfaces as well as client-
side libraries and relevant educational and technical documentation for an even smoother
developer experience, engagement with other researchers and the developer community
to foster adoption and onboard feedback in an evolution roadmap of the middleware,
and expanding the software ecosystem around the middleware to facilitate installation
and management operations (e.g., tooling for node visualisation, failure monitoring and
alerting and automatic recovery).
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