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1 Introduction

Many modern data stores are both geo-distributed and partially-replicated. These systems include
multiple nodes (typically hosted in cloud data centers) that reside in different geo-locations, often sepa-
rated by large network latencies. Data is split among multiple shards and different nodes replicate one
or more shards. In many cases, it is required to support strongly-consistent transactional access to data,
namely, to ensure serializability or snapshot-isolation. This requires transactions to be totally ordered.

In this report, we survey existing techniques to totally order transactions in partially-replicated
systems. In recent years, many transactional systems have been built using a distributed shared log as
a building block. Therefore, in our study, we will address the use of totally ordered logs to serialize
transactions and compare these solutions to other ordering strategies that do not rely on shared logs.

1.1 Work Objectives

We aim at designing novel techniques to totally order transactions on geo-distributed partially-
replicated systems. For this purpose, we will begin by analyzing the trade-offs involved when deploying
different ordering algorithms in this setting. Based on the insights obtained by surveying the state-of-
the-art, we will propose a novel architecture to order distributed transactions.

1.2 Expected Contributions

We expect to be able to propose a novel algorithm to totally order transactions in geo-distributed
partially-replicated systems. Our algorithm will aim at reducing the impact that “global” transactions
(i.e., transactions that access multiple shards in multiple locations) may have on the execution of “local”
transactions (i.e., transactions that access a single shard, replicated in a small number of locations close
to each other).

1.3 Expected Results

Our work will produce:

e A prototype of a geo-distributed partially-replicated transactional key-value store based on our
new algorithm.

e An experimental evaluation of the performance of the resulting system against other state-of-the-art
approaches.

2 Background

Understanding distributed systems requires familiarity with some key concepts that establish their
design and operation. This section provides an overview of foundational concepts, including shared logs,
log ordering techniques, transactions, consistency models, and metadata management. Each of these
topics plays a critical role in maintaining the reliability, performance, and consistency of distributed
systems.

2.1 Shared Log

A shared log is a distributed data structure that maintains a history of records, typically in a fault-
tolerant manner. For this purpose, each record is stored in multiple storage nodes. In addition, log entries
are immutable, and the only way to update the log is by adding new entries. This allows applications
that feed from the log to keep a mutually consistent state. For instance, a log can be used to store
commands to be executed by a state-machine: in this case, clients add commands to the log and state-
machine replication can be trivially achieved by having different server replicas read the log and process



commands in the order specified by the log. Shared logs have been used to support many distributed
applications, including cloud service providers and other large-scale architectures, offering fault tolerance,
state replication, and simplified system reconfiguration.

2.2 Log Ordering Techniques

Given that a log is replicated for fault-tolerance, replicas need to agree on the order by which entries
are added to the log. This requires the execution of some form of consensus protocol with a dual purpose:
replicas must agree on the set of entries that are added to the log and on the sequence number assigned
to each entry. Different techniques have been proposed to assign sequence numbers to replicas, including:

Sequencers: This technique uses a centralized component, named a sequencer, that is responsible
for ordering the operations of the system. Examples of systems that use sequencers are CORFU [1],
vCorfu [2], and SLOG [3]. Sequencers avoid the costs of coordination that may occur when different
replicas concurrently attempt to assign the same sequence number to different entries but may become
a bottleneck in the system. Additionally, in geo-distributed settings, using a centralized sequencer may
add a significant latency to the ordering procedure, since remote locations may observe large network
delays when contacting the sequencer.

Stabilization: In this technique, a single replica assigns to each entry a local sequence number.
Different replicas can assign local sequence numbers to different entries concurrently and without coor-
dination. Then, local sequencer numbers are exchanged among replicas and deterministically merged to
establish a global total order. To perform the merge, a replica must have received local sequence numbers
up to a given point from all other replicas. Thus, if a replica has not locally assigned sequence numbers,
it needs to notify all other replicas by sending special null message such that deterministic merge can
be applied. When using stabilization, there is a trade-off between the overhead caused by null messages
and the latency of deterministic merge.

Tree-Based Aggregation: This technique combines features of the stabilization and sequencer
approaches. Similarly to stabilization based systems, different replicas can assign local sequence numbers
to different entries concurrently and without coordination. These local sequence numbers are exchanged
using a tree of nodes that act as message forwarders and aggregators, as they perform a deterministic
merge of multiple sources before propagating a merged stream of sequence numbers. When the root
node deterministically merges the streams coming from its children, it established the final total order
to be used across all replicas. Some examples of systems that use such technique are Saturn [4] and
ENGAGE [5].

2.3 Transactions

A transaction is a set of operations that are combined and executed as one cohesive atomic unit.
Systems that support transactions often guarantee a set of properties, known as the ACID properties,
namely Atomicity, Consistency, Isolation and Durability. In a distributed system, the execution of a
transaction may involve multiple nodes that need to coordinate to ensure these properties. Two-phase or
three-phase commit protocols are coordination protocols that can be used to ensure that all participants
in a transaction agree on the outcome of the transaction, i.e., if the transaction commits or aborts,
such that atomicity is preserved. Isolation is provided by the execution of some concurrency control
mechanism. Many concurrency control protocols require transactions to be serialized and, therefore,
require a total order to be defined. In this context, distributed shared logs can be a useful tool to
serialize transactions and agree on their outcome.

2.4 Consistency Models

A consistency model defines what are the valid outcomes of the concurrent execution of multiple
clients. Consistency models have been defined for scenarios where clients submit isolated operations and



for scenarios where clients submit transactions. Various consistency models manage the balance between
performance and availability, each with its own trade-offs. Informally, a consistency model is denoted
to be “strong” if the outcome of the concurrent execution of multiple transactions is equivalent to the
execution of those transactions in isolation, in serial order, in a single replica. As it will be discussed
next, strong consistency requires operations to be totally ordered, and total order protocols may block
in the presence of network partitions. This fact has been captured by the CAP theorem [6], which says
that no distributed system can achieve at the same time (Strong) Consistency, Availability and Partition
Tolerance.

Many consistency models ensure that operations are executed in an order that respects causality. Two
operations are causally related if one operation influences or depends on the other. This relationship is
captured by Lamport’s “happened-before relation” [7]. For example, a write operation and a subsequent
read of the same data are considered causally related.

In the following, we refer some key Non-Transactional and Transactional consistency models.

2.4.1 Non-Transactional Guarantees

Session Guarantees: [8] Set of consistency properties defined for weakly replicated systems. A
session establishes a relationship between past operations performed by the client and the constraints
applied to their future reads and writes, with the specific behavior depending on the set of guarantees
the system provides within the session. Four guarantees have been defined, namely: Read- Your- Writes,
that ensures that a client observes the effects of their own writes; Monotonic Reads, which guarantees
that once a client reads a value for a given object, they will not observe an older version of that same
object in future read operations; Monotonic Writes, that guarantees that all updates are applied in the
order they have been submitted; and Writes-Follow-Reads, that ensures that an update is applied after
all updates that have been previously observed by the client.

Causal Consistency: Based on Lamport’s “happened-before relation” [7], it dictates that all replicas
observe updates in an order that is consistent with causality, while allowing concurrent events to be
observed in different orders.

Causal+ Consistency: [9] It extends causal consistency by also ensuring strong convergence. Con-
flicts in this context arise when different replicas concurrently update the same object, creating multiple
possible versions. Causal+ consistency ensures that all replicas independently and deterministically
resolve conflicts in the same way, reaching the same state.

2.4.2 Transactional Guarantees

Transactional Causal Consistency (TCC): It extends the concept of causal consistency by in-
corporating transactional semantics and ensuring atomic visibility of transactions. It guarantees that
transactions operate on causally consistent snapshots, where all causal dependencies of the accessed ob-
jects are respected. Furthermore, TCC establishes causal relations between transactions, determining
their order based on the causal dependencies of the objects they access.

Serializability: It ensures that the outcome of executing transactions in a distributed system is
equivalent to an execution where all transactions are ordered sequentially, not necessarily matching the
chronological order of transactions. In replicated systems, this property is also defined as One-Copy
Serializability, ensuring that all replicas agree on the same global transaction order, producing results
equivalent to executing all transactions sequentially on a single logical copy of the data.

Strict Serializability: It guarantees that the order of transactions across all the replicas of the
system, reflecting their real-time order of execution. For this reason, since it imposes stricter constraints,
it might lead to a worse throughput.



2.5 Metadata to Track Causal Dependencies

In distributed systems, metadata plays a crucial role in maintaining consistency by tracking depen-
dencies between operations. It ensures that updates are applied in the correct order across replicas,
respecting causal relationships. The choice of metadata design introduces trade-offs between storage
overhead, computational complexity, and the system’s ability to minimize false dependencies [4]. False
dependencies occur when independent operations are incorrectly treated as dependent, causing unneces-
sary delays in making updates visible.

Below, we explore two common types of metadata used in distributed systems, Lamport’s clocks and
vector clocks:

Lamport clocks: Lamport clocks [7] are scalars that are used to keep track of causality. The rules
to increment Lamport clocks ensure that, if an event e; is in the causal past of another event es, then
the Lamport clock of e; is guaranteed to be smaller than the Lamport clock of e;. However, it is also
possible that the clock of es is larger than the clock of ¢; without e; being in the causal past of e5. This
is called a false dependency, that results from the fact that it is impossible to determine if two events
are concurrent from scalar clocks alone. False dependencies may introduce unnecessary latencies when
making updates visible.

Vector Clocks: A form of logical clocks that uses multiple entries, usually one for each process or
replica in the system, with each one of them maintaining its own vector clock. By precisely capturing
dependencies, they minimize false dependencies, enabling operations to proceed independently when no
causal relationship exists, which leads to a lower visibility latency as updates can be applied without
unnecessary serialization. However, this approach comes with its own disadvantages. For example, the
fact that it can lead to higher storage and computation requirements, making it ill suited for systems
that prioritize high throughput.

3 Related Work

In this section, we will explore prior approaches to transaction processing and data management
in distributed systems by focusing on three key areas: shared log architectures, locality in distributed
logs, and tree-based architectures. These systems address the challenges of consistency, scalability and
efficiency in distributed environments. Each subsection highlights the design principles, trade-offs, and
innovations.

3.1 Shared (Totally Ordered) Logs

We start by presenting totally ordered shared log systems, where every operation in the log is assigned
a unique position in a global sequence, imposing a strict, deterministic order of all operations.

3.1.1 CORFU

CORFU [1] is a totally ordered distributed shared log implementation that uses a storage system
composed of multiple SSDs, where each SSD is responsible for storing a different portion of the log.
Therefore, different clients can concurrently read or write in different portions of the log without inter-
fering with each other. Furthermore, every portion of the log is replicated in multiple SSDs that are
organized in a chain. Which SSDs keep each portion of the log is defined by a centralized component
in what is called a projection. This centralized component ensures that all participants use the same
projection. Individual SSDs are augmented with a hardware mechanism that ensures that each entry of
the log can only be written once. Therefore, if two clients concurrently attempt to write on the same
entry, only one of the clients will succeed.

Writing in the log consists of two phases: first the client must find the most recent unused entry in the
log (i.e., the head of the log) and then the client must write in all replicas of that entry. To find the log



head, the client may simply parse the log until it finds the first unused entry. Unfortunately, if multiple
clients do this concurrently, they will all compete for the same entry, only one of them will succeed,
and the rest must repeat the process. To avoid having multiple clients competing for the same entry,
CORFU uses a centralized sequencer that is responsible for assigning log entries to clients. Therefore, a
client first contacts the sequencer and then performs the append operation. Updates are performed by
writing in all replicas, in sequence, starting at the head of the chain. The update is complete once the
tail replica is written. If a client fails after being assigned a log entry, but before it writes to all replicas,
a special procedure needs to be executed to “fill” unused or partially written entries.

By leveraging the client-driven chain replication protocol and a centralized sequencer for log position
assignment, CORFU achieves high throughput, enabling clients to append at the maximum rate allowed
by the sequencer’s position assignment speed.

3.1.2 vCorfu

vCorfu [2] is a cloud-scale object store built over a shared log abstraction, designed to keep the ad-
vantages of systems like CORFU, such as strong consistency, while addressing their inherent limitations,
including restricted read performance, through the use of materialized streams. A common issue in
traditional shared log systems is the playback bottleneck, where clients must replay all updates in the
log - including those irrelevant to their requests - to retrieve specific data. This often forces clients to
contact multiple nodes, increasing latency. To solve these issues, vCorfu leverages materialized streams,
which organize updates into separate streams, each corresponding to a specific object. These streams
act as logical partitions of the global log, containing only updates relevant to their associated object.
This allows clients to directly access relevant updates without traversing the global log, significantly
simplifying read operations.

Similarly to CORFU, vCorfu is composed of a sequencer and a layout layer that maps log and stream
addresses to the corresponding replicas, providing clients with a global view of the system. The sequencer
extends CORFU’s functionality by tracking the tails of both the global log and individual streams,
maintaining entry counts for each stream, ensuring a total order of updates. When a client appends
data, the sequencer assigns global and stream-specific addresses. Using these addresses, the client writes
updates directly to the respective log and stream replicas. Once the updates have been successfully
written, a commit message is broadcast to all accessed replicas, which guarantees that stream replicas
are free of gaps, enabling efficient data access. This commit process is specific to the log operations,
ensuring durability and consistency at the log level.

vCorfu also supports optimistic transaction execution on clients’ in-memory views. These views allow
the client to cache the latest state of the objects it interacts with. During a transaction, the client tracks
the versions of accessed objects - its read set - and the modifications made to objects - its write set.
The sequencer, acting as a lightweight transaction manager, validates transactions by ensuring that the
read set remains unchanged. If validated, the sequencer issues new tokens, allowing the client to commit
updates atomically; otherwise, the transaction is rejected. This mechanism ensures snapshot isolation
and prevents unnecessary writes to the log, optimizing system performance.

The introduction of materialized streams enables vCorfu to achieve better read scalability compared
to traditional shared log systems, where clients must replay the global log for updates. By allowing direct
reads from stream replicas, clients can retrieve individual updates or entire streams with minimal latency.
However, while the additional commit messages improve read efficiency, they introduce some overhead
to write operations, which can reduce throughput in write-heavy scenarios. Nonetheless, this trade-off
is justified by the significant gains in read performance and scalability, particularly for workloads with
frequent reads or large data sets.

3.1.3 Scalog

Scalog [10], just like CORFU, is a totally ordered shared log abstraction. While CORFU requires
clients to obtain a global sequence number directly from a centralized sequencer, Scalog moves this



responsibility onto the shards themselves, allowing for further batching opportunities, reducing the load
onto the centralized sequencer.

Clients in Scalog can write directly to the storage server of their choice without knowing the record’s
global sequence number beforehand. Upon receiving a record, the server stores it locally and begins the
replication process within its shard. Scalog’s architecture is structured in two primary layers:

e Data Layer: Comprises a collection of shards, with each shard storing and replicating records
received from clients. Within each shard, each storage server acts as both a Primary for the
records it receives directly from clients and a Backup for records in the log segments of its peers
in the same shard.

e Ordering Layer: Responsible for merging the locally ordered logs from each shard into a single
global total order. To achieve this, the layer uses a hierarchical structure of aggregator nodes.
Each leaf aggregator collects and merges records from a subset of storage servers. Higher-level
aggregators then merge the outputs from lower levels, reducing the workload at any single node
and enabling scalability to the system across multiple layers of the tree.

The global total order is determined using a mechanism called the Global Cut, a vector representing
the durable record count for each shard. Periodically, storage servers issue information to the ordering
layer regarding the number of records stored. The ordering layer computes the minimum count reported
among all servers in each shard, forming the Global Cut, which is then broadcast to all storage servers.
Each server applies a deterministic algorithm to assign sequence numbers to records included in the cut,
ensuring all shards independently derive the same global order without additional coordination. This
guarantees that every record has a unique global position even if written to different shards.

This persistence-first approach allows Scalog to seamlessly reconfigure without downtime or data
loss. By decoupling data persistence from global ordering, Scalog avoids the bottlenecks associated with
centralized sequencers and mitigates the downtime availability during reconfiguration. The hierarchical
ordering layer further enhances scalability by distributing the computational load of ordering across
multiple aggregator nodes. Clients are notified of their record’s global sequence number once it is fully
replicated and ordered, ensuring durability and consistency. However, while this architecture achieves
high scalability and throughput, traversing the aggregator tree and its reliance on periodic cuts from the
ordering layer introduces a large latency overhead.

3.2 Locality in Distributed Logs

Although previous systems provide strong consistency, they can be expensive and inefficient in geo-
replicated systems, since a total order often requires significant coordination between distant regions,
leading to high latency.

This section discusses systems that do not impose a global total order. Rather, they use locality to
partition data across regions, making them well-suited for geo-replicated environments. However, it also
introduces trade-offs related to consistency and conflict resolution.

3.2.1 FuzzyLog

FuzzyLog [11] is a shared log abstraction that departs from traditional total ordering by employ-
ing a partial order of updates. This design choice enables scalable geo-distributed applications while
offering flexible consistency guarantees, such as causal+ consistency. The system does not offer strict
serializability, instead focusing on serializability as a trade-off for improved scalability and availability.

At the core of its architecture is a Directed Acyclic Graph (DAG), where nodes represent updates and
edges encode the happens-before relationships. The DAG is divided into colors, each corresponding to
an independent shard of application data. Within each color, updates are organized into chains that are
fully replicated across regions. Each region maintains its own local chain and lazily synchronizes with the
chains of other regions, ensuring that operations can proceed independently with minimal cross-region
coordination.



Clients interact with their local DAG replicas to either append updates or synchronize state. For
single-color operations, a client appends a new update by specifying its content and the target color. This
update is appended to the tail of the local chain for that color, with cross links to the last nodes observed
by the client in other chains. These cross-links ensure causal dependencies are preserved, enabling
serializable isolation across shards. Synchronization for a specific color involves fetching updates from
other regions in reverse topological order, ensuring that the causal relationships encoded in the DAG are
respected.

For multi-color transactions, FuzzylLog employs a coordination protocol that uses Skeen’s algo-
rithm [12]. This protocol ensures that updates spanning multiple shards are applied atomically and
in a globally consistent order. The process involves two steps: first, each participating server proposes a
timestamp for the transaction, based on its local logical clock and a unique nonce. The initiating client
collects these proposals and selects the maximum timestamp as the global order for the transaction. In
the second step, the client disseminates this global timestamp back to the servers, which finalizes the
transaction’s placement in the DAG.

FuzzyLog delegates the responsibility for managing this coordination to clients, rather than a cen-
tralized sequencer, which aligns with its decentralized and scalable design. However, this approach
introduces additional challenges, particularly for fault tolerance, as client failures can leave transactions
in an incomplete state. To address this, FuzzyLog implements mechanisms such as Write-Ahead Logging
(WAL) and recovery protocols, ensuring that transactions can be completed or recovered even in the
presence of failures.

3.2.2 SLOG

SLOG [3] is a transactional key-value store designed to achieve strict serializability, low-latency
reads and writes, and high throughput for local transactions. In SLOG, a region consists of servers
interconnected by a low-latency network, typically within a single data center. The system adopts a
master-based architecture, where each data item has a designated "home" region, ensuring that writes
and linearizable reads are directed to the master replica. Transactions are classified as either single-home
when all accessed data resides in one region, eliminating the need for global coordination, or multi-home,
when data spans multiple regions, requiring global coordination that increases latency.

To achieve strict serializability, SLOG employs deterministic transaction execution. Transactions are
pre-scheduled during a coordination phase, which establishes a global execution order outside transac-
tional boundaries. This approach prevents runtime delays caused by cross-region conflicts and eliminates
distributed deadlocks. However, this determinism imposes two specific requirements: the entire transac-
tion must be present during the planning phase, where its execution order is determined, and its data
access set must be known in advance.

Each region maintains a local log of transactions involving data it masters. These logs are exchanged
between regions in batches, alongside sequence numbers to ensure that no batches are missed. This
enables regions to reconstruct the local logs of others and guarantees a consistent ordering of transactions,
interleaving them and creating a global log. Granules, which represent the smallest unit of data ownership
in SLOG, can encompass either individual records or sorted ranges of records. To efficiently map granules
to their home regions, SLOG employs a distributed index called Lookup Master, which also tracks how
many times a granule’s master region has changed. When a client submits a transaction, it is sent to the
nearest region, regardless of where the data resides. The region consults the Lookup Master to identify
the home regions for the accessed granules.

For single-home transactions, the transaction is forwarded to the corresponding home region, where it
is appended to the local log to ensure consistency. Multi-home transactions, which span multiple regions,
are sent to a designated region, that acts as a sequencer of the system, for coordination. This designated
region determines a global execution order for the transaction by consulting the Lookup Master to identify
the home regions of the involved data granules. It then generates a special LockOnlyTzn transaction for
each home region involved. These transactions acquire locks on the relevant data granules in the correct
order and are appended to the respective local logs. This ensures consistent ordering across all regions.
Transactions are executed in the order defined by each region’s global log. While the global log is not



totally ordered across regions, all executions are equivalent, strictly serializable ones.

The reliance on a central sequencer for multi-home transactions can increase latency when the se-
quencer is geographically distant from the other partitions. Additionally, this sequencer also creates a
potential bottleneck if many multi-home transactions require global ordering simultaneously, especially
when network latency between regions is high.

3.2.3 Detock

Detock [13] presents a graph-based concurrency control approach tailored for geo-partitioned databases,
enabling independent and deterministic scheduling of single-home and multi-home transactions within
each region. Unlike systems such as SLOG that rely on a global ordering mechanism, Detock embeds
this coordination within the asynchronous exchange and replay of locally replicated logs. Each data item
is assigned a home region which holds the primary copy of the data. Clients send transactions to their
nearest region, which becomes the coordinator, responsible for determining the transaction’s read and
write sets and annotating them with home region details via a Home Directory, analogous to SLOG’s
Lookup Master.

Detock relies on dependency graphs for transaction execution. When a transaction is received by its
home region, it is appended to a local log. Regions asynchronously exchange their local logs so that each
region eventually receives the complete logs from all other regions, reconstructing a global log. From
this, a dependency graph is constructed, allowing transactions to be executed in parallel while respecting
sequential log order. This eliminates the need for global coordination, guaranteeing that transactions,
regardless of type, require only a single round-trip between the initiating and participating regions, while
also ensuring strict serializability.

For single-home transactions, the dependency graph forms a Directed Acyclic Graph (DAG) due to
strict local ordering, allowing transactions to be executed once no incoming edges remain. For multi-home
transactions, each region generates a special kind of transaction based on the parts of the transaction that
involve its local data. These are appended to the local logs of the relevant regions, with their initial order
determined independently by each region. This independent ordering may result in deadlocks, delaying
their own execution and other conflicting single and multi-home transactions. Deadlocks caused by
inconsistent ordering are resolved locally and deterministically, without aborting transactions or requiring
cross-region communication. Although initial dependency graphs across regions may differ due to log
interleaving, they eventually converge to a consistent structure through deterministic conflict resolution.

Detock’s performance suffers in skewed scenarios, where specific data items are accessed dispropor-
tionally, increasing the likelihood of deadlocks. While these are resolved deterministically, frequent
conflicts can delay transaction processing. Additionally, asynchronous log replication and independent
ordering may exacerbate contention in high-conflict workloads, further affecting performance.

3.3 Tree-Based Architectures

This section examines systems that, while most of them offer weaker guarantees than the previously
discussed systems, introduce interesting architectural approaches to handling transactions. Unlike sys-
tems that enforce a strict global total order, these systems prioritize scalability and efficiency, frequently
relaxing consistency guarantees in order to achieve better performance in geo-replicated environments.
These systems achieve this by using trees in their design to efficiently manage data and transaction
processing. By using hierarchical structures for data partitioning or for organizing transaction process-
ing across distributed nodes, trees reduce the complexity of operations, improve scalability and enable
efficient conflict resolution, specially in geo-replicated environment.

These architectures can reduce the coordination overhead usually associated with centralized ordering,
a problem observed in previous systems, enabling a more efficient transaction processing, just as it is
presented bellow.
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3.3.1 Eunomia

Eunomia [141] addresses the challenge of balancing throughput and visibility latency when implement-
ing causal consistency in geo-replicated systems. Similarly to Cure [15], Eunomia allows local updates
to proceed independently, without requiring prior synchronization. Cure, a system designed to provide
causal consistency with high availability, relies on global stabilization procedures to track and enforce
dependencies between updates. It uses vector clocks to precisely capture causal dependencies while
optimizing visibility latency. Building on these ideas, Funomia offers a more scalable approach by in-
troducing a deferred local serialization procedure, which avoids intrusive synchronization overheads and
reduces global stabilization costs.

Eunomia assumes that, in each data center, the object-space is divided into N partitions, each using
a hybrid clock [16] to assign timestamps autonomously. Clients maintain a local variable tracking the
largest observed timestamp during their session, representing their causal dependencies. When a new
update is issued, the partition responsible assigns a timestamp as the maximum of three values: the
current physical clock, the partition’s last used timestamp incremented by one, and the client’s timestamp
incremented by one. This ensures that updates respect the causal order while avoiding synchronization
overhead.

The log, central to Eunomia, tracks update IDs and their timestamps, enforcing causal consistency
by maintaining update order across partitions and regions. By separating metadata, update IDs and
timestamps, from actual update content, Eunomia minimizes metadata transfer overhead between data
centers. This design reduces inter-data center communication costs and allows partitions to operate
independently while ensuring that all updates respect causal dependencies. Each data center maintains
a vector clock, called PartitionTime, tracking the latest updates across partitions. Periodically, Eunomia
computes a StableTime, the minimum value from PartitionTime, to identify updates that are stable -
those whose causal dependencies into the log are fully satisfied. Stable updates are serialized into the
log, ensuring that no updates with earlier timestamps can later arrive. This process allows Eunomia
to achieve consistency while maintaining high throughput and avoiding the bottlenecks associated with
global stabilization.

To support geo-replication, Eunomia incorporates a receiver module in each data center. The receiver
is responsible for coordinating remote updates, ensuring that all causal dependencies are applied locally
before forwarding updates to the relevant local partitions. The receiver maintains two different vectors: a
queue of pending updates from each remote data center and a vector tracking the latest update operations
locally applied from each remote data center. Updates are processed only when their dependencies and
ordering constraints are resolved, ensuring consistency across geo-replicated data centers. Eunomia
employs a red-black tree [17] to efficiently manage metadata update. This data structure enables fast
insertion, deletion, and in-order traversal of updates, making it well-suited for handling large numbers
of updates in high-throughput environments.

By removing synchronous global stabilization from the critical path, Eunomia achieves higher through-
put and lower visibility latency, particularly for local operations. However, the system still faces chal-
lenges in environments with clock skews, which can affect stabilization times.

3.3.2 Saturn

Saturn [4] is a metadata service designed for geo-replicated systems to enforce causal consistency.
It maintains a constant metadata size regardless of the number of clients, servers, partitions, or data
centers involved. By decoupling metadata management from data dissemination, Saturn eliminates the
trade-off between throughput and visibility latency and supports genuine partial replication, enabling
scalability as the number of geo-replication sites increases.

It introduces compact metadata units, called labels, which uniquely identify operations and ensure
causal consistency. Each client maintains a label that tracks their causal history, updated with every
operation. This label is used for both updates and migrations between data centers, ensuring causal
dependencies are maintained. Labels are compact and causally consistent, which simplifies metadata
propagation and management across geo-replicated environments.
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Saturn’s architecture is composed by the following sub-components:

e Stateless Frontends: Act as intermediaries, intercepting client requests and forwarding them to the
relevant storage servers.

e Gears: Attached to every storage server, they are in charge of intercepting operations, assigning
corresponding labels with timestamps that respect causality. They propagate the associated data
and metadata.

e Label Sink: A central point in each data center, it asynchronously collects labels from all gears,
orders them based on timestamps, and forwards them for further processing.

e Remote Proxies: Implements updates originating from other data centers, thereby ensuring the
integrity of the causal order.

To propagate metadata efficiently, Saturn uses a tree-based topology for metadata dissemination.
This topology is managed by distributed serializers that minimize propagation latency. Data centers
form the leaves of the tree, while serializers act as internal nodes, ensuring updates are visible with
minimal delay. A key innovation is the Weighted Minimal Mismatch metric, which optimizes serializer
placement and metadata paths to reduce delays while balancing performance-critical paths.

When building the tree, Saturn chooses the location of serializers from a predefined set of potential
locations, such as existing data centers. Saturn employs a heuristic algorithm to build and refine the tree
topology. Starting with a basic two-node tree, the algorithm incrementally adds new nodes, selecting
configurations that minimize global mismatch. This adaptability allows the topology to scale and adjust
to changes in the number of data centers or shifts in workload characteristics. By limiting metadata
propagation to only relevant branches of the tree, Saturn supports partial geo-replication, reducing
metadata traffic and mitigating false dependencies.

Saturn achieves a balance between scalability and efficiency. Its tree-based topology reduces metadata
latency while maintaining compact metadata size, and its partial replication capabilities optimize resource
use.

3.3.3 ENGAGE

ENGAGE [5] is a storage system designed for partially replicated edge environments, aiming to
support eflicient session guarantees while addressing the challenges of low visibility times and bandwidth
constraints. The system operates on a network of cloudlets, which are small-scale edge servers distributed
geographically. These cloudlets replicate frequently accessed data to reduce latency for edge applications.
Unlike traditional data centers, cloudlets are designed to operate closer to users, providing fast and
localized data access while supporting partial replication to conserve resources.

ENGAGE combines vector clocks and a distributed metadata service to enforce causal consistency
and provide efficient session guarantees. It relies on a causally ordered log to ensure that operations
dependent on each other are applied in the correct order, enabling low-latency updates. Each cloudlet
tracks updates using two types of vector clocks: one capturing the causal history of each replicated object
and another tracking the highest sequence numbers of updates received from remote cloudlets.

ENGAGE also introduces a hierarchical tree architecture to efficiently propagate metadata and up-
date payloads. Leaf nodes in the tree correspond to the cloudlets, which serve client requests and
synchronize updates. Inner nodes, deployed in data centers or larger cloudlets with more resources, ag-
gregate metadata and optimize its dissemination, reducing communication delays and bandwidth usage.
This tree architecture helps synchronize the log across all cloudlets, ensuring that updates are applied
in the correct causal order and that dependencies between updates are respected.

Clients in ENGAGE interact with their preferred cloudlet, which processes their operations locally
whenever possible. For read and write operations, clients specify session guarantees such as Read Your
Writes or Monotonic Reads. Additionally, clients also maintain two different vector clocks: one for up-
dates the client has read and another for write operations they have performed. These clocks ensure

12



that operations are executed consistently, even when clients migrate between cloudlets. Write operations
involve assigning sequence numbers and updating metadata, while ensuring that all causal dependencies
are resolved before updates are applied. In order to handle remote updates, each cloudlet maintains a
list of pending updates. Updates are applied only when their dependencies have been satisfied, ensur-
ing consistency across replicas without requiring excessive synchronization. Metadata dissemination is
further optimized by combining update notifications with metadata flush messages, reducing signaling
overhead by piggybacking vector clock updates onto other messages.

By combining vector clocks, session guarantees, and an efficient metadata service, ENGAGE achieves
low visibility times and efficient bandwidth usage in edge environments.

3.3.4 A Distributed and Hierarchical Architecture for Deferred Validation of Transactions
in Key-Value Stores

The proposed system [18] combines a hierarchical communication pattern, used in [19], with message
batching techniques to build a transactional system capable of supporting more clients and achieve higher
throughput. It seeks to mitigate bottlenecks caused by the need for total ordering transactions, assuming
an optimistic concurrency control mechanism that performs best when transaction conflicts are rare.

Two concurrency control mechanisms are explored: one using timestamps, enforcing serializability
by assigning commit timestamps, and another based on acquiring locks on the accessed objects during
validation, aborting transactions in case of conflicts. Transactions begin locally on the client side without
immediate communication with data nodes. On the one hand, read transactions operate on a global
snapshot determined by the first read operation of the client, returning the latest object version consistent
with the snapshot. On the other hand, write transactions are cached locally and only sent to data nodes
during the commit phase. At this point, new writes are saved as tentative versions, validated either
locally or hierarchically, in the case of distributed transactions, and subsequently committed or aborted,
depending on the validation outcome.

The architecture is designed for distributed key-value storage systems, where data is partitioned
across multiple data nodes. Validation nodes are organized hierarchically, with leaf nodes co-located
with data nodes to handle local transactions. Higher-level nodes aggregate partial validation results
for distributed transactions, forming a tree structure. This hierarchy ensures scalability by limiting the
scope of communication and validation based on transaction locality, minimizing latency for transactions
affecting only a small subset of nodes.

For local transactions, validation is performed at the leaf node co-located with the relevant data
node, ensuring low-latency processing without requiring coordination with other nodes. Distributed
transactions are validated hierarchically: leaf nodes perform partial validation and propagate results to
higher-level nodes, which aggregate these results and perform full validation. This approach assumes high
locality, where most transactions involve a small number of nodes, reducing the number of transactions
requiring higher-level validation and improving throughput.

To further enhance performance, the system employs message batching, reducing the frequency of
network communication and CPU overhead. By grouping multiple messages into a single transmission,
batching minimizes the overhead associated with network protocols and improves overall efficiency. This
distinguishes the proposed system from earlier architectures like [19], by enabling it to support more
clients and achieve higher throughput while maintaining low latency.

3.4 Discussion

In this section, we present a comprehensive discussion of the systems previously presented. First, we
will discuss these systems along three key dimensions: shared (totally ordered) logs, locality in distributed
logs, and tree-based architectures. By maintaining this alignment, we aim to evaluate the strengths and
limitations of the systems, highlighting their trade-offs and implications for geo-distributed environments.
Finally, we will provide an overall discussion to synthesize insights from these comparisons and identify
areas for improvement.
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3.4.1 Shared (Totally Ordered) Logs

Shared (totally ordered) logs provide strong consistency, making them an attractive abstraction for
distributed systems.

Systems like CORFU and vCorfu rely on sequencers to ensure a total order of operations. While this
approach is straightforward, it faces significant bottlenecks as the system size grows, with sequencers
struggling to match increasing I/O bandwidth demands. Moreover, sequencers act as a single point
of failure, limiting overall throughput and scalability. vCorfu enhances CORFU’s design by adding
transaction support, which increases its utility for applications requiring atomic operations. On the
other hand, Scalog reduces the load on the centralized sequencer by aggregating information regarding
updates via a hierarchical tree of aggregators, reducing bottlenecks and improving scalability. However,
traversing the tree and aggregating updates introduces significant latency overheads.

More importantly, achieving a total order is inherently expensive in distributed systems. These
solutions don’t scale effectively, making them better suited for small clusters where the trade-offs between
consistency, complexity, and scalability are less pronounced.

3.4.2 Locality in Distributed Logs

Scaling shared logs in distributed systems often involves relaxing strict total order guarantees to
reduce coordination overhead. For instance, SLOG and Detock enforce a global total ordering only on
a sub-type of transactions, whereas FuzzyLog focuses on serializability with more relaxed consistency
guarantees.

FuzzyLog introduces the use of a directed acyclic graph (DAG) structure to maintain partial order,
allowing single-home transactions to correspond to single-color updates and multi-home transactions
to span multiple colors. Similarly, Detock uses a DAG for concurrency control but faces challenges
such as deadlocks in skewed workloads due to its optimistic local ordering. SLOG, while leveraging
a sequencer for global ordering, struggles in geo-replicated settings where high latency and scalability
demands intensify bottlenecks caused by centralized coordination.

3.4.3 Tree-Based Architectures

Tree-based architectures present an effective alternative to address the challenges faced by systems
like SLOG and Detock, especially in geo-distributed settings.

Systems such as Saturn, Eunomia and ENGAGE adopt tree-based designs to propagate metadata
efficiently, enabling scalability while maintaining relaxed consistency guarantees. For example, Saturn
and Eunomia provide causal consistency while ENGAGE supports session guarantees. However, none
of these systems support transactions, limiting their applicability for workloads requiring strong consis-
tency. In contrast, [18] employs a tree structure specifically for validating and committing transactions,
enforcing serializability. By handling single-partition transactions locally and validating multi-partition
transactions hierarchically, this approach provides stricter guarantees than other tree-based systems.

Despite their different goals, all these systems share the common goal of optimizing transaction pro-
cessing and metadata propagation in geo-replicated environments. By leveraging hierarchical designs,
they effectively distributed validation and coordination, reducing bottlenecks often associated with cen-
tralized mechanisms.

3.4.4 Overall Assessment

Table 1 outlines the key characteristics of the state-of-the-art systems previously discussed. We focus
on three different aspects:

e Consistency Model: The consistency model is a critical aspect that determines the guarantees
a system provides regarding the order and visibility of updates. Systems with strong consistency
(e.g., CORFU, Scalog and SLOG) ensure serializability but often face significant coordination
overhead in geo-distributed settings. In contrast, systems with weaker consistency models (e.g.,
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Systems Consistency Model | Transactions Coordination
CORFU [1] Strong X Sequencer
Scalog [10] Strong X Sequencer w/Aggregators
vCorfu [2] Strong v Sequencer
FuzzylLog [11] Strong v Skeen(Client-Based)
SLOG |[3] Strong v Sequencer
Detock [13] Strong v Optimistic
Eunomia [14] Weak X Tree

Saturn [4] Weak X Tree
ENGAGE [5] Weak X Tree

[18] Strong v Tree

Table 1: Comparison between systems presented in the Related Work section

Eunomia, Saturn and ENGAGE) prioritize scalability and efficiency but may limit applicability for
workloads that require strict guarantees.

e Transaction Support: Transaction support is essential for systems that need to execute oper-
ations atomically across multiple partitions. Systems such as vCorfu, SLOG and Detock include
robust transactional mechanisms, enabling them to handle operations that span multiple nodes.
However, systems such as CORFU, Scalog and Saturn do not support transactions, which limits
their applicability in use cases requiring atomicity.

e Coordination Mechanism: The coordination mechanism determines how a system maintains
order and consistency. Sequencer-based systems, such as CORFU and vCorfu, rely on centralized
components to enforce total order. While this simplifies the coordination process, it introduces
significant bottlenecks in scalability due to the reliance on a single point of failure. Scalog mitigates
this scalability bottleneck by aggregating information regarding updates, but incurs a large latency
overhead in the process. Fuzzylog adopts a client-based mechanism using Skeen’s algorithm, which
eliminates centralized coordination but can introduce latency if the client is geographically distant
from participating nodes. Optimistic approaches, like the one used in Detock, allow the system
to locally order multi-home transactions in each region assuming convergence without immediate
synchronization. While this reduces the coordination overhead, it introduces potential challenges
in resolving conflicts, especially under skewed workloads. Finally, tree-based mechanisms leverage
hierarchical designs to propagate metadata efficiently, reducing coordination overhead and enabling
scalability.

Coordinator-Based Total Order for Geo-Distributed Transac-
tions

With our proposed architecture, we aim to address some of the limitations of previous architec-

tures, particularly in systems like those presented in [3, 13], when supporting transactional execution.
As previously discussed, sequencer-based solutions have some limitations, primarily the fact that all the
transactions have to pass through a specific location, which isn’t an optimal solution, specially in cases
where participants can potentially be geographically distant from the sequencers, as it increases commu-
nication costs and latency. In addition, some systems also struggle to handle skewed workloads, where
certain regions experience disproportionate transaction loads.

The hierarchical structures of tree-based architectures offer a promising solution to solve these limita-

tions by creating a hierarchical structure that helps coordinate and order transactions without the need
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to traverse to a central point. However, traditional tree-based solutions still face bottlenecks, particularly
when managing multi-home transactions. A critical observation in these architectures, which serves as
the main inspiration for our proposed solution, lies in how nodes at the edges of the tree (i.e., those at
the far right and far left of the hierarchy) often appear distant from each other within the architecture.
The perceived distance forces transactions involving these nodes to traverse the entire tree, even though
they may be geographically close in reality, adding unnecessary latency and overhead.

In this section, we present our proposed architecture and the motivation behind its design. We detail
how transactions are processed within this architecture and introduce a proposed algorithm to enhance
its deployment, focusing on mapping the architecture to its physical placement across geo-locations.

4.1 Coordinator-Based Architecture for Total Order

Our proposed architecture supports a transactional key-value store (KVS), partitioned across a set
of geo-replicated locations. It ensures a total order of transactions, enabling the implementation of strict
serializability as well as other consistency levels that rely on total order, enabling reliable coordination
and execution across geo-distributed locations.

Each location, similar to systems such as [3, 13], is the “home” location of a specific object. The
architecture differentiates between single-home transactions and multi-home transactions. On the one
hand, single-home transactions, which involve only one location, can be immediately committed to the
corresponding location without additional coordination. On the other hand, multi-home transactions,
which involve multiple locations, require coordination to achieve a global total order for that transaction.
Additionally, every location maintains a local log that records transactions that affect its corresponding
object, ensuring a total order of transactions through the use of Paxos [20] for consensus. This approach
guarantees that updates are consistently applied across all replicas within the location.

A core aspect of our architecture is the use of Skeen’s algorithm to achieve a total order for multi-
home transactions. The algorithm operates by having processes propose timestamps for events and then
agreeing on the maximum proposed timestamp as the final order. In the context of our architecture,
Skeen’s algorithm enables geo-locations to propose timestamps for multi-home transactions and ensures
that these timestamps are aggregated to determine a globally consistent total order.

However, implementing this algorithm presents specific challenges. For instance, if geo-locations
directly communicated with each other to exchange and determine the maximum timestamp, the com-
munication cost would grow quadratically with the number of participants. Alternatively, similarly
to [11], delegating the responsibility for aggregating timestamps to the client would introduce its own
drawbacks: clients may be geographically distant from the locations involved, potentially leading to
higher latency. This limitation is similar to the one faced by sequencer-based systems.

To address these challenges, we use a set of coordinators - dedicated entities responsible for ag-
gregating the proposed timestamps. Coordinators are designed to minimize communication overhead
and latency by acting as central aggregation points for each combination of geo-locations involved in a
transaction. For instance, in a system with n geo-locations, a coordinator is assigned to transactions
involving all n locations. Additional coordinators manage subsets of locations, such as combinations
of n — 1 locations (with a total of (,",) such coordinators), combinations of n — 2 locations (with (,".)
coordinators), and so forth, down to combinations involving two geo-locations. This eliminates the need
for direct communication among geo-locations or reliance on distant clients, ensuring efficient execution
of the algorithm.

Figure 1 provides a logical representation of the proposed architecture in a system composed of three
distinct geo-locations. Each geo-location is responsible for managing a specific object (“A”, “B” or “C”).
The figure also illustrates the coordinators and their connections, highlighting how they interact. For
example, a multi-home transaction involving geo-locations “A”, “B” and “C” is assigned to the coordinator
“ABC”, which is responsible for determining a total order for transactions involving that combination of
geo-locations.

In the context of our architecture, Skeen’s algorithm is executed collaboratively by both geo-locations
and coordinators. Geo-locations propose timestamps, while the coordinators aggregate these proposals
to determine the total order of multi-home transactions, with the final order being the result of this

16



Figure 1: Logical Representation

coordinated process. These coordinators efficiently bridge the gap between the algorithm’s requirements
and the practical constraints of geo-distributed systems.

At this stage, we assume that fault tolerance will be handled using an approach similar to CORFU and
NoPaxos [21]. In the case of a failure, the entire system stops momentarily to allow for reconfiguration,
ensuring that all participants agree on and are made aware of the updated configuration before resuming
operation.

4.2 Transaction Handling

Transactions in this system are classified into single-home transactions and multi-home transactions,
with the handling process differing based on the type. Each transaction starts at the corresponding
geo-locations, which determine its nature and act accordingly.

4.2.1 Single-Home Transactions

Single-home transactions, as specified before, involve only one geo-location and can be processed and
committed locally without requiring communication with other geo-locations or coordinators.

1. Client Begins Transaction: The client submits the transaction to the relevant geo-location.
For instance, if the transaction involves the object “A”, the client sends the transaction to the
geo-location responsible for such object.

2. Local Check and Commit: The geo-location determines that the transaction is single-home, as
it only affects its managed objects. Since no coordination is required, the transaction is directly
inserted into the geo-location’s local log, which maintains a totally ordered sequence of transactions
using a Paxos based mechanism. This minimizes latency, allowing for fast and efficient processing
of localized operations.

17



4.2.2 Multi-Home Transactions

Multi-home transactions span multiple geo-locations and require coordination to ensure a globally
consistent total order.

1. Client Begins Transaction: The client submits the transaction to all the geo-locations involved
in the transaction.

2. Local Check and Forwarding to Coordinator: Each geo-location checks whether the trans-
action affects other geo-locations. If it does, the transaction is classified as multi-home, and coor-
dination with a coordinator is required. Each participating geo-location assigns a local timestamp
to the transaction, ensuring it is larger than any previously attributed to any transaction at that
location, representing its view of the transaction’s order.

3. Coordination via Skeen’s Algorithm: The geo-locations and the coordinator responsible for
the combination of geo-locations (e.g., “AB” for “A” and “B”) execute Skeen’s algorithm collabora-
tively. Each geo-location sends its proposed timestamps to the coordinator, which aggregates the
timestamps and determines the global order by taking the maximum. This process ensures a total
order across all participating geo-locations while minimizing communication overhead.

4. Commit Transaction: Once the global timestamp is established, the transaction is added to a
queue at each participating geo-location. The transaction waits to reach the top of the queue, at
which point the geo-locations use Paxos to insert the transaction into their local logs in the globally
agreed order.

4.3 Coordinator Placement Optimization

Just as the algorithm introduced in [4], we aim to develop an algorithm that assigns physical locations
to coordinators in a way that minimizes latency while balancing the system’s load. The primary goal
is to strategically place coordinators while accounting for both communication efficiency and workload
distribution.

We assume that we have information about the load distribution, specifically the percentage of trans-
actions affecting each combination of objects. This information will help us guide the placement of
coordinators to their physical locations. For example, if the load distribution reveals that a coordinator
has 0% load, meaning there are no transactions for the associated combination of locations, that coor-
dinator can be eliminated. This step simplifies the system and ensures resources are allocated only to
necessary coordinators.

Each home region is located in a distinct geo-location, specifically in different data centers, which
are the only data centers utilized in the system. To minimize latency, coordinators should be placed
as centrally as possible, considering the geo-locations of the home regions they interact with. However,
central placement alone is insufficient to ensure scalability, knowing the workload distribution is cru-
cial. For instance, we aim to prevent situations where a single geo-location is overloaded with multiple
high-demand coordinators. By understanding the percentage of transactions affecting each coordinator,
the algorithm can evenly distribute coordinators across machines, preventing bottlenecks and ensuring
optimal resource utilization.

Figure 2 illustrates a possible deployment of the algorithm, showing the physical placement of co-
ordinators across geo-locations. Each geo-location is represented with a distinct color, emphasizing the
distribution of coordinators and their roles in transaction coordination.

By addressing both latency and load distribution, the algorithm ensures that coordinators are placed
to support efficient transaction coordination and scalability, even under diverse workloads. Once the
optimized placement is determined, the system applies the configuration directly, deploying coordinators
to the most suitable geo-location.
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Figure 2: Physical Representation

5 Evaluation

To evaluate the performance of our proposed architecture, we will utilize the codebase available from
Detock! and SLOG?, the systems discussed in Section 3.2. This codebase will be used to deploy our
architecture, enabling a direct comparison of our system against these approaches.

To assess the performance of our system, we will test it under varying workloads, similar to those
used in Detock and SLOG. By adjusting the percentage of single-home and multi-home transactions, we
will evaluate how our architecture performs in scenarios dominated by single-home transactions versus
those with more multi-home transactions. This approach will help us identify the scenarios in which our
system excels and understand the impact of workload composition in its efficiency.

Our evaluation will focus on several properties:

e Latency: Measure the latency of transactional operations across different workloads. This includes
varying the number of objects accessed per transaction and the proportion of "home" versus "multi-
home" (distributed) transactions.

e Throughput: Measure the throughput of transactional operations across different workloads,
assessing its ability to handle high volumes of transactions efficiently.

e Scalability: Analyze how performance is impacted as the system size increases, considering both
the number of nodes and transaction complexity.

By focusing on these properties, we expect to gain a better understanding of the trade-offs and
limitations introduced by our design.

IThe source code is available at https://github.com/umd-dslam/Detock
2The source code is available at https://github.com/umd-dslam/Slog
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6 Work Schedule

Future work is scheduled as shown in Figure 3.

Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct

Design and Implement Architecture ]

Experimental Evaluation [ ]

Descriptive Project Paper [

Write Dissertation [

Figure 3: Planned Schedule

7 Conclusion

Geo-distributed environments present unique challenges for transaction execution, particularly in
balancing efficiency, scalability and consistency. Traditional sequencer-based approaches often face high
latency and bottlenecks due to centralized coordination, while existing tree-based architectures lack
efficient mechanisms to support transactions across diverse workloads.

This report has presented a system designed to address the challenges of transaction execution in geo-
distributed environments. By using a set of independent coordinators, our architecture aims to optimize
transaction coordination while minimizing communication overhead.

In summary, we have explored previous works to identify their strengths and limitations, using these
insights, we proposed a solution and detailed its implementation plan. Finally, we outlined our evaluation
methodology and presented a schedule for future work.

Acknowledgments We are grateful to Rafael Soares for all the feedback provided during the prepa-
ration of this report.
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