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Abstract

Many modern data-oriented applications are built on top of distributed OLTP databases
for both scalability and high availability. However, when running transactions that
span several partitions of the database, significant performance degradation is ob-
served in existing distributed OLTP databases. In this thesis, we develop three
systems — (1) STAR, (2) COCO, and (3) Aria — to address the inefficiency and
limitations of existing distributed OLTP databases while using different mechanisms
and bearing various tradeoffs. STAR eliminates two-phase commit and network com-
munication through asymmetric replication. COCO eliminates two-phase commit
and reduces the cost of replication through epoch-based commit and replication.
Aria eliminates two-phase commit and the cost of replication through deterministic
execution. Our experiments on two popular benchmarks (YCSB and TPC-C) show
that these three systems outperform conventional designs by a large margin. We also
characterize the tradeoffs in these systems and the settings in which they are most
appropriate.
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Chapter 1

Introduction

Many modern data-oriented applications are built on top of distributed OLTP! databases
both for scalability and high availability, since the capacity and availability of single-
node databases fail to meet many demanding application. In distributed databases,
scalability is achieved through data partitioning [22, 91|, where each node contains
one or more partitions of the whole database. Partitioning-based systems can eas-
ily support single-partition transactions that run on a single node and require no
coordination between nodes. If a workload consists of only such transactions, it triv-
ially parallelizes across multiple nodes. However, distributed databases become more
complex when dealing with distributed transactions that touch several data partitions

across multiple nodes and significant performance degradation as noted below.

In addition, a desirable property of any distributed database is high availability,
i.e., when a server fails, the system can mask the failure from end users by replacing
the failed server with a standby machine. High availability is typically implemented
using data replication, where all writes are handled at the primary replica and are
shipped to the backup replicas. However, significant performance degradation is ob-
served in existing distributed OLTP databases when ACID properties and strong con-
sistency between replicas are enforced [5, 22, 74, 96]. For example, strongly consistent

databases normally require at least one network round trip to commit a transaction.

!Online Transactional Processing
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1.1 Research Challenges

In this section, we describe in more details the two major research challenges in

distributed and highly available database systems that we address in this thesis.

1.1.1 Distributed Transactions

Distributed databases become more complex when dealing with distributed transac-
tions that touch several data partitions across multiple nodes. In particular, many
implementations require the use of two-phase commit (2PC) [65] to enforce atomicity
and durability, making the effects of committed transactions recorded to persistent
storage and survive server failures.

It is well known that 2PC causes significant performance degradation in dis-
tributed databases [5, 22, 74, 96], because a transaction is not allowed to release
locks until the second phase of the protocol, blocking other transactions and reducing
the level of concurrency [42]. In addition, 2PC requires two network round-trip delays
and two sequential durable writes for every distributed transaction, making it a major
bottleneck in many distributed transaction processing systems [42]. Although there
have been some efforts to eliminate distributed transactions or 2PC, unfortunately,
existing solutions either introduce impractical assumptions (e.g., the read/write set
of each transaction has to be known a priori in deterministic databases [36, 96, 97])
or significant runtime overhead (e.g., dynamic data partitioning [22, 55]). We will
discuss more details on the necessity and cost of 2PC in Section 2.2, and how to

reduce the overhead with our proposed solutions in later chapters.

1.1.2 Replication and Consistency

Conventional high availability protocols must make a tradeoff between performance
and consistency. On one hand, asynchronous replication allows a transaction to com-
mit once its writes arrive at the primary replicas; propagation to backup replicas
happens in the background asynchronously [25]. With asynchronous replication,

transactions can achieve high performance but a failure may cause data loss, i.e.,
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consistency is sacrificed. On the other hand, synchronous replication allows a trans-
action to commit only after its writes arrive at all replicas [19]. No data loss occurs
but each transaction holds locks for a longer duration of time and has longer la-
tency — even single-partition transactions need to wait for at least one round-trip of

network communication.

1.2 Proposed Solutions

Given two research challenges above, in this thesis, we describe the design of three
different systems we have built to address the inefficiency and limitations of existing
distributed databases. Each of these systems are designed to reduce the overhead of
distributed transactions in OLTP databases, using different mechanisms and bearing
various tradeoffs.

e STAR eliminates two-phase commit and network communication used in distributed
transactions through asymmetric replication and a phase-switching protocol that
dynamically changes the mastership of records. However, it require a single node
to hold an entire copy of the database. Note that a single node today can provide
tens of terabytes of RAM, which exceeds the scale of all but the most demanding
transactional workloads.

e COCO does not make any assumptions on the capacity of each node. It groups
transactions arriving within a short time window into epochs, and enforces ACID
properties at the granularity of epochs. However, network communication is still
needed for replication.

e Aria further reduces the overhead of both 2PC and replication through determin-
istic execution. By running transaction deterministically across all replicas, each
replica does not need to communicate with one another to achieve consistency. In
addition, it does not require any analysis or pre-execution of input transactions,
making it more practical than existing state-of-the-art deterministic databases.
However, unlike the other two systems, Aria may suffer from undesirable perfor-

mance when a workload has high contention.
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Table 1.1: The key characteristics of STAR, COCO and Aria

Scale out Sublinear Linear Linear

Deterministic No No Yes

Replication cost Workload dependent High Low

Interactive transactions support Yes (May hurt performance)  Yes (May hurt performance) No

Performance under high contention Good Good Poor*

ST e EE el ERAG T T ST G [Erel [0 i Distributed deployment only Both Both

*without Aria’s fallback strategy

We now briefly introduce our proposed systems, namely, (1) STAR, (2) COCO,
and (3) Aria, and highlight our contributions. The key characteristics of each system

are summarized in Table 1.1.

1.2.1 STAR

STAR is a new distributed in-memory database based on asymmetric replication. By
employing a single-node non-partitioned architecture for some replicas and a parti-
tioned architecture for other replicas, STAR is able to efficiently run both highly par-
titionable workloads and workloads that involve cross-partition transactions. The key
idea is a new phase-switching algorithm where the execution of single-partition and
cross-partition transactions is separated. In the partitioned phase, single-partition
transactions are run on multiple machines in parallel to exploit more concurrency.
In the single-master phase, mastership for the entire database is switched to a single
designated master node, which can execute these transactions without the use of ex-
pensive coordination protocols like two-phase commit. Because the master node has
a full copy of the database, this phase-switching can be done at negligible cost.

Contributions: (1) By exploiting multicore parallelism and fast networks, STAR
is able to provide high throughput with serializability guarantees. (2) It employs a
phase-switching scheme which enables STAR to execute cross-partition transactions
without two-phase commit while preserving fault tolerance guarantees. (3)It uses
a hybrid replication strategy to reduce the overhead of replication, while providing

transactional consistency and high-availability.
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Assumptions: Our system does require a single node to hold an entire copy of
the database. However, cloud service providers now provide high memory instances
with 12 TB RAM. Such high memory instances are sufficient to store 10 kilobytes
of online state about each customer in a database with about one billion customers,

which exceeds the scale of all but the most demanding transactional workloads.

1.2.2 COCO

COCO is a new distributed OLTP database that supports epoch-based commit and
replication. The key idea behind COCO is that it separates transactions into epochs
and treats a whole epoch of transactions as the commit unit. In this way, the overhead
of 2PC and synchronous replication is significantly reduced. We support two variants
of optimistic concurrency control (OCC) using physical time and logical time with

various optimizations, which are enabled by the epoch-based execution.

Contributions: (1) COCO is the first distributed and replicated main-memory
OLTP framework that implements epoch-based commit and replication. (2) We
introduce the design of two variants of optimistic concurrency control algorithms
in COCQO, discuss their tradeoffs in the distributed environment, implement critical

performance optimizations, and extend them to support snapshot transactions.

1.2.3 Aria

Aria is a new distributed and deterministic OLTP database that first executes a
batch of transactions against the same database snapshot in an execution phase, and
then deterministically (without communication between replicas) chooses those that
should commit to ensure serializability in a commit phase. We also propose a novel
deterministic reordering mechanism that allows Aria to order transactions in a way
that reduces the number of conflicts. In addition, Aria does not require any analysis
or pre-execution of input transactions as in existing state-of-the-art deterministic

databases [36, 97].
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Contributions: (1) Aria supports deterministic transaction execution without any
prior knowledge of the input transactions. (2) We introduce a deterministic reordering
scheme to reduce conflicts during the commit phase in Aria. (3) We describe a fallback
strategy that guarantees Aria is at least as effective as existing deterministic databases
in the worst case. Otherwise, a workload may suffer from a high abort rate due to

WAW-dependencies, e.g., two transactions update the same record.

1.3 Summary

In this chapter, we introduced the research challenges in distributed and highly avail-
able databases, and briefly described our proposed solutions. These three systems
are all based on the same design principle — managing transaction processing at the
granularity of epochs or batches. STAR uses asynchronous replication within each
epoch to enable more efficient replication without sacrificing consistency guarantees.
COCO amortizes the cost of two-phase commit and replication by committing or
aborting a batch of transactions all together. Aria first runs a batch of transactions
and next analyzes the conflicts between transactions within the batch deterministi-
cally. The design principle of using epochs or batches enables higher throughput in
our proposed solutions and we will discuss in more detail in later chapters.

The rest of this thesis is organized as follows. Chapter 2 provides some back-
ground on transaction processing and high availability. We next discuss the three
proposed solutions in detail in Chapter 3, Chapter 4 and Chapter 5. The discussion
of each of chapter includes a brief introduction, system overview and architecture,
description of the proposed system, implementation, experimental evaluation and a
discussion of related work. In Chapter 6, we summarize the strengths and limitations
of the proposed solutions. Chapter 7 discusses some directions of future work and we

conclude the thesis in Chapter 8.
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Chapter 2

Background

In this chapter, we present background on concurrency control, replication, and deter-
ministic databases. We begin with a discussion of some popular concurrency control
protocols, and the challenges when they are used in distributed databases. We next
discuss how database systems achieve high availability through replication. Finally,
we discuss how deterministic concurrency control brings a new opportunity for ad-

dressing the challenges in both concurrency control and replication.

2.1 Concurrency Control Protocols

Serializability — where the operations of multiple transactions are interleaved to
provide concurrency while ensuring that the state of the database is equivalent to some
serial ordering of the transactions — is the gold standard for transaction execution.
Many serializable concurrency control protocols have been proposed, starting from
early protocols that played an important role in hiding disk latency [8] to modern
OLTP systems that exploit multicore parallelism [98, 108], typically employing lock-
based and/or optimistic techniques.

Two-Phase locking (2PL) is the most widely used classical protocol to ensure se-
rializability of concurrent transactions [34]. 2PL is considered pessimistic since the
database acquires locks on operations even when there is no conflict. By contrast,

optimistic concurrency control protocols (OCC) avoid this by only checking conflicts
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at the end of a transaction’s execution [49]. OCC runs transactions in three phases:
read, validation, and write. In the read phase, transactions perform read operations
from the database and write operations to local copies of objects without acquiring
locks. In the validation phase, conflict checks are done against all concurrently com-
mitting transactions. If conflicts exist, the transaction aborts. Otherwise, it enters
the write phase and copies its local modifications to the database. Modern systems,
like Silo [98], typically employ OCC-like techniques because they make it easier to

avoid the overhead of shared locks during query execution.

2.2 Concurrency Control in Distributed Databases

We next discuss the challenges when employing concurrency control to distributed
databases. In distributed databases, a transaction that accesses data on multiple
participant nodes is usually initiated and coordinated by a coordinator. The most
common way to commit transactions in a distributed database is via two-phase com-
mit (2PC) [65]. Once a transaction finishes execution, the coordinator begins the
two-phase commit protocol, which consists of a prepare phase and a commit phase.
In the prepare phase, the coordinator communicates with each participant node, ask-
ing if it is ready to commit the transaction. To tolerate failures, each participant
node must make the prepare/abort decision durable before replying to the coordina-
tor. After the coordinator has collected all votes from participant nodes, it enters the
commit phase. In the commit phase, the coordinator is able to commit the transac-
tion if all participant nodes agree to commit. It first makes the commit/abort decision
durable and then asks each participant node to commit the transaction. In the end,
each participant node acknowledges the commit to the coordinator.

Although the above mechanism ensures both atomicity and durability of dis-
tributed transactions, it also introduces some problems that significantly limit the
performance of distributed database systems. We now summarize the problems it
introduces and discuss the implications for distributed databases: (1) Two network

round trips: On top of network round trips during transaction execution, two-phase
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commit requires two additional network round trips, making the cost of running a
distributed transaction more expensive than the cost of running a single-partition
transaction on a single node [74]; (2) Multiple durable writes: A write is considered
durable when it has been flushed to disk (e.g., using £sync [93]). Depending on dif-
ferent hardware, the latency of a flush is from tens or hundreds of microseconds on
SSDs to tens of milliseconds on spinning disks; (3) Increased contention: Multiple
network round trips and durable writes also increase the duration that locks are held.
As a result, contention increases, which further impairs the throughput and latency.

Some solutions have been proposed to address the inefficiency caused by dis-
tributed transactions and 2PC [22, 55, 97], but they all suffer from significant limita-
tions. Schism [22] reduces the number of distributed transactions through a workload-
driven partitioning and replication scheme. However, distributed transactions are
frequent in real world scenarios and fundamentally unable to be fully partitioned.
G-Store [23] and LEAP [55] eliminate distributed transactions by dynamically re-
partitioning the database. However, multiple network round trips are still required
to move data across a cluster of nodes. Calvin [97] and other deterministic databases
avoid 2PC by running transactions deterministically across multiple nodes, but these

systems need to know a transaction’s read/write set, which is not always feasible.

2.3 Replication in OLTP Databases

A desirable property of any distributed database is high availability, i.e., when a server
fails, the system can mask the failure from end users by replacing the failed server
with a standby machine. Highly available systems normally replicate data across
multiple machines, such that the system still provides some degree of availability when
one or more servers fail. We broadly classify existing replication strategies into two
categories: (1) asynchronous replication [17, 25, and (2) synchronous replication [46].
In asynchronous replication, data is asynchronously propagated between replicas,
meaning a transaction can commit before writes arrive at all replicas. Asynchronous

replication reduces the latency to commit transactions, but may suffer from data loss
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when failures occur. Instead, in synchronous replication, writes are propagated across
all replicas before a transaction commits. Synchronous replication increases latency
but ensures strong consistency between replicas and has been a recent focus of the
research community [19, 60, 111].

Most transactional systems provide serializability, which requires transactions to
produce the results following some serial order. Most concurrency control algorithms
(e.g., strict two-phase locking [34] and optimistic concurrency control [49]) are non-
deterministic, meaning different replicas may diverge when given the same input,
because of timing and performance differences on replicas executing transactions in
parallel. As a result, some care is needed to guarantee consistency between repli-
cas; most replication protocols adopt either a primary-backup scheme [13] or a state
machine replication scheme [50]. In a primary-backup system, the primary runs
transactions and ships the results to one or more backups. The backups apply the
changes in order to the database and periodically acknowledge the writes back to
the primary. A transaction can commit after the writes have been acknowledged
by backups. In systems using state machine replication, transactions can run on
any replica, but read/write operations need to be sequenced using consensus pro-
tocols (e.g., Paxos [50] or Raft [73]). Thus, nondeterministic systems are able to
stay consistent but suffer from several limitations, including needing multiple rounds
of synchronous communication to commit transactions, and a need to synchronize

typically large output values rather than smaller input operations.

2.4 Deterministic Concurrency Control

Deterministic concurrency control algorithms [96] were proposed to address these
challenges. In a deterministic database, each replica runs the same set of ordered
transactions deterministically, and converts the database from the same initial state
to the same final state. Typically, in these systems, transactions first go through a
sequencing layer before execution. This sequencing layer acts as the middle layer be-

tween clients and the database, and decides a total ordering of transactions submitted
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by clients. Usually the sequencing layer runs over multiple machines to avoid having
a single point of failure and achieves consensus through a replicated log built on top
of Paxos [50] or Raft [73] instances. To avoid non-determinism (e.g., due to system
calls to get the current time or generate a random number), the sequencing layer pre-
processes incoming transactions to eliminate this non-determinism by replacing such
function calls with constant values before passing to replicas. As a result, replicas
do not need to communicate with one another to remain consistent, making repli-
cation simpler and more efficient. In addition, deterministic databases also reduce
the overhead of distributed transactions by avoiding two-phase commit (2PC) [65].
In nondeterministic databases, 2PC is used to ensure that the participants in a dis-
tributed transaction reach a single commit/abort decision. In contrast, the failure
of one participating node does not affect the commit/abort decision in deterministic
databases [96].

Note that existing deterministic databases [35, 36, 96] perform dependency anal-
ysis before transaction execution, which requires that the read/write set of a trans-

action be known a priori.
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Chapter 3

STAR: Scaling Transactions
through Asymmetric Replication

3.1 Introduction

Recent years have seen a number of in-memory transaction processing systems that
can run hundreds of thousands to millions of transactions per second by leveraging
multi-core parallelism [91, 98, 108]. These systems can be broadly classified into
i) partitioning-based systems, e.g., H-Store [91] which partitions data onto different
cores or machines, and ii) non-partitioned systems that try to minimize the over-
heads associated with concurrency control in a single-server, multi-core setting by
avoiding locks and contention whenever possible [70, 72, 98, 108], while allowing any
transaction to run on any core/processor.

As shown in Figure 3-1, partitioning-based systems work well when workloads have
few cross-partition transactions, because they are able to avoid the use of any syn-
chronization and thus scale out to multiple machines. However, these systems suffer
when transactions need to access more than one partition, especially in a distributed
setting where expensive protocols like two-phase commit are required to coordinate
these cross-partition transactions. In contrast, non-partitioned approaches provide
somewhat lower performance on highly-partitionable workloads due to their inability

to scale out, but are not sensitive to how partitionable the workload is.
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Figure 3-1: Partitioning-based systems vs. Non-partitioned systems

In this chapter, we propose a new transaction processing system, STAR, that is
able to achieve the best of both worlds. We start with the observation that most
modern transactional systems will keep several replicas of data for high availability
purposes. In STAR, we ensure that at least one of these replicas is complete, i.e., it
stores all records on a single machine, as in the recent non-partitioned approaches.
We also ensure that at least one of the replicas is partitioned across several processors
or machines, as in partitioned schemes. The system runs in two phases, using a novel
phase-switching protocol: in the partitioned phase, transactions that can be executed
completely on a single partition are mastered at one of the partial replicas storing
that partition, and replicated to all other replicas to ensure fault tolerance and con-
sistency. Cross-partition transactions are executed during the single-master phase,
during which mastership for all records is switched to one of the complete replicas,
which runs the transactions to completion and replicates their results to the other
replicas. Because this node already has a copy of every record, changing the mas-
ter for a record (re-mastering) can be done without transferring any data, ensuring
lightweight phase switching. Furthermore, because the node has a complete replica,

transactions can be coordinated within a single machine without a slow commit pro-
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tocol like two-phase commit. In this way, cross-partition transactions do not incur
commit overheads as in typical partitioned approaches (because they all run on the
single master), and can be executed using a lightweight concurrency control protocol
like Silo [98]. Meanwhile, single-partition transactions can still be executed without
any concurrency control at all, as in H-Store [91], and can be run on several machines
in parallel to exploit more concurrency. The latency that phase switching incurs is no
larger than the typical delay used in high-performance transaction processing systems

for an epoch-based group commit.

Although the primary contribution of STAR is this phase-switching protocol, to
build the system, we had to explore several novel aspects of in-memory concurrency
control. In particular, prior systems like Silo [98] and TicToc [108] were not designed
with high-availability (replication) in mind. Making replication work efficiently in
these systems requires some care and is amenable to a number of optimizations.
For example, STAR uses intra-phase asynchronous replication to achieve high perfor-
mance. In the meantime, it ensures consistency among replicas via a replication fence
when phase-switching occurs. In addition, with our phase-switching protocol, STAR
can use a cheaper replication strategy than that employed by replicated systems that
need to replicate entire records [113]. This optimization can significantly reduce band-
width requirements (e.g., by up to an order of magnitude in our experiments with
TPC-C).

Our system does require a single node to hold an entire copy of the database, as
in many other modern transactional systems [29, 36, 47, 54, 98, 102, 108]. Cloud
service providers, such as Amazon EC2 [2] and Google Cloud [3], now provide high
memory instances with 12 TB RAM. Such high memory instances are sufficient to
store 10 kilobytes of online state about each customer in a database with about one
billion customers, which exceeds the scale of all but the most demanding transactional
workloads. In addition, on workloads with skew, a single-node in-memory database
can be further extended through an anti-caching architecture [24], which provides
10x larger storage and competitive performance to in-memory databases. The single

node in STAR may become a major bottleneck in workloads that have high replication
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cost, however, the same bottleneck exists in existing non-partitioned systems as well,
making STAR perform at least as effective as non-partitioned systems in the worst

case.

3.2 STAR Architecture

STAR is a distributed and replicated in-memory database. It separates the execution
of single-partition transactions and cross-partition transactions using a novel phase-
switching protocol. The system dynamically switches between partitioned and single-
master phases. In STAR, each partition is mastered by a single node. During the
partitioned phase, queries that touch only a single partition are executed one at a
time to completion on their partition. Queries that touch multiple partitions (even if
those partitions are on a single machine) are executed in the single-master phase on
a single designated master node.

To support the phase-switching protocol, STAR employs asymmetric replication.
As shown in Figure 3-2, the system consists of two types of replicas, namely, (1) full
replicas, and (2) partial replicas. Each of the f nodes (left side of figure) has a full
replica, which consists of all database partitions. Each of the k nodes (right side of
figure) has a partial replica, which consists of a portion of the database. In addition,
STAR requires that these k partial replicas together contain at least one full copy
of the database. During the partitioned phase, each node (whether a full or partial
replica) acts as a master for some part of the database. During the single-master
phase, one of the f nodes acts as the master for the whole database. Note that writes
of committed transactions are replicated at least f + 1 times on a cluster of f 4+ k
nodes. We envision f being small (e.g., 1), while k£ can be much larger. Having more
than one full replica (i.e., f > 1) does not necessarily improve system performance,
but provides higher availability when failures occur (See Section 3.3.5).

There are several advantages of this phase switching approach. First, in the
single-master phase, cross-partition transactions are run on a single master node. As

in existing non-partitioned systems, two-phase commit is not needed as the master
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Figure 3-2: The architecture of STAR

node runs all cross-partition transactions and propagates writes to replicas. In con-
trast, transactions involving multiple nodes in existing distributed partitioning-based
systems are coordinated with two-phase commit, which can significantly limit the
throughput of distributed database systems [42]. Note that transactions running in
the partitioned phase also do not require two-phase commit because they all run on
a single partition, on a single node. Second, in the partitioned phase, single-partition
transactions are run on multiple nodes in parallel, providing more concurrency, as in
existing partitioning-based systems. This asymmetric replication approach is a good
fit for workloads with a mix of single-partition and cross-partition transactions on a
cluster of about 10 nodes. We demonstrate this both empirically and through the
use of an analytical model, as shown in Sections 3.6 and 3.5.3. Figure 3-3 shows the

speedup predicted by our model of STAR with n nodes over a single node.

STAR uses a variant of Silo’s OCC protocol [98]. Each record in the database
maintains a transaction ID (TID) from the transaction that last updated the record.
The TID is used to determine which other transactions a committing transaction may
have a conflict with. For example, once a transaction begins validation, it will abort if
any one of the accessed records is locked by other transactions or has a different TID.
The TID is assigned to a transaction after it is successfully validated. There are three
criteria for the TID obtained from each thread: (a) it must be larger than the TID of

any record in the read/write set; (b) it must be larger than the thread’s last chosen
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Figure 3-3: Performance speedup of asymmetric replication in STAR over single node
execution; P = Percentage of cross-partition transactions

TID; (c) it must be in the current global epoch. The first two criteria guarantee that
the TIDs of transactions having conflicting writes are assigned in a serial-equivalent
order. As in Silo, STAR uses a form of epoch-based group commit. The serial order
of transactions running within an epoch is not explicitly known by the system except
across epoch boundaries, since anti-dependencies (i.e., write-after-read conflicts) are
not tracked. Different from Silo, in which the global epoch is incremented every 40 ms,
a phase switch in STAR naturally forms an epoch boundary. Therefore, the system
only releases the result of a transaction when the next phase switch occurs. At this

time, the global epoch is also incremented.

At any point in time, each record is mastered on one node, with other nodes
serving as secondaries. Transactions are only executed over primary records; writes of
committed transactions are propagated to all replicas. One way to achieve consistency
is to replicate writes synchronously among replicas. In other words, the primary
node holds the write locks when replicating writes of a committed transaction to
backup nodes. However, this design increases the latency of replication and impairs
system performance. In STAR, writes of committed transactions are buffered and
asynchronously shipped to replicas, meaning the locks on the primary are not held
during the process. To ensure correctness, we employ the Thomas write rule [95]: we
tag each record with the last TID that wrote it and apply a write if the TID of the

write is larger than the current TID of the record. Because TIDs of conflicting writes
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are guaranteed to be assigned in the serial-equivalent order of the writing transactions,
this rule will guarantee correctness. In addition, STAR uses a replication fence when
phase-switching occurs. In this way, strong consistency among replicas is ensured

across the boundaries of the partitioned phase and the single-master phase.

Tables in STAR are implemented as collections of hash tables, which is typi-
cal in many in-memory databases [102, 105, 108]. Each table is built on top of a
primary hash table and contains zero or more secondary hash tables as secondary
indexes. To access a record, STAR probes the hash table with the primary key.
Fields with secondary indexes can be accessed by mapping a value to the relevant
primary key. Although STAR is built on top of hash tables, it is easily adaptable
to other data structures such as Masstree [62]. As in most high performance trans-
actional systems [91, 98, 108], clients send requests to STAR by calling pre-defined
stored procedures. Parameters of a stored procedure must also be passed to STAR
with the request. Arbitrary logic (e.g., read/write operations) is supported in stored

procedures, which are implemented in C++.

STAR is serializable by default but can also support read committed and snapshot
isolation. A transaction runs under read committed by skipping read validation on
commit, since STAR uses OCC and uncommitted data never occurs in the database.

STAR can provide snapshot isolation by retaining additional versions for records [98].

3.3 The Phase Switching Algorithm

We now describe the phase switching algorithm we use to separate the execution of
single-partition and cross-partition transactions. We first describe the two phases and
how the system transitions between them. We next give a brief proof to show that
STAR produces serializable results. In the end, we discuss how STAR achieves fault

tolerance and recovers when failures occur.
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Figure 3-4: Illustrating the two execution phases

3.3.1 Partitioned Phase Execution

Each node serves as primary for a subset of the records in the partitioned phase, as
shown on the top of Figure 3-4. During this phase, we restrict the system to run
transactions that only read from and write into a single partition. Cross-partition
transactions are deferred for later execution in the single-master phase.

In the partitioned phase, each partition is touched only by a single worker thread.
A transaction keeps a read set and a write set in its local copy, in case a transaction
is aborted by the application explicitly. For example, an invalid item ID may be
generated in TPC-C and a transaction with an invalid item ID is supposed to abort
during execution. At commit time, it’s not necessary to lock any record in the write
set and do read validation, since there are no concurrent accesses to a partition in
the partitioned phase. The system still generates a TID for each transaction and uses
the TID to tag the updated records. In addition, writes of committed transactions

are replicated to other backup nodes.

3.3.2 Single-Master Phase Execution

Any transaction can run in the single-master phase. Threads on the designated master
node can access any record in any partition, since it has become the primary for all
records. For example, node 1 is the master node on the bottom of Figure 3-4. We
use multiple threads to run transactions using a variant of Silo’s OCC protocol [98]

in the single-master phase.
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Figure 3-5: Phase transitions in STAR

A transaction reads data and the associated TIDs and keeps them in its read
set for later read validation. During transaction execution, a write set is computed
and kept in a local copy. At commit time, each record in the write set is locked in a
global order (e.g, the addresses of records) to prevent deadlocks. The transaction next
generates a TID based on its read set, write set and the current epoch number. The
transaction will abort during read validation if any record in the read set is modified
(by comparing TIDs in the read set) or locked. Finally, records are updated, tagged
with the new TID, and unlocked. After the transaction commits, the system replicates
its write set to other backup nodes.

Note that fault tolerance must satisfy a transitive property [98]. The result of
a transaction can only be released to clients after its writes and the writes of all
transactions serialized before it are replicated. In STAR, the system treats each
epoch as a commit unit through a replication fence. By doing this, it is guaranteed
that the serial order of transactions is always consistent with the epoch boundaries.
Therefore, the system does not release the results of transactions to clients until the

next phase switch (and epoch boundary) occurs.

3.3.3 Phase Transitions

We now describe how STAR transitions between the two phases, which alternate after
the system starts. The system starts in the partitioned phase, deferring cross-partition

transactions for later execution.
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For ease of presentation, we assume that all cross-partition transaction requests
go to the designated master node (selected from among the f nodes with a full copy
of the database). Similarly, each single-partition transaction request only goes to the
participant node that has the mastership of the partition. In the single-master phase,
the master node becomes the primary for all records. In the partitioned phase, the
master node acts like other participant nodes to run single-partition transactions.
This could be implemented via router nodes that are aware of the partitioning of the
database. If some transaction accesses multiple partitions on a non-master node, the

system would re-route the request to the master node for later execution.

In the partitioned phase, a thread on each partition fetches requests from clients
and runs these transactions as discussed in Section 3.3.1. When the execution time
in the partitioned phase exceeds a given threshold 7,, STAR switches all nodes into
the single-master phase, as shown in Figure 3-5. The phase switching algorithm
is coordinated by a stand-alone coordinator outside of STAR instances. It can be

deployed on any node of STAR or on a different node for better availability.

Before the phase switching occurs, the coordinator in STAR stops all worker
threads. During a replication fence, all participant nodes synchronize statistics about
the number of committed transactions with one another. From these statistics each
node learns how many outstanding writes it is waiting to see; nodes then wait until
they have received and applied all writes from the replication stream to their local

database. Finally, the coordinator switches the system to the other phase.

In the single-master phase, worker threads on the master node pull requests from
clients and run transactions as discussed in Section 3.3.2. Meanwhile, the master
node sends writes of committed transactions to replicas and all the other participant
nodes stand by for replication. To further improve the utilization of servers, read-
only transactions can run under read committed isolation level on non-master nodes
at the client’s discretion. Once the execution time in the single-master phase exceeds
a given threshold 7y, the system switches back to the partitioned phase using another

replication fence.

The parameters 7, and 7, are set dynamically according to the system’s throughput
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t, in the partitioned phase, the system’s throughput ¢, in the single-master phase,
the percentage P of cross-partition transactions in the workload, and the iteration

time e.

T,+7T, = e (3.1)
Tsts

= P 3.2

Tptp + Tsts (32)

Note that t,, t; and P are monitored and collected by the system in real time, and
e is supplied by the user. Thus, these equations can be used to solve for 7, and 7,
as these are the only two unknowns. When there are no cross-partition transactions
(i.e., P =0 and t; is not well-defined), the system sets 7, to e and 7, to 0.

Intuitively, the system spends less time on synchronization with a longer iteration
time e. In our experiments, we set the default iteration time to 10 ms; this pro-
vides good throughput while keeping latency at a typical level for high throughput
transaction processing systems (e.g., Silo [98] uses 40 ms as a default).

Note that this deferral-based approach is symmetric so that single-partition trans-
actions have the same expected mean latency as cross-partition transactions regardless
of the iteration time (i.e., 7, + 7,), assuming all transactions arrive at a uniform rate.
For a transaction, the latency depends on when the phase in which it is going to run

ends. The mean latency is expected to be (7, + 75)/2.

3.3.4 Serializability

We now give a brief argument that transactions executed in STAR are serializable.
A transaction only executes in a single phase, i.e., it runs in either the partitioned
phase or the single-master phase. A replication fence between the partitioned phase
and the single-master phase ensures that all writes from the replication stream have
been applied to the database before switching to the next phase.

In the partitioned phase, there is only one thread running transactions serially on
each partition. Each executed transaction only touches one partition, which makes

transactions clearly serializable. In the single-master phase, STAR implements a vari-
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ant of Silo’s OCC protocol [98] to ensure that concurrent transactions are serializable.
With the Thomas write rule, the secondary records are correctly synchronized, even
though the log entries from the replication stream may be applied in an arbitrary

order.

3.3.5 Fault Tolerance

In-memory replication provides high availability to STAR, since transactions can run
on other active nodes even though some nodes failed. To prevent data loss and achieve
durability, the system must log writes of committed transactions to disk. Otherwise,
data will be lost when all replicas fail (e.g., due to power outage).

In this section, we first describe how STAR achieves durability via disk logging
and checkpointing and then introduce how failures are detected. Finally, we discuss

how STAR recovers from failures under different scenarios.

Disk logging

In STAR, each worker thread has a local recovery log. The writes of committed trans-
actions along with some metadata are buffered in memory and periodically flushed to
the log. Specifically, a log entry contains a single write to a record in the database,
which has the following information: (1) key, (2) value, and (3) TID. The TID is from
the transaction that last updated the record, and has an embedded epoch number as
well. The worker thread periodically flushes buffered logs to disk; STAR also flushes
all buffers to disk in the replication fence.

To bound the recovery time, a dedicated checkpointing thread can be used to
periodically checkpoint the database to disk as well. The checkpointing thread scans
the database and logs each record along with the TID to disk. A checkpoint also
records the epoch number e, when it starts. Once a checkpoint finishes, all logs
earlier than epoch e. can be safely deleted. Note that a checkpoint does not need to
be a consistent snapshot of the database, as in SiloR [113], allowing the system to not

freeze during checkpointing. On recovery, STAR uses the logs since the checkpoint
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Figure 3-6: Failure detection in replication fence

(i.e., e.) to correct the inconsistent snapshot with the Thomas write rule.

Failure detection

Before introducing how STAR detects failures, we first give some definitions and
assumptions on failures. In this thesis, we assume fail-stop failures. A healthy node is
a node that can connect to the coordinator, accept a client’s requests, run transactions
and replicate writes to other nodes. A failed node is one on which the process of a
STAR instance has crashed [25] or which cannot communicate over the network.
The coordinator detects failures during the replication fence. If all nodes success-
fully finish the replication fence, the coordinator writes a log record to disk, which
indicates the commit point of the current epoch. When an epoch commits, the system
makes the writes of committed transactions visible to clients and guarantees that all
writes of committed transactions have been logged to disk and the data across replicas
is consistent. Note that the system always recovers to the last committed epoch if a
failure occurs. If some node does not respond to the coordinator, it is considered to
be a failed node. The list of failed nodes is broadcast to all healthy participant nodes
in STAR. In this way, healthy nodes can safely ignore all replication messages from
failed nodes that have lost network connectivity to the coordinator. Thus, the coor-
dinator acts as a view service to solve the “split brain” problem, coordinating data
movement across nodes on failures. To prevent the coordinator from being a single

point of failure, it can be implemented as a replicated state machine with Paxos [50]
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Figure 3-7: Illustrating different failure scenarios

or Raft [73].

Once a failure is detected by the coordinator, the system enters recovery mode and
reverts the database to the last committed epoch, as shown in Figure 3-6. To achieve
this, the database maintains two versions of each record. One is the most recent
version prior to the current phase and the other one is the latest version written in
the current phase. The system ignores all data versions written in the current phase,
since they have not been committed by the database.

We next describe how STAR recovers from failures once the database has been

reverted to a consistent snapshot.

Recovery

We use examples from Figure 3-7 to discuss how STAR recovers from failures. In
these examples, there are 2 nodes with full replicas and 6 nodes with partial replicas
(ie., f =2 and k = 6). A cluster of 8 nodes could fail in 2° — 1 = 255 different
ways, which fall into the following four different scenarios. Here, a “full replica” is a
replica on a single node, and a “complete partial replica” is a set of partial replicas
that collectively store a copy of the entire database.

(1) At least one full replica and one complete partial replica remain.
(2
(
(

) No full replicas remain but at least one complete partial replica remains.
3) No complete partial replicas remain but at least one full replica remains.
)

4) No full replicas or complete partial replicas remain.
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We now describe how STAR recovers under each scenario.

Case 1: As shown in Figure 3-7, failures occur on nodes 2, 6, 7 and 8. The system
can still run transactions with the phase-switching algorithm. When a failed node
recovers, it copies data from remote nodes and applies them to its database. In
parallel, it processes updates from the relevant currently healthy nodes using the
Thomas write rule. Once all failed nodes finish recovery, the system goes back to the

normal execution mode.

Case 2: If no full replicas are available, the system falls back to a mode in which a
distributed concurrency control algorithm is employed, as in distributed partitioning-
based systems (e.g., Dist. OCC). The recovery process on failed nodes is the same as

in Case 1.

Case 3: If no complete partial replicas are available, the system can still run trans-
actions with the phase-switching algorithm. However, the mastership of records on
lost partitions have to be reassigned to the nodes with full replicas. If all nodes with
partial replicas fail, the system runs transactions only on full replicas without the
phase-switching algorithm. The recovery process on failed nodes is the same as in

Case 1.

Case 4: The system stops processing transactions (i.e., loss of availability) when no
complete replicas remain. Each crashed node loads the most recent checkpoint from
disk and restores its database state to the end of the last epoch by replaying the logs
since the checkpoint with the Thomas write rule. The system goes back to the normal

execution mode once all nodes finish recovery.

Note that STAR also supports recovery from nested failures. For example, an
additional failure on node 3 could occur during the recovery of Case 1. The sys-
tem simply reverts to the last committed epoch and begins recovery as described in

Case 3.
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3.4 Replication: Value vs. Operation

In this section, we describe the details of our replication schemes, and how repli-
cation is done depending on the execution phase. As discussed earlier, STAR runs
single-partition and cross-partition transactions in different phases. The system uses
different replication schemes in these two phases: in the single-master phase, because
a partition can be updated by multiple threads, records need to be fully-replicated to
all replicas to ensure correct replication. However, in the partitioned phase, where a
partition is only updated by a single thread, the system can use a better replication
strategy based on replicating operations to improve performance. STAR provides

APIs for users to manually program the operations, e.g., string concatenation.

To illustrate this, consider two transactions being run by two threads: T1: R1.A
= R1.B+ 1; R2.C = 0 and T2: R1.B =R1.A + 1; R2.C = 1. Suppose R1 and
R2 are two records from different partitions and we are running in the single-master
phase. In this case, because the writes are done by different threads, the order in which
the writes arrive on replicas may be different from the order in which transactions
commit on the primary. To ensure correctness, we employ the Thomas write rule:
apply a write if the TID of the write is larger than the current TID of the record.
However, for this rule to work, each write must include the values of all fields in the
record, not just the updated fields. To see this, consider the example in the left side of
Figure 3-8 (only R1 is shown); For record R1, if T1 only replicates A, T2 only replicates
B, and T2’s updates are applied before T1’s, transaction T1’s update to field A is lost,
since T1 is less than T2. Thus, when a partition can be updated by multiple threads,
all fields of a record have to be replicated as shown in the middle of Figure 3-8. Note
that fields that are always read-only do not need to be replicated.

Now, suppose R1 and R2 are from the same partition, and we run the same trans-
actions in the partitioned phase, where transactions are run by only a single thread
on each partition. If T2 commits after T1, T1 is guaranteed to be ahead of T2 in the
replication stream since they are executed by the same thread. For this reason, only

the updated fields need to be replicated, i.e., T1 can just send the new value for A,

46



Incorrect Value Replication Correct Value Replication Correct Operation Replication

"TID A=0B=0 "TID A=0B=0 "TID A=0B=0

Transact:onli ‘ T2 ‘A 0 B 2 Transachonli ‘ T2 ‘A—'] B 2 Transacnon: ‘ T1 ‘A_»] B = 0

Transact:onm ‘ T2 ‘A 0B=2 Transactlon[”‘ T2 ‘A_.] B=2 Transactlon: ‘ T2 ‘A_»] B=2

Figure 3-8: Illustrating different replication schemes; Red rectangle shows an updated
field

and T2 can just send the new value for B as shown in the right side of Figure 3-8.
Furthermore, in this case, the system can also choose to replicate the operation made
to a field instead of the value of a field in a record. This can significantly reduce
the amount of data that must be sent. For example, in the Payment transaction in
TPC-C, a string is concatenated to a field with a 500-character string in Customer ta-
ble. With operation replication, the system only needs to replicate a short string and
can re-compute the concatenated string on each replica, which is much less expensive
than sending a 500-character string over network. This optimization can result in an

order-of-magnitude reductions in replication cost.

In STAR, a hybrid replication strategy is used, i.e., the master node uses value
replication strategy in the single-master phase and all nodes use the operation repli-
cation strategy in the partitioned phase. The hybrid strategy achieves the best of of
both worlds: (1) value replication enables out-of-order replication, not requiring a se-
rial order which becomes a bottleneck in the single master phase (See Section 3.6.5),
and (2) in the partitioned phase, operation replication reduces the communication
cost compared to value replication, which always replicates the values of all fields in

a record.

As discussed earlier, STAR logs the writes of committed transactions to disk for
durability. The writes can come from either local transactions or remote transactions
through replication messages. By default, STAR logs the whole record to disk for
fast and parallel recovery. However, a replication message in operation replication

only has operations rather than the value of a whole record. Consider the example
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in the right side of Figure 3-8. The replication messages only have T1: A = 1 and
T2: B = 2. To solve this problem, when a worker thread processes a replication
message that contains an operation, it first applies the operation to the database and
then copies the value of the whole record to its logging buffer. In other words, the
replication messages are transformed into T1: A = 1; B = Oand T2: A = 1; B = 2
before logging to disk. By doing this, the logs can still be replayed in any order with

the Thomas write rule during recovery.

3.5 Discussion

We now discuss the tradeoffs that non-partitioned systems and partitioning-based
systems achieve and use an analytical model to show how STAR achieves the best of

both worlds.

3.5.1 Non-partitioned Systems

A typical approach to build a fault tolerant non-partitioned system is to adopt the
primary /backup model. A primary node runs transactions and replicates writes of
committed transactions to one or more backup nodes. If the primary node fails, one
of the backup nodes can take over immediately without loss of availability.

As we show in Table 3.1, the writes of committed transactions can be replicated
from the primary node to backup nodes either synchronously or asynchronously. With
synchronous replication, a transaction releases its write locks and commits as soon
as the writes are replicated (low commit latency), however, round trip communi-
cation is needed even for single-partition transactions (high write latency). With
asynchronous replication, it’s not necessary to hold write locks on the primary node
during replication, and the writes may be applied in any order on backup nodes with
value replication and the Thomas write rule. To address the potential inconsistency
issue when a fault occurs, an epoch-based group commit (high commit latency) must
be used as well. The epoch-based group commit serves as a barrier that guarantees

all writes are replicated when transactions commit. Asynchronous replication reduces
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Table 3.1: Overview of each approach; SYNC: synchronous replication; ASYNC:
asynchronous replication + epoch-based group commit

Non-partitioned Partitioning-based

SYNC ASYNC SYNC ASYNC

Write latency Low High Low High Medium
Commit latency High Low High Low High
Scale out Medium Low Low High High
Performance sensitivity to . .
cross-partition transactions Low Low Low High High
Replication strategy Hybrid Operation Value Operation Value

the amount of time that a transaction holds write locks during replication (low write
latency) but incurs high commit latency for all transactions.

The performance of non-partitioned systems has low sensitivity to cross-partition
transactions in a workload, but they cannot easily scale out. The CPU resources on
backup nodes are often under-utilized, using more hardware to provide a lower overall

throughput.

3.5.2 Partitioning-based Systems

In partitioning-based systems, the database is partitioned in a way such that each
node owns one or more partitions. Each transaction has access to one or more par-
titions and commits with distributed concurrency control protocols (e.g., strict two-
phase locking) and 2PC. This approach is a good fit for workloads that have a natural
partitioning as the database can be treated as many disjoint sub-databases. However,
cross-partition transactions are frequent in real-world scenarios. For example, in the
standard mix of TPC-C, 10% of NewOrder and 15% of Payment are cross-partition
transactions.

The same primary/backup model as in non-partitioned systems can be utilized
to make partitioning-based systems fault tolerant. With synchronous replication, the
write latency of partitioning-based systems is the same as non-partitioned systems.

With asynchronous replication, the write latency depends on the number of partitions
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Figure 3-9: Illustrating effectiveness of STAR, vs. partitioning based systems for
varying levels of I, and against non-partitioned systems

each transaction updates and on variance of communication delays.

If all transactions are single-partition transactions, partitioning-based systems are
able to achieve linear scalability. However, even with a small fraction of cross-partition
transactions, partitioning-based systems suffer from high round trip communication

cost such as remote reads and distributed commit protocols.

3.5.3 Achieving the Best of Both Worlds

We now use an analytical model to show how STAR achieves the best of both
worlds. Suppose we have a workload with n, single-partition transactions and n,
cross-partition transactions. We first analyze the time to run a workload with a
partitioning-based approach on a cluster of n nodes. If the average time of running a
single-partition transaction and a cross-partition transaction in a partitioning-based

system is ¢ and t. seconds respectively, we have

TPartitioning—based (n> = (nsts + nctc)/n (33)

In contrast, the average time of running a cross-partition transaction is almost the

same as running a single-partition transaction in a non-partitioned approach (e.g., in
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a primary-backup database), and therefore,

TNon—partitioned(n) = (ns + nc)ts (34)

In STAR, single-partition transactions are run on all participant nodes, and cross-
partition transactions are run with a single master node. If the replication and phase

transitions are not bottlenecks, we have

Tstar(n) = (ns/n + ne)ts (3.5)

We let K = t./ts and P = n./(n.+ns). Thus, K indicates how much more expensive a
cross-partition transaction is than a single-partition transaction, and P indicates the
percentage of cross-partition transactions in a workload. We now give the performance

improvement that STAR achieves over the other two approaches,

TPartitioning—based (n) . KP—-"P +1

IPartitioning-based (n)

Tsrar(n) - nP-P+1
TNon— artitioned (TL) n
I on-partitione - 3 -
Non-partitioned (72) Tstar(n) nP—-P+1

Similarly, we have the scalability of asymmetric replication by showing the speedup

that STAR achieves with n nodes over a single node,

~ Tsrar(1) n

I pu— pu—
(TL) TSTAR(”) n77 — 7) + 1

For different values of I, we plot Ipastitioning-based (4) and INon-partitioned (4) in Figure 3-9,
when varying the percentage of cross-partition transactions on a cluster of four nodes.
STAR outperforms non-partitioned systems as long as there are single-partition trans-
actions in a workload. This is because all single-partition transactions are run on all
participant nodes, which makes the system utilize more CPU resources from multi-
ple nodes. To outperform partitioning-based systems, the average time of running a
cross-partition transaction must exceed n times of the average time to run a single-

partition transaction (i.e., I > n).
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3.6 Evaluation

In this section, we evaluate the performance of STAR focusing on the following key
questions:
e How does STAR perform compared to non-partitioned systems and partitioning-
based systems?
e How does STAR perform compared to deterministic databases?
e How does the phase switching algorithm affect the throughput of STAR and
what’s the overhead?
e How effective is STAR’s replication strategy?
e How does STAR scale?

3.6.1 Experimental Setup

We ran our experiments on a cluster of four m5.4xlarge nodes running on Amazon
EC2 [2]. Each node has 16 2.50 GHz virtual CPUs and 64 GB of DRAM running
64-bit Ubuntu 18.04. iperf shows that the network between each node delivers about
4.8 Gbits/s throughput. We implemented STAR and other distributed concurrency
control algorithms in C++4-. The system is compiled using GCC 7.3.0 with -02 option
enabled.

In our experiments, we run 12 worker threads on each node, yielding a total of 48
worker threads. Each node also has 2 threads for network communication. We made
the number of partitions equal to the total number of worker threads. All results are

the average of three runs. We ran transactions at the serializability isolation level.

Workloads

To study the performance of STAR, we ran a number of experiments using two popular
benchmarks:

YCSB: The Yahoo! Cloud Serving Benchmark (YCSB) is a simple transactional
workload designed to facilitate performance comparisons of database and key-value

systems [18]. It has a single table with 10 columns. The primary key of each record is a
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64-bit integer and each column consists of 10 random bytes. A transaction accesses 10
records and each access follows a uniform distribution. We set the number of records
to 200K per partition, and we run a workload mix of 90/10, i.e., each transaction has
9 read operations and 1 read/write operation. By default, we run this workload with
10% cross-partition transactions that access to multiple partitions.

TPC-C: The TPC-C benchmark [1] is the gold standard for evaluating OLTP
databases. It models a warehouse order processing system, which simulates the ac-
tivities found in complex OLTP applications. It has nine tables and we partition all
the tables by Warehouse ID. We support two transactions in TPC-C, namely, (1)
NewOrder and (2) Payment. 88% of the standard TPC-C mix consists of these two
transactions. The other three transactions require range scans, which are currently
not supported in our system. By default, we ran this workload with the standard mix,
in which a NewOrder transaction is followed by a Payment transaction. By default,
10% of NewOrder and 15% of Payment transactions are cross-partition transactions
that access multiple warehouses.

In YCSB, each partition adds about 25 MB to the database. In TPC-C, each
partition contains one warehouse and adds about 100 MB to the database.

To measure the maximum throughput that each approach can achieve, every
worker thread generates and runs a transaction to completion one after another in

our experiments.

Concurrency control algorithms

To avoid an apples-to-oranges comparison, we implemented each of the following
concurrency control algorithms in C++ in our framework.

STAR: This is our algorithm as discussed in Section 3.2. We set the iteration
time of a phase switch to 10 ms. To have a fair comparison to other algorithms, disk
logging, checkpointing, and the hybrid replication optimization are disabled unless
otherwise stated.

PB. OCC: This is a variant of Silo’s OCC protocol [98] adapted for a pri-

mary/backup setting. The primary node runs all transactions and replicates the
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writes to the backup node. Only two nodes are used in this setting.

Dist. OCC: This is a distributed optimistic concurrency control protocol. A
transaction reads from the database and maintains a local write set in the execution
phase. The transaction first acquires all write locks and next validates all reads.

Finally, it applies the writes to the database and releases the write locks.

Dist. S2PL: This is a distributed strict two-phase locking protocol. A transaction
acquires read and write locks during execution. The transaction next executes to
compute the value of each write. Finally, it applies the writes to the database and

releases all acquired locks.

In our experiments, PB. OCC is a non-partitioned system, and Dist. OCC and
Dist. S2PL are considered as partitioning-based systems. We use NO_WAIT policy to
avoid deadlocks in partitioning-based systems, i.e., a transaction aborts if it fails to
acquire some lock. This deadlock prevention strategy was shown to be the most
scalable protocol [42]. We do not report the results on PB. S2PL, since it always
performs worse than PB. OCC [108]. Also note that we added an implementation of
Calvin, described in Section 3.6.3.

Partitioning and replication configuration

In our experiment, we set the number of replicas of each partition to 2. Each partition
is assigned to a node by a hash function. The primary partition and secondary
partition are always hashed to two different nodes. In STAR, we have 1 node with
full replica and 3 nodes with partial replica, i.e., f = 1 and k = 3. Each node masters

a different portion of the database, as shown in Figure 3-2.

We consider two variations of PB. OCC, Dist. OCC, and Dist. S2PL: (1) asyn-
chronous replication and epoch-based group commit, and (2) synchronous replication.
Note that Dist. OCC and Dist. S2PL must use two-phase commit when synchronous
replication is used. In addition, synchronous replication requires that all transactions

hold write locks during the round trip communication for replication.
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Figure 3-10: Performance and latency comparison of each approach on YCSB and
TPC-C

3.6.2 Performance Comparison

We now compare STAR with a non-partitioned system and two partitioning-based

systems using both YCSB and TPC-C workloads.

Results of asynchronous replication and epoch-based group commit

We ran both YCSB and TPC-C with a varying percentage of cross-partition trans-
actions and report the results in Figure 3-10(a) and 3-10(b). When there are no
cross-partition transactions, STAR has similar throughput compared with Dist. OCC
and Dist. S2PL on both workloads. This is because the workload is embarrassingly
parallel. Transactions do not need to hold locks for a round trip communication
with asynchronous replication and epoch-based group commit. As we increase the

percentage of cross-partition transactions, the throughput of PB. OCC stays almost
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the same, and the throughput of other approaches drops. When 10% cross-partition
transactions are present, STAR starts to outperform Dist. OCC and Dist. S2PL.
For example, STAR has 2.9x higher throughput than Dist. S2PL on YCSB and 7.6x
higher throughput than Dist. OCC on TPC-C. As more cross-partition transactions
are present, the throughput of Dist. OCC and Dist. S2PL is significantly lower than
STAR (also lower than PB. OCC), and the throughput of STAR approaches the
throughput of PB. OCC. This is because STAR behaves similarly to a non-partitioned
system when all transactions are cross-partition transactions.

Overall, STAR running on 4 nodes achieves up to 3x higher throughput than a
primary/backup system running on 2 nodes (e.g., PB. OCC) and up to 10x higher
throughput than systems employing distributed concurrency control algorithms (e.g.,
Dist. OCC and Dist. S2PL) on 4 nodes. As a result, we believe that STAR is a good
fit for workloads with both single-partition and cross-partition transactions. It can
outperform both non-partitioned and partitioning-based systems, as we envisioned in

Figure 3-1.

Results of synchronous replication

We next study the performance of PB. OCC, Dist. OCC and Dist. S2PL with syn-
chronous replication. We ran the same workload as in Section 3.6.2 with a varying
percentage of cross-partition transactions and report the results in Figure 3-10(c)
and 3-10(d). For clarity, the y-axis uses different scales (See Figure 3-10(a) and 3-
10(b) for the results of STAR). When there are no cross-partition transactions, the
workload is embarrassingly parallel. However, PB. OCC, Dist. OCC, and Dist. S2PL
all have much lower throughput than STAR in this scenario. This is because even
single-partition transactions need to hold locks during the round trip communica-
tion due to synchronous replication. As we increase the percentage of cross-partition
transactions, we observe that the throughput of PB. OCC stays almost the same,
since the throughput of a non-partitioned system is not sensitive to the percentage
of cross-partition transactions in a workload. Dist. OCC and Dist. S2PL have lower

throughput, since more transactions need to read from remote nodes during the ex-

56



Table 3.2: Latency (ms) of each approach - 50th percentile/99th percentile

Asynchronous replication +

Synchronous replication

Epoch-based group commit

% of cross-partition YCSB TPC-C Each approach has a similar latency due to
transactions 10% 50% 90% 10% 50% 90% epoch-based group commit
STAR - 6.2/9.4
PB.OCC 0.1/0.2 0.1/0.2 0.1/0.2 0.1/1.1 0.1/1.1 0.1/1.1 5.5/11.3
Dist: OCC | W7(g 0.3/0.9 0.7/0.9 0.2/0.6 0.3/0.7 0.6/0.8 6.4/11.4
Dist: S2PL " I W/Z X 0.4/6.0 0.6/6.7 0.2/4.9 0.5/6.8 0.8/8.9 6.2/11.2

ecution phase. They also need multiple rounds of communication to validate and
commit transactions (2PC).

Overall, the throughput of PB. OCC, Dist. OCC, and Dist. S2PL is much lower
than those with asynchronous replication and epoch-based group commit due to
the overhead of network round trips for every transaction. STAR has much higher
throughput than these approaches with synchronous replication — at least 7x higher

throughput on YCSB, 15x higher throughput on TPC-C.

Latency of each approach

We now study the latency of each approach and report the latency at the 50th per-
centile and the 99th percentile in Table 3.2, when the percentage of cross-partition
transactions is 10%, 50%, and 90%. We first discuss the latency of each approach with
synchronous replication. We observe that PB. OCC’s latency at the 50th percentile
and the 99th percentile is not sensitive to the percentage of cross-partition transac-
tions. Dist. OCC and Dist. S2PL have higher latency at both the 50th percentile
and the 99th percentile, as we increase the percentage of cross-partition transactions.
This is because there are more remote reads and the commit protocols they use need
multiple round trip communication. In particular, the latency of Dist. S2PL at the
99th percentile is close to 10 ms on TPC-C. In STAR, the iteration time determines
the latency of transactions. Similarly, the latency of transactions in Dist. OCC and
Dist. S2PL with asynchronous replication and epoch-based group commit depends on
epoch size. For this reason, STAR has similar latency at the 50th percentile and the

99th percentile to other approaches with asynchronous replication. In Table 3.2, we
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Figure 3-11: Comparison with deterministic databases

only report the results on YCSB with 10% cross-partition transactions for systems
with asynchronous replication. Results on other workloads are not reported, since
they are all similar to one another.

An epoch-based group commit naturally increases latency. Systems with syn-
chronous replication have lower latency, but Figure 3-10(c) and 3-10(d) show that
they have much lower throughput as well, even if no cross-partition transactions are
present. In addition, the latency at the 99th percentile in systems with synchronous
replication is much longer under some scenarios (e.g., Dist. S2PL on TPC-C). As prior
work (e.g., Silo [98]) has argued, a few milliseconds more latency is not a problem for

most transaction processing workloads, especially given throughput gains.

3.6.3 Comparison with Deterministic Databases

We next compare STAR with Calvin [97], which is a deterministic concurrency control
and replication algorithm. In Calvin, a central sequencer determines the order for a
batch of transactions before they start execution. The transactions are then sent to
all replica groups of the database to execute deterministically. In Calvin, a replica
group is a set of nodes containing a replica of the database. All replica groups will
produce the same results for the same batch of transactions due to determinism. As a
result, Calvin does not perform replication at the end of each transaction. Instead, it

replicates inputs at the beginning of the batch of transactions and deterministically
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Figure 3-12: Overhead of phase transitions

executes the batch across replica groups.

We implemented the Calvin algorithm in C++ in our framework as well to have a
fair comparison. The original design of Calvin uses a single-threaded lock manager to
grant locks to multiple execution threads following the deterministic order. To better
utilize more CPU resources, we implemented a multi-threaded lock manager, in which
each thread is responsible for granting locks in a different portion of the database.
The remaining CPU cores are used as worker threads to execute transactions.

Increasing the number of threads for the lock manager does not always improve
performance. The reasons are twofold: (1) fewer threads are left for transaction ex-
ecution (2) more communication is needed among worker threads for cross-partition
transactions. In this experiment, we consider three configurations with different num-
ber of threads used in the lock manager in Calvin, namely (1) Calvin-2, (2) Calvin-4
and (3) Calvin-6. We use Calvin-x to denote the number of threads used for the lock
manager, i.e, there are 12 — x threads executing transactions. In all configurations,
we study the performance of Calvin in one replica group on 4 nodes. The results of
Calvin-1 and Calvin-3 are not reported, since they never deliver the best performance.

We report the results on YCSB and TPC-C with a varying percentage of cross-
partition transactions in Figure 3-11(a) and 3-11(b). When there are no cross-
partition transactions, Calvin-6 achieves the best performance, since more parallelism
is exploited (i.e., 6 worker threads on each node, yielding a total of 24 worker threads).

Calvin-2 and Calvin-4 have lower throughput as the worker threads are not saturated
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when fewer threads are used for the lock manager. In contrast, STAR uses 12 worker
threads on each node, yielding a total of 48 worker threads and has 1.4-1.9x higher
throughput than Calvin-6. When all transactions are cross-partition transactions,
Calvin-2 has the best performance. This is because Calvin-4 and Calvin-6 needs
more synchronization and communication. Overall, STAR has 4-11x higher through-

put than Calvin with various configurations.

3.6.4 The Overhead of Phase Transitions

We now study how the iteration time of a phase switch affects the overall throughput
of STAR and the overhead due to this phase switching algorithm with a YCSB work-
load. Similar results were obtained on other workloads but are not reported due to
space limitations. We varied the iteration time of the phase switching algorithm from
1 ms to 100 ms and report the system’s throughput and overhead in Figure 3-12(a).
The overhead is measured as the system’s performance degradation compared to the
one running with a 200 ms iteration time. Increasing the iteration time decreases the
overhead of the phase switching algorithm as expected, since less time is spent during
the synchronization. For example, when the iteration time is 1 ms, the overhead is as
high as 43% and system only achieves around half of its maximum throughput (i.e.,
the throughput achieved with 200 ms iteration time). As we increase the iteration
time, the system’s throughput goes up. The throughput levels off when the iteration
time is larger than 10 ms. On a cluster of 4 nodes, the overhead is about 2% with a
10 ms iteration time.

We also study the overhead of phase transitions with a varying number of nodes.
We ran the same YCSB workload and report the results of 10 ms and 20 ms iteration
time in Figure 3-12(b). Note that we also scale the number of partitions in the
database correspondingly. For example, on a cluster of 16 nodes, there are 16 x 12 =
192 partitions in the database. In general, the overhead of phase transitions is larger
with more nodes on a cluster due to variance of communication delays. In addition,
a shorter iteration time makes the overhead smaller (20 ms vs. 10 ms).

Overall, the overhead of phase transitions is less than 5% with a 10 ms iteration
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Figure 3-13: Replication and fault tolerance experiment

time on a cluster of less than 10 nodes. In all experiments in this chapter, we set the
iteration time to 10 ms. With this setting, the system can achieve more than 95% of

its maximum throughput and have good balance between throughput and latency.

3.6.5 Replication and Fault Tolerance

We now study the effectiveness of STAR’s asynchronous replication in the single-
master phase and the effectiveness of hybrid replication. We only report the results
from TPC-C in this experiment, since a transaction in YCSB always updates the
whole record. In Figure 3-13(a), SYNC STAR shows the performance of STAR that
uses synchronous replication in the single-master phase. STAR indicates the one with
asynchronous replication. STAR w/ Hybrid Rep. further enables operation replica-
tion in the partitioned phase on top of STAR. When there are more cross-partition
transactions, SYNC STAR has much lower throughput than STAR. This is because more
network round trips are needed during replication in the single-master phase. The im-
provement of STAR w/ Hybrid Rep. is also less significant, since fewer transactions
are run in the partitioned phase.

We next show the performance degradation of STAR when disk logging is enabled.
We ran both YCSB and TPC-C workloads and report the results in Figure 3-13(b). In
summary, the overhead of disk logging and checkpointing is 6% in YCSB and 14% in

TPC-C. Note that non-partitioned and partitioning-based systems would experience
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Figure 3-14: Scalability experiment

similar overheads from disk logging.

3.6.6 Scalability Experiment

In this experiment, we study the scalability of STAR on both YCSB and TPC-C.
We ran the experiment with a varying number of m5.4xlarge nodes and report the
results in Figure 3-14. Note that the database is scaled correspondingly as we did
in Section 3.6.4. On YCSB, STAR with 8 nodes achieves 1.8x higher throughput
than STAR with 2 nodes. The performance of STAR stays stable beyond 8 nodes.
On TPC-C, STAR with 4 nodes achieves 1.4x higher throughput than STAR with
2 nodes. The system stops scaling with more than 4 nodes. This is because the
system saturates the network with 4 nodes (roughly 4.8 Gbits/sec). In contrast,
Dist. OCC, Dist. S2PL and Calvin start with lower performance but all have almost

linear scalability.

We believe it is possible for distributed partitioning-based systems to have com-
petitive performance to STAR, although such systems will likely require more nodes
to achieve comparable performance. Assuming linear scalability and the network not
becoming a bottleneck (the ideal case for baselines), distributed partitioning-based

systems maybe outperform STAR on YCSB and TPC-C with roughly 30-40 nodes.
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3.7 Related Work

STAR builds on a number of pieces of related work for its design, including in-memory

transaction processing, replication and durability.

3.7.1 In-memory Transaction Processing

Modern fast in-memory databases have long been an active area of research [21, 30, 52,
72, 91, 98, 108]. In H-Store [91], transactions local to a single partition are executed
by a single thread associated with the partition. This extreme form of partitioning
makes single-partition transactions very fast but creates significant contention for
cross-partition transactions, where whole-partition locks are held. Silo [98] divides
time into a series of short epochs and each thread generates its own timestamp by
embedding the global epoch to avoid shared-memory writes, avoiding contention for a
global critical section. Because of its high throughput and simple design, we adopted
the Silo architecture for STAR, reimplementing it and adding our phase-switching
protocol and replication. Doppel [70] executes highly contentious transactions in a
separate phase from other regular transactions such that special optimizations (i.e.,
commutativity) can be applied to improve scalability.

F1 [89] is an OCC protocol built on top of Google’s Spanner [19]. MaaT [59] re-
duces transaction conflicts with dynamic timestamp ranges. ROCOCO [67] tracks
conflicting constituent pieces of transactions and re-orders them in a serializable
order before execution. To reduce the conflicts of distributed transactions, STAR
runs all cross-partition transactions on a single machine in the single-master phase.
Clay [86] improves data locality to reduce the number of distributed transactions in
a distributed OLTP system by smartly partitioning and migrating data across the
servers. Some previous work [55, 23, 15] proposed to move the master node of a tu-
ple dynamically, in order to convert distributed transactions into local transactions.
Unlike STAR, however, moving the mastership still requires network communication.
FaRM [31], FaSST [44] and DrTM [105] improve the performance of a distributed
OLTP database by exploiting RDMA. STAR can use RDMA to further decrease the
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overhead of replication and the phase switching algorithm as well.

3.7.2 Replicated Systems

Replication is the way in which database systems achieve high availability. Syn-
chronous replication was popularized by systems like Postgres-R [46] and Galera
Cluster [38], which showed how to make synchronous replication practical using group
communication and deferred propagation of writes. Tashkent [33] is a fully replicated
database in which transactions run locally on a replica. To keep replicas consistent,
each replica does not communicate with each other but communicates to a certifier,
which decides a global order for update transactions. Calvin [97] replicates transac-
tions requests among replica groups and assigns a global order to each transaction
for deterministic execution [96], allowing it to eliminate expensive distributed co-
ordination. However, cross-node communication is still necessary during transaction
execution because of remote reads. Mencius [63] is a state machine replication method
that improves Paxos to achieve high throughput under high client load and low la-
tency under low client load by partitioning sequence numbers, even under changing
wide-area network environments. HRDB [99] tolerates Byzantine faults among repli-
cas by scheduling transactions with a commit barrier. Ganymed [75, 76] runs update
transactions on a single node and runs read-only transactions on a potentially unlim-
ited number of replicas, allowing the system to scale read-intensive workloads. STAR
is the first system that dynamically changes the mastership of records, to avoid dis-
tributed coordination. Neither a global order nor group communication is necessary,
even for cross-partition transactions, since we run these cross-partition transactions

in parallel on a single node.

3.7.3 Recoverable Systems

H-Store [61] uses transaction-level logging. It periodically checkpoints a transaction-
ally consistent snapshot to disk and logs all the parameters of stored procedures.

H-Store executes transactions following a global order and replays all the transac-
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tions in the same order during recovery. SiloR [113] uses a multi-threaded parallel
value logging scheme that supports parallel replay in non-partitioned databases. In
contrast, transaction-level logging requires that transactions be replayed in the same
order. In STAR, different replication strategies, including both SiloR-like parallel
value replication and H-Store-like operation replication are used in different phases,

significantly reducing bandwidth requirements.

3.8 Summary

In this chapter, we presented STAR, a new distributed in-memory database with
asymmetric replication. STAR employs a new phase-switching scheme where single-
partition transactions are run on multiple machines in parallel, and cross-partition
transactions are run on a single machine by re-mastering records on the fly, allowing
us to avoid cross-node communication and the use of distributed commit protocols like
2PC for distributed transactions. Our results on YCSB and TPC-C show that STAR
is able to dramatically exceed the performance of systems that employ conventional

concurrency control and replication algorithms by up to one order of magnitude.
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Chapter 4

COCO: Epoch-based Commit and
Replication in Distributed OLTP

Databases

4.1 Introduction

In this chapter, we make the key observation that the inefficiency of both 2PC and
synchronous replication mainly comes from the fact that existing protocols enforce
consistency at the granularity of individual transactions. By grouping transactions
that arrive within a short time window into short periods of time — which we call
epochs — it’s possible to manage both atomic commit and consistent data replication
at the granularity of epochs. In our approach, an epoch is the basic unit at which
transactions commit and recover — either all or none of the transactions in an epoch
commit — which adheres to the general principle of group commit [26] in single-
node databases. However, epoch-based commit and replication focus on reducing
the overhead due to 2PC and synchronous replication rather than disk latency as
in group commit. As a result, a transaction releases its locks immediately after
execution finishes, and logging to persistent storage occurs in the background and is

only enforced at the boundary of epochs. Similarly, a transaction no longer needs to
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hold locks after updating the primary replica, since write propagation happens in the
background as in asynchronous replication. Note that the writes of a transaction are
visible to other transactions as soon as it commits but they may disappear if a failure
occurs and a rollback happens. Therefore, a transaction does not release the result
to the end user until the current epoch commits, when the writes of all transactions
belong to the epoch are durable. In COCO, consistency is enforced at the boundary
of epochs as in synchronous replication. The epoch size, which determines the average
latency of transactions, can be selected to be sufficiently low for most OLTP workloads
(e.g., 10 ms). Prior work has argued that such latencies are acceptable [21, 70, 98]. In
addition, epoch-based commit and replication can help reduce tail latency compared
to a traditional architecture with 2PC [30].

In this chapter, we describe COCO, a distributed main-memory OLTP database
we built that embodies the idea of epoch-based commit and replication. COCO sup-
ports two variants of optimistic concurrency control (OCC) [49] that serialize transac-
tions using physical time and logical time, respectively. In addition, it supports both
serializability and snapshot isolation with various optimizations, which are enabled

by the epoch-based commit and replication.

4.2 Epoch-based Commit and Replication

In this section, we first show how our new commit protocol based on epochs offers
superior performance and provides the same guarantees as two-phase commit (2PC).
We then discuss how the epoch-based design of COCO reveals opportunities to design
a new replication scheme that unifies the best of both synchronous and asynchronous
replication schemes. In Section 4.3 and Section 4.4, we will discuss how to design

distributed concurrency control with epoch-based commit and replication in COCO.

4.2.1 The Commit Protocol

In COCO, a batch of transactions run and commit in an epoch. However, the result of

each transaction is not released until the end of the epoch, when all participant nodes
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agree to commit all transactions from the current epoch. The system increments
the global epoch every few milliseconds (e.g., 10 ms by default) with two phases: a

prepare phase and a commit phase, as in two-phase commit (2PC).

In the prepare phase, the coordinator sends a prepare message to each participant
node. Note that the coordinator node is the node coordinating epoch advancement
among a cluster of nodes and it’s different from the coordinator of distributed transac-
tions as we will see in later sections. The coordinator can be any node in the system or
a standalone node outside the system. To prevent the coordinator from being a single
point of failure, it can be implemented as a replicated state machine with Paxos [50]
or Raft [73]. When a participant node receives a prepare message, it prepares to com-
mit all transactions in the current epoch by force logging a durable prepared write
record (indicated by a purple star in Figure 4-1) with all the transaction IDs (TIDs)
of ready-to-commit transactions as well as the current epoch number. Note that
some transactions may have aborted earlier due to conflicts. The underlying concur-
rency control algorithms are also required to log all the writes of ready-to-commit
transactions durably (See Section 4.5.2) before the prepared write record. When a
participant node durably logs all necessary writes, it then replies an acknowledgement

to the coordinator.

In the commit phase, the coordinator first decides if the current epoch can com-
mit. If any participant node fails to reply an acknowledgement due to failures, all
transactions from the current epoch will abort. Otherwise, the coordinator writes
a durable commit record (indicated by a purple star in Figure 4-1) with the current
epoch number and then increments the global epoch. It then sends a commit message
to each participant node. Note that if a transaction aborts due to concurrent accesses
or integrity violation, it does not stop the current epoch to commit. When a partici-
pant node receives a commit message, all the writes of ready-to-commit transactions
from the last epoch are considered committed, and the results of these transactions
are released to users. In the end, it replies an acknowledgement to the coordinator,

and prepares to execute transactions from the next epoch.
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4.2.2 Fault Tolerance

In this thesis, we assume fail-stop failures [25], in which we can assume that any
healthy node in the system can detect which node has failed. A failed node is one on
which the process of a COCO instance has crashed. Since COCO detects failures at
the granularity of epochs, all transactions in an epoch will be aborted and re-executed
by the system automatically when a failure occurs. Here, we argue that the benefit
brought by COCO significantly exceeds the cost to abort and re-run a whole epoch
of transactions, since failures are rare on modern hardware. 2PC ensures atomicity
and durability at the granularity of every single transaction, but introduces expensive

coordination, which is wasted most of the time.

As shown in Figure 4-1, a failure can occur when an epoch of transactions commit
with the epoch-based commit protocol. We classify all failure scenarios into nine cat-
egories: (1) before the coordinator sends prepare requests, (2) after some participant
nodes receive prepared requests, (3) after all participant nodes receive prepared re-
quests, (4) before the coordinator receives all votes from participant nodes, (5) after
the coordinator writes the commit record, (6) before some participant nodes receive
commit requests, (7) before the coordinator receives any acknowledgement, (8) af-
ter the coordinator receives some acknowledgements, and (9) after the coordinator

receives all acknowledgements.
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The durable commit record written on the coordinator node indicates the time
when the system commits all transactions from the current epoch. Therefore, in
cases (1) - (4), the system simply aborts all transactions from the current epoch.
Specifically, after recovery, each participant node rollbacks its prepared writes and
discards all intermediate results. In cases (5) - (8), transactions from the current epoch
are considered committed even though a failure has occurred. After recovery, each
participant node can learn the outcome of the current epoch when communicating
with the coordinator, and then releases the results to users. Case (9) is the same as
case (1), since the system has entered the next epoch.

Once a fault occurs, COCO rollbacks the database to the last successful epoch,
i.e., all tuples that are updated in the current epoch are reverted to the states in the
last epoch. To achieve this, the database maintains two versions of each tuple. One
always has the latest value. The other one has the most recent value up to the last

successful epoch.

4.2.3 Efficient and Consistent Replication

A desirable property of any approach to high availability is strong consistency between
replicas, i.e., that there is no way for clients to tell when a failover happened, because
the state reflected by the replicas is identical. Enforcing strong consistency in a repli-
cated and distributed database is a challenging task. The most common approach to
achieve strong consistency is based on primary-backup replication, where the primary
releases locks and commits only after writes have propagated to all replicas, blocking
other transactions from accessing modified records and limiting performance.

If a transaction could process reads at replicas and asynchronously ship writes to
replicas, it could achieve considerably lower latency and higher throughput, because
transactions can read from the nearest replica and release locks before replicas re-
spond to writes. Indeed, these features are central to many recent systems that offer
eventual consistency(e.g., Dynamo [25]). Observe that both local reads and asyn-
chronous writes introduce the same problem: the possibility of stale reads at replicas.

Thus, they both introduce the same consistency challenge: the database cannot de-
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termine whether the records a transaction reads are consistent or not. Therefore,
transactions running with two-phase locking (2PL) [10, 34] must always read from
the primary replica, since there is no way for them to tell if records are locked by
only communicating with backup replicas.

In COCO, atomicity and durability are enforced at the granularity of epochs.
Therefore, COCO can replicate writes of committed transactions asynchronously
without having to worry about the replication lag within an epoch. The system
only needs to ensure that the primary replica is consistent with all backup replicas at
epoch boundaries. In addition, COCO uses optimistic concurrency control and each
record in the database has an associated TID. The TID of a record usually indicates
the last transaction that modified the record and can be used to detect if a read from
backup replicas is stale [58, 98, 107, 110]. As a result, a transaction in COCO can
read from nearest backup replicas and only validates with the primary replica in the

commit phase, which significantly reduces network traffic and latency.

4.2.4 Discussion

COCO offers superior performance to distributed transactional databases by running
transactions in epochs. We now discuss the implications of epoch-based commit
and replication, and how they impact existing OLTP applications. First, the epoch-
based commit and replication add a few milliseconds more latency to every single
transaction. As prior work (e.g., Silo [98]) has argued, this is not a problem for
most transactional workloads, unless the workloads require extremely low latency.
In addition, running transactions with epochs helps reduce tail latency as well [30].
Second, the system could have undesirable performance due to imbalanced running
time among transactions. For example, a single long-running transaction can stop
a whole batch of transactions from committing until it finishes. In reality, most
update transactions are short-lived and most of long-running transactions are read-
only analytical transactions, which can be configured to run over a slightly stale
database snapshot. Third, since failures are detected at the granularity of epochs, all

transactions in an epoch will be aborted and re-executed by the system automatically
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Function: transaction_read(T, key)
ns = get_replica_nodes(key)
if node_id() inns: # a local copy is available
record = db_read(key)
else: # n is the nearest node chosen from ns
record = call,(db_read, key)
T.RS.push_back(record)

Function: db_read(key)
# atomically load value and TID
return db[tuple.key].{value, tid}

QWO ~NOGOAPRLWN -

—_—

Figure 4-2: Pseudocode to read from the database

when a failure occurs. Here, we argue that the benefit brought by epoch-based commit
and replication significantly exceeds the cost to abort and re-run a whole epoch of
transactions, since failures are rare on modern hardware. Note that a transaction,
which aborts due to conflicts, does not affect the commit/abort decision of a whole

epoch and it will be re-run by the system automatically.

4.3 The Lifecycle of a Transaction in COCO

In this section, we discuss the lifecycle of a distributed transaction in COCO, which

contains an execution phase and a commit phase.

4.3.1 The Execution Phase

A transaction in COCO runs in two phases: an execution phase and a commit phase.
We say the node initiating a transaction is the coordinator node, and other nodes are
participant nodes.

In the execution phase, a transaction reads records from the database and main-
tains local copies of them in its read set (RS). Each entry in the read set contains the

value as well as the record’s associated transaction ID (TID). For a read request, the
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coordinator node first checks if the request’s primary key is already in the read set.
This happens when a transaction reads a data record multiple times. In this case, the
coordinator node simply uses the value of the first read. Otherwise, the coordinator

node reads the record from the database.

A record can be read from any replica in COCO. To avoid network communication,
the coordinator node always reads from its local database if a local copy is available.
As shown in Figure 4-2; the coordinator first locates the nodes ns on which there exists
a copy of the record. If the coordinator node happens to be from ns, a transaction
can simply read the record from its local database. If no local copy is available,
a read request is sent to the nearest node n chosen from ns. In COCO, TIDs are
associated with records at both primary and backup replicas. For a read request, the
system returns both the value and the TID of a record; and both are stored in the

transaction’s local read set.

All computation is performed in the execution phase. Since COCQ’s algorithm is
optimistic, writes are not applied to the database but are stored in a per-transaction
write set (WS), in which, as with the read set, each entry has a value and the record’s
associated TID. For a write operation, if the primary key is not in the write set, a
new entry is created with the value and then inserted into the write set. Otherwise,
the system simply updates the write set with the new value. Note that for updates
to records that are already in the read set, the transaction also copies the TIDs to

the entry in the write set, which are used for validation later on.

4.3.2 The Commit Phase

After a transaction finishes its execution phase, it must be successfully validated
before it commits. We now describe the three steps to commit a transaction: (1) lock
all records in the transaction’s write set; (2) validate all records in the transaction’s
read set and generate a TID; (3) commit changes to the database. In Section 4.4, we

will discuss the details of two concurrency control algorithms.
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Locking the write set

A transaction first tries to acquire locks on each record in the write set to prevent
concurrent updates from other transactions. In COCO, a locking request is only
sent to the primary replica of each record. To avoid deadlocks, we adopt a NO_WAIT
deadlock prevention policy, which was shown as the most scalable protocol [42]. In
NO_WAIT, if the lock is already held on the record, the transaction does not wait but
simply aborts. For each acquired lock, if any record’s latest TID does not equal to
the stored TID, the transaction aborts as well. This is because the record has been

changed at the primary replica since the transaction last read it.

Validating the read set & TID assignment

When a transaction has locked each record in its write set, it begins to validate each
record in its read set. Unlike the execution phase, in which a read request is sent to
the nearest node with a copy of the record, a read validation request is always sent to
the primary replica of each record. A transaction may fail to validate a record due to
concurrent transactions that access the same record. For example, a record cannot be
validated if it is being locked by another transaction or the value has changed since
its last read.

COCO assigns a TID to each transaction as well in this step. The assignment can
happen either prior to or after read validation [58, 98, 107, 110, 108, 109], depending
on whether the TID is used during read validation. There are some conditions to
assign a TID. For example, it must be able to tell the order of conflicting transactions.
We now assume a TID is correctly assigned and leave the details of TID assignment

to Section 4.4.

Writing back to the database

If a transaction fails the validation, it simply aborts, unlocks the acquired locks, and
discards its local write set. Otherwise, it will commit changes in its write set to

the database. COCO applies the writes and replication asynchronously to reduce
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1|Function: transaction_write(T)
2| forrecord in T.WS:
3 n = get_primary_node(record.key)
4 call,(db_write, record.key, record.value, T.tid)
5 for n in get_replica_nodes(record.key) \ {n}:
6 call,(db_replicate, record.key, record.value, T.tid)
7
8 |Function: db_write(key, value, tid)
9| dblkey] = {value, tid}
10| unlock(db[key])
11
12 |Function: db_replicate(key, value, tid)
13| # begin atomic section
14| if dblkey].tid < tid: # Thomas write rule
15 dblkey] = {value, tid}
16| # end atomic section

Figure 4-3: Pseudocode to write to the database

round-trip communication. Other transactions can observe the writes of committed
transactions at each replica as soon as a write is written to the database. Note that,
to ensure the writes of committed transactions durable across failures, the result of a

committed transaction is not released to clients until the end of the current epoch.

As illustrated in Figure 4-3, the value of each record in a transaction’s write
set and the generated TID are sent to the primary and backup replicas from the
coordinator node. There are two scenarios that a write is applied to the database:
(1) the write is at the primary replica: Since the primary replica is holding the lock,
upon receiving the write request, the primary replica simply updates the value and
the TID, and then unlocks the record; (2) the write is at a backup replica: Since
asynchronous replication is employed in COCO, upon receiving the write request, the
lock on the record is not necessarily held on the primary replica, meaning replication
requests to the same record from multiple transactions could arrive out of order.

COCO determines whether a write at a backup replica should be applied using the
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Locking the write set Validating the read set Writing back to the database

N |1 for record in TWS: for record in TRS\ T.WS: for record in T.WS:
s (2 ok, tid = lock(db[record.key]) # begin atomic section db[record.key] = {tid, record.value}
M|3 ifrecord notin T.RS: locked, tid = db[record.key].{locked, tid} unlock(db[record.key])
(ol (4 record.tid = tid # end atomic section
(o8 |5 if ok == false or tid != record.tid: if locked or tid = record.tid:
2|6 abort = true abort()
1 for record in T.WS: for record in T RS\ T.WS: for record in T.WS:
W |2 ok, wts, rts = lock(db[record key]) if record.rts < T.tid: wts, rts = T.tid, T.tid
&9 |3 ifrecord notin T.RS: # begin atomic section db[record.key] = {wts, rts, record.value}
|4 record.wts = wts locked, wts, rts = db[record.key]{locked, wts, rts} unlock(db[record.key])
(o) |5  if ok == false or wts != record.wts: if wts 1= record.wts or (rts < T.tid and locked):
(o} | 6 abort() abort()
(o8| 7  record.rts =rts db[record.key].rts = max(db[record.key].rts, T.tid)
8 # end atomic section

Figure 4-4: Pseudocode of the commit phase in PT-OCC and LT-OCC

Thomas write rule [95]: the database only applies a write at a backup replica if the
record’s current TID is less than the TID associated with the write (line 14 — 15 of
Figure 4-3). Because the TID of a record monotonically increases at the primary
replica, this guarantees that backup replicas apply the writes in the same order as

the order to commit transactions at the primary replica.

4.4 Concurrency Control in COCO: the Two Vari-
ants of OCC

In this section, we first describe how to design distributed concurrency control with
epoch-based group commit in COCO. In particular, we discuss how to adapt two
popular singe-node concurrency control algorithms (i.e., Silo [98] and Tictoc [108])
into COCO. We next discuss the tradeoffs between these two concurrency control

algorithms in the distributed environment and the extension to snapshot transactions.

4.4.1 PT-OCC — Physical Time OCC

Many recent single-node concurrency control protocols [58, 70, 110, 113] adopted
the design philosophy of Silo [98], in which “anti-dependencies” (i.e., write-after-read
conflicts) are not tracked to avoid scaling bottlenecks. Instead, anti-dependencies are
only enforced across epochs boundaries, which naturally fits into the design of COCO

based on epoch-based commit and replication.
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We now discuss how to adapt Silo to a distributed environment in COCO and
present the pseudocode on the top of Figure 4-4. A transaction first locks each record
in its write set. If any record is locked by another transaction, the transaction simply
aborts. The transaction next validates the records that only appear in its read set.
The validation would fail in two scenarios: (1) the record’s TID has changed, meaning
the record was modified by other concurrent transactions; (2) the record is locked by
another transaction. In either case, the transaction must abort, unlock the acquired
locks, and discard its local write set. If the transaction successfully validates its read
set, the TID is next generated. There are three criteria [98] to generate the TID for
each transaction in PT-OCC: (1) it must be in the current global epoch; (2) it must
be larger than the TID of any record in the read/write set; (3) it must be larger than
the worker thread’s last chosen TID. At last, the transaction commits changes in its
write set to the database. The value of each record in the transaction’s write set and
the TID are sent to the primary replica. As discussed in Section 4.3, the writes are
also asynchronously replicated to backup replicas from the coordinator node.

The protocol above guarantees serializability because all written records have been
locked before validating the TIDs of read records. A more formal proof of correctness

through reduction to strict two-phase locking can be found in Silo [98].

4.4.2 LT-OCC - Logical Time OCC

Many concurrency control algorithms [52, 80, 106] allow read-only snapshot trans-
actions to run over a consistent snapshot of the database and commit back in time.
TicToc [108], a single-node concurrency control algorithm, takes a further step by
allowing read-write serializable transactions to commit back in time in the space of
logical time. In TicToc, each record in the database is associated with two logical
timestamps, which are represented by two 64-bit integers: [Wts,rts}. The wts is
the logical write timestamp, indicating when the record was written, and the rts
is the logical read validity timestamp, indicating that the record can be read at any
logical time ts such that wts < ts < rts. The key idea is to dynamically assign a

logical timestamp (i.e., TID) to each transaction on commit so that each record in
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the read/write set is available for read and update at the same logical time.

We now discuss how to adapt TicToc [108] to a distributed environment in COCO
and present the pseudocode on the bottom of Figure 4-4. A transaction first locks
each record in its write set. Since concurrent transactions may have extended the rts
of some records, LT-OCC updates the rts of each record in the transaction’s write set
to the latest one at the primary replica, which is available when a record is locked.
The transaction next validates the records that only appear in its read set. The
validation requires a TID, which is the smallest timestamp that meets the following
three conditions [110]: (1) it must be in the current global epoch; (2) it must be not
less than the wts of any record in the read set; (3) it must be larger than the rts of
any record in the write set. The TID is first compared with the rts of the record in
its read set. A read validation request is sent only when a record’s rts is less than
the TID. In this case, the transaction tries to extend the record’s rts at the primary
replica. The extension would fail in two scenarios: (1) the record’s wts has changed,
meaning the record was modified by other concurrent transactions; (2) the record is
locked by another transaction and the rts is less than the TID. In either case, the
rts cannot be extended and the transaction must abort. Otherwise, the transaction
extends the record’s rts to the TID. If the transaction fails the validation, it simply
aborts, unlocks the acquired locks, and discards its local write set. Otherwise, it will
commit changes in its write set to the database. As in PT-OCC, the writes are also

asynchronously replicated to backup replicas from the coordinator node.

LT-OCC is able to avoid the need to validate the read set against the primary
replica as long as the logical commit time falls in all time intervals of data read
from replicas, even if the replicas are not fully up to date. Informally, the protocol
above guarantees serializability because all the reads and writes of a transaction
happen at the same logical time. From logical time perspective, all accesses happen
simultaneously. A more formal proof of how logical timestamps enforce serializability

can be found in TicToc [108].
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4.4.3 Tradeoffs in PT-OCC and LT-OCC

In PT-OCC, TIDs are always monotonically increasing between conflicting transac-
tions. To achieve this, the database validates a transaction’s read set by comparing
the data versions from the read set to the latest ones at the primary replica. If any
record’s primary partition is not on the coordinator, a round-trip communication
must be performed when a transaction’s read set is validated. In contrast, LT-OCC
achieves less coordination in transaction validation. For example, for each record in
a transaction’s read set, the system first compares the record’s rts and the transac-
tion’s assigned TID. A read validation request is sent only when the record’s rts is
less than the TID and the primary node of the record is not the coordinator node
of the transaction. Otherwise, the read is already consistent, since it is valid at the
TID’s logical time. If all records in the read set can be validated locally, a round trip

communication is eliminated entirely.

The cost of reduced read validation is that LT-OCC sacrifices external consis-
tency [19], i.e., the system commits transactions under non order-preserving serial-
izability, which we will describe below. We now use an example to show the events
happening following the physical time in Figure 4-5. Consider the example in the
left side of Figure 4-5, in which transaction 7 and 75 run concurrently. By the time
Ti tries to commit, 7T, has committed and a new value of record y has been written
to the database with version at time 11, which is the smallest TID larger than the
TID of any record in T3’s read and write set. Since the TID of record y in T}’s read
set has changed from 10 to 11, 7} cannot commit at time 11 and must abort. T
must retry, reads the new value of record y, and commits at time 12. In systems with
order-preserving serializability (e.g., Spanner [19]), the commit time of conflicting

transactions determines transaction commit order.

In contrast, transactions commit in LT-OCC do not necessarily follow the order of
commit timestamps, i.e., the logical time does not always agree to the physical time.
Consider the example in the right side of Figure 4-5. After transaction 7, commits,

which has written a new value of record y: [wts = 21, rts = 21]. Transaction T}
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can still commit at time 16, even though record y is in its read set and the value has
changed. This is because T}’s commit time is earlier than record y’s last written time

in the space of logical time, i.e., 16 falls between logical time 10 and 20.

LT-OCC reduces round trip communication during transaction validation. The
performance advantage is even more significant in the Wide-Area Network (WAN)
setting. However, it may fail to meet the requirement of some applications. For
example, a user may want to see his/her own photo after uploading it. In this scenario,
LT-OCC may miss the update if a transaction reads from a backup replica, which has
not received the write in time (i.e., upload of a photo). For applications that cannot
miss updates, COCO allows them to always read from the primary replica at the cost

of more expensive communication.

4.4.4 Snapshot Transactions

Serializability allows transactions to run concurrently while ensuring the state of
the database is equivalent to some serial ordering of the transactions. In contrast,
snapshot transactions only run over a consistent snapshot of the database, meaning
read /write conflicts are not detected. As a result, a database system running snapshot

isolation has a lower abort rate and higher throughput.

Many systems adopt a multi-version concurrency control (MVCC) algorithm to
support snapshot isolation (SI). In an MVCC-based system, a timestamp is assigned
to a transaction when it starts to execute. By reading all records that have overlapping
time intervals with the timestamp, the transaction is guaranteed to observe the state
of the database (i.e., a consistent snapshot) at the time when the transaction began.
Instead of maintaining multiple versions for each record, we made minor changes to
the algorithm discussed in Section 4.4 to support snapshot isolation. The key idea
behind is to ensure that all reads are from a consistent snapshot of the database and
there are no conflicts with any concurrent updates made since that snapshot. We
now describe the extensions making both PT-OCC and LT-OCC support snapshot

transactions.
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PT-OCC: Strict Serializability . LT-OCC: Non Order-Preserving Serializability

Time
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Transaction logic: Ty: x =x +y; T,: y =y + 1

Figure 4-5: Illustrating strict serializability vs. non order-preserving serializability

Snapshot transactions in PT-OCC

In PT-OCC, a transaction first locks all records in the write set and next validates
each record in the read set to see if there exists any concurrent modification. If the
validation succeeds, the transaction can safely commit under serializability. There
is a short period of time after all records in the write set are locked and before any
record in the read set is validated. The serialization point can be any physical time

during the period.

To support snapshot transactions, a transaction can validate its read set without
locks being held for each record in its write set. As long as no changes are detected,
it is guaranteed that the transaction reads a consistent snapshot from the database.
Likewise, there is a short period of time after the transaction finishes all reads and
before the validation, and the snapshot is taken at some physical time during the
period above. Snapshot transactions are more likely to commit than serializable

transactions, since read validation can happen right after execution without locks

being held.
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Snapshot transactions in LT-OCC

In LT-OCC, the TID is assigned to each serializable transaction after all records in the
write set have been locked. The TID must be larger than the rts of each record in the
write set and not less than the wts of each record in the read set. To support snapshot
transactions, LT-OCC assigns an additional TIDg; to each transaction, which is the
smallest timestamp not less than the wts of each record in the read set. Since the
new TIDg; is not required to be larger than the rts of each record in the write set,
it’s usually less than the TID for serializable transactions allowing more transactions
to commit. During read validation, a transaction can safely commit under snapshot
isolation as long as each record in the read set does not change until logical time

TIDg;.

Parallel locking and validation optimization

As we discussed in sections above, a snapshot transaction can validate its read set
regardless of its write set in both PT-OCC and LT-OCC. In particular, read validation
can happen before the records in the write set have been locked in PT-OCC. Likewise,
the calculation of TIDg; does not depend on the rts of each record in the write set
in LT-OCC, which indirectly implies that read validation can happen independently.

We now introduce an optimization we call parallel locking and wvalidation opti-
mization, which combines the first two steps in the commit phase. In order words,
locking the write set and validating the read set are now allowed to happen at the
same time, making both PT-OCC and LT-OCC have one fewer round trip of network

communication and higher throughput.

Concurrency anomaly detection in LT-OCC

In practice, database transactions are often executed under reduced isolation lev-
els, as there is an inherent trade-off between performance and isolation levels. For
example, both Oracle and Microsoft SQL Server default to read committed. Unfortu-

nately, such weaker isolation levels can result in concurrency anomalies, which yield
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template <class T> using value_type = std::tuple<uint64 _t, T>;

Epoch [63...29] ID [28...2] | Delete [1] | Lock [0]

Figure 4-6: The TID format in PT-OCC

an interleaving of operations that could not arise in a serial execution of transactions.

COCO provides a real-time breakdown of how many transactions may have ex-
perienced anomalies when running under snapshot isolation. The breakdown reports
which transactions may have experienced anomalies and which transactions definitely
did not. COCO does this in a lightweight fashion that introduces minimal overhead,
allowing developers to monitor their production systems and tune the isolation levels
on the fly. According to the LT-OCC protocol, a transaction having TIDg; being equal
to the normal TID is serializable because all accesses occur at the same logical time.
In the transaction validation phase, COCO applies this lightweight equality check to
all snapshot transactions to detect transactions that may have observed concurrency

anomalies (i.e., the ones with two different timestamps).

4.5 Implementation

This section describes COCQ’s underlying data structures, disk logging and check-
pointing for durability and recovery, and implementation of insert and delete database

operations.

4.5.1 Data Structures

COCQO is a distributed in-memory OLTP database, in which each table in COCO has
a pre-defined schema with typed and named attributes. Transactions are submitted
to the system through pre-compiled stored procedures with different parameters, as
in many popular systems [58, 97, 98, 105, 108]. Arbitrary logic (e.g., read/write and
insert /delete operations) can be implemented in a stored procedure in C++.

Tables are currently implemented as a collection of hash tables — a primary hash
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table and zero or more secondary hash tables. A record is accessed through the
probing primary hash table. Two probes are needed for secondary index lookups, i.e.,
one in a secondary hash table to find the primary key, followed by a lookup on the
primary hash table. The system currently does not support range queries, but can be
easily adapted to tree structures [11, 62, 103]. Note that the two concurrency control
algorithms [98, 108] have native support for range queries with phantom prevention.

In COCO, we use TIDs to detect conflicts. We record the TID value as one or
more 64-bit integers depending on the underlying concurrency control algorithm, and
the TID is attached to each record in a table’s primary hash table. We show the
TID format in PT-OCC in Figure 4-6. The high bits of each TID contain an epoch
number, which indicates the epoch that a transaction comes from. The middle bits
are used to distinguish transactions within the same epoch. The remaining two bits
are the status bits showing if the record has been deleted or locked. Likewise, we use
two 64-bit integers as a TID to represent wts and rts in LT-OCC. Note that status
bits only exist in the integer indicating the wts. By default, the epoch size is 10 ms.
The number of bits reserved for epochs is sufficient for ten years, and the number
of bits reserved for transactions are sufficient for over 100 million transactions per

epoch.

4.5.2 Disk Logging and Checkpointing

As shown in Section 4.2.2; a commit record is written to disk when an epoch commits.
On recovery, the system uses the commit record to decide the outcome of the whole
epoch. However, the commit record does not have the writes of each transaction
from an epoch. As a result, COCO requires that the underlying concurrency control
algorithm must properly log to disk as well.

We now take PT-OCC as an example to show how transactions are logged to
disk. In COCO, each transaction is run by a single worker thread, which has a local
recovery log. The writes of committed transactions are first buffered in memory.
They are flushed to disk when the local buffer fills or when the system enters to the

next epoch. A log entry contains the information of a single write to a record in
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the database with the following information: (1) table and partition IDs, (2) TID,
(3) primary key, and (4) value. A log entry in LT-OCC is the same as in PT-OCC,
except for the TID, which has both wts and rts.

To bound the recovery time, a separate checkpointing thread can be used to
periodically checkpoint the database to disk as in SiloR [113]. The checkpointing
thread first logs the current epoch number e, to disk, and next scans the whole
database and logs each record to disk. Note that the epoch number e, indicates when
the checkpoint begins, and all log entries with embedded epoch numbers smaller than

e. can be safely deleted after the checkpoint finishes.

On recovery, COCO recovers the database through checkpoints and log entries.
The system first loads the most recent checkpoint if available, and next replays all
epochs since the checkpoint. An epoch is only replayed if the commit record indicates
committed. Note that the database can be recovered in parallel with multiple worker
threads. A write can be applied to the database as long as its TID is larger than the

latest one in the database.

4.5.3 Deletes and Inserts

A record deleted by a transaction is not immediately deleted from the hash table.
Instead, the system only marks the record as deleted by setting the delete status bit
and registers it for garbage collection. This is because other concurrent transactions
may read the record for validation. If a transaction finds a record it read has been
deleted, it aborts and retries. All marked records from an epoch can be safely deleted,

when the system enters the next epoch.

When a transaction makes an insert during execution, a placeholder is created in
the hash table with TID 0. This is because a transaction needs to lock each record
in its write set. If a transaction aborts due to conflicts, the placeholder is marked as
deleted for garbage collection. Otherwise, the transaction writes a new value to the

placeholder, updates the TID, and unlocks the record.
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4.6 Evaluation

In this section, we study the performance of each distributed concurrency control
algorithm with 2PC and epoch-based commit focusing on the following key questions:
e How does each distributed concurrency control algorithm perform with 2PC
and epoch-based commit?
e What’s the effect of durable write latency affect on 2PC and epoch-based com-
mit?
e How does network latency affect each distributed concurrency control algo-
rithm?
e How much performance gain of snapshot isolation over serializability?
e What’s the overhead of different epoch sizes?

e How effective is each optimization technique?

4.6.1 Experimental Setup

We run our experiments on a cluster of eight m5.4xlarge nodes on Amazon EC2 [2],
each with 16 2.50 GHz virtual CPUs and 64 GB RAM. Each node runs 64-bit Ubuntu
18.04 with Linux kernel 4.15.0. iperf shows that the network between each node
delivers about 4.8 Gbits/s throughput. We implement COCO in C++ and compile
it using GCC 7.4.0 with -02 option enabled.

In our experiments, we run 12 worker threads and 2 threads for network com-
munication on each node. Each worker thread has an integrated workload generator.
Aborted transaction are re-executed with an exponential back-off strategy. All results

are the average of five runs.

Workloads

To evaluate the performance of COCO, we run a number of experiments using the
following two popular benchmarks:
YCSB: The Yahoo! Cloud Serving Benchmark (YCSB) is a simple transactional

workload. It’s designed to be a benchmark for facilitating performance comparisons
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of database and key-value systems [18]. There is a single table and each row has ten
attributes. The primary key of the table is a 64-bit integer and each attribute has
10 random bytes. We run a workload mix of 80/20, i.e., each transaction' has 8 read
operations and 2 read/write operation. By default, we run this workload with 20%
multi-partition transactions that access to multiple partitions.

TPC-C: The TPC-C benchmark is a popular benchmark to evaluate OLTP
databases [1]. It models a warehouse-centric order processing application. We sup-
port the NewOrder and the Payment transaction in this benchmark, which involves
customers placing orders and making payments in their districts within a local ware-
house. 88% of the standard TPC-C mix consists of these two transactions. We
currently do not support the other three transactions that require range scans. By
default, a NewOrder transaction is followed by a Payment transaction, and 10% of
NewOrder and 15% of Payment transactions are multi-partition transactions.

In YCSB, we set the number of records to 400K per partition and the number of
partitions to 96, which equals to the total number of worker threads in the cluster.
In TPC-C, we partition the database by warehouse and there are 96 warehouses in
total. We set the number of replicas to 3 in the replicated setting, i.e., each partition
has a primary partition and two backup partitions, which are always hashed to three

different nodes.

Distributed concurrency control algorithms

We study the following distributed concurrency control algorithms in COCO. To
avoid an apples-to-oranges comparison, we implemented all algorithms in C++ in
our framework.

S2PL: This is a distributed concurrency control algorithm based on strict two-
phase locking. Read locks and write locks are acquired as a worker runs a transaction.
To avoid deadlock, the same NO_WAIT policy is adopted as discussed in Section 4.3. A

worker thread updates all records and replicates the writes to replicas before releasing

LYCSB+T [27, 28], another extension to YCSB, wraps operations within transactions in a similar
way to model activities happened in a closed economy.
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Table 4.1: Concurrency control algorithms, commit protocols and replication schemes
supported in COCO

2PC w/o Rep.  2PC w/ Sync. Epoch w/ Async.

S2PL v v
PT-OCC v v v
LT-OCC v v v

all acquired locks.

PT-OCC: Our physical time OCC from Section 4.4.1.

LT-OCC: Our logical time OCC from Section 4.4.2.

In addition to each concurrency control algorithm, we also support three different
combinations of commit protocols and replication schemes.

2PC w/o Replication: A transaction commits with two-phase commit and no
replication exists.

2PC(Sync): A transaction commits with two-phase commit. A transaction’s
write locks are not released until all writes are replicated on all replicas.

Epoch(Async): A transaction commits with epoch-based commit and replica-
tion, i.e., a transaction’s write locks are released as soon as the writes are applied to
the primary replica.

We summarize the supported concurrency control algorithms, commit protocols
and replication schemes in Table 4.1. Note that a transaction cannot run with S2PL
and commit with Epoch(Async), since it’s not straightforward to asynchronously ap-
ply writes on replicas without write locks being held in S2PL. By default, optimistic
concurrency control protocols (i.e., PT-OCC and LT-OCC) are allowed to read from
the nearest replica in both 2PC(Sync) and Epoch(Async).

4.6.2 Performance Comparison

We now study the performance of each concurrency control algorithm with different

combinations of commit protocols and replication schemes.
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Figure 4-7: Performance of 2PC w/o Replication, 2PC(Sync) and Epoch(Async)

We first ran a YCSB workload and report the result in Figure 4-7(a). S2PL with
synchronous replication only achieves about 50% of the original throughput when
there is no replication. This is because each transaction cannot commit before writes
are replicated and even a single-partition transaction now has a round-trip delay.
Similarly, both PT-OCC and LT-OCC have about 40% performance slowdown, even
though they are allowed to read from the nearest replica. We now study how epoch-
based commit and replication affect the performance of PT-OCC and LT-OCC, which
is shown in Epoch(Async). As shown in the right side of Figure 4-7(a), both PT-OCC

and LT-OCC have about 2x performance improvement compared to the ones (shown
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in the middle) with 2PC(Sync). This is because the write locks can be released as
soon as the writes have been applied at the primary replica. In this way, transactions
no longer pay the cost of a round-trip delay.

We also ran a TPC-C workload and report the result in Figure 4-7(b). Similarly,
we observe that there exist a 4x performance improvement from FEpoch(Async) over
2PC(Sync). The throughput even exceeds the ones (shown in the left side) with 2PC
w/o Replication, since PT-OCC and LT-OCC are allowed to read from the nearest
replica.

In summary, concurrency control protocols are able to achieve 2 ~ 4x higher

throughput through epoch-based commit and replication compared to the ones with

2PC(Sync).

4.6.3 Effect of Durable Write Latency

We next study the effect of durable write latency on throughput and latency. For
databases with high availability, the prepare and commit records of 2PC and epoch-
based commit must be written to durable secondary storage, such as disks and repli-
cation to a remote node. To model the latency of various durable secondary storage,
we add an artificial delay to 2PC and epoch-based commit through spinning.

In this experiment, we vary the durable write latency from 1 ups to 2 ms and
run both YCSB and TPC-C. Figure 4-8(a) and 4-8(b) show the throughput and
the latency at the 99th percentile of 2PC(Sync) and Epoch(Async) on YCSB. For
interested readers, we also report the latency at the 50th percentile, which is shown
at the bottom of the shaded band. Transactions with 2PC(Sync) have a noticeable
throughput decline or a latency increase when the durable write latency is larger than
20 ps. In contrast, transactions with Epoch(Async) have a stable throughput until the
durable write latency exceeds 200 pus. They also always have a stable latency, since
the epoch size can be dynamically adjusted based on different durable write latency.
Likewise, we report the result of TPC-C in Figure 4-8(c) and 4-8(d). A noticeable
throughput decline or a latency increase is observed on 2PC(Sync) when the durable

write latency is larger than 50 us.
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Figure 4-8: Performance of 2PC(Sync) and Epoch(Async) with varying durable write
latency

Overall, epoch-based commit and replication trade latency for higher throughput.
The performance advantage is more significant when durable write latency is larger.
For example, with 1 ms durable write latency, Epoch(Async) has roughly 6x higher
throughput than 2PC(Sync) on both YCSB and TPC-C.

4.6.4 Wide-Area Network Experiment

In this section, we study how epoch-based commit and replication perform compared
to S2PL with 2PC(Sync) in the wide-area network (WAN) setting. For users con-
cerned with very high availability, wide-area replication is important because it allows
the database to survive the failure of a whole data center (e.g., due to a power outage
or a natural disaster).

We use three mb.4xlarge nodes running on Amazon EC2 [2|. The three nodes

92



Table 4.2: Round trip times between EC2 nodes

Latency (ms)

N. Virginia Ohio N. California
N. Virginia - 11.326 60.949
Ohio 11.314 - 50.002
N. California 60.957 50.043 -
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Figure 4-9: Performance of 2PC(Sync) and Epoch(Async) in a wide-area network

are in North Virginia, Ohio, and North California respectively. Each partition of
the database is fully replicated in all area zones, meaning each one has a primary
partition and two backup partitions. The primary partition is randomly chosen from
3 nodes. The round trip times between any two nodes are shown in Table 4.2. In this
experiment, we set the epoch size to one second, and use 2PC(Sync) in S2PL and

Epoch(Async) in PT-OCC and LT-OCC.
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In this experiment, we ran both YCSB and TPC-C. We report the throughput
and the latency at the 99th percentile in Figure 4-9. As shown in Figure 4-9(a)
and Figure 4-9(c), the throughput of Epoch(Async) is 4x higher than S2PL with
2PC(Sync) on YCSB. On TPC-C, the throughput improvement is up to one order of
magnitude. In contrast, S2PL has lower latency at the 99th percentile than PT-OCC
and LT-OCC. For example, transactions with 2PC(Sync) only have 150 ms latency
on YCSB and 350 ms latency on TPC-C as shown in Figure 4-9(b) and Figure 4-9(d).
The latency at the 99th percentile in Epoch(Async) is about one second due to the
nature of epoch-based commit and replication.

In summary, the performance advantage of epoch-based commit and replication

over 2PC(Sync) is more significant in the WAN setting.

4.6.5 Snapshot Transactions

We now study how much performance gain that PT-OCC and LT-OCC are able to
achieve when they run under snapshot isolation versus serializability. In this experi-
ment, we report the result on YCSB in Figure 4-10. To increase read/write conflicts,

we make each access follow a Zipfian distribution [41].

We consider three different skew factors: (1) No skew (0), (1) Medium skew (0.8),
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and (3) High skew (0.999). As there is more contention with a larger skew factor,
the performance of both algorithms under both snapshot isolation and serializability
goes down. This is because the system has a higher abort rate when the work-
load becomes more contended. Meanwhile, both PT-OCC and LT-OCC have higher
throughput under snapshot isolation because of a lower abort rate and the paral-
lel locking and validation optimization as discussed in Section 4.4. Overall, both
PT-OCC and LT-OCC have about 20% higher throughput running under snapshot

isolation than serializability.

4.6.6 Effect of Epoch Size

We next study the effect of epoch size on both throughput and latency. We varied
the epoch size from 1 ms to 100 ms, and report the throughput and the latency at
the 99th percentile of PT-OCC on YCSB in Figure 4-11. The result of LT-OCC is
almost the same and is not reported.

When an epoch-based commit happens, the system uses a global barrier to guar-
antee that all writes of committed transactions are replicated across all replicas.
Intuitively, the system spends less time on synchronization with a larger epoch size.
As we increase the epoch size, the throughput of PT-OCC continues increasing and
levels off beyond 50 ms. The latency at the 99th percentile roughly equals to the
epoch size.

In summary, with an epoch size of 10 ms, the system can achieve more than 93%
of its maximum throughput (the one achieved with a 100 ms epoch size) and have a

good balance between throughput and latency.

4.6.7 Factor Analysis

At last, we study the effectiveness of each optimization technique in more details
through a factor analysis. We run the YCSB workload and report the result in
Figure 4-12.

We introduce one technique at a time to 2PC(Sync), in which PT-OCC and
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Figure 4-12: Factor analysis

LT-OCC use 2PC and synchronous replication. + Epoch(Async) refers to using epoch-
based commit and replication. However, we do not allow transactions to read from the
nearest replica in this setting. + LR refers to the technique that allows transactions
to read from the nearest replica. + SI refers to running transactions under snapshot
isolation. + PLV refers to the technique that allows locking and read validation in

parallel for snapshot transactions.
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From all optimization techniques above, + Epoch(Async) has the most significant
performance improvement — about 80% over 2PC(Sync). + SI has little impact on
the throughput, since the workload is not contended and running transactions under
snapshot isolation does not further improve the performance. However, + PVL is
still able to achieve about 16% higher throughput due to reduced round-trip delays.

Overall, PT-OCC and LT-OCC with all optimization techniques achieve up to 2x
higher throughput than the ones with 2PC(Sync).

4.7 Related Work

The design of COCO is inspired by many pieces of related work, including transaction

processing, consistency and replication.

4.7.1 Transaction Processing

The seminal survey by Bernstein et al. [7] summarizes classic distributed concur-
rency control protocols. As in-memory databases become more popular, there has
been a resurgent interest in transaction processing in both multicore processors [47,
54, 98, 106, 108] and distributed systems [20, 42, 59, 67, 87]. Many recent trans-
actional databases [21, 58, 98] employ epochs to trade latency for higher through-
put. Silo [98] reduces shared-memory writes through not detecting anti-dependencies
within epochs. Obladi [21] delays updates within epochs to increase system through-
put and reduce bandwidth cost. STAR [58] separates the execution of single-node
and distributed transactions and runs them in different epochs. COCO is the first to
leverage epochs to reduce the cost of two-phase commit (2PC) for distributed trans-
actions and achieves strong consistency between replicas with asynchronous writes.
Warranties [56] reduces coordination on read validation by maintaining time-based
leases to popular records, but writes have to be delayed. In contrast, LT-OCC in
COCO reduces coordination without penalizing writes. This is because writes in-

stantly make the read validity timestamps on old records expired.
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4.7.2 Replicated Systems

High availability is typically implemented through replication. Paxos [50] and other
leader-less consensus protocols such as EPaxos [66] are popular solutions to coor-
dinate the concurrent reads and writes to different copies of data while providing
consistency. Spanner [19] is a Paxos-based transaction processing system based on
a two-phase locking protocol. Each master replica initiates a Paxos protocol to syn-
chronize with backup replicas. The protocol incurs multiple round-trip messages for
data accesses and replication coordination. TAPIR [112] eliminates the overhead of
Paxos by allowing inconsistency in the storage system and building consistent trans-
actions using inconsistent replication. Ganymed [75, 76| runs update transactions
on a single node and propagates writes of committed transactions to a potentially
unlimited number of read-only replicas. In COCO, the writes of committed trans-
actions are asynchronously applied to each replica and transactions are allowed to
read from the nearest replica to reduce round-trip communication. Some recent sys-
tems [48, 60, 71, 107] optimize the latency and number of round trips needed to
commit transactions across replicas. MDCC [48] is an OCC protocol that exploits
generalized Paxos [51] to reduce the coordination overhead, in which a transaction
can commit with a single network round trip in the normal operation. Replicated
Commit [60] needs less round-trip communication by replicating the commit opera-
tion rather than the transactional log. In contrast, COCO avoids the use of 2PC and

treats an epoch of transactions as the commit unit that amortizes the cost of 2PC.

4.7.3 Consistency and Snapshot Isolation

Due to the overhead of implementing strong isolation, many systems use weaker iso-
lation levels instead (e.g., PSI [90], causal consistency [64], eventual consistency [94],
or no consistency [79]). Lower isolation levels trade programmability for performance
and scalability. In this chapter, we focus on serializability and snapshot isolation,
which are the gold standard for transactional applications. By maintaining multiple

data versions, TxCache [77] ensures that a transaction always reads from a consistent
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snapshot regardless of whether each read operation comes from the database or the
cache. Binning et al. [12] show how only distributed snapshot transactions pay the
cost of coordination. Serial Safety Net (SSN) [100] is able to make any concurrency
control protocol to support serializability by detecting dependency cycles. Rush-
Mon [88] reports the number of isolation anomalies based on the number of cycles in
the dependency graph, using a sampling approach. Similar, LT-OCC in COCO is also
able to detect concurrency anomalies when running snapshot transactions through a

simple equality check.

4.8 Summary

In this chapter, we presented COCO, a new distributed OLTP database, which en-
forces atomicity, durability and consistency at the boundaries of epochs. By sep-
arating transactions into epochs and treating a whole epoch of transactions as the
commit unit, COCO is able to address inefficiency found in conventional distributed
databases with two-phase commit and synchronous replication. In addition, the sys-
tem supports two variants of optimistic concurrency control (OCC) using physical
time and logical time with various optimizations, which are enabled by epoch-based
commit and replication. Our results on two popular benchmarks show that COCO
outperforms systems with conventional commit and replication schemes by up to a

factor of four.
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Chapter 5

Aria: A Fast and Practical
Deterministic OLTP Database

5.1 Introduction

Modern database systems employ replication for high availability and data partition-
ing for scale-out. Replication allows systems to provide high availability, i.e., tolerance
to machine failures, but also incurs additional network round trips to ensure writes
are synchronized to replicas. Partitioning across several nodes allows systems to scale
to larger databases. However, most implementations require the use of two-phase
commit (2PC) [65] to address the issues caused by nondeterministic events such as
system failures and race conditions in concurrency control. This introduces additional
latency to distributed transactions and impairs scalability and availability (e.g., due
to coordinator failures).

Deterministic concurrency control algorithms [35, 36, 96, 97| provide a new way
of building distributed and highly available database systems. They avoid the use of
expensive commit and replication protocols by ensuring different replicas always inde-
pendently produce the same results as long as the same input transactions are given.
Therefore, rather than replicating and synchronizing the updates of distributed trans-
actions, deterministic databases only have to replicate the input transactions across

different replicas, which can be done asynchronously and often with much less com-
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Figure 5-1: Comparison of Aria, BOHM, PWV, and Calvin

munication. In addition, deterministic databases avoid the use of two-phase commit,
since they naturally eliminate nondeterministic race conditions in concurrency control
and are able to recover from system failures by re-executing the same original input

transactions.

The state-of-the-art deterministic databases — BOHM [36], PWV [35], and Calvin [97]
— achieve determinism through dependency graphs or ordered locks. The key idea in
BOHM and PWYV is that a dependency graph is built from a batch of input transac-
tions based on the read/write sets. In this way, the database can produce determin-
istic results as long as the transactions are run following the dependency graph. The
key idea in Calvin is that read/write locks are acquired prior to executing the trans-
action, and according to the ordering of input transactions. A transaction is assigned
to a worker thread for execution once all needed locks are granted. As shown in the
left side of Figure 5-1, existing deterministic databases perform dependency analysis
before transaction execution, which requires that the read/write set of a transaction
be known a priori. For very simple transactions, e.g., that only access to records via
equality lookups on a primary key, this can be done easily. However, in reality, many
transactions access records through complex predicates over non-key attributes; for
such queries, these systems must execute the query at least twice: once to deter-
mine the read/write set, once to execute the query, and possibly more times if the
pre-determined read/write set changes between these two executions. In addition,
Calvin requires the use of a single-threaded lock manager per database partition,

which significantly limits the concurrency it can achieve.

In this chapter, we propose a new system, Aria, to address the limitations in

previous deterministic OLTP databases with a fundamentally different mechanism,
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which does not require any analysis or pre-execution of input transactions. Aria runs
transactions in batches. The key idea is that each replica runs an identical batch of
transactions on an identical database snapshot, and resolves conflicts in the same way;,
ensuring deterministic execution. As shown in the right side of Figure 5-1, each replica
reads from the current snapshot of the database and executes all transactions to com-
pletion in an ezxecution phase, and then chooses deterministically which transactions
should commit and which should abort to ensure serializability in a commit phase.
For good scalability and high transaction throughput, the serializability check in the
commit phase is performed in parallel on each transaction independently and no cen-
tral coordination is required. Aborted transactions will be scheduled for re-execution
at the beginning of the next batch. In this way, Aria can enforce determinism with-
out needing to know the read or write sets of input transactions in advance. Note
that although optimistic concurrency control (OCC) algorithms [49] also resolve con-
flicts after execution, transactions in OCC can commit in a non-deterministic order

depending on scheduling variations, which is fundamentally different from Aria.

We also introduce a novel deterministic reordering mechanism that brings a new
opportunity for reducing conflicts and improving the throughput of Aria. Unlike ex-
isting deterministic databases [36, 96] that execute transactions strictly following the
ordering of the input, our reordering mechanism allows Aria to commit transactions
in an order that reduces aborts. Furthermore, the reordering is done in parallel as a
part of the process of identifying aborted transactions and imposes minimal execution

overhead.

Our evaluation on a single multicore node shows that Aria outperforms conven-
tional nondeterministic concurrency control algorithms and state-of-the-art determin-
istic databases by a large margin on YCSB [18]. Further, Aria is able to achieve higher
transaction throughput by up to a factor of three with deterministic reordering on a
YCSB workload with skewed access. On a subset of TPC-C [1], in which more con-
flicts exist, Aria achieves competitive performance to PWV and higher performance
than all other deterministic databases. Our evaluation on a cluster of eight nodes

running on Amazon EC2 [2] shows that Aria outperforms Calvin by up to a factor of
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two on YCSB and TPC-C. Finally, we show Aria achieves near linear scalability to
16 nodes.

5.2 State-of-the-art Deterministic Databases

One way to achieve determinism is to allow only one thread to run transactions [69].
However, support for multiple threads in modern database systems is crucial, as
they allow hiding of I/O latency [8] and exploiting of multi-core parallelism [98].
More recently, deterministic protocols based on dependency graphs [35, 36] or or-
dered locks [96, 97| have been proposed to provide more parallelism while ensuring
determinism. Although the systems above take an important step towards building
deterministic databases, they still have one limitation that makes them impractical:
the dependency analysis requires that the read/write sets of a transaction (i.e., a
collection of primary keys) must be known a priori before execution. For transactions
with secondary index lookups or other data dependencies, it may not be possible
to determine reads/writes in advance. In such cases, a transaction must run over
the database to determine its read/write sets. The transaction then aborts and uses
these pre-computed read/write sets for re-execution. However, the transaction may
be executed multiple times if any key in the read/write sets changes during this re-
execution. We next discuss why the design of existing deterministic databases can
lead to undesirable performance.

BOHM, a single-node deterministic database, runs transactions in two steps. In
the first step, it inserts placeholders for the primary keys in each input transaction’s
write set along with the transaction ID (TID) into a multi-version storage layer. In the
second step, a transaction must read a particular version for each key in its read set —
the one with the largest TID up to the transaction’s TID — to enforce determinism.
When all the keys in a transaction’s read set are ready, the transaction can execute
and update the placeholders that were inserted earlier. To avoid contention when
inserting placeholders into the storage layer, each worker thread in BOHM scans all

input transactions to look for the primary keys for update in its own partition.
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PWV, a single-node deterministic database, first decomposes each input transac-
tion into a set of pieces (i.e., sub-transactions) such that each piece only reads from
or writes into one partition. It next builds a dependency graph, in which an edge
indicates conflicts between pieces within a partition, and uses it to schedule the exe-
cution of each piece to meet the requirement of both data dependencies and commit
dependencies. Different from BOHM, PWV commits the writes of each transaction
at a finer granularity of pieces instead of the whole transaction. In this way, later
transactions spend less time waiting to see the writes from earlier transactions at the

cost of a more expensive fine-grained dependency graph analysis.

Calvin, a distributed deterministic database, uses a single-threaded lock man-
ager to scan the input transactions and grants read /write locks based on pre-declared
read/write sets. Once all locks of a transaction are acquired, the lock manager next
assigns the transaction to an available worker thread for execution. Once the execu-
tion finishes, the worker thread releases the locks. The separate roles of lock manager
threads and worker threads increase the system’s overall synchronization cost, and
locks on one partition must be granted by a single lock manager thread. In machines
with many cores, it is difficult to saturate system resource with one single-threaded
lock manger, as many worker threads are idle waiting for locks. To solve this issue, the
database can be partitioned into multiple partitions per machine, but this introduces
additional overhead by introducing more multi-partition transactions with overhead
due to redundant execution [97]. For example, a transaction updating both y; and ys
to f(x) must run f(z) twice, if locks on y; and y, are granted by two different lock

mangers.

Note that both BOHM and PWYV enforce determinism through dependency graphs,
which are built before transaction execution. Calvin runs transactions following de-
pendency graphs as well, but it is achieved implicitly through ordered locks. We will
discuss how Aria achieves determinism and addresses the issues above in the following

sections.
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##i# the execution phase of batch i #i#i#
for each transaction T in batch i:
Execute(T, db)
ReserveWrite(T, writes)

### the commit phase of batch i #i##
for each transaction T in batch i:
Commit(T, db, writes)
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Figure 5-2: Execution and commit phases in Aria
5.3 System Overview

We now give a high level overview how Aria achieves deterministic execution. As in
existing deterministic databases, replicas in Aria do not need to communicate with
one another, and run transactions independently. This is because the same results will
always be produced under deterministic execution. Each transaction passes through
a sequencing layer and is assigned a unique transaction ID (TID). The TID indicates
a total ordering among transactions; by default it indicates the commit order of
transactions, but our deterministic reordering technique, which we will describe in

Section 5.5, may commit transactions in a different order.

Aria runs transactions in batches in two different phases: an execution phase and
a commit phase, separated by a barrier. Within a batch, each Aria replica runs trans-
actions in parallel and in any order with multiple worker threads. The transactions
are assigned to worker threads in a round-robin fashion. As shown in Figure 5-2; in
the execution phase, each transaction reads from the current snapshot of the database
and keeps the writes in a local write set. Unlike BOHM, Aria adopts a single-version
approach, even though it buffers writes for transactions until the end of a batch.
Once all transactions in the batch finish execution on a replica, it enters the com-
mit phase. The commit phase on a replica also runs on multiple worker threads, each

executing independently. In the commit phase, a thread aborts transactions that per-
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formed conflicting operations with earlier transactions, i.e., those with smaller TIDs.
For example, a transaction would abort if it reads a record modified by some earlier
transaction. Aborted transactions are automatically scheduled at the beginning of
the next batch for execution, unless the transaction is aborted explicitly (e.g., for vio-
lating some integrity constraint). If a transaction does not have conflicts with earlier
transactions, the system applies its changes to the database. Consider the example
in Figure 5-3, with four transactions in a batch. Transaction 75 has conflicts with 7.
To ensure serializability, transaction T, aborts and is scheduled at the beginning of
the next batch for execution. Note that i) each replica has identical state at the start
of each batch; ii) each replica commits transactions in the same order (no matter
which order workers run transactions in), and, iii) transactions within a batch never
see each other’s writes. Therefore, transactions across replicas will always read and
write the same values within a batch. In addition, each replica chooses to commit
and abort the same transactions. Thus Aria is deterministic.

In addition to resolving conflicts following the ordering of input transactions, Aria
uses a deterministic reordering technique that reduces conflicts in the commit phase.
For example, consider a sequence of n transactions, in which 7; reads record i and
updates record i 4+ 1, for 0 < ¢ < n. Thus, each transaction (except T}) reads a
record that has been modified by the previous transaction. Following the default
algorithm in Aria, the first transaction is the only transaction that can commit.
However, these “conflicting” transactions can still commit under the serial order 7,, —
T,.1 — -+ — Ti. With deterministic reordering, Aria does not physically reorder
the input transactions. Instead, it commits more transactions so that the results are

still serializable but equivalent to a different ordering.

5.4 Deterministic Batch Execution

In this section, we describe the details of how Aria runs transactions deterministically
in two phases, such that the serial order of committed transactions strictly follows

the ordering of input transactions. In Section 5.5, we will present the reordering
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Figure 5-3: Batch processing in Aria

technique to relax this constraint. We next give a proof to show that Aria produces
serializable results. We also show how transactions can run under snapshot isolation
with minor changes to the protocol. Finally, we discuss the phantom problem and

limitations.

5.4.1 The Execution Phase

During this phase, each transaction reads from the current snapshot of the database,
executes its logic, and writes the result to a local write set, as shown from line 1 to
line 3 in Figure 5-4. Since the changes made by transactions are kept locally and are
not directly committed to the database, the snapshot read by each transaction in the
execution phase is always the same.

Once a transaction finishes execution, it goes through its local write set and makes
write reservations for each entry in its write set, as shown from line 5 to line 7 in
Figure 5-4.

A write reservation on a previously reserved value can be made only when the
reserving transaction has a smaller TID than the previous reserver. If a reservation
from a larger TID already exists, the old reservation will be voided and a new reser-
vation with the smaller TID will be made. If a transaction cannot make a reservation,
the transaction must abort. In addition, the transaction can also skip the commit
phase as a performance optimization, since it knows at least one reservation is not
successful. Note that a transaction is not allowed to skip the rest of reservations due

to an earlier unsuccessful reservation and must continue making all reservations. This
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is because reservations are made in parallel by multiple worker threads and omitting
the rest of reservations will produce nondeterministic results.

We now use an example to show how transactions make write reservations.

Example 1. Consider the following three transactions: Ty: v =x+1, Ty: y=x—y,
and T3: x=x +y

The reservation table is initially empty. Transaction T} first makes reservations
for its writes. The reservation succeeds and the table now has an entry {z : Ti}.
Transaction T, then makes its reservation successfully by creating an entry {y : T}
in the reservation table. Finally, transaction T3 tries to make a reservation for record
x. Since record x has been reserved by transaction 77, and T3 has a larger TID,
the reservation fails and 73 must abort. Note that, even though we describe the
reservation process in a sequential manner, the whole process can be conducted in
parallel and in any order, and the same result will always be produced.

Once all transactions finish execution and reservations are made for writes, the

system enters the commit phase.

5.4.2 The Commit Phase

Aria separates concurrency control from transaction execution. During the commit
phase, each transaction is determined to commit or abort deterministically based on
the write reservations made in the execution phase. Aria does not require two-phase
commit to commit distributed transactions as in non-deterministic databases. The
reasons are twofold: (1) the write reservations made in the execution phase do not
affect the value of each record in the database, i.e., no rollback is required, and (2)
a transaction can always commit (i.e., by applying writes to the database) even a
failure occurs, since determinism guarantees that the same result is always produced
after re-execution.

We now introduce three types of dependencies that Aria uses to determine if a
transaction can commit or not: (1) transaction T; has a write-after-write (WAW)

dependency on transaction 7j if 7T; tries to update some record after 7 has updated
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it, (2) transaction 7; has a write-after-read (WAR) dependency on transaction 7
if 7} tries to update some record after 7} has read it, and (3) transaction 7; has a

read-after-write (RAW) dependency on transaction 7} if 7; tries to read some record

Function: Execute(T, db)
Read from the latest snapshot of db
Execute to compute T’s read/write set# (RS & WS)

Function: ReserveWrite(T, writes)
for each key in T.WS:
writes[key] = min(writes[key], T.TID)

Function: Commit(T, db, writes)
# T aborts if writes are not installed
if HasConflicts(T.TID, T.RS U T.WS, writes) == false:
Install(T, db)

Function: HasConflicts(TID, keys, reservations)
for each key in keys:
if key in reservations and reservations[key] < TID:
return true
return false

Function: Install(T, db)
for each key in T.WS:
write(key, db)

Figure 5-4: Execution and commit protocols in Aria

after T has updated it.

Aria decides if a transaction T; can commit or not by checking if it has certain
types of dependencies with any earlier transaction T}, Vj < i. There are two types of
dependencies that the system must check: (1) WAW-dependency: if 7; WAW-depends
on some 7j, it must abort. This is because the updates are installed independently
and more than one update goes to the same record, and (2) RAW-dependency: if
T; RAW-depends on some T}, it must abort as well, because it should have seen

T;’s write but did not. In contrast, it’s safe for a transaction to update some record
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that has been read by some earlier transaction. Thus, by default, Aria does not
check WAR-dependencies, however, WAR-dependencies can help reduce dependency
conflicts with deterministic reordering as will be noted in Section 5.5.

Note that by aborting transactions with WAW-dependencies or RAW-dependencies,
Aria ensures that the serial order of committed transactions is the same as the input

order.

Rule 1. A transaction commits if it has no WAW-dependencies or RAW-dependencies

on any earlier transaction.

Aria does not have to go through all earlier transactions to check WAW-dependencies
and RAW-dependencies. Instead, it uses a transaction’s read set and write set to
probe the write reservation table. Note that some transactions may have aborted
in the execution phase and can simply skip the commit phase, e.g., a reservation
on some write failed. As shown in Figure 5-4 (line 9 — 12), function HasConflicts
returns false when none of the keys in a transaction’s read set and write set exists
in the write reservation table. When no dependencies exist, the transaction commits
and all writes are applied to the database.

As in the execution phase, the process of checking dependencies can be done in
parallel and in any order for every transaction. Aborted transactions are automati-
cally scheduled at the beginning of the next batch for execution, unless the transaction
is aborted explicitly (e.g., violating some integrity constraint). The relative ordering
of aborted transactions is kept the same. As a result, every transaction can commit
eventually, since the first transaction in a batch always commits and the position of

an aborted transaction always moves forward across batches.

5.4.3 Determinism and Serializability

We now show how the system achieves determinism and serializability with batch

execution.

Theorem 1. Aria following Rule 1 enforces determinism and serializability.
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Determinism: In the execution phase, the system builds a write reservation table
given a batch of transactions. The reservation table is a collection of key-value pairs.
A key x is a record modified by some transaction and the value T is the transaction
that modifies record x with the smallest TID. Specifically, no matter what order

transactions execute in, the collection of key-value pairs always equals to
{{fz e WS : T €C(x)} | ID(T) <ID(T"),VT' € C(z)}

where WS indicates the union of the write sets of all transactions and C(z) indicates
a set of transactions that wrote record . We use ZD(T') to indicate transaction 7"s
TID.

In the commit phase, the reservation table does not change and is used by the
system to detect dependencies between transactions. Following the algorithm in Fig-
ure 5-4, whether a transaction will commit or abort depends only on its read/write
sets and the reservation table regardless of the order in which transactions run in
the commit phase. Since each replica runs an identical batch of transactions on an
identical database snapshot, different replicas will produce the identical read/write
sets and the reservation table. Therefore, Aria achieves determinism.

Serializability: The following proof is by contradiction.

Proof. (BY CONTRADICTION.) Assume the ordering of committed transactions is:
oo =T, = - =T, — ..., and the result produced by Aria is not serializable. Since
transactions are committed by multiple worker threads in parallel, there are two pos-
sible outcomes: (1) transaction 7}’s updates were overwritten by transaction 7;’s up-
dates, and (2) transaction 7; read transaction 7;’s writes. Since WAW-dependencies
do not exist, T;’s write set does not overlap with 7}’s, so concurrent transactions must
have updated different records. Similarly, since RAW-dependencies do not exist, the
values of records that transaction 7 read must be the same as in the original database

snapshot. By Rule 1, both outcomes lead to a contradiction. O

Thus, Aria without deterministic reordering commits transactions under conflict

serializability, and the result of the database is equivalent to running all committed
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transactions serially following the input order. Note that the properties enforced by

Aria are sufficient but not necessary for serializability.

5.4.4 Transactions under Snapshot Isolation

Transactions running under snapshot isolation (SI) do not have to follow a serial
order. Instead, a transaction is only required to run over some transactionally consist
snapshot of the database. This means that a transaction can commit as long as it
experiences no concurrent write-write conflicts, i.e., no WAW-dependencies exist.

In the snapshot isolation mode, Aria runs the same execution phase as in the
serializable mode. In the commit phase, the system only checks WAW-dependencies
and ignores all RAW-dependencies. Specifically, the second parameter of function

HasConflicts at line 11 of Figure 5-4 is changed from T.RS |J T.WS to T.WS.

Rule 2. A transaction commits under snapshot isolation if it has no WAW-dependencies

on any earlier transaction.

As a result, running all transactions as described in Rule 2 is equivalent to run-
ning all transactions concurrently under snapshot isolation in conventional OLTP
databases. Note that the result of the database is deterministic as well when Aria
runs under snapshot isolation. We omit a formal proof since it is similar to the one

presented in Section 5.4.3.

5.4.5 The Phantom Problem

The phantom problem [34] occurs within a transaction when the same query runs
more than once but produces different sets of rows. For example, concurrent updates
to secondary indexes can make the same scan query observe different results if it
runs twice. Serializability does not allow phantom reads. In Aria, secondary indexes
are implemented as regular tables that map secondary keys to a set of primary keys.
When an insert or a delete affects a secondary index, a reservation must be made in
the execution phase. All transactions that access the secondary index are guaranteed

to observe the updates to the index by checking RAW-dependencies in the commit
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Figure 5-5: Effect of barriers on performance

phase. Therefore, these reservations will cause aborts in the usual way, and and
phantoms cannot occur as a result of concurrent reads and inserts/deletes. Phantoms
are also possible in range queries (e.g., a table scan). However, standard techniques

such as multi-granularity locking [40] can be applied.

5.4.6 Limitations

In Aria, a previous batch of transactions must finish executing before a new batch
can begin, since a barrier exists across batches. The system could have undesirable
performance due to imbalanced workloads among transactions. Note that because we
use round-robin scheduling and execute many transactions in a batch, unless there are
very long running transactions, skew in transaction runtimes does not significantly
affect the overall runtime of a transaction.

We ran a YCSB workload (see Section 5.8 for more details) to study the effect
of imbalanced workloads on our current implementation. In this experiment, we uni-
formly distribute a fixed total amount of 20 ms delay across multiple transactions in a
batch. For example, each transaction has a delay of 2 ms if the total amount of delay
is distributed across ten transactions. In Figure 5-5, we plot the system’s performance
slowdown when the delay is distributed across different numbers of transactions. The
maximum throughput is measured when all transactions share the fixed amount of
delay (i.e., no stragglers or every transaction is a “straggler”). The results with dif-

ferent fixed total amount of delay follow the same trend and are not shown for clarity.
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In the extreme scenario when only a single transaction has a 20 ms delay (i.e., a
single straggler), the slowdown is about 81%. As the delay is distributed across more
transactions (i.e., more stragglers but each one has shorter delay), the slowdown goes
down. For example, when the delay is distributed across more than 100 transactions,

the slowdown is less than 20%.

5.5 Deterministic Reordering

The ordering of input transactions affects which transactions can commit within a
batch. In this section, we first introduce a motivating example, and then present
the deterministic reordering algorithm, which reduces aborts by transforming RAW-
dependencies to WAR-dependencies. Finally, we prove its correctness and give a
theoretical analysis of its effectiveness. In Section 5.6, we will discuss a fallback
strategy that Aria adopts when a workload suffers from a high abort rate due to

WAW-dependencies.

5.5.1 A Motivating Example

We use an example to show how the ordering of transactions changes which and how

many transactions can commit.

Example 2. Consider the following three transactions: Ty: y = x, Ty: 2z = y, and

T3: Printy + 2

As shown on the top of Figure 5-6, transaction 75 has a RAW-dependency on
transaction 77, since transaction 75 reads record y after transaction 77’s write. Fol-
lowing Rule 1, only transaction 7} can commit, since both transaction 7, and T3 have
RAW-dependencies. However, if we commit all three transactions, the result is still
serializable with an equivalent serial order: T35 — 15 — Tj.

The key insight is that by reordering some transactions, RAW-dependencies can
be transformed to WAR-dependencies, allowing more transactions to commit. This

is because our system does not require aborts as a result of WAR-dependencies.
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All transactions can commit
T,: Read(x); Write(y) @

T,: Read(y); Write(z)
Ti: Read(y); Read(z) @ @ :>

One of Ty, T, or T3 mustabort
T,: Read(x); Write(y)

T,: Write(x); Read(z) @‘
Tz: Read(y); Write(z) T; 1< @ :> @' @

—> shows WAR-dependency; shows RAW-dependency

Figure 5-6: Illustrating deterministic reordering

5.5.2 The Reordering Algorithm

By slightly modifying Rule 1, the reordering algorithm can commit more transactions

within a batch.

Rule 3. A transaction commits if two conditions are met: (1) it has no WAW-
dependencies on any earlier transaction, and (2) it does not have both WA R-dependencies

and RAW-dependencies on earlier transactions (those with smaller TIDs).

The pseudocode for this algorithm is given in Figure 5-7. Lines 5-10 encode the
checking of Rule 3. This code replaces the Commit function in Figure 5-4. Like the
algorithm presented in the previous section, this code can be run in parallel, allowing
each transaction to commit or abort based on its read/write set and the reservation
tables alone. Because this algorithm allows transactions with RAW-dependencies to
commit as long as they have no WAR-dependencies, it can result in a serial order
that is different from the input order. For example in Example 2 (shown on the
top of Figure 5-6), transaction 75 and 73 have RAW-dependencies, but there are no
WAR-dependencies, and all three transactions can commit with an equivalent order
Ts — Ty — T7.

WAW and RAW-dependencies are detected using the write reservation table as
described in Section 5.4. To support WAR-dependency detection, the system also
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needs to make read reservations in the execution phase as shown from line 1 to line
3 in Figure 5-7. With the read reservation table, for each record in the database,
the system knows which transaction first read it — i.e., the one with the smallest
TID. In the commit phase, a WAR-dependency will be detected if any key in a
transaction’s write set appears in the read reservation table and the read is from a
different transaction.

Read-only transactions: According to Rule 3, read-only transactions can commit
directly. This is because there are no WAW dependencies or WAR, dependencies.
Intuitively, it is equivalent to running all read-only transactions at the beginning of a
batch, since they do not modify the database. However, since Aria makes reservations
for a transaction’s reads as discussed earlier, these read reservations would introduce
unnecessary aborts (i.e., due to spurious WAR-dependencies) for other transactions.

As a result, Aria does not make read reservations for read-only transactions.

5.5.3 Proof of Correctness

We now show the correctness of our reordering algorithm.
Theorem 2. Aria following Rule 3 enforces determinism and serializability.

We next present two definitions for dependency graphs before presenting the proof

of Theorem 2.

Definition 1. Dependency graph: a directed graph whose vertices are transactions,
with edges between transactions with RAW-dependencies and WAR-dependencies, as

shown in the left side of Figure 5-6.

For ease of presentation, we do not consider transactions that have WAW-dependencies
on earlier transactions. They are always aborted in Aria and will be re-executed in
the next batch. An edge from transaction 7} to 7; indicates that T performed the
conflicting operation after T;. This is because conflicts are initially resolved in the
order of input transactions for all edges in the graph.

As shown in the right side of Figure 5-6, RAW-dependencies can be transformed to
WAR-dependencies by reversing the direction of edges in the transformed dependency
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graph. Reversing a RAW edge from transaction T} to T; effectively moves T} before
T; in the serial order, and thus creates a WAR-dependency from 7; to 7;. Based on
this, we define the transformed dependency graph.

Definition 2. Transformed dependency graph: o dependency graph with all RAW-

dependencies transformed to WAR-dependencies.

However, not all transactions can commit even with reordering, since a topological

ordering may not exist if there are cycles in the transformed dependency graph.

Example 3. Consider the following three transactions: Ty: y = x, Ty: x = z, and

T5: 2=y

As shown on the bottom of Figure 5-6, the transformed dependency graph is not
cycle free, and one of 17, T, or T3 must abort to achieve serializability. To commit
as many transactions as possible, we have to remove as few vertices (i.e., abort as
few transactions) as possible from the transformed dependency graph to make it
acyclic. This problem is well-known as the feedback vertex set problem! and is shown
NP-Complete [45].

Next, we show Aria effectively makes the transformed dependency graph acyclic

by applying Rule 3 with Lemma 1, which will be used to prove Theorem 2.

Lemma 1. The transformed dependency graph is acyclic after applying Rule 3.

Proof. (BY CONTRADICTION.) Assume the transformed dependency graph is not
acyclic. Hence, there must be a sequence of transactions that forms a cycle, i.e.,
T, —1T; = --- = T, — T;. Without loss of generality, we assume ¢ > j and ¢ > k.
In the transformed dependency graph, there is a WAR-dependency from transaction
T, to T;. Since i > k, this WAR-~dependency must be a RAW-dependency from
transaction 7; to T} in the original dependency graph. This is because dependencies
only exist from transactions with larger TIDs to those with smaller TIDs. Similarly,

the WAR-dependency from transaction 7; to 7; must be a WAR-dependency in the

LA feedback vertex set of a graph is a set of vertices whose removal leaves a graph without cycles.
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1|Function: ReserveRead(T, reads)

2 for each key in T.RS:

3 reads[key] = min(reads[key], T.TID)

4

5|Function: Commit(T, db, reads, writes)

6 # T aborts if writes are not installed

7 if WAW(T, writes):

8 return

9 if WAR(T, reads) == false or RAW(T, writes) == false:
10 Install(T, db)
11
12[Function: WAW(T, writes) = HasConflicts(T.TID, T.WS, writes)
13|Function: WAR(T, reads) = HasConflicts(T.TID, T.WS, reads)
14[Function: RAW(T, writes) = HasConflicts(T.TID, T.RS, writes)

Figure 5-7: Pseudocode for deterministic reordering

original dependency graph. Hence, transaction 7; has both WAR-dependency to 7}
and RAW-dependency to T} simultaneously. According to Rule 3, transaction T; does

not exist, which is a contradiction. O

We now give the proof to Theorem 2 by showing an acyclic transformed depen-

dency graph indicates that the transactions can commit with a serializable schedule.

Proof. If no cycles exist in the transformed dependency graph, there exists a topolog-
ical ordering O such that for every WAR-dependency from transaction 7; to T}, we
have O(T;) < O(T;). In addition, for any transaction T}, its read set does not overlap
with any earlier transaction’s write set. This is because only WAR-dependencies exist
in the transformed dependency graph. Hence, the serializable schedule is the same as
the topological ordering O and the effect of executing these transactions in parallel

is identical to that running them serially following the topological ordering O. O]

For example, the serializable schedule of the transformed dependency graph on the
top of Figure 5-6 is T} — Ty — T3, which is the same as the topological ordering. In
contrast, there is no equivalent serializable schedule to the transformed dependency

graph on the bottom of Figure 5-6, since it is not acyclic.
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5.5.4 Effectiveness Analysis

Suppose we have a table with 7 records. Let R and W be the number of read and
write operations in a transaction and assume each data access (i.e., a read or a write

operation) is independent and follows a uniform distribution.

We first analyze the probability that an operation does not access to a record
that has been updated by earlier transactions. If the operation is from transaction T;

(numbered from 0), we have

Pr(an operation has no conflicts) = (1 — —)"

and therefore,

=

Pr(— WAW-dependencies exist) = (1 — —)"V

e

Pr(— RAW-dependencies exist) = (1 — —)"*
likewise, we have

R ..
Pr(—= WAR-dependencies exist) = (1 — 7—_)ZW

since WAR-dependencies depend on the number of read operations from earlier trans-

actions.

According to Rule 1, transaction T; can commit if it does not have any WAW-

dependencies or RAW-dependencies:

Pr(T; commits) = Pr(— WAW-dependencies exist) *

Pr(— RAW-dependencies exist)
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The commit rule can be relaxed by Rule 3. With deterministic reordering, we have

Pr(7; commits with deterministic reordering)
= Pr(-~ WAW-dependencies exist) * {1
—[1 — Pr(—~ WAR-dependencies exist)]

#[1 — Pr(— RAW-dependencies exist)] }

For the sake of completeness, we give the probability that a transaction can commit

under snapshot isolation (SI) according to Rule 2 as well:
Pr(T; commits under SI) = Pr(—= WAW-dependencies exist)

where read-write conflicts are not detected.

Our deterministic reordering algorithm allows each transaction to execute con-
currently without coordination, even though a serial but more expensive reordering
algorithm could potentially produce a better schedule to reduce more aborts. Note
that aborting more transactions than are strictly needed to improve performance is
a tried and true technique: i.e., using a coarser granularity of locking creates false
sharing, resulting in unnecessary aborts, but can improve performance as fewer locks

need to be tracked.

5.6 The Fallback Strategy

Because Aria does not need to determine read/write sets up front, and can run in
parallel on multiple threads within a replica, it provides superior performance to
existing deterministic databases when there are few RAW-dependencies and WAW-
dependencies between transactions in a batch. The deterministic reordering opti-
mization can transform RAW-dependencies to WAR-dependencies, allowing many of

conflicting transactions to commit under serializability.

In this section, we discuss a fallback strategy that Aria adopts when a workload
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suffers from a high abort rate due to WAW-dependencies, e.g., two transactions up-
date the same record. The key idea is that we add a new fallback phase at the end of
the commit phase and re-run aborted transactions following the dependencies between
conflicting transactions. As discussed in Section 5.3, each transaction reads from the
current snapshot of the database in the execution phase and then decides if it can
commit in the commit phase. The observation here is that each transaction knows its
complete read/write set when the commit phase finishes. The read/write set of each
transaction can be used to analyze the dependencies between conflicting transactions.
Therefore, many conflicting transactions do not need to be re-scheduled in the next
batch. Instead, Aria can employ the same mechanism as in existing deterministic

databases to re-run those conflicting transactions.

In our current implementation, we use an approach similar to Calvin, which natu-
rally supports distributed transactions, although any deterministic concurrency con-
trol is potentially feasible. In the fallback phase, some worker threads work as lock
managers to grant read/write locks to each transaction following the TID order. A
transaction is assigned to one of the available worker threads, and executes against
the current database (i.e., with changes made by transactions with smaller TIDs)
once it obtains all locks. After the transaction commits, it releases all locks. As long
as the read/write set of the transaction does not change, the transaction can still
commit deterministically. Otherwise, it will be scheduled and executed in the next

batch in a deterministic fashion.

The original design of Calvin uses only one thread to grant locks in the pre-
determined order. However, on a modern multicore node, this single-threaded lock
manager cannot saturate all available workers [81]. To better utilize more CPU
resources, our implementation uses multiple lock manager threads to grant locks.
Each lock manager is responsible for a different portion of the database. Our new
design is logically equivalent to but more efficient than the original design [97], which
ran multiple Calvin instances on a single node. This is because worker threads now

communicate with each other through shared memory rather than sockets.

A moving average of the abort rate in a workload is monitored by the sequencing
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layer. When the abort rate exceeds the threshold, the sequencing layer determin-
istically switches the system to using the fallback, and then turns off the fallback
when the abort rate drops. Note that the fallback strategy guarantees that Aria is
at least as effective as existing deterministic databases in the worst case, since non-
conflicting transactions only run once. However, existing deterministic databases run
input transactions at least twice: once to determine the read/write set, and once to

execute the query.

5.7 Implementation

We now describe the data structures used to implement Aria and how the system

supports distributed transactions and provides fault tolerance across multiple replicas.

5.7.1 Data Structures

Aria is a distributed in-memory deterministic OLTP database. It provides a re-
lational model, where each table has a pre-defined schema with typed and named
attributes. Clients interact with the system by calling pre-compiled stored procedures
with different parameters, as in many popular systems [97, 98, 105]. A stored proce-
dure is implemented in C++, in which arbitrary logic (e.g., read/write operations)
is supported. The system targets one-shot and short-lived transactions and does not
support multi-round and interactive transactions. It does not provide a SQL interface.

Each table has a primary key and some number of attributes. Tables are currently
implemented as a primary hash table and zero or more secondary hash tables as
indexes, meaning that range queries are not supported. This could be easily adapted
to tree structures [11, 62, 103]. A record is accessed via probing the primary hash
table. For secondary lookups, two probes are needed, one in a secondary hash table
to find the primary key of a record, followed by a lookup in the primary hash table.

As discussed in previous sections, a transaction makes reservations for reads and
writes in the execution phase, which are used for conflict detection in the commit

phase. Essentially, these reservations are collections of key-value pairs. The key is the
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template <class type> using value type = std::tuple<uint64 t, uint64 t, type>;

Batch ID [63...1] | Lock Bit [0] Read TID [63...32] | Write TID [31 ... 0]

Figure 5-8: Per-record metadata format in Aria

primary key of the table that a transaction accesses and the value is the transaction’s
TID. Since these key-value pairs are table specific, we record the TID value along
with the batch ID with two 64-bit integers and attach them to each record in the
table’s primary hash table, as shown on the top of Figure 5-8.

These two 64-bit integers are used to keep track of reservations. The format is
shown on the bottom of Figure 5-8. The first 64-bit integer (except the lowest bit) is
used to keep track of the batch ID that a reservation belongs to. The second 64-bit
integer — 32 bits for read and 32 bits for write — is used to keep track of the TID
of the transaction that makes the reservation. If a read or a write reservation comes
with a larger batch ID, both integers will be overwritten directly. For example, a
read reservation with a larger batch ID will update the batch 1D, the read TID, and
set the write TID to zero. Note that we use zero to indicate a record has not been
read or written. Otherwise, the read TID or the write TID is compared with the
transaction’s TID. If the transaction’s TID is smaller, meaning it appears earlier in
the batch, the corresponding read TID or write TID is updated. Since the per-record
metadata is maintained in two 64-bit integers, we use the lowest bit of the first integer

as a lock bit to isolate concurrent updates between multiple worker threads.

5.7.2 Distributed Transactions

Aria supports distributed transactions through partitioning. Each table is horizon-
tally partitioned across all nodes and each partition is randomly hashed to one node.
Note that the sequencing layer is allowed to send transactions to any node for exe-
cution. However, if a transaction was sent to the node having most data it accesses,
network communication could be reduced. In real scenarios, the partitions that a

transaction accesses can be inferred from the parameters of a stored procedure in
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some cases (e.g., the New-Order transaction on TPC-C). Otherwise, the transaction
can be send to any node in Aria for execution.

As discussed earlier, the execution phase and the commit phase are separated with
barriers. In the distributed setting, these barriers are implemented through network
round trips. For example, a designated coordinator (selected from among all nodes)
decides that the system can enter the commit phase once all nodes finish the execution
phase.

In the execution phase, a remote read request is sent, when a transaction reads a
record that does not exist on the local node. Similarly, read /write reservation requests
are also sent to the corresponding nodes. In the commit phase, network communica-
tion is also needed to detect conflicts among transactions. Note that worker threads
within the same node do not communicate by exchanging messages. Instead, all
operations are conducted directly in main memory. Aria batches these requests to
reduce latency and improve the network’s performance. Once a transaction commits,
write requests are also batched and sent to remote nodes to commit changes to the

database.

5.7.3 Fault Tolerance

Fault tolerance is significantly simplified in a deterministic database. This is because
there is no need to maintain physical undo/redo logging, instead, the system only
needs to make input transactions durable in the sequencing layer. In addition, replicas
do not communicate with one another, meaning global barriers do not exist across
replicas. We now discuss when the result of a transaction can be released to the client
and how checkpointing works.

Every transaction first goes to the sequencing layer, in which it is assigned a
batch ID and a transaction ID. The sequencing layer next forwards the same input
transactions to all replicas. We next discuss how the sequencing layer communicates
with one replica, since the mechanism is the same for all replicas. Before the execution
phase begins, each node within a replica will receive a different portion of a batch of

transactions. Once all transactions finish execution, the replica communicates with
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the sequencing layer again, notifying it the result of each transaction. If a transaction
aborts due to conflicts, the sequencing layer will put the transaction into the next
batch.

The result of a committed transaction can be released to the client as soon as it
commits in the commit phase. This is because its input was durable before execution.
Once a failure occurs, every transaction will run again and commit in the same order
due to the nature of deterministic execution.

To bound the recovery time, the system can be configured to periodically check-
point the database to disk. During a checkpoint, a replica stops processing the trans-
actions and saves a consistent snapshot of the database to disk. As long as there is
more than one replica, clients are not aware of the pause when checkpoints occur,
since each replica can checkpoint independently and transactions are always run by
the system through other available replicas. On recovery, a replica loads the latest
checkpoint from disk to the database and replays all transactions since the check-

point.

5.8 Evaluation

In this section, we evaluate the performance of Aria focusing on the following key
questions:
e How does Aria perform compared to conventional deterministic databases and

primary-backup databases?

What is the scheduling overhead of Aria?

How effective is the deterministic reordering?

How does batch size affect throughput and latency?

How does Aria scale?

5.8.1 Experimental Setup

We ran our experiments on a cluster of m5. 4x1large nodes running on Amazon EC2 [2].

Each node has 16 2.50 GHz virtual CPUs and 64 GB RAM running 64-bit Ubuntu

126



18.04 with Linux kernel 4.15.0 and GCC 7.3.0. The nodes are connected with a 10
GigE network.

To avoid an apples-to-oranges comparison, we implemented the following concur-
rency control protocols in C++ in the same framework: (1) Aria: our algorithm with
deterministic reordering. The fallback strategy is disabled, (2) AriaFB: different
from Aria, AriaFB always uses the fallback strategy to re-run aborted transactions,
(3) BOHM: a single-node MVCC deterministic database using dependency graphs
to enforce determinism [36], (4) PWV: a single-node deterministic database that
enables early write visibility [35], (5) Calvin: a distributed deterministic database
using ordered locks to enforce determinism [97], and (6) PB: a conventional non-

deterministic primary-backup replicated database.

Our implementation of Calvin has the same optimization as in the fallback phase
of Aria and we use Calvin-z to denote the number of lock manager threads. The
concurrency control protocol used in PB is strict two-phase locking (S2PL). We use
a NO_WAIT deadlock prevention strategy, which previous work has shown to be the
most scalable protocol [42]. Transactions involving multiple nodes are committed with
two-phase commit [65]. PB uses synchronous replication to prevent loss of durability
in high-throughput environments. In synchronous replication, locks on the primary
are not released until the writes are replicated on the backup. A transaction commits

only after the writes are acknowledged by backups.

We use two popular benchmarks, YCSB [18] and a subset of TPC-C [1], to study
the performance of Aria. These benchmarks were selected because they are all key-
value benchmarks where it is possible for existing deterministic databases to pre-
compute read/write sets. Many other workloads cannot easily run on them due to
the need for this pre-computation. The Yahoo! Cloud Serving Benchmark (YCSB)
is designed to evaluate the performance of key-value systems. There is a single table
with ten columns. The primary key of the table is a 64-bit integer and each column
has ten random bytes. To make it a transactional benchmark, we wrap operations
within transactions [102, 108]. By default, each transaction has 10 operations. The

TPC-C benchmark models an order processing application, in which customers place
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orders in one of ten districts within a local warehouse. We support the New-Order
and the Payment transaction in this benchmark. 88% of the standard mix consists
of these two transactions. The other three transactions require range scans, which
are currently not supported. By default, there are 10% New-Order and 15% Payment
transactions that access multiple warehouses. On average, one NewOrder transaction

is followed by one Payment transaction.

We run 12 worker threads and 2 threads for network communication on each node.
Note that, in Calvin-z, there are = worker threads granting locks and 12-x worker
threads running transactions. By default, we set the number of partitions equal to
the total number of worker threads in the cluster, meaning there are 12 partitions on
each node. This is because existing deterministic databases [35, 36, 97] require the
use of partitionings to use multiple worker threads for better performance. In YCSB,
the number of keys per partition is 40K. In TPC-C, the database is partitioned by

warehouse and the number of partitions is equal to the number of warehouses.

There is no sequencing layer in our experiments. This is because the sequencing
layer is the same in all deterministic databases, and adding the sequencing layer or not
does not affect our experimental conclusions. To measure the maximum performance
that each system is able to achieve, we use a built-in deterministic workload generator
to get an ordered batch of transactions on each node. Transactions are run under

serializability. All reported results are the average of ten runs.

We only measure the performance of Aria, AriaFB, BOHM, PWV, and Calvin
at one replica, since all replicas achieve comparable performance. We consider two
variations in our experiments: (1) a single-node setting, used in from Section 5.8.2
to Section 5.8.5, and (2) a multi-node setting (i.e., a cluster of eight nodes), used
in Section 5.8.6 and 5.8.8. In all deterministic databases, we set the batch size to
1K on YCSB and 500 on TPC-C in the single-node setting, and 80K on YCSB and
and 4K on TPC-C in the multi-node settings. These parameters ensure the database
to achieve the best performance. For PB, a dedicated backup node stands by for
replication in the single-node setting. In the multi-node setting, each partition has a

primary partition and a backup partition, which are always assigned to two different
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5.8.2 YCSB Results

We first study the performance of each system on the YCSB benchmark. We run a
workload mix of 80/20, meaning each access in a transaction has an 80% probability
of being a read operation and a 20% probability of being an update operation. All
accesses follow a uniform distribution, which makes most transactions multi-partition
transactions.

We use two variants of YCSB: (1) YCSB-A: each read/write is independent, and
(2) YCSB-B: the value of a write depends on all reads. Note that only PWV is
sensitive to the two variations above, which affect when the writes of a transaction
are visible to other transactions. In contrast, conflict detection or dependency analysis
stays the same for Aria, AriaFB, BOHM and Calvin. Likewise, PB always acquires all
read /write locks before execution and only releases them when a transaction commits.
In this experiment, we use PWV-A and PWV-B to denote the performance of PWV
on the two variations above respectively. For other systems, the results on YCSB-A
and YCSB-B are the same and we only report the result on YCSB-A.

We report the results in Figure 5-9. AriaFB has a slightly lower throughput than
Aria, since the abort rate in this workload is about 0.4% and the overhead of the
fallback strategy exceeds its benefits. PWV on YCSB-A performs the best among all

baselines, since each read/write is independent and it allows early write visibility. In
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contrast, PWV has much lower throughput on YCSB-B, since a write is only visible
to other transactions when all reads are finished. BOHM has the second highest
throughput, but the overhead of managing multiple versions of each record makes it
achieve only two thirds of Aria’s throughput. The performance of Calvin depends on
the number of threads used for granting locks. One lock manager fails to saturate the
system. Calvin achieves the best performance when two lock managers are used in
this workload. PB’s throughput is about 11% of Aria’s throughput. This is because
one network round trip is needed in PB for each transaction with write operations
due to synchronous replication. In our test environment, the round trip time is about
100 ps.

Overall, Aria achieves 1.1x, 1.6x, 1.4x, 3.3x, 2.4x and 10.3x higher throughput
than AriaFB, BOHM, PWV-A, PWV-B, Calvin and PB on YCSB, respectively.

5.8.3 Scheduling Overhead

We now study the scheduling overhead of each concurrency control algorithm. In this
experiment, we use the same YCSB workload as in Section 5.8.2, but all transactions
access only one partition. This is because H-Store [91] has minimal overhead in
concurrency control when transactions do not span partitions.

We first compare Aria with our implementation of H-Store in the same framework,
which can be used to estimate the upper bound of the transaction throughput that a
workload can achieve. We report the result in Figure 5-10(a) and observe that Aria
achieves about 75% of H-Store’s throughput.

Second, we show a performance breakdown on Aria in Figure 5-10(b). There
are three steps in the execution phase, namely, (1) reading the database snapshot,
(2) computing the transaction logic, and (3) making reservations. Note that Aria
uses read/write reservations to achieve determinism and serializability. Therefore, we
consider the third step to be the scheduling overhead, which is about 7.4%.

Third, we show the scheduling overhead of each deterministic concurrency con-
trol in Figure 5-10(c). Existing deterministic databases run transactions following

a dependency graph, meaning there exists a scheduling overhead in each algorithm.
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Figure 5-10: A study of scheduling overhead on each system on YCSB

(e.g., the waiting time wasted in each worker thread). In addition, we consider the
time spent on each lock manager in Calvin and the time spent on dependency graph
construction in BOHM and PWYV to be scheduling overhead. The time spent on place-
holder insertion and garbage collection in BOHM is also considered to be scheduling
overhead. Among all algorithms, Aria and PWV-A have the lowest scheduling over-

head, which partially explains why they have the best performance in Figure 5-9.

5.8.4 Effectiveness of Deterministic Reordering

In this section, we study the effectiveness of the deterministic reordering technique
introduced in Section 5.5. There are many factors that influence the effectiveness of
this technique, such as the percentage of read-only transactions, access distribution,
the database size, and the read/write ratio. In this experiment, we ran the same

workload as in Section 5.8.2, but varied the skew factor [41] from 0 (i.e. uniform
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Figure 5-11: Effectiveness of deterministic reordering

distribution) to 0.999 in the workload. Aria w/o D.R. shows the performance of Aria
without deterministic reordering. For clarity, in this experiment and all following
experiments, we only report the performance of Calvin with the optimal number of
lock managers.

We first study the effect of the skew factor on Aria. As shown in Figure 5-11,
the throughput goes down when the we increase the skew factor. For example, when
the skew factor is 0.999, Aria achieves only 39% of its original throughput when
there is no skew. This is because a larger skew factor leads to a higher abort rate
due to conflicts and many transactions have to be re-run multiple times. Similarly,
a transaction has more difficulty getting read/write locks in PB as the skew factor
increases. For this reason, the throughput of PB is only about 20% of the original
throughput when there is no skew. BOHM and Calvin also have lower throughput
when the skew factor is larger due to less parallelism. However, PWYV is less sensitive
to the skew factor due to its early write visibility mechanism. The throughput of
Aria is lower than PWV-A and BOHM when the skew factor is larger than 0.8 and
0.9 respectively.

We also report the result of AriaFB in this experiment. When the skew factor is
small, AriaFB achieves slightly lower throughput than Aria, since it’s more efficient
to simply retry the aborts in the next batch than re-running the aborts with the
fallback strategy. As we increase the skew factor, AriaF'B achieves higher throughput
than Aria w/o D.R., but it is still slower than Aria, showing the effectiveness of

our reordering technique. Under high skew, AriaFB achieves similar throughput to
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Figure 5-12: Performance on TPC-C

Calvin, since most transactions are executed using the fallback strategy.

We now study how much performance gain Aria can achieve with deterministic
reordering. When each access follows a uniform distribution, deterministic reordering
achieves similar throughput to the one without deterministic reordering. This is
because there are few conflicts and the number of aborts is low. Note that the
deterministic reordering mechanism does not slow down the system even though when
the contention is low. As we increase the skew factor in the workload, more conflicts
exist and Aria with deterministic reordering achieves significantly higher throughput.
For example, when the skew factor is 0.999, Aria achieves 3.0x higher throughput
than Aria w/o D.R. .

Overall, the deterministic reordering technique is effective to reduce aborts due to

RAW-dependencies, making Aria achieve higher throughput than AriaFB on YCSB.

5.8.5 TPC-C Results

We next study the performance of each system on TPC-C. In this experiment, we
varied the number of partitions (i.e., the number of warchouses) from 1 to 180. As
shown in Figure 5-12, all other deterministic databases have stable performance when
the number of partitions exceeds 12, since the maximum parallelism is achieved when
each thread has one partition on TPC-C. The throughput of Aria goes up as more
partitions exist due to fewer conflicts. When the number of partitions is 180, Aria

achieves 85% of the throughput of PWV.
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Figure 5-13: Performance of each system on YCSB and TPC-C in the multi-node
setting

Note that there are contended writes in TPC-C, i.e., writes made on the d_ytd
field in the district table, making Aria perform worse when there are a small number of
warehouses. However, AriaFB can commit non-conflicting transactions in the normal
commit phase and re-run conflicting transactions with the fallback strategy, making it
achieve the best of both worlds. Therefore, the throughput of AriaFB always exceeds
both Aria and Calvin on TPC-C.

In summary, with 180 partitions, Aria achieves 1.9x, 1.2x and 7.4x higher through-
put than BOHM, Calvin and PB respectively and has comparable throughput to
PWYV, which enables early write visibility but requires complex transaction decom-

position.
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5.8.6 Results on Distributed Transactions

In this section, we study the performance of Aria, AriaFB, Calvin, and PB in a multi-
node setting using 8 Amazon EC2 [2] instances. We omit the results of BOHM and
PWYV, which are designed to be single-node deterministic databases.

We first ran a YCSB workload with a varying percentage of multi-partition trans-
actions and report the results in Figure 5-13(a). In this experiment, a multi-partition
transaction only accesses two partitions. Different from the single-node setting, the
throughput of all approaches goes down with more multi-partition transactions. This
is because more network communication occurs. In addition, AriaFB has lower
throughput than Aria, since there are two more barriers per batch when the fallback
strategy is employed. In summary, Aria achieves up to 1.4x higher throughput than
AriaFB, 1.6x - 2.1x higher throughput than Calvin and 2.7x - 4.1x higher throughput
than PB on YCSB.

We also ran a workload of TPC-C and report the result in Figure 5-13(b). We set
the number of partitions (i.e., the number of warehouses) to 108 per node, meaning
there are 864 partitions in total. Aria achieves higher throughput than Calvin when
more multi-partition transactions exist. This is because more work needs to be done
in multi-partition transactions in Calvin as discussed in Section 5.2. In addition,
Aria and AriaFB achieve similar throughput in this workload, since the performance
gain from the fallback strategy is about the same as the overhead of two additional
barriers. Overall, Aria achieves up to 1.7x higher throughput than Calvin and up to
2x higher throughput than PB on TPC-C.

5.8.7 Effect of Batch Size

We next study the impact of batch size on the throughput and the latency on a
YCSB workload in both single-node and multi-node settings. In Aria, the batch size
determines on average how many transactions abort and must re-run within a batch.
A smaller batch size leads to a lower abort rate and lower latency, but may introduce

high synchronization cost on barriers. A larger batch size reduces the synchronization
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Figure 5-14: Throughput and latency of Aria on YCSB in both single-node and
multi-node settings

cost but leads to a higher abort rate and higher latency.

In Figure 5-14(a), we show the throughput of Aria in the single-node setting. The
throughput goes down as the batch size becomes larger, since more transactions abort
and must re-run. Figure 5-14(b) shows the latency of Aria in the single-node setting.

Intuitively, a longer latency is expected with a larger batch size.

Figure 5-14(c) and Figure 5-14(d) show the throughput and the latency of Aria
in the multi-node setting. In the distributed setting, a smaller batch size does not
necessarily guarantee higher throughput due to the cost of synchronization. For
example, Aria achieves the highest throughput when the batch size is 80K. The result

on latency in the distributed setting is similar to that in the single-node setting, i.e.,

Aria has longer latency with a larger batch size.

136



—0— 0% 1% —4— 5% 10% —— 20%

S 12Mm

3 _

@ L

] _

S 8My

E

o 4MF -3

o)) | ‘/ e ®

5 //

= 0 4 6 8 10 12 14 16

# of nodes - batch size: 10K * # of nodes

Figure 5-15: Scalability of Aria on YCSB

5.8.8 Scalability Experiment

Finally, we study the scalability of Aria. We ran the same YCSB workload as in
Section 5.8.2, but we scale the number of partitions from 24 to 192. The batch size
is set to 10K times by the number of nodes. We report the results on five different
configurations in Figure 5-15, in which 2% denotes the percentage of multi-partition
transactions. Again, a multi-partition transaction accesses only two partitions. We
can observe that Aria achieves almost linear scalability in all configurations. For
example, it achieves around 6.3x higher throughput with 16 nodes compared to the

one with 2 nodes when 10% multi-partition transactions exist.

5.9 Related Work

Aria builds on many pieces of related work for its design, including transaction pro-

cessing, highly available systems, and deterministic databases.

5.9.1 Transaction Processing

There has been a resurgent interest in transaction processing, as both scale-up multi-
core databases [30, 47, 54, 70, 98, 106, 108] and scale-out distributed databases [20, 42,
53, 59, 67, 68, 91] are becoming more popular. Silo [98] avoids shared-memory write
by dividing time into short epochs and each thread generates its own timestamp by

embedding the global epoch. Aria uses a similar batch-based execution model to run
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transactions. Aria deterministically detects conflicts in a separate commit phase after
all transactions finish execution. Doppel [70] allows different orderings of updates
as long as updates are commutative. Aria can be extended to support commutative
updates as well to reduce conflicts between transactions. More recent database sys-
tems [16, 32, 104, 105] build on RDMA and HTM. Aria can use RDMA to further

decrease the overhead of network communication and barriers across batches.

5.9.2 Highly Available Systems

Modern database systems support high availability, such that an end user does not
experience any noticeable downtime when a subset of servers fail. High availability
is usually achieved through replication [14, 39, 85, 99], which itself can be either
asynchronous [17, 25] or synchronous [46]. Asynchronous replication reduces latency
during replication by sacrificing consistency when failures occur. For this reason,
synchronous replication which enables strong consistency is becoming more popu-
lar [19, 60].

Many recent protocols [78, 92, 101] are developed with high availability in mind.
TAPIR [112] builds consistent transactions through inconsistent replication. SiloR [113]
uses parallel recovery via value replication, in which logs can be replayed in any or-
der. Most existing work above achieves high availability through shipping the output.
Instead, Aria achieves high availability through replicating the input and running

transactions deterministically across replicas.

5.9.3 Deterministic Databases

The design of deterministic database systems dates back to the late 1990s [43, 69].
Each replica achieves consistency through a deterministic scheduler that produces
exactly the same thread interleaving [43]. As more systems favor full ACID properties,
deterministic systems have attracted a great deal of attention recently [4, 37, 82, 83,
84, 96]. Existing deterministic databases [35, 36, 97| require that the read set and

write set of a transaction must be known a priori. Hyder [9], FuzzyLog [57] and
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Tango [6], unlike conventional deterministic databases [35, 36, 97], allow each node
to read the same database via a shared log, which establishes a global order across
all updates. However, the result could be different if multiple shared-log systems
are deployed independently. Instead, conventional deterministic databases always

produce the same result given the same input transactions.

5.10 Summary

In this chapter, we presented Aria, a new distributed and deterministic OLTP database.
By employing deterministic execution, Aria is able to efficiently run transactions
across different replicas without coordination, and without prior knowledge of read
and write sets as in existing work. The system executes a batch of transactions against
the same database snapshot in an execution phase, and then chooses deterministically
the ones that should commit to ensure serializability in a commit phase. We also pro-
pose a novel deterministic reordering mechanism so that Aria commits transactions in
an order that reduces the number of conflicts. Our results on two popular benchmarks
show that Aria outperforms systems with conventional nondeterministic concurrency
control algorithms and state-of-the-art deterministic databases by a large margin on

a single node and up to a factor of two on a cluster of eight nodes.
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Chapter 6

Discussion

In previous chapter, we presented the design of three different systems we have built
to address the inefficiency and limitations of existing distributed databases. In this
chapter, we discuss the tradeoffs of conventional designs and our proposed systems,

and summarize the key features of each design in Table 6.1.

6.1 Conventional Designs

The most common way to run transactions in distributed databases is to use two-
phase commit (2PC). To keep replicas strongly consistent, synchronous replication is
used. Although some systems adopt asynchronous replication to achieve higher per-
formance, ACID properties are often sacrificed and we do not consider these systems
in this chapter.

Systems based on conventional designs provide almost linear horizontal scalability
on partitionable workloads, i.e., higher throughput can be achieved by adding more
nodes to the cluster of the database. In addition, such systems also support most
types of workload from the perspective of application developers. For example, they
provide support for interactive transactions.

In terms of latency and throughput, these systems provide lower commit latency,
since each transaction can commit independently. This feature makes such systems a

popular choice when workloads demand low commit latency (e.g., real time applica-
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Table 6.1: A summary of conventional designs, STAR, COCO and Aria

Conventional

Designs

Scale out Linear Sublinear Linear Linear

Deterministic No No No Yes
Write latency High Low Medium Medium
Commit latency Low High High High
Replication cost High Workload dependent High Low
Transaction throughput Low High High High
L ) A Yes Yes (May hurt performance)  Yes (May hurt performance) No
support
Single-node & Both Distributed deployment only Both Both

distributed deployment

tions). However, the throughout is impaired due to 2PC and synchronous replication.
For example, a write is always associated with at least one network round trip. In ad-
dition, replication is usually achieved through replicating the output of transactions,

which consumes much network bandwidth.

6.2 STAR

STAR outperforms databases based on conventional designs with only a few nodes
(e.g., less than ten nodes) in a cluster, as long as a single node in the cluster can
hold an entire copy of the database. Since STAR has sublinear scalability, we expect
that its performance can be exceeded by conventional databases but with much more
nodes, e.g., tens of nodes in a cluster.

In addition, due to the phase-switching algorithm, transactions in STAR always
write to the local database and apply writes to replicas in an asynchronous way.
Depending on the workload, some optimizations are possible during replication (e.g.,
replicating the operations of transactions rather than values) in the partitioned phase,
reducing the pressure on network. STAR can achieve the best of both worlds (i.e.,
partitioning-based systems and non-partitioned systems) as long as a workload con-
sists of both single-partition transactions and distributed transactions. However, if

a workload consists of only single-partition transactions or distributed transactions,
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although not very likely, STAR is not a good fit and application developers should

choose other designs.

Note that STAR can support interactive transactions but performance may be
impaired. This is because a transaction must finish execution before the system
switches from one phase to another phase. If an interactive transaction is a long
running transaction (e.g., a transaction having increased latency due to multiple

round communication), the throughput of STAR will be greatly impacted.

Finally, STAR cannot be deployed on a single node, since it requires two types of

replicas in a cluster.

6.3 COCO

COCO outperforms databases based on conventional designs by grouping transactions
into epochs and treating epochs as commit units. In this way, the overhead of 2PC
and synchronous replication is greatly reduced. It also has linear scalability as in

existing databases, making it scale to tens and hundreds of nodes in a cluster.

Since a transaction in COCO requires fewer network round trips, the writes of a
transaction can be applied to the database faster than existing databases. Similarly,
replication can also perform in an asynchronous way. Such design makes COCO a
better fit for workloads that have high contention than conventional databases. This
is because locks are now held for shorter period of time, allowing each transaction to

have lower latency and eventually making the system have higher throughput.

As in STAR, COCO can support interactive transactions as well, but the commit
latency may be impaired. This is because an epoch cannot commit until all trans-
actions belonging to the epoch have committed. If an interactive transaction spans

several epochs, the commit latency is increased as well.
Finally, COCO can be deployed in both single node setting and distributed set-

ting.

143



6.4 Aria

Aria outperforms databases based on conventional designs via deterministic execution,
which does not require 2PC. Different from existing deterministic databases [36, 97],
it does not require any analysis or pre-execution of input transactions. In addition,
there is no need for replicas to communicate when keeping replicas strongly consistent
in a deterministic database.

Since transactions run in batches in Aria, all reads and writes are buffered, making
the system use the network more efficiently. Aria is a good fit for workloads that have
low contention or medium contention due to RAW-dependencies. This is because
transactions aborted due to RAW-dependencies can be reordered and commit with a
deterministic reordering algorithm. For workloads having high contention and much
WAW-dependencies, Aria provides a fallback strategy, making it at least as effective
as existing deterministic databases, which do not suffer from high contention or much
WAW-dependencies.

Different from STAR and COCO, Aria does not support interactive transactions.
This is because the system cannot enter the commit phase until all transactions
have finished execution in the execution phase. For the same reason, Aria will have
undesirable performance when there exists long-running transactions in a workload,
especially, when there is skew in transaction running time in a batch.

Finally, Aria can be deployed in both single node setting and distributed setting.

6.5 Summary

In this thesis, we presented three systems: (1) STAR, (2) COCO, and (3) Aria to
address the research challenges in distributed and highly available databases. We
built these three systems with the same design principle — managing transaction
processing at the granularity of epochs or batches. In STAR, epochs enable more
efficient replication through asynchronous replication without sacrificing consistency

guarantees. In COCOQO, epochs amortize the cost of two-phase commit and replication
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by committing or aborting a batch of transactions all together. In Aria, a batch
of transactions are first run and conflicts between transactions within the batch are
next analyzed deterministically. Our experiments show that all three systems can

outperform systems with conventional designs by a large margin on two popular

benchmarks (YCSB and TPC-C).
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Chapter 7

Future Work

In this chapter, we discuss some promising opportunities for future work.

Database administrators (DBAs) play an important role in OLTP databases, since
many critical components still rely on them to manually configure and optimize pa-
rameters. However, it is hard to implement the optimal collection of indexes given
a transactional workload, even for an experienced DBA. To satisfy the latency and
throughput requirements of the applications with minimal labor costs and computing
resources, an interesting problem to study is how to automatically design the best
configuration. In addition, workload characteristics such as data contention often
are highly dynamic. Therefore, an initially good configuration does not necessarily
work well over time. To tackle these problems, we plan to use machine learning to
continuously learn the appropriate configuration based on the workload.

Another interesting problem is how to design data partitioning strategies that
make distributed OLTP databases scalable. This inevitably involves distributed
transactions that touch several data partitions across multiple nodes, which cause
significant performance degradation. To solve this problem, we plan to use reinforce-
ment learning to continuously develop good partitioning strategies, which minimize
the number of distributed transactions for a given workload. In addition, it’s also
interesting to use machine learning to generate contention-aware scheduling strate-
gies to intelligently determine which transactions to run together and in which order.

Finally, we will also investigate how to dynamically select from different concurrency
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control protocols the one that best fits the current workload.
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Chapter 8

Conclusion

In this thesis, we presented the design of three systems, namely, (1) STAR, (2) COCO,
and (3) Aria. The three systems above address the inefficiency and limitations of
existing distributed OLTP databases while using different mechanisms and bearing
various tradeoffs. In particular, STAR eliminates two-phase commit and network
communication through asymmetric replication. COCO eliminates two-phase commit
and reduces the cost of replication through epoch-based commit and replication.
Aria eliminates two-phase commit and the cost of replication through deterministic
execution. Our experiments on two popular benchmarks (YCSB and TPC-C) showed

that these three systems outperform conventional designs by a large margin.
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