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Abstract

Optimizing Distributed Transactions via Modern AI, Storage and Networking Technologies

Tamer Eldeeb

Distributed ACID transactions, once declared as hopelessly unscalable and unnecessary, are

back by popular developer demand. Unfortunately, designing on-disk database systems that

support distributed transactions remains quite challenging. Designers of such systems typically

face a difficult choice. They can either use an expensive commit protocol like two-phase commit

(2PC) to guarantee atomicity, and suffer from slow distributed transactions, or forgo 2PC, which

leads to weaker semantics, limitations to the programming model, or constrained scalability,

making the system less general. Therefore, there is a trade-off between speed and generality in

distributed transactions database systems.

This thesis posits that it is time to revisit that trade-off. We argue that modern developments in

AI, storage, and networking unlock the potential of database system designs that offer fast and

general distributed transactions. We tackle the problem from different angles. First, we leverage

low-latency networking, storage hardware and system software to directly reduce the cost of the

commit protocol. Second, when such a low latency stack is unavailable, we design algorithms to

mask latency and maintain high throughput in the face of slow 2PC. Finally, we explore applying

Reinforcement Learning to the sharding problem so that we reduce the number of distributed

transactions the system has to execute without sacrificing other important objectives.
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Chapter 1: Introduction

Many applications need databases that are distributed across many machines for various rea-

sons such as scalability, high availability and fault tolerance. Exposing the distribution to the pro-

grammers makes developing applications much harder, hence a holy grail of distributed database

management systems (DBMS) is to provide an abstraction of a single-server database that can exe-

cute ACID transactions with high throughput, while maintaining high availability. More formally,

the system should be high performance, scalable and highly available while having the following

properties:

• Serializability. Every execution is equivalent to some serial ordering of committed transac-

tions

• Linearizability. If a transaction A commits before a transaction B starts, then A should

precede B in the equivalent serial ordering.

The combination of these two properties is known as strict serializability [73] or external con-

sistency [40].

Recent work (e.g., [34, 49, 81, 130, 153, 154, 158]) shows that ACID distributed transactions

with strong isolation and consistency semantics can be made efficient and scalable on memory-

resident databases in modern datacenters. On the other hand, distributed transactions on scale-out

disk-resident databases are commonly believed to be very expensive to support [13, 72, 141, 153].

Unfortunately, DRAM costs significantly more than SSDs and the cost difference is expected to

grow. Therefore, due to their significantly lower cost, many applications use distributed databases

[40, 139, 152, 164], which store their data on disk-based storage engines such as RocksDB [48,

105, 124] or LevelDB [90]. The classic architecture for such systems [126], popularized by System

R* [112], is to shard the data horizontally across a collection of shared-nothing machines, and
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use a distributed commit protocol such as two-phase commit (2PC) [87] to ensure atomicity for

distributed ACID transactions. However, distributed transactions within these systems traditionally

suffer from significant performance limitations [13, 41, 72, 93, 99, 141, 153].

In this thesis, we demonstrate that these limitations can now be lifted, and that fast and gen-

eral distributed on-disk database systems can be built by leveraging modern advances from AI,

networking and storage.

1.1 Background

In this section we review the challenges facing classic on-disk distributed transaction systems,

and the current approaches to deal with them along with a discussion of their disadvantages.

1.1.1 Shared-nothing Distributed Database System Architectures

A classic architecture [126] popularized by System R* [112] is to horizontally shard the database

across a collection of shared-nothing machines and use a distributed commit protocol such as two-

phase commit [87] (2PC) to ensure atomicity for distributed ACID transactions. Spanner [40],

and CockroachDB [139] are prominent modern examples of systems that utilize shared-nothing

architecture. Distributed transactions within this architecture traditionally suffer from significant

limitations, as we discuss in the next section.

1.1.2 Overview of 2PC

Two-phase commit (2PC) is a classic commit protocol with many variants [87]. The basic flow

works as follows: after a transaction finishes execution on multiple participant servers or shards, a

coordinator starts the first phase by issuing Prepare RPCs to all participant. Each participant can

vote yes or no in response to the RPC, where a yes vote is a promise by the participant that it will

not unilaterally abort the transaction and will be able to (eventually) commit the transaction when

asked. Before voting yes to a Prepare RPC, the participant persists all of the transaction’s writes

to a durable log so it can recover from any failures. If any participant votes no (or never responds

2



due to failures or timeouts), the coordinator aborts the transaction. Otherwise, it logs the decision

to commit to durable storage and then runs the second phase of the protocol by issuing Commit

RPCs to the participants so they can apply the transaction and release locks.

The Penalty of 2PC

The classic shared nothing architecture utilizing 2PC had many problems:

• High overhead. At least two network round trips and two synchronous log writes are re-

quired per transaction in 2PC, which incurs significant IO overhead, and traditionally, high

CPU usage by the TCP/IP stack [153].

• Blocking. The failure of the coordinator at inopportune moments prevents participants from

resolving their transactions. Non-blocking commit protocols [133] have been proposed, but

they make impractical assumptions and have even higher overhead, so they are not widely

adopted in practice. Instead, the problem can be addressed by replicating the coordinator

state for availability [13, 40, 68].

• Contention. The coordination necessary to guarantee isolation can be very expensive, and

can significantly decrease concurrency which leads to performance degradation as well as

high abort rates [11]. This is not unique to distributed transactions, and in fact many single-

node database systems run with lower isolation levels than serializability precisely to mit-

igate this issue [11]. But 2PC can drastically exacerbate contention, particularly for short

transactions common in OLTP workloads, because of its high latency relative to the time

it takes to execute the transaction logic [141]. The impact of contention is easy to see

in locking-based concurrency control schemes such as two-phase locking [57], but other

schemes such as optimistic concurrency control (OCC) are also not immune, and can in fact

perform worse under high contention [71, 92, 154].

Because of these challenges, many scale-out disk-resident systems avoid providing any multi-key

ACID transaction support at all [32], or limit it to transactions accessing keys within a single
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machine or partition [29, 119]. Other systems opt to offer weaker semantics [12, 43, 95]. Nev-

ertheless, because of strong developer demand [10], many modern DBMSes now fully support

distributed ACID transactions [40, 58, 139, 152]. Systems can overcome the blocking problem in

practice by using a consensus protocol such as Paxos [86] or Raft [117] to replicate the transaction

coordinator state for high availability [13, 40, 139]. And modern datacenter network stacks make

the first problem somewhat less of an issue [153]. However, this does not address the contention

problem (which can in fact be exacerbated because of the added latency due to consensus rounds).

Therefore, distributed transactions in modern System R*-style systems are slow. They are a lot

more expensive than local transactions and often need an effort to cluster the application’s data to

minimize distributed transactions [41, 54, 56, 118, 138].

To overcome 2PC’s slow performance, recent research proposed alternatives that offer support

for distributed transactions, but forgo 2PC and sacrifice generality in one or more ways, e.g. by

offering weaker semantics [12, 95, 146, 147], restricting the programming model [58, 141] or

employing an architecture that limits system scalability [8, 23, 88, 163].

1.1.3 Other Distributed Database System Architectures

The focus of this thesis is the shared-nothing architecture, as it is the one with no fundamental

limits to scaling. Nonetheless, it is useful to review other popular architectures along with their

limitations.

Shared Disk. Shared-disk [8] is another classic DBMS architecture [31, 77] that has become

popular in recent years in systems such as Amazon Aurora [146, 147], Socrates [8], and Google’s

AlloyDB [5]. These systems are single-master, in which only one node actively writes the database,

limiting scalability. Aurora also has a multi-master mode which does not offer serializability.

Additionally, for this mode to work well the workload should be easily partitionable with little

cross-partition activity.

Shared Log. Hyder [23] and Tango [14] scale-out compute without partitioning by utilizing a

shared log that is accessed by all compute nodes. Appending to and replaying the log can be a
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bottleneck limiting scalability.

1.2 Related work

1.2.1 Avoiding 2PC via Sharding

Schism [41] pioneered modelling database sharding and replication as a graph partitioning

problem with reducing the number of distributed transactions (and thus, 2PC) the system needs to

execute as the the main goal. The general approach works by collecting a trace of past accesses

to the database, model it as a (hyper)graph that links the rows accessed together in a query, and

then compute the row-to-shard assignments by solving a graph partitioning problem with the ob-

jective of minimizing fanout. SWORD [118] builds up on SCHISM’s approach but uses coarser

granularity and applies hypergraph partitioning instead.

This approach can be fairly effective in practice. Unfortunately, it can come at the expense of

other important system performance objectives such as load balancing [118]. On the other hand,

commonly-used random, hash, range and round-robin partitioning [45] are good at balancing load

but ignore fanout minimization completely.

1.2.2 Deterministic Execution

Deterministic execution has been explored as an alternative to distributed commit in systems

such as Calvin [141] and Aria [98]. The key idea behind deterministic database system design is

to agree on the order of transactions prior to execution, typically by appending transaction inputs

to a log then having all replicas execute the transactions in a deterministic fashion so that they all

reach the same state. A major benefit of using determinism is eliminating transaction aborts due to

deadlocks [122]. On the other hand, deterministic database systems typically have to restrict the

programming model to one-shot transactions. They also group incoming transactions into batches

before executing them, which can add tens of milliseconds to latency. A detailed discussion of the

pros and cons of determinism can be found at Thompson et. al. [122].
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1.2.3 Early Lock Release

Early Lock Release [47, 62] is a technique that involves releasing the transaction locks after

it finishes execution, but before its writes are durably flushed to the transaction log. This can

be quite beneficial to transaction throughput when combined with the well-known group commit

optimization, particularly in the cases where transaction execution times are much smaller than

persistent storage IO times.

As discussed earlier, the latency of 2PC is a major part of its performance challenge. Applying

early lock release to 2PC provides the opportunity to apply a distributed form of the group commit

optimization to mask the latency of 2PC, but comes with many challenges not present in single-

node systems [66].

1.3 Contributions

In this thesis, we tackle the problems of distributed transactions for on-disk databases, and

specifically the classic problems of the shared-nothing architecture with two-phase commit from

different angles. First, we leverage low-latency networking, storage hardware and system software

to directly reduce the cost of the commit protocol and build a system that can take advantage

of modern datacenter environments. Second, when such a low latency stack is unavailable, we

propose algorithms to mask latency and maintain high throughput in the face of slow 2PC. Finally,

we explore applying Reinforcement Learning to the sharding problem so that we reduce the number

of distributed transactions the system has to execute without sacrificing other important objectives.
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Chapter 2: Optimizing 2PC in Chardonnay

The performance challenges of supporting distributed transactions on scale-out on-disk systems

that we discussed in the previous chapter have led many to avoid providing any multi-key ACID

transaction support at all [32, 43], or limit it to transactions accessing keys within a single machine

or partition [29, 119]. Other systems offer support for distributed transactions, but forgo 2PC

and sacrifice generality in one or more ways, e.g., by offering weaker semantics [12, 95, 146,

147], restricting the programming model [141], or employing an architecture that limits the system

scalability [8, 88, 163]. Nevertheless, due to strong developer demand [10], many popular SQL

DBMSes now support general distributed ACID transactions [40, 139, 152], despite them being a

lot slower than local transactions. Table 2.1 shows the trade-offs made by various popular on-disk

systems.

We argue that this compromise between performance and generality is no longer necessary

within the modern datacenter. The high performance penalty of 2PC traditionally has been due

to the high latency of RPCs and flushing log entries to disk. Fortunately, this no longer needs

to be the case. Modern datacenter networks are fast [26], and systems such as eRPC [80] have

demonstrated that RPCs can be run at single-digit microsecond latency within the datacenter even

without using RDMA. Moreover, NVMe devices based on low-latency NAND [144] or 3DXpoint

[1] also provide single digit microsecond latencies [76, 142, 144], making them ideal for database

log storage.1 Furthermore, there has been a large body of recent work [79, 127, 157, 160, 161] that

focuses on cutting latency across the Linux software stack.

We believe that due to these developments, it is time to revisit the assumptions inherent in

many scale-out on-disk database system designs. However, simply replacing the RPC framework

1It is of course possible to store the entire database on such NVMe devices, but they cost significantly more than
commodity SSDs.
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System Serializabile Linearizable General API Distributed TX Contention

Spanner [40] Slow X
Calvin [141] X Fast

FoundationDB [163] Fast X
Hyder [23] X N/A X

Aurora (Multi-Master) [146] X X N/A Partitionable
Chardonnay Fast

Table 2.1: Comparison of representative on-disk distributed database systems.

and log storage by low latency alternatives in existing systems is not sufficient. Indeed, as we show

in §2.2, even eliminating the entire latency of the commit protocol would not be enough to achieve

performance comparable to in-memory systems for high contention workloads, since transactions

may still need to hold locks while fetching cold items from storage. At this point the bottleneck

moves to reading the data from disk, since reading data from typical SSD storage can be an order

of magnitude or more slower than the network.

We present Chardonnay [55], a distributed multi-version transactional key-value store that is

deliberately tailored for this new era of fast 2PC. Chardonnay is designed for single-datacenter

deployments, since cross-datacenter 2PC latency would be high (we show how to extend it for geo-

partitioned databases that are deployed across multiple datacenters in §3.1). It supports point and

range reads, as well as writes, within classical multi-step strictly serializable ACID transactions,

making it suitable as the storage engine for a SQL database (e.g., similar to CockroachDB [139]).

Chardonnay uses the classic shared-nothing architecture, and uses strict two-phase locking (2PL) [57]

to guarantee strict serializability [73] for read-write transactions, as well as 2PC to ensure atomicity

for distributed transactions.

The core insight of Chardonnay is that fast RPCs enable strictly serializable lock-free snapshot

queries within the datacenter in a general fashion, i.e., without using specialized clocks, limiting

scalability, or weakening the performance and semantics of read-write transactions. Low-latency,

high-throughput RPCs are key to allow all committing transactions in Chardonnay to cheaply read

a counter, called the epoch, that serves as a global serialization point. The system increments the
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epoch periodically, independent of transactions, so unlike designs with a centralized sequencer [14,

163], maintaining the epoch can be distributed and highly scalable. The main challenge is that

unlike systems with a single global log or coordinator, Chardonnay uses one log per partition,

so it cannot enforce global epoch ordering of commits. Instead, we co-design the snapshot read

and commit protocols to guarantee their equivalence to epoch ordering (§3.4). The idea is rather

simple: Snapshot queries may block waiting for write locks to be released (once) for correctness,

but they do not acquire any locks, so they do not contend with the read-write transactions.

Beyond the direct benefit of efficient, lock-free read-only queries, this enables two important

benefits, as Chardonnay leverages this snapshot read protocol to optimize the execution of read-

write transactions. First, Chardonnay runs the user’s transaction in a dry run mode using the

snapshot protocol to (approximately) compute and prefetch the transaction’s read set, which in the

vast majority of cases allows Chardonnay to shift the work of reading cold data from storage out-

side of the contention period of the transaction. Second, since read and write sets can be efficiently

computed using the snapshot protocol, Chardonnay also uses them to plan the locking scheduling

in a manner that avoids deadlock aborts.

At the systems and design level, our main contribution is Chardonnay, the first (to our knowl-

edge) on-disk system that achieves high performance for both low and high-contention workloads,

without sacrificing strong semantics, restricting the programming model, or limiting scalability.

The novel mechanisms introduced in Chardonnay are:

Novel lock-free snaphsot read protocol: Chardonnay uses fast RPCs to guarantee strict serializ-

ability without relying on specialized hardware, synchronized clocks, making assumptions about

clock skew, or limiting scalability.

Automatic prefetching: Chardonnay leverages the snapshot protocol to do a “dry run” of the

query, which loads and pins all the keys accessed by the transaction to main memory. This allows

Chardonnay to avoid waiting for data read from slow storage while holding locks. Unlike similar

schemes introduced by prior work [58, 140, 141], Chardonnay’s prefetching mechanism works for

scans, and neither requires changes to the user code, nor incurs significant additional latency or
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contention.

Lightweight deadlock avoidance: By computing read and write sets in advance, Chardonnay

avoids deadlocks by determining the lock acquisition order.

Collectively, these techniques enable Chardonnay to have excellent performance under high con-

tention. Indeed, as we show in §2.7, Chardonnay’s throughput under extremely high contention

is only 15% lower than under extremely low contention. In contrast, the throughput of a baseline

System R*-style system (even utilizing fast 2PC) drops by over 85%. The dry run phase adds over-

head which is largely wasteful for low contention workloads, but we consider this a worthwhile

trade-off, and we allow disabling dry runs on a per transaction basis.

A general takeaway is that within on-disk systems, the availability of fast datacenter RPCs

makes distributed and multi-core system designs look increasingly similar. Some of our ideas

(epoch-based versioning) are inspired by multi-core database systems [143]. This unlocks the

potential for adopting additional insights from multi-core single-node systems in a distributed set-

ting. The flow of ideas can also go in the other direction: while distributed transactions were our

primary motivation when designing Chardonnay, the challenge of high contention is not unique

to distributed transactions, and in fact many single-node database systems run with low isolation

precisely to mitigate this issue [11]. Our results show that Chardonnay’s techniques can be useful

for them too.

2.1 Requirements

Chardonnay’s objective is to provide fast and general transactions for on-disk databases. In this

section we define what we mean by fast and general. Fast encompasses the following requirements:

First, latency for short OLTP transactions should be low (hundreds of µs) regardless of whether it is

single partition or cross-partition; hence the performance penalty of distributed transactions should

be relatively small. Second, the system needs to support long-running read-only queries efficiently,

without impacting OLTP read-write transactions. Finally, the system should be able to maintain

high throughput for both low and high contention workloads. General means providing a general,
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unrestricted programming model and API (e.g. capable of supporting a full SQL layer) and the

highest level of semantics (i.e. strict serializability) without imposing overall scalability limits or

using specialized hardware.

2.2 Measuring Contention Footprint

Data contention is a major issue for traditional on-disk shared-nothing distributed database

designs. Most real-world workloads have low contention most of the time, but occasionally a

small number of extremely hot data items appear, significantly degrading overall throughput [67,

141]. Other workloads are characterised by high skew such that a small portion of the database

receives a majority of the load. For example, half of the NYSE trades happen on 1% of the

symbols, and breaking news can cause a sharp spike in trades on a small group of symbols [129].

Indeed, data contention is a bottleneck that hinders truly scalable transaction processing, even

in RDMA-enabled in-memory distributed database systems [154], and on multi-core single-node

systems [120].

Following the terminology of Calvin [141], we define a transaction’s contention footprint as

the total duration from the instant the transaction acquires its first lock until it releases its last lock.

In this section we use YCSB [38] to study the contention footprint of simple, single operation

transactions in System R*-style systems. To this end, we built two simple baseline systems based

on the System R* architecture on top of RocksDB, using its transaction and 2PC support in our

experiments:

• Baseline-Slow. The client invokes database functions using (slow) gRPC [65]. Both the

write-ahead log (WAL) and the database are placed on a directly attached SSD.

• Baseline-Fast. Uses (fast) eRPC (with FlatBuffers [59] for serialization format) instead of

gRPC, and the WAL is put on an emulated fast NVMe device.

Our baseline implementations ignore crucial practical considerations (such as replicating coordina-

tor state for high availability to deal with the well-known 2PC blocking problem), and transactions
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Figure 2.1: Contention footprint of YCSB read (left bar) and write (right bar) transactions. %
represent the proportion of the data in DRAM.

more complicated than a single read or write. Therefore, our results underestimate the contention

footprint. Nevertheless, they are instructive. All our experiments run on Microsoft Azure VMs.

The entire key universe is assigned to a single shard. We run YCSB-A with 50% point reads and

50% point writes with uniform random distribution. All experiments use one client with 5 threads,

which runs on a dedicated VM in the same Azure region as the server. To control the amount of

DRAM used by the system, we disable the OS page cache and vary the size of the block cache,

which is RocksDB’s read cache. We run a full 2PC at the end of each transaction, including in the

case of reads, to measure transaction overhead, even though technically 2PC is not needed since

there is only one shard. Read transactions release locks during the Prepare phase, so the Commit

phase does not contribute to their contention footprint. For durability, Calls to Prepare and Commit

always wait for the write to be flushed to storage.

We show how the average latency of read and write operations each contribute to the contention

footprint in Figure 2.1. On Baseline-Slow, the bulk of the contention footprint comes from running

2PC. On Baseline-Fast, the latency of 2PC is significantly lower due to the fast RPC library and fast

log storage. The yellow bars show that the contention footprint of read transactions is much higher

when only 10% of the dataset is in main-memory, since the majority of reads have to fetch data

from SSD storage. Write transactions (red bars) are not much affected by the available DRAM,

since writes are buffered in-memory (at the server) until the Prepare phase where they get written

to the WAL.
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Figure 2.2: Transaction Lifetime in Chardonnay.

We deduce two takeaways from this simple experiment. First, with a modern RPC library,

fast intra-datacenter network, and small amount of fast NVMe storage, distributed databases can

significantly reduce 2PC latency. Second, once the latency of 2PC is reduced, the data contention

bottleneck becomes reading the data needed by the transaction from the relatively slow SSD.

2.3 Architecture

Chardonnay has four main components:

1. Epoch Service. Responsible for maintaining and updating a single, monotonically increas-

ing counter called the epoch. The epoch service exposes only one RPC to its clients, which

returns the latest epoch. Reading the epoch serves as a global serialization point for all com-

mitting transactions. The epoch is used to assign transaction timestamps at commit time and

is essential for our lock-free strongly consistent snapshot reads (§3.4). The epoch is only

read, not incremented, by each transaction.

2. KV Service. The core service that stores the user key-value data. It uses a replicated shared-

nothing range-sharded architecture similar to other modern System R*-style systems [40,

139, 152].

3. Transaction State Store. Responsible for authoritatively storing the transaction coordinator

state in a replicated, highly-available manner so that client failures do not cause transaction

blocking.
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4. Client Library. Applications link this library to access Chardonnay. It is the 2PC coordina-

tor, and provides APIs (Figure 2.3) for executing transactions.

Figure 2.2 illustrates how the components interact during the lifetime of a transaction. The

basic flow of a read-write transaction is almost the same as in a classic shared-nothing System

R*-style system, except we add step 3b to read the epoch in parallel to the Prepare phase.

2.3.1 Epoch Service

The epoch service is a Multi-Paxos replicated state machine maintaining a single counter, the

epoch. One replica is designated leader. It increments the epoch at a fixed configurable time

interval (e.g., 10 ms) by appending an entry to the Paxos log so it is durably replicated. It exposes

one RPC, read-epoch, which returns the value of the epoch. The system maintains the invariant:

Monotonic Epoch Invariant: If a read-epoch call returns a value e, then all subsequent read-epoch

calls must return a value greater than or equal to e.

We cannot rely on simply reading the value from the leader replica, since a leader might lose its

status without realizing it for a while. It is possible to run the client RPCs through the Paxos state

machine. However, since each committing transaction reads the epoch, this would be too costly.

Instead, we consider the epoch updated when it is applied to the state of a majority of replicas, not

just when it is appended to the log. The client sends read RPCs to all replicas and considers the

current epoch value to be the one returned by a majority of the replicas. If no value has a majority,

the client retries the read.

There is a trade-off in choosing the epoch advancing interval. It needs to be long enough

compared to typical transaction duration that the value is usually read from the CPU caches of

replicas, and without requiring retries due to no value having a majority. On the other hand, if it is

too long, it adds to linearizable snapshot read-only transaction latency, as we explain in §3.4. We

find that advancing the epoch once every 10 milliseconds works well in our experiments.

A single core can support tens of thousands of clients and serve up to millions of eRPC calls

per second [80]. Furthermore, the client library batches multiple read-epoch calls from multiple
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concurrent transactions into a single RPC. Since each RPC does very little work (reads a word

from main memory that is usually cached), we expect this design to be sufficient for all practical

purposes.

2.3.2 KV Service

The key universe is partitioned into disjoint contiguous subsets called ranges. Each range is

assigned to a number of range servers (three) and is comprised of a database and a WAL that is

implemented via Paxos. The WAL is placed on a fast NVMe device for low latency, while the

database is stored on commodity SSD storage. One of the range replicas is designated as a leader,

which holds a leader lease. It maintains a lock table to implement two-phase locking, using existing

range locking techniques [89, 97]. All reads and writes go through the leader.

To simplify the description in this chapter we will assume the ranges and replica-to-server

assignments are static, although in practice ranges need to be moved, split and merged to balance

load effectively. This can be accomplished using well-known techniques [29, 32, 40, 139], which

we leave for future work.

Leader Selection and Disjointedness

Each range should have a designated leader replica that holds the leader lease. The leader

selection is piggybacked on the Paxos log implementation, i.e., a replica attempting to acquire

the leader lease does so by appending a lease acquisition entry to the Paxos log. This log entry

includes, among other information, the identity of the replica that is the lease holder, an epoch

interval entitling the replica to leadership status as long as the epoch (maintained by the epoch

service) falls within this interval, and leader sequence number, which is incremented whenever

a new replica becomes the leader (but not when an existing leader renews its lease). The leader

returns the sequence number to the client on every request, so the client can detect leadership

changes and abort the transaction if the transaction observes two different leaders for the same

range. When a leader is renewing its lease or a new leader is taking over, they read the epoch from
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the epoch service and set the upper interval ahead of the current value (by 100 in our prototype);

it is important that the upper end is not too far ahead of the epoch, because this would effectively

prevent other replicas from taking over if the leader goes down, until the true epoch catches up.

To prevent two replicas from acquiring leases with overlapping epoch intervals, a lease acqui-

sition entry by a replica includes a copy of the lease believed to be the most recent. Other replicas

will reject a replica’s attempt to get the lease if they are aware of a more recent lease having been

granted. This guarantees that at any point in time there is at most one leader for any range, and that

only one range leader can successfully prepare transactions for an epoch. We call this the Leader

Disjointedness invariant. In §2.3.4 we explain how we use it to validate transaction locks, and later

in §3.4 we describe its role in the correctness of our lock-free snapshot reads.

2.3.3 Transaction State Store

The transaction state store is responsible for storing the state of active transactions in the system

in a fault-tolerant, replicated manner, to mitigate 2PC blocking.

Each transaction can be in one of the following states: Started, Committed, Aborted, and Done.

Note that being Prepared is not of concern here. We use the well-known presumed abort opti-

mization [112], meaning that the service replies Aborted to a participant’s inquiry about the state

of a transaction unknown to the service. Being in Done state means that all transaction participant

ranges have learned about the commit outcome of the transaction so that the service can safely

forget about it.

The service is hash-partitioned by transaction id. Each partition is assigned to (typically) three

servers. We do not need a per partition log to order transactions, since transactions are already

ordered by 2PL. Instead, within a partition, each transaction state is represented as its own Multi-

Paxos replicated log, which can have at most 3 entries. Position 0 always contains the Started

entry, position 1 can either contain Committed or Aborted, and position 2 is to record Done state.

This unusual design enables a 2PC latency optimization.

Recall that the client in Chardonnay acts as the 2PC coordinator. If the client crashes after
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Figure 2.3: Simplified Chardonnay Client API

starting the Prepare phase and before completing the transaction, the participant ranges need to

determine whether to commit or abort. A KV Service range leader will attempt to put an Abort

entry in the transaction state log (in position 1). If it succeeds, it can safely abort the transaction.

The transaction state store is the source of truth regarding a transaction outcome. If the KV range

leader successfully installs an abort decision for the transaction with the TX state store, a slow

client cannot then succeed in committing it at a later point. Alternatively, after running the Paxos

state machine, the KV range could learn that the client already put a Commit entry in that log

position, in which case it can safely apply the transaction.

2.3.4 Client

The client provides an interface for users to access the database, and also acts as the 2PC

coordinator in Chardonnay. After the transaction finishes execution, the client reads the epoch

from the epoch service in parallel to issuing Prepare RPCs to participant range leaders. Each

leader that accepts the Prepare request responds with a Prepared message that includes the epoch

interval on its lease. The client then checks that the epoch it read falls within the lease’s epoch

interval of every participant, and if not, aborts the transaction. This is necessary to maintain the

leader disjointedness invariant. If all the participants prepare successfully and the lease validations

pass, the client then calls the transaction state store to record the transaction’s commit durably. The

Commit record includes the participant ranges and the value of the epoch. Finally, the client calls

the participant range leaders to notify them of the commit so they can record it locally and release
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all the locks. Transactions in Chardonnay must wait until the transaction Commit is recorded

before releasing any locks, for the correctness of snapshot reads (§3.4). This implies that even

read locks for successfully prepared transactions have to survive leader changes and thus must be

logged in the WAL during the Prepare phase.

Many, if not most transactions only touch keys within a single range, so they do not need 2PC.

First, the client reads the epoch. Then, it sends a Commit message to the leader, which checks

that the epoch falls within the lease’s epoch interval. If so, the leader appends to the WAL and if

successful, returns success. If not, it aborts.

2.4 Snapshots

This section describes Chardonnay’s multi-versioning and snapshot read protocols. Snapshot

reads are essential to efficiently support read-only queries. They also underpin the techniques

described in subsequent sections. Queries have to be declared as read-only from the start; a trans-

action that starts normally without this declaration but only performs reads is treated as a read-write

transaction by the system, and does not utilize the lock-free snapshot read algorithm.

2.4.1 Versioning

Each user record has a key k and one or more versions stored in the database. The key for

each version is the pair ⟨k, VID⟩, where VID (version ID) is determined as follows. Its prefix

is the value of the epoch that the client reads in parallel to running the Prepare phase of 2PC. A

counter (starting from 1) is appended to the epoch to distinguish writes by different transactions in

the same epoch. A transaction chooses a single suffix that makes its VID greater than that of the

existing VIDs in its write set. Deletes need to have versions as well, so they appear as tombstones.

For convenience, the system also stores an unversioned record with just the key k which holds the

latest value and is updated in place.
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2.4.2 Read Algorithm

Epoch Ordering Property: There exists an equivalent ordering to the transaction ordering

enforced by Chardonnay’s strict 2PL such that for all pairs of committed transactions, 𝑇1 with an

epoch 𝑒1, and 𝑇2 with an epoch 𝑒2, if 𝑒1 < 𝑒2, then 𝑇1 precedes 𝑇2.

Proof sketch: We show that if 𝑒1 < 𝑒2, then 𝑇1 cannot have a dependency or anti-dependency

on 𝑇2. Given that, we can show that the transaction dependency DAG has no edges that go from a

transaction with a higher to a lower epoch.

We proceed by contradiction by assuming this is false. This implies that there is (transitively)

a read-write or write-write conflict between 𝑇1 and 𝑇2, and 𝑇2 was ordered first. Therefore, 𝑇2

released a lock and sometime later𝑇1 acquired a lock. However, since 𝑒1 < 𝑒2, the monotonic epoch

invariant implies 𝑇1 finished execution (and acquired all its locks) before 𝑇2 did so, a contradiction

as transactions do not release any locks until commit. Hence, 𝑇1 precedes 𝑇2 in the equivalent

order. □

The epoch ordering property ensures that epoch boundaries are consistent points in the serial

order and appropriate for serializable snapshot reads, i.e., a transaction can get a consistent snap-

shot as of the beginning of the current epoch 𝑒𝑐 by ensuring it observes the effects of all committed

transactions that have a lower epoch. Suppose all the transactions with an epoch 𝑒 < 𝑒𝑐 have

committed. Reading a user key k as of the start of epoch 𝑒𝑐 translates to reading the value of key

⟨k, VID⟩ such that VID is the largest value < ⟨𝑒𝑐, 0⟩ in the database. Hence, the snapshot read

algorithm would simply work by reading the epoch 𝑒𝑐, then reading the appropriate key versions.

The main challenge is ensuring that the snapshot is complete, i.e., no more transactions will be

committing with an epoch below 𝑒𝑐. Any transaction that has not started to prepare is guaranteed

to have an epoch of at least 𝑒𝑐, by the monotonic epoch invariant.

The problem is prepared (or preparing) transactions that are not yet known to have committed.

Fortunately, any such transaction that could possibly commit writes must already be holding write

locks at the current range leader. More formally, the transaction must be holding write locks on any

replica whose leader lease’s epoch interval upper end is above 𝑒𝑐. To see why this holds, suppose
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a transaction T with an epoch 𝑒𝑇 < 𝑒𝑐 has completed the Prepare phase but not the Commit phase.

Recall from §2.3.4 that the client acting as T’s coordinator receives the epoch range of the lease

from the range leader it used to perform the Prepare, and checks whether 𝑒𝑇 falls within that epoch

range. If it did not, then the client aborts the transaction so it cannot possibly commit. Otherwise,

recall that transactions do not release any locks until the commit phase, including across leader

changes. Therefore, it must be that the locks are held on the leader whose lease’s epoch range

contains 𝑒𝑐 (and by the leader disjointedness invariant, there can be at most one such replica), and

any subsequent leader replica. A similar argument shows why the same holds for transactions that

started but have not finished the Prepare phase. Hence, the read algorithm first reads the current

epoch 𝑒𝑐 (once per transaction), ensures it is below the upper end of the leader’s epoch interval,

and waits for the current holders of write locks (if any) on its read set to release these locks before

executing the reads. The read is not attempting to acquire locks, so it does not contend with

read-write transactions.

The algorithm as described so far does not guarantee linearizability, because a transaction T

would not observe the effects of transactions in epoch 𝑒𝑐 that committed before T started. If

desired, ensuring linearizability is easy at the cost of some latency; after T starts, it waits for the

epoch to advance once and then use the new epoch.

2.4.3 Garbage Collection

Chardonnay must periodically remove old record versions to avoid running out of space. Chardon-

nay uses the lower end of its range leader lease’s epoch interval to determine which versions are

no longer needed and can be garbage collected. There is a background job running on each range

replica that removes versioned records (other than the newest version of a record) whose epoch is

less than a delta from the lower end of the epoch interval. A snapshot read must validate that its

epoch value lies within that delta from the lower end of the interval after executing its reads, to

avoid reading an incomplete snapshot due to versions being deleted. In our experiments we con-

figure the delta to be 6000, so that versions are kept at least for roughly one minute before they are
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GC’d. Additionally, since snapshot reads only happen at epoch boundaries, when a new version

of a record is inserted, if it has the same epoch as the previous version then that previous version

is immediately deleted. This optimization significantly reduces the number of versions maintained

for records that are updated very frequently (i.e. highly-contended records).

2.5 Prefetching

Our experiments in §2.2 show that with fast 2PC, reading from slow storage becomes a primary

cause of a transaction’s contention footprint. Hot contended records will typically be cached in the

database’s memory. However, this does not fully address the issue because a transaction might

access hot records along with other cold records that are not good candidates for caching. There

are several well-known techniques to work around this problem [21]. For example, the programmer

could manually prefetch records before executing the transaction. Another technique is to ensure

hot records are the last to be accessed. This is beneficial because it minimizes the execution time

during which access to the hot record causes a conflict. Unfortunately, these are are not always

applicable, and they push a lot of complexity to programmers.

We could require the programmers to label their queries with the read set. Then the system

can prefetch the records (i.e., key-value pairs) identified by those keys to memory before executing

the transaction and pin them until the transaction finishes, so that no time is spent reading from

slow storage while locks are held. However, this scheme restricts the programming model, and is

incapable of supporting dependent queries, that is, ones whose read set cannot be determined prior

to executing the query [141]. This contradicts Chardonnay’s goal of a general programming model

(supporting SQL).

Instead, Chardonnay transparently uses the client’s code to first execute the query in a lock-

free, dry run mode to load the read set to memory, then executes normally with 2PL.

It is of course possible for the read set to change by the time the actual transaction executes.

One reason is that only the values of one or more records change due to a write by another transac-

tion. Chardonnay handle this correctly and with no performance penalty, by reflecting the changes
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in its prefetching buffer (§2.5.3). The other possibility, in the case of dependent queries, is that the

set of keys itself changes, so the transaction has to read some keys that had not been prefetched

and pinned. This does not pose a correctness problem but may cause a transaction to read addi-

tional data from disk while it is holding the locks, and thereby increasing its contention footprint.

Fortunately, prior work has shown this seldom happens in real-world workloads [141]; dependent

queries are commonly ones that must read from a secondary index to identify their full read and

write sets. Since secondary indices are fairly expensive to modify, they are seldom kept on fields

whose values are updated very frequently. One example of such transactions is the “Payment”

transaction of the TPC-C benchmark. Since the TPC-C benchmark workload never modifies the

index on which Payment transactions’ read and write sets may depend [141], the set of keys read

by a Payment transaction never changes between the dry run and the execution.

One additional benefit of strongly consistent dry run queries is that if the application logic

aborts the transaction on its own, there is no need to perform the actual execution. On the other

hand, using dry run queries has two main disadvantages. First, it adds to the query latency, al-

though this additional latency does not contribute to the contention footprint. Second, it requires

executing the transaction logic twice before committing. While OLTP read-write transactions tend

to be small, this could still be wasteful if the transaction is compute-intensive, particularly in low

contention cases. The user can disable dry run queries by using a different API. In the future, we

plan to explore automatically when to do prefetching based on the characteristics of the workload.

2.5.1 API

The API shown in Figure 2.3 is more suited to user-interactive transactions (e.g., a user execut-

ing a multi-statement SQL transaction at a console, examining intermediate results before writing

more queries). To use prefetching, a slightly different API is used to start the transaction where the

caller passes a function that executes the transaction logic, i.e.,

<typename T>

T run(std::function< T( Transaction* ) > query)
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Within the function, the code can freely call the read, scan, or write APIs using the transaction

object that gets passed. There are essentially no restrictions on the code inside the function, even

though in practice it would have no side effects beyond the transaction’s writes to the database

itself. This does not add any unusual restrictions; any transaction might have to abort, and side

effects outside of the transaction cannot be rolled back.

2.5.2 Semantics

The dry run query runs under snapshot isolation using our snapshot read mechanism that we

described in §3.4, and can be configured to be strictly serializable if desired. Running under a

lower isolation level such as read committed [17] could be problematic because it exposes the

programmer’s code to anomalies that would not happen in the serializable execution. This might

cause the client’s code to abort the transaction, prematurely ending prefetching, or worse, crash.

Therefore, we do not use a lower isolation level because prefetching should be transparent to the

user.

2.5.3 Design

Each range leader maintains a prefetching buffer to store a transaction’s read set’s records

in main memory. The prefetching buffer tracks which records are in main memory and allows

transactions to request pinning keys. Any committed write to a pinned record updates the value

in the buffer, so that it becomes a write-through consistent cache for pinned records, and any

transaction that needs to read a pinned key can just get its value from the cache and not have to go

to the database.

To efficiently support range-queries, the prefetching buffer tracks key ranges not just individual

keys; if a key range is pinned to the buffer, and a new transaction inserts (or deletes) a record whose

key falls within that range, that new record is pinned too. Hence, a transaction that sees a range is

pinned to the buffer can satisfy a range read from the cache without going to the database.

When a transaction is running in dry run mode, it reads the committed, snapshot value from the
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database without acquiring any locks, requests pinning the key (or key range), and then returns the

committed value to the client to continue executing the query. In most cases both the snapshot and

latest versions can be read using a single IO, so this does not typically increase the IO overhead.

Writes made by the dry run query never make it to the KV Service, and are discarded at the client

after the dry run. After the dry run completes, the client library reruns the transaction in normal

mode. When that transaction finishes (i.e. commits or aborts), the keys are unpinned and become

eligible for eviction.

It is possible that a request to pin a record cannot be satisfied because the range leader has

run out of memory. In this case the dry run query could be delayed until memory frees up, or

just be aborted. This serves as effective admission control prior to acquiring any locks. Some

care is needed to avoid a potential live-lock situation, but in the worst case transactions can skip

prefetching.

2.5.4 Handling Resource Contention

Dry run queries execute most of the transaction logic in Chardonnay, so that when the actual

transaction executes it only needs to perform minimal work. However, if we are not careful, the ac-

tivity from dry run queries and other background tasks such as garbage collection and compaction

can compete with transactions for resources on the machines running the KV-service ranges. As

a side effect, this could slow down the lock-acquiring transaction and increase data contention.

Therefore, we dedicate resources on each machine to transactions to ensure they are insulated

from lower-priority activity that does not hold locks.

2.6 Deadlock Avoidance

Since Chardonnay uses 2PL, it has to deal with the problem of deadlocks. An easy solution is

transaction timeouts, since they are needed anyway to deal with various possible failures. Unfortu-

nately, a deadlocked transaction would be holding locks for the entire timeout duration before these

locks are released. Another popular choice is a deadlock prevention scheme such as Wait-Die or
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Figure 2.4: Contention Microbenchmark Throughput Results

Wound-Wait [125], but they can be too conservative (i.e., aborting transactions that are not dead-

locked) which can become problematic under high contention. A more common choice in practice

is deadlock detection [122] via detecting cycles in the wait-for graph [63, 135] and breaking the

cycle by choosing a transaction to abort. This requires significant overhead for maintaining the

global wait-for graph state, and potentially frequent aborts.

By making all transactions acquire their locks in the same order, we can prevent deadlocks. In

Chardonnay, the read and write sets of the transaction are (approximately) computed by dry run

queries, prior to acquiring any locks. We acquire the locks in ascending key order prior to actually

executing the transaction. A naive implementation of this idea would require adding |read_set

∪ write_set| round-trips to the contention footprint to acquire the locks. Instead, the client uses

an approach similar to RPC Chains [134], which cuts the round-trips required roughly in half

compared to the naive approach. The client in Chardonnay sends one RPC to the first range from

which it needs keys. The range acquires all the local locks, performs all the necessary local reads,

and then forwards the request to the next range. The client immediately sends an RPC to the last

range in the request, which holds the RPC until the request arrives. After finishing its local work,

the last range replies to the client’s RPC with all the read results. When this is done, the client

runs the transaction logic. If the transaction invokes a read for a key or key range (that the client

already has), the client returns it immediately since it has the lock on the data (and will detect and

abort the transaction if that lock is lost before commit). If transaction’s read or write set changes
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between the dry run and actual transaction, the client cannot serve the reads from its local cache

and has to send the read requests to the ranges. We fall back to Wound-Wait for these locks.

If most transactions are likely to perform multiple read operations involving multiple network

round-trips and reads from slow storage, then a developer might be tempted to parallelize those

accesses, if possible, to reduce the contention footprint. Whether this is done with parallel threads

or asynchronous APIs, it adds complexity to the programming model. Our scheme gets the same

benefit without this complexity. On the other hand, the scheme can actually increase a transaction’s

contention footprint, because lock acquisition has to be serialized. There is no overhead for the

common case of transactions accessing a single range. We allow the programmer to disable ordered

lock acquisition per transaction. In the future, we plan to adaptively apply the technique.

2.7 Evaluation

In this section we study how Chardonnay performs under contention (§2.7.1), its scalability

(2.7.2), and its snapshot read performance (§2.7.3). To evaluate contention, we use a benchmark

used by Calvin [141], which is inspired by TPC-C’s New-Order transaction. For scalability ex-

periments, we use the standard TPC-C benchmark, and for read latency we use YCSB [38]. In

all experiments the KV service range leaders use Standard_L8s_v2 Azure VMs, which provide 8

vCPU cores and 64GB of memory and support accelerated networking necessary for eRPC. We

place the database on directly-attached SSD for high IOPS. For the WAL, we emulate NVMe on

DRAM via RAMdisk, since it is not currently offered on Azure. We advance the epoch every

10ms. All results are 10 minute averages unless otherwise stated.

2.7.1 Contention Microbenchmark

We use a benchmark introduced in Calvin [141] to evaluate Chardonnay’s performance under

high contention. Each transaction in the benchmark reads 10 records, performs a constraint check

on the result, and if the check passes, updates a counter in each record. The records in each KV-

service range are divided into two disjoint sets: cold and hot. Each transaction can either be local
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or distributed. A local transaction accesses 9 records chosen at random from the cold set in the

target range, and 1 record chosen at random from the hot set. A distributed transaction is similar,

except it accesses 8 cold records and an additional hot record in a different range. The number of

cold records in each range is much larger than available memory so cold records will be mostly

served from disk. The number of hot records is determined by a parameter called the contention

index, which is set to be the inverse of the number of hot records and represents the probability that

two transactions accessing the same range will conflict. Hence, a contention index of 0.01 means

that there are 100 hot records per range, while a contention index of 1 means that there is 1 hot

record (which is accessed by all transactions touching that range). The contention index controls

the degree of parallelism within each range (a contention index of 1 means that all transactions

within a range are serialized).

We wrote each transaction using simple, synchronous APIs. This means that all reads are exe-

cuted sequentially. This is not a requirement, but it highlights the additional benefits of Chardon-

nay’s dry run and deadlock avoidance schemes, which move sequential operations outside of the

contention footprint. The ordering of the reads done by each transaction is random, so there is

variance in the time hot records spend under lock.

Setup. We use 6 ranges, and each range leader is assigned its own VM. We evaluate the following

configurations of Chardonnay:

• Baseline. All transactions run without dry-run queries, so they do not perform prefetching

or ordered lock acquisition. This is essentially a classic shared-nothing system architecture

with a fast 2PC implementation, and Wound-Wait for deadlocks.

• Prefetching-only. Transactions run with dry-run queries, but only do prefetching and not

ordered lock acquisition.

• Chardonnay. All transactions perform prefetching and ordered lock acquisition.

Initially, we planned to compare against CockroachDB [139] as a representative for a modern
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shared-nothing system. However, we realized that retrofitting the system with eRPC would be a

very significant engineering effort. Running the (full SQL) system unchanged on the same exper-

imental setup yielded low throughput (TPS per node is 90% less than Chardonnay). Hence, we

use our baseline configuration for apples-to-apples comparison, as it is a good representative of the

shared-nothing architecture.

We plot the throughput and abort rates under different values of contention index in Figures 2.4

and 2.5.

Analysis. As expected, under low contention, the dry run queries in Chardonnay are mostly

wasteful and consequently the baseline configuration has slightly better throughput. Notably, full

Chardonnay performs better than prefetching-only even under low contention. This is because or-

dered lock acquisition issues Lock & Read requests in a batched, efficient manner, as opposed to

sequentially issuing an RPC per read during the transaction execution in the prefetching-only con-

figuration. This further supports our intuition that Chardonnay’s ordered lock acquisition scheme

enables writing the transactions in a simple, synchronous manner without a significant performance

penalty. As contention increases, the overall throughput becomes constrained by the contention

footprint, and in particular, the length of time locks on hot records also increases. The baseline

configuration has the sharpest drop in throughput, since it has to issue multiple RPCs and reads

from slow storage while holding locks. The full Chardonnay configuration performs best under

high contention and has zero aborts. Prefetching-only fares much better than baseline, even though

it suffers a significant drop in throughput due to increased deadlock avoidance abort rates under

contention, as well as increased contention footprint due to RPCs.

In the 10% distributed transactions case, transactions essentially never deadlock since they can

only conflict on one record in the vast majority of cases. Yet, the Wound-Wait deadlock avoidance

scheme is too conservative and results in many unnecessary aborts as contention increases; see

Figure 2.5. Note that because the base configuration’s transactions have a much larger contention

footprint, even a relatively modest 0.001 contention index is affected by these superfluous aborts.
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A less conservative scheme such as deadlock detection would not suffer from this, at the cost of

taking much longer to resolve the deadlock when an actual one appears. In Chardonnay, we largely

avoid deadlock aborts and only use Wound-Wait as a fall-back mechanism, as discussed in §4.7.1.

One interesting property of Chardonnay is that distributed transactions are not dramatically

more expensive than local transactions. The peak throughput under low contention with 100% dis-

tributed transactions is roughly 22% lower than with only 10% distributed transactions. This makes

the importance of reducing cross-partition transactions less significant, thus relieving database ad-

ministrators and developers from the requirement to continually re-partition the application data

to minimize cross-partition transactions [41, 54, 56, 118, 138]. The big difference in throughput

between 10% and 100% ratio of distributed transactions under higher contention index values is

largely because each transaction in the 100% distributed case accesses two items from the hot

set, not because the transaction is distributed. This is in part because 2PC is highly optimized in

Chardonnay, but also because non-distributed transactions have to go through a phase of reading

the epoch before committing. Our results for the 10% distributed case show that the benefits of

Chardonnay are not limited to distributed transactions.

2.7.2 Scalability

The scalability of the System R*-style shared-nothing architecture is well established [151],

but Chardonnay introduces the read-epoch operation during each transaction’s 2PC. Therefore, we
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Figure 2.6: TPC-C New-Order transaction results.

need to ensure that the epoch service can keep up with an increasing scale.

TPC-C New-Order. Similar to prior work [141], we limited our TPC-C implementation to the

New Order transaction, which is the bulk of the TPC-C workload including almost all distributed

transactions that require high isolation. We would expect similar results if we were to run the full

TPC-C benchmark. We assign each KV service range leader to a dedicated VM and have it host

10 warehouses. We limit the overall throughput to 2500 TPS per node, since we aim to evaluate

the scalability of the system rather than the raw per-node peak throughput. The clients run on

dedicated VMs, separate from Chardonnay nodes. (Recall that in Chardonnay, the execution of

the transaction logic happens on the client.) We plot the results in Figure 2.6, which show stable

2PC latency as the system scales linearly.

Comparison with Calvin. Chardonnay is able to reach similar New-Order throughput scale as

reported by Calvin [141], without Calvin’s significant programming model restrictions. Calvin’s

reported single-datacenter latency is much higher than Chardonnay (∼100ms), but the comparison

is not meaningful since it does not use fast RPC and storage. However, with 10ms epoch duration

as in our setup, we expect Calvin adds 5ms to the median latency since it groups transactions into

batches at the start of each epoch. Therefore, even with fast RPC and storage, we expect Calvin’s

median latency to be higher than Chardonnay’s P99 latency.
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Chardonnay Baseline

Insert TPS 914 197

Table 2.2: Range Read Results.

Epoch microbenchmark. To test the limits of the Epoch service, we wrote a micro-benchmark

where each thread simulates a Chardonnay client node running 2PC. We run 30 client nodes with 8

threads each, where each thread is issuing 5000 read-epoch calls per second for a total of 1,200,000

calls per second. The median latency is below 60 µs, which is less than the median for the full

Prepare phase. Since read-epoch runs in parallel to Prepare, this does not increase the overall 2PC

latency.

2.7.3 Snapshot Read Latency

We use YCSB with 50% write and 50% read to evaluate snapshot read latency, using a setup

similar to §2.2. Read operations run with snapshot isolation for this purpose. The dataset fits in

DRAM since our focus is measuring protocol overhead, not IO latency. When running with a uni-

form distribution of keys, the median latency of reads is roughly 220 µs. On the other hand, when

running with Zipfian 0.99 distribution it increases to nearly 355 µs. This is because most reads in

the Zipfian case are going to write-hot records and hence almost always have to wait for locks to

be released before they can execute. We also run the read operations with strict serializability. The

median latency of the read operations increases by ∼5ms since they need to wait for the epoch to

advance.

2.7.4 Range Reads

We devise a simple experiment to demonstrate Chardonnay’s effectiveness for range reads.

The experiment involves a single range that contains 100 records. There are two client threads,

one is a writer thread that is continuously deleting and then re-inserting a random record in the

range, and the other is a reader that is executing a range query to read all records. Even though

the reader thread is not doing any writes, its range read query is not declared as read-only so
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that it runs as a read-write transaction, not as a snapshot read. We compare the number of insert

operations per second in Chardonnay and the baseline from §2.7.1. The results are in Table 2.2.

Without prefetching, the baseline has to execute the range read against the database each time

while holding the lock on the entire range, resulting in a longer contention period and thus slowing

down the writer.
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Chapter 3: Chablis: Extending Chardonnay to Multiple Regions

3.1 Introduction

The design of Chardonnay targets single datacenter deployments. However, many applications

need geo-distributed databases in order to achieve high availability in the face of regional failure,

and to serve low-latency reads to clients that are themselves distributed geographically across mul-

tiple regions [121, 139]. Many workloads have locality in their access patterns [121, 139], where

each data item has a natural home region and is almost always accessed only within that region,

so it is crucial that local access to the data in its home region is fast. Nonetheless, it is sometimes

necessary to read data from multiple regions in a single logical operation, and programmers want

strong isolation and consistency for these transactions. Such multi-region queries take a long time

to execute, partly due to the long latencies involved in network round-trips, but often also because

of the analytical nature of read-only queries. Therefore, it is ideal to run these queries in a lock-free

snapshot manner to avoid blocking other transactions.

Unfortunately, offering strong semantics like strict serializability in a geo-distributed setting

has many well-known challenges [43, 64, 72, 96, 121], leading many popular systems to either

disallow multi-region transactions completely [39], or offer weaker semantics instead [12, 95, 96,

108]. However, these weaker semantics expose anomalies to programmers making it harder to

develop applications [13, 40, 121], and could lead to security vulnerabilities [149]. As a result,

developer demand for strict serializability increased; e.g., Google’s Spanner [40] is widely used

both within Google and as a cloud offering, and has inspired many open source products [139,

152].

Existing geo-distributed systems that offer strong semantics [40, 85, 114, 115, 116, 121, 150,

156, 159] compromise either in speed or generality. Many systems [85, 115, 156] incur at least
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one cross-region round-trip for every write, which slows all writes in the system. Spanner [40]

guarantees correctness of readers by introducing a delay for writers during the commit protocol

until the clock uncertainty interval has passed, which again slows down all writes in the system.

Additionally, it uses specialized hardware 1 to achieve clock synchronization guarantees that are

necessary for its strict serializability support. On the other end, Slog [121] and Detock [116] offer

low-latency for local writes as well as high throughput and the ability to handle high contention

even for cross-region writes. However, they rely on deterministic execution which requires restrict-

ing the programming model and makes them unable to support a general SQL interface.

In this section, we show how to extend Chardonnay to incorporate a global epoch that advances

more slowly, but without impacting single-region transactions. The key idea is to decouple main-

taining and advancing the epoch from publishing and reading the epoch. Thus, instead of a single

service that replicates the epoch counter and serves reads to clients, our design has two. One is

a regional publisher that exists in all regions and allows transactions to read the epoch using fast

datacenter RPCs so their commit protocol latency is not affected. The second one is global; it

maintains and advances the epoch then updates all the regional publishers, which is a slower pro-

cess that does not impact committing transactions at all. This introduces challenges in ensuring

epoch synchronization across all regions, which are addressed in the snapshot read protocol.

To show the practicality of the technique, we implemented it in Chablis [52], a geo-distributed

multi-version transactional key-value store. Chablis is fast: it preserves low-latency and high

throughput for transactions that access data in a single region, and supports global multi-region

strictly serializable snapshot reads that are lock-free. It also offers quite a general interface, sup-

porting point and range reads, as well as writes, within classical multi-step strictly serializable

ACID transactions.

3.2 Challenge

Chardonnay makes each transaction read the (monotonically increasing) epoch after it finished

1Systems like CockroachDB [139] offer weaker consistency to avoid this dependency.
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execution, during running the commit protocol. This is a global synchronization point and estab-

lishes a global ordering of transactions equivalent to the epoch ordering, i.e. a transaction that

reads an epoch value e is ordered before a transaction that reads an epoch value e+1. Chardonnay

leverages this property to support lock-free strongly consistent snapshot reads. Given that, one

might thank that we can just distribute Chardonnay’s KV service geographically across multiple

regions, assign each data to a home region, and satisfy the requirement of fast regional writes along

with globally strictly serializable lock-free snapshot reads. Unfortunately, this does not work as

desired because of the local epoch service. Each committing transaction in Chardonnay reads the

local epoch from a majority of the epoch service replicas. Thus, in a geo-distributed setup, at least

some of the regions will have to incur the cross-region latency during 2PC in order to read the

epoch.

The key contribution of Chablis is addressing this issue, by introducing a new (global) epoch

service, which will be described in the next section.

3.3 Chablis Overview

Chablis has three components, illustrated in Figure 3.1:

1. Client Library. Applications link this library to access Chablis. It is the 2PC coordinator,

and provides APIs (Figure 2.3) for executing transactions.

2. Regional Chardonnay deployments. One Chardonnay cluster in each region where the

system operates.

3. Global Epoch Service. A globally-replicated service that exists in all regions (§3.3.1). This

is similar to the epoch service in each regional Chardonnay, except it maintains one global

epoch across all regions.

Each record (i.e., key-value pair) is homed to a single region (i.e., Chardonnay cluster), and

the client library knows how to determine the home region for each key. The Chardonnay clusters
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Figure 3.1: Two region Chablis deployment.

largely operate independently from one another. All writes for a record are sent to its home re-

gion. For simplicity, we also send all reads for a key to its home region. A straightforward future

extension would be to set up non-voting Paxos replicas [139] in other regions that can serve older

snapshots.

3.3.1 Global Epoch Service

The global epoch service is similar to the local epoch services that exist in each Chardonnay

region. It also maintains a single counter (the global epoch), and exposes only one RPC to its

clients, read-global-epoch. The main differences are that the global epoch typically advances at

a slower cadence than the local epochs, and it is not read directly by clients during 2PC. Instead,

Chablis introduces intermediary epoch publishers between the epoch service and its clients. One

epoch publisher exists in every region. Each publisher maintains a single counter (the epoch) and

is Paxos replicated for high availability, much like the epoch service itself. However, the publishers

do not advance the counter themselves. Instead, when the epoch is advanced by the global epoch

service, it issues RPCs to each publisher to advance their epoch value. The epoch service does

not advance the epoch again before it updates all the publishers (each of which is replicated for

high availability). Thus, the state of each publisher replica can only be in one of the following two

states: either (a) equal to the global epoch, or (b) one behind the global epoch, if the global epoch

service is still in the middle of the process of updating the publishers.

Chablis clients read the global epoch from their region’s local publisher, and use the same

procedure to read the epoch from that publisher exactly as it would from a local epoch service.
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This design requires a slightly weaker epoch invariant, since a client might read a global epoch

value that is one less than the true epoch. Hence, the system maintains the invariant:

Global Epoch Invariant: If a read-global-epoch call returns a value e, then all subsequent read-

global-epoch calls must return a value greater than or equal to e-1.

In §3.4, we explain how Chablis clients can achieve linearizability of snapshot reads given this

weaker invariant.

3.3.2 Single-Region Read-Write Transactions

Figure 3.2 illustrates the basic flow of a single read-write transaction that only accesses data

within a single region (and therefore a single Chardonnay cluster). The flow is almost the same

as in a classic shared-nothing system, except we add steps 3b and 3c to read the local and global

epochs in parallel to the Prepare phase. Note that despite having to read the global epoch, the client

only needs to read from its local publisher in exactly the same way as it reads the local epoch, so

this does not increase the latency of 2PC.

The Chablis client provides an interface for users to access the database, and also acts as the

2PC coordinator in Chablis. After the transaction finishes execution, the client reads the local

and global epochs in parallel to issuing Prepare RPCs to participant range leaders. Each leader

that accepts the Prepare request responds with a Prepared message that includes the local epoch

interval of its lease. The client then checks that the local epoch it read falls within the lease’s epoch

interval of every participant, and if not, aborts the transaction. This is necessary to maintain the

leader disjointedness invariant. If all the participants prepare successfully and the lease validations

pass, the client then calls the transaction state store to record the transaction’s commit durably. The

Commit record includes the participant ranges and the value of the epoch. Finally, the client calls

the participant range leaders to notify them of the commit so they can record it locally and release

all the locks. Transactions in Chablis must wait until the transaction Commit is recorded before

releasing any locks (including read locks), for the correctness of snapshot reads (§3.4).
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Figure 3.2: Single-Region Transaction Lifetime in Chablis.

3.3.3 Multi-Region Read-Write Transactions

Chablis supports read-write transactions that accesses data in multiple regions, albeit with in-

creased latency and contention due to wide-area round-trips. Such a transaction executes in the

same manner as a single-region transaction, except that the client needs to involve KV-service

ranges from the different regions in 2PC, and needs to read the local epoch for each involved re-

gion in step 3b. As we mentioned earlier, Chablis targets workloads with locality in data access,

so we assume that multi-region read-write transactions are used sparingly, perhaps for some small

tables that are updated infrequently but are read frequently in all regions.

Transactions reading data from multiple regions but only writing data in a single region have the

option of using snapshot isolation instead, executing their reads using the snapshot read algorithm

described in §3.4.

3.4 Snapshot Read

This section describes Chablis’s multi-versioning and snapshot read protocols. Queries have to

be declared as read-only from the start; a transaction that starts normally without this declaration

but only performs reads is treated as a read-write transaction by the system.
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3.4.1 Global Record Versioning

Each user record has a key k and one or more versions stored in the Chardonnay database.

The key for each version is the pair ⟨k, VID⟩, where VID (version ID) is determined as follows.

Its prefix is the value of the global epoch of the transaction (see next paragraph on how that is

determined). A counter (starting from 1) is appended to the epoch to distinguish writes by different

transactions in the same epoch. A transaction chooses a single suffix that makes its VID greater

than that of the existing VIDs in its write set. Deletes need to have versions as well, so they appear

as tombstones.

In contrast to versioning based on local epoch in Chardonnay, global epoch versioning cannot

just rely on the value read in parallel to the Prepare phase (step 3c in Figure 3.2), since that value

could be one less than the true epoch as we discussed in §3.3.1. Instead, each range leader also

keeps track in its memory of the highest value of the global epoch it has seen, and returns it to

the client with its Prepare reply. The client sets the transaction’s epoch to be the maximum of the

value from step 3c and the values returned by the range leaders. Leaders do not need to persist the

highest global epoch value they have seen; before a new leader takes over it just waits for the global

epoch to advance once and resets to that value. Clients also keep track of the highest epoch they

have seen, to ensure the epoch remains strictly monotonically increasing within a single session.

3.4.2 Multi-Region Read Algorithm

Global Epoch Ordering Property: The transaction ordering enforced by Chablis’s strict 2PL

is equivalent to one in which for all pairs of committed transactions, 𝑇1 with a global epoch 𝑒1, and

𝑇2 with a global epoch 𝑒2, if 𝑒1 < 𝑒2, then 𝑇1 precedes 𝑇2.

Proof Sketch: We show that if 𝑒1 < 𝑒2, then 𝑇1 cannot have a dependency or anti-dependency

on 𝑇2. Given that, we can show that the transaction dependency DAG has no edges that go from a

transaction with a higher to a lower epoch.

We proceed by contradiction by assuming this is false. This implies that there is (transitively)

a read-write or write-write conflict between 𝑇1 and 𝑇2, and 𝑇2 was ordered first. Therefore, 𝑇2
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released a lock L and sometime later 𝑇1 acquired L. Transactions in Chablis do not release any

locks until they commit. At the time when 𝑇2 released L, the range leader that granted L must have

recorded the value of the global epoch to 𝑒2, as we discussed in §3.4.1. Thus, the value of the

epoch at the time of 𝑇1 commit has to be greater than or equal to 𝑒2. But 𝑒1 < 𝑒2, a contradiction.

□

The global epoch ordering property ensures that global epoch boundaries are consistent points

in the serial order and appropriate for serializable snapshot reads. That is, a transaction can get a

consistent snapshot as of the beginning of the current epoch 𝑒𝑐 by ensuring it observes the effects

of all committed transactions that have a lower epoch. Suppose all the transactions with an epoch

𝑒 < 𝑒𝑐 have committed. Reading a user key k as of the start of epoch 𝑒𝑐 translates to reading the

value of key ⟨k, VID⟩ such that VID is the largest value less than ⟨𝑒𝑐, 0⟩ in the database. Hence, the

snapshot read algorithm would simply work by reading the epoch 𝑒𝑐, then reading the appropriate

key versions.

Procedure StartTX():
𝑒𝑐 ← 𝑟𝑒𝑎𝑑_𝑔𝑙𝑜𝑏𝑎𝑙_𝑒𝑝𝑜𝑐ℎ();
wait for global epoch to advance once;
return 𝑒𝑐;

// ReadKey Executes on the leader of the range
// containing k
Procedure ReadKey(𝑘 , 𝑒𝑐, 𝑙𝑅):

if 𝑙𝑅 is nil then
𝑙𝑅 ← 𝑟𝑒𝑎𝑑_𝑙𝑜𝑐𝑎𝑙_𝑒𝑝𝑜𝑐ℎ();

end
if 𝑙𝑅 above leader lease epoch interval then

abort;
end
wait for write lock on 𝑘 to be released;
𝑣 ← 𝑟𝑒𝑎𝑑_𝑣𝑒𝑟𝑠𝑖𝑜𝑛(𝑘, 𝑒𝑐);
return 𝑣;

Algorithm 1: Multi-Region Snapshot Read Procedure

The main challenge is ensuring that the snapshot is complete, i.e., no more transactions will

be committing with an epoch below 𝑒𝑐. By waiting for the global epoch at its epoch publisher to
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advance once2 (become 𝑒𝑐 + 1) before starting the read, we can guarantee that any transaction that

has not started to prepare will have an epoch of at least 𝑒𝑐, by the global epoch invariant.

The problem is prepared (or preparing) transactions that are not yet known to have committed

after establishing the snapshot’s global epoch 𝑒𝑐. Fortunately, any such transaction that could pos-

sibly commit writes must already be holding write locks at their respective current range leaders.

More formally, any transaction T with a global epoch below 𝑒𝑐 that could commit a write to a key

k that is homed in region R must be holding a write-lock on k at the regional Chardonnay range

leader in R (see proof in the previous chapter on Chardonnay). Suppose the current local epoch

in R is 𝑙𝑅. It must be that locks are held on the leader whose lease’s epoch range contains 𝑙𝑅 (and

by the leader disjointedness invariant, there can be at most one such replica), and any subsequent

leader replica. Thus, the read algorithm reads the current local epoch 𝑙𝑅 (once per transaction) for

all regions R it accesses after reading the global epoch value 𝑒𝑐. It ensures that 𝑙𝑅 is below the

upper end of the leader’s epoch interval, and waits for the current holders of write locks (if any) on

its read set to release these locks before executing the reads. The read is not attempting to acquire

locks, so it does not contend with read-write transactions. Algorithm 1 shows the read procedure.

3.4.3 Multi-Region Snapshot Read Consistency

Algorithm 1 as described so far guarantees serializability, but the snapshot could be stale be-

cause a transaction T would not observe the effects of transactions in epoch 𝑒𝑐 that committed

before T started. If desired, ensuring strong consistency (i.e., observing the effects of all transac-

tions that committed before T started) is easy at the cost of some latency: After T starts, it reads

the current value of the global epoch 𝑒𝑐 directly from the global epoch service instead of the local

publisher. Then, it waits for the epoch at the local publisher of each region it is reading from to

become 𝑒𝑐+1, and then executes the read as of the start of 𝑒𝑐+1. Note that the step of waiting for

the epoch to advance overlaps the RPCs to the remote regions. With this modification, the snap-

shot reads provide single-key linearizability [139], which is weaker than strict serializability. This

2Alternatively, the read could be executed at 𝑒𝑐-1 instead of waiting.
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is because, given two transactions 𝑇1 and 𝑇2 running on different clients and with non-overlapping

key sets, it is possible that 𝑇1 commits before 𝑇2 starts but 𝑇1 gets an epoch 𝑒𝑐+1 while 𝑇2 gets an

epoch 𝑒𝑐, due to the weakened global epoch invariant. In such a case, the snapshot would include

𝑇2 but not 𝑇1, violating linearizability. This is unlikely to be an issue in practice, but we discuss

how to handle this in §3.4.3.

If the system is serving a large number of multi-region strongly consistent snapshot reads, it

might be desirable to avoid frequent cross-region RPCs. This is possible at the cost of additional

latency: after T starts, it can read the epoch from its local publisher, then wait for the epoch to

advance twice, and then use the new epoch in Algorithm 1.

Linearizable Snapshots

When running a snapshot as of the start of epoch 𝑒𝑐+1, linearizability can be violated only if

the snapshot’s read set includes some members whose snapshot version is exactly at the epoch 𝑒𝑐,

and other members that were updated in epoch 𝑒𝑐+1. Since reads execute at the range leaders, we

always know the latest version of a record (or range) at the time of the read. To ensure linearizabil-

ity, the algorithm performs the following additional check: If the read set includes some members

whose snapshot version is 𝑒𝑐, and other members whose latest version is equal to or greater than

𝑒𝑐+1, it aborts and retries by advancing its epoch.

This should work well under low contention, but there is no termination guarantee if the readset

keeps getting updated frequently by newer transactions. One option is falling back to executing

as a locking transaction. But that would require locking the readset while executing high latency

multi-region reads under high contention, which contradicts Chablis’ goals.

Note that if there are no transactions in an epoch 𝑒𝑐, a linearizable snapshot read as of the

beginning of epoch 𝑒𝑐+1 is guaranteed to succeed. Hence, the system can be configured to avoid

committing transactions in epochs that are a multiple of a configurable value k, by waiting for the

epoch to advance to the next epoch before releasing locks. The value of k controls the tradeoff

between how often read-write transactions need to wait during commit vs. the upper bound on
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how many times a snapshot read needs to retry. This is analogous to Spanner’s commit algorithm

that waits out the TrueTime uncertainty interval, except it is amortized across many epochs instead

of done for every read-write transaction.

3.4.4 Single-Region Snapshots

Chablis can be configured such that single-region snapshot reads exclusively use versions based

on the local epoch and utilize Chardonnay’s snapshot reads which are described in Section 6

of [55]. This significantly reduces the latency of single-region snapshot reads, at the expense of

storing each version twice. In such a configuration, a snapshot read is assumed to be single-region

by default (unless declared otherwise), until it tries to access data in a remote region in which case

it will be restarted as a multi-region query.

3.4.5 Handling Regional Failure

Chablis is a CP system in the CAP theorem [60] sense. Modern datacenter networks make

arbitrary partitions exceedingly rare [27] so in practice the system also achieves high availability.

However, dealing with an entire region going down is one of the main reasons why users use geo-

distribution. The global epoch service requires updating the epoch in all regional publishers before

advancing again. If a region is down, this would block updating the global epoch. While read-

write transactions and regional snapshot reads can proceed, the global snapshot would get very

stale. The local publishers will stop serving the stale epoch if they do not get an update from the

global epoch service, so transactions will stop committing in the failed region (in case machines

are active but cut from the rest of the world). In such a situation, an operator can configure the

global epoch service to exclude the failed region from its set of publishers so that the rest of the

system can continue operating until the region recovers, in which case in can be added again to the

set of publishers.
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Read Write

P50 (µs) 214 199

Table 3.1: YCSB Regional Latency Results.

3.5 Evaluation

We evaluate Chablis’ ability to preserve low-latency for single-region transactions, while per-

forming global strongly-consistent snapshot reads.

3.5.1 Setup

We run our experiments on Microsoft Azure. Our experimental setup has two Chardonnay

deployments, one in the us-east1 region and one in the us-west1 region. Each of these regions has

a global epoch service publisher. The global epoch service itself is deployed in the us-central1

region so that its maximum latency to both publishers is minimized.

Within each region, the Chardonnay KV service shard leaders use Standard_L8s_v2 Azure

VMs, which provide 8 vCPU cores and 64GB of memory and support accelerated networking

necessary for eRPC. We advance the local epochs every 10ms. There are two shards in each

region. The entire database fits in the DRAM cache. We also disable Chardonnay’s dry runs as

they are not relevant for our experiment.

The global epoch does not advance on a fixed timer interval. Instead, the epoch service con-

tinuously advances the epoch as fast as it can by issuing parallel calls to the epoch publishers in

both regions, waiting until they complete, then advancing again in a loop. Hence, the global epoch

interval is determined by the network latency to the furthest region.

3.5.2 Experiment

We run YCSB-A [38] with 50% point reads and 50% point writes with uniform random dis-

tribution. Each Chardonnay region has one client with 5 threads, which runs on a dedicated VM.

Each client issues YCSB transactions only to the shards co-located with it; hence the YCSB trans-
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actions are all single-region. The YCSB reads are not declared as snapshot queries so they execute

using locks, not using the snapshot algorithm. Additionally, the client in the us-west1 region peri-

odically executes a multi-region strongly consistent snapshot read query that reads one key in each

region. We chose us-west1 because it has a higher latency to the us-central1 region, so it presents

the worst case. We run the experiment for 10 minutes.

Results

First, we measure the global epoch update intervals. The median is ∼47ms, and the P99 is

∼76ms. The mean update duration for the epoch is under 55ms. Second, we measure the latency

of multi-region snapshots. On average the query has to wait ∼82ms in the initial stage reading

the global epoch and waiting for the epoch to advance, and in total takes an average of ∼107ms.

Finally, we measure the latency of the YCSB transactions. The results are shown in Table 3.1

Comparison to Cloud Spanner

Cloud Spanner [37] is a managed service offered by Google Cloud Platform (GCP). GCP does

not have the same regional layout as Azure, so we use the nam3 configuration as it is the closest to

ours. It has replicas in us-east1, us-east4, and us-central1 regions, a read only replica in us-west1,

and the primary replica in us-east4. We find that strong (i.e., linearizable) reads from the the central

region have a median latency of ∼39ms, while strong reads from us-west1 have a median latency

of ∼65ms. Thus, Cloud Spanner strong read latency is lower than, but comparable to, Chablis

(which does not require special hardware synchronized clocks). On the other hand, all writes in

Cloud Spanner, even for a single-region deployment, have latency of many milliseconds, which is

an order of magnitude slower than Chablis (see Table 3.1). The comparison is not strictly apples-

to-apples, since Cloud Spanner is not using fast RPCs and log storage unlike Chablis. However,

we believe it would still be a lot slower in that case due to having to wait out clock uncertainty

during commit.
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Chapter 4: Masking 2PC Latency in Orleans

4.1 Introduction

In the previous chapter, we showed how to leverage modern low-latency networking and stor-

age technologies to drastically cut the latency of 2PC. Unfortunately, these technologies are not

always available. In this chapter, we will describe how we designed efficient distributed ACID

transactions mechanism in one context in which we could not use a fast RPC stack and low-latency

storage: the Orleans [28, 109] virtual actor system. The basis of this chapter is published in [53].

4.1.1 Motivation

Many modern cloud services have a 3-tier architecture with a stateless front-end, a stateful

middle-tier that implements business logic, and a storage layer. The stateful middle-tier is needed

due to heavy CPU and memory requirements to execute the business logic, which does much

more than simply read or write the database. For example, apps often manage a lot of state in the

middle-tier, such as a knowledge base or image cache. Some of this state needs to be read and

written at high rates. These apps may also perform heavy computation, such as rendering images

or computing over large graphs. Such requirements make it infeasible to embed the application

logic as stored procedures in the storage layer [25]. The architecture also allows computation and

storage to scale independently.

The actor model [4] has become a popular choice for building stateful middle-tier applica-

tions in the modern cloud, especially interactive ones such as games, social networks, Internet of

Things, and telemetry [9, 18]. Actors are single-threaded objects that do not share memory and

interact only via asynchronous message passing. The single-threaded nature of actors simplifies

their implementation, and applications are typically made of many actors, which are natural units
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of scaling that are spread over many servers for scalability. Actors allow building a stateful mid-

dle tier with data locality and the semantic and consistency benefits of encapsulated entities via

application-specific operations [18].

Orleans [28, 109] is an actor-based platform targeting stateful middle-tier applications with

a primary focus on scalability and programmability. It simplifies the process of writing .NET

scalable stateful middle-tier services, making it accessible to developers who are not necessarily

distributed system experts. Orleans invented the abstraction of virtual actors [18], where actors

are transparently loaded on demand, like pages in a virtual memory system. This solves a number

of the complex distributed systems problems, such as reliability and distributed resource manage-

ment, liberating the developers from dealing with those concerns. The Orleans runtime implements

the virtual actor model, enabling applications to attain high performance, reliability and scalability.

Over time, Orleans added support for automating the process of storing actor state durably to the

programmer’s choice of cloud storage systems.

By viewing an Orleans application as a collection of stateful actors, one can think of it as an

actor-oriented database (AODB) [19, 20]. The distinguishing features of an AODB are that it scales

out elastically to hundreds of servers, can use a variety of cloud storage services, and is compatible

with the actor framework’s programming model. Since application developers want to avoid being

locked into a specific storage service, such a database must be able to use a wide variety of storage

systems, such as page servers, BLOB servers, key-value stores, JSON stores, and SQL databases.

An actor-oriented database needs to implement its own database abstractions, to compensate for

the lack of such abstractions in the storage system and to ensure it integrates smoothly with the

actor programming model. This perspective has led to the evolution of the system to add support

for database abstractions as first class concepts, such as geo-replication [24] and indexing [20], as

depicted in Figure 4.1. Prior work also investigated using the actor model for query serving [84].

Applications often need to perform logically atomic operations that span multiple actors. Be-

cause actors do not share memory, adding general support for such multi-actor operations with

isolation and fault tolerance guarantees requires an ACID transaction mechanism [21]. Since ac-
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tors in Orleans are randomly distributed across many servers for scalability and availability, most

transactions that access multiple actors will access multiple servers, and hence must be distributed.

On top of the standard challenges involved in supporting distributed transactions which we pre-

viously discussed, additional difficulties arise from implications of the virtual actor model and

requirements from Orleans users (which we describe in detail in §4.3). However, opting not to

offer distributed transactions would put the burden on developers to use ad-hoc methods to obtain

cross-actor consistency, which is hard to do well. ACID transactions are a key database abstrac-

tion, and supporting them as a first-class concept in Orleans has been a major step in its evolution

into a fully-fledged actor-oriented database system.

4.1.2 Overview

In this chapter we describe the design and implementation of ACID transactions in Orleans. We

utilize a classic design that combines two-phase locking [57] (2PL) for serializable isolation, with

two-phase commit [87] (2PC) for atomicity, to implement distributed transactions, but with novel

and unique twists. Our design does not introduce any centralized components to Orleans such as

a shared log or an independent transaction manager system. Instead, all durable transaction state

is maintained in decentralized, per-actor cloud storage accessible only via transactional storage

drivers, allowing developers to pick any cloud storage they prefer.

The high latency of cloud storage presents many performance challenges and would typically

limit transaction throughput. We introduce two main techniques to mask the latency of cloud

storage. First, we apply a distributed form of early lock release [47, 62] to 2PC by allowing

a transaction to release locks at the start of phase-one of the 2PC protocol. After a transaction T

finishes executing, it will not acquire more locks, so holding locks after this point has no value from

a 2PL perspective. By releasing its locks at the start of 2PC, T avoids blocking other transactions

that access T’s writeset while T is executing its high-latency commit process. However, since T

releases write locks before it commits, subsequent transactions can read “dirty” (i.e., uncommitted)

data that will be invalid if T aborts. To avoid this inconsistency, a transaction keeps track of its
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dependencies on uncommitted transactions, and can only commit if and when all its dependencies

commit.

Second, we utilize reconnaissance queries [141], which run transaction logic in a low isolation,

dry run mode to prefetch all of the actor state in main memory prior to the actual transaction, so

that transaction execution does not block waiting for slow reads from cloud storage while holding

locks. Similar to our work in Chardonnay, the reconnaissance query also collects the identities of

all the actors involved in a transaction so that lock acquisition requests can be ordered to avoid

deadlocks.

While this work focuses on transactions in an actor-oriented database, we think these tech-

niques are generally applicable in any situation where 2PC commit is high. A summary of the

techniques described in this chapter:

1. Transactional extensions to the Orleans programming model (§4.4).

2. Transactional extensions to the Orleans runtime (§4.5).

3. Pipelined commit protocol and distributed early lock release (§4.6).

4. Reconnaissance queries for prefetching and deadlock avoidance (§4.7).

We also describe our experience and lessons learned from developing a prototype solution and

taking it all the way to production in §4.3, including how feedback from users influenced the design

and led to revisiting important aspects of the system.

4.2 Background on Orleans

Orleans is a framework for writing actors, as well as a platform that provides a set of runtime

services to execute that actor code. In this section we describe the parts of Orleans that are neces-

sary to explain how we added ACID transactions to it. More details can be found in the Orleans

documentation [109].
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Figure 4.1: Actor-Oriented Database System.

4.2.1 Runtime

An Orleans cluster is a set of servers running an identical software service called a silo. The

Orleans Runtime is a set of subsystems that run on each silo of a cluster.

4.2.2 Grains

Actors in Orleans are known as grains. Each grain has a location-transparent identity, called

its key, which is the only way to reference it. Grains cannot share state.

Like regular .NET types, grain types are defined using interfaces and classes. A grain’s pub-

lic interface can have only async methods, and grains only communicate via these asynchronous

method calls; a grain can perform a system call to the Orleans runtime to obtain a reference to

another grain using the target grain’s key, which is one of its member attributes. It then can use

the reference to call any of the async methods on the target grain’s interface. The reference re-

turned by the runtime is in effect a proxy for the called grain, and allows the runtime to intercept

all communication between grains in the system.

A method call immediately returns a promise, after which the caller can continue executing.

It can also choose to wait for fulfillment of the promise (i.e., wait for the method call to finish

executing and return) using the standard .NET await mechanism. Under the covers, this interaction

is realized by messages in each direction.

Grains are single-threaded, and normally are non-reentrant. That is, a method call must execute
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to completion before the next call is processed. Optionally, a grain can be reentrant. In this case,

the steps of method calls can be interleaved. However, even in this case, only one method call is

allowed to be actively executing inside the grain at any given time.

4.2.3 Activations

Since grains cannot share state and can only be referenced via the location transparent key,

the Orleans runtime is able to place any grain on any server in the cluster. Typically, it distributes

grains randomly across servers to minimize the chance that any server is a bottleneck, though users

can customize grain placement policies using plug-ins.

If a grain is not currently running when one of its methods is invoked, the Orleans runtime

activates the grain, which involves choosing a server on which to execute the grain and executing

the grain’s constructor. It then performs the method call. It retains a reference to the grain in its

distributed fault-tolerant grain directory so that future invocations can be directed to it. If a grain is

idle for too long, the Orleans runtime deactivates it by calling the grain’s destructor and releasing

its resources. Since, this model of activate-on-demand is very similar to the demand-paging model

of virtual memory, Orleans calls it the Virtual Actor Model [18].

Notice that there is no notion of creating a grain in the Orleans programming model. Grains

are assumed to always exist, and are instantiated only when referenced.

The mapping of grains to servers is dynamic. Each time a grain is activated, it may (and often

does) execute on a different server than its previous activation.

Grains are fault tolerant. If a server fails, Orleans detects the failure and updates its grain

directory accordingly. The next invocation of a grain that died on the failed server causes that

grain to be re-activated on another server, just like any invocation of an inactive grain.

The grain directory is implemented as a decentralized, distributed hash table where each server

in the cluster is responsible for a portion of the directory. The system strives to ensure there is

at most one active instance of a grain at any point in time. However, this can be violated during

periods of server failures, cluster reconfiguration, or network partitions, which has implications for
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Figure 4.2: Breakdown of time spent in transactions

the correctness of our transaction implementation, which we discuss in §4.6.

4.2.4 Persistence

Orleans offers a simple declarative model of persistence, where a grain type identifies its persis-

tent properties. Orleans maps those properties to persistent storage via a storage provider plug-in.

The app specifies the storage provider (and hence the storage system) to use via a configuration

attribute. Orleans uses the storage provider to populate a grain’s state when the grain is activated.

A grain can call WriteStateAsync to save its state at any time, e.g., just before returning from a

method call that modifies its state or just before it is deactivated.

This approach to persistence decouples actor implementation from its storage. Developers can

override this declarative persistence model with their own mechanism. For example, the developer

can write custom code in the grain’s constructor to initialize the grain state from any source, and

can include code to save the grain’s state in any method.

4.2.5 Transaction Latency

Figure 4.2 shows the breakdown of where the time is spent in the execution of a simple trans-

action that writes one or two randomly selected grains, whose storage is backed by Azure storage.

As shown on the figure, the time to load the state and execute the commit protocol is much larger
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than the time taken to execute the transaction logic itself.

4.3 Requirements

Here we discuss a set of requirements that we collected from Orleans users within and outside

Microsoft.

First, to ensure the programming model for transactions is natural to Orleans users, transactions

must be opt-in. They should affect only the programming model and performance of applications

that use them.

Second, users want the ability to choose from a wide variety of cloud storage solutions. Hence

all transaction storage must be external and pluggable.

Third, as reported in prior work [55, 141] and by our users, most workloads have low contention

most of the time, but many workloads sometimes have a few very hot grains. Hence the transactions

design needs to handle both high and low contention cases well.

We built an initial prototype satisfying these requirements [51]. However, when the Orleans

team embarked on incorporating the prototype into their product, they identified additional require-

ments. First, they wanted an application opt into transaction functionality by using composition

and dependency injection, rather than by extending a base class, as was required in the prototype.

This allows better composability with other Orleans features that is difficult to achieve with an

inheritance-based model.

Second, the prototype had a disadvantage where even single-grain transactions have to go

through a two-phase commit process, and they were keen to eliminate this overhead both for per-

formance reasons, and for integration with external one-phase systems that do not support 2PC.

Third, transaction aborts due to deadlock timeouts were identified as a major source of perfor-

mance problems. The possibility of them occurring was often a surprise for users since locking is

not explicit in the programming model. Users were keen for a way to avoid or reduce deadlocks.

Finally, they wanted there to be no additional components to deploy beyond that of the existing

Orleans setup, which deploys one service (the Silo) per server. Users were quite unwilling to take
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public interface ITransactionalState<TState>
where TState : class, new()

{
Task<TResult> PerformRead<TResult>(

Func<TState, TResult> readFunction);

Task<TResult> PerformUpdate<TResult>(
Func<TState, TResult> updateFunction);

}

Figure 4.3: Transactional Grain State Interface

on the many complications of the deployment, versioning and rollout story that would be necessary

due to additional components. This rules out architectures that include a dedicated transaction

manager service or a centralized sequencer [14, 55].

4.4 Programming Model

In this section we describe the extensions we added to the Orleans programming model to

support transactions.

4.4.1 Transactional Grain

A transactional grain is a stateful grain whose state is protected by ACID transactions. Any

grain type can become transactional by declaring a field of type ITransactionalState in the class

implementing the grain, which is a wrapper providing transactional read and write access to the

grain state. The interface of ITransactionalState is shown in Figure 4.3.

4.4.2 Transactional Methods

Transactions in Orleans are bracketed by method tags, similar to the programming model of

Java EE or .NET’s COM+. A method on any grain interface can be declared as transactional by

annotating it with the Transaction attribute and specifying a TransactionOption value indicating

how this method behaves within a transaction. We list the most common TransactionOptions here.
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public interface ITransactionalStateStorage<TState>
where TState : class, new()

{
Task<TransactionalStorageLoadResponse<TState>> Load();

Task<string> Store(
string expectedETag,
TransactionalStateMetaData metadata,
List<PendingTransactionState<TState>> statesToPrepare,
long? commitUpTo,
long? abortAfter

);
}

Figure 4.4: Transactional State Storage Plugin Interface

The Orleans documentation [109] contains a comprehensive list.

• Create. Every call to the method starts a new transaction, T, and completes T on exit.

• Join. The method can be called only within an already executing transaction.

• CreateOrJoin. If the method’s caller is executing within a transaction, T, then it becomes

part of T. If not, then the call starts a new transaction, T′, and completes T′ on exit.

Once a method that starts a transaction completes without throwing any exceptions, the Orleans

runtime will attempt to commit the transaction. If it succeeds, the method returns normally. Oth-

erwise, an exception will be thrown to the caller. Transactional methods should not have any side

effects beyond changing the state of transactional grains, so that if they need to be aborted they can

be rolled back cleanly. This is not enforced by Orleans, and left to programmer discipline.

All methods accessing transactional grain state must be transactional, but transactional methods

can exist on non-transactional grains as well.

4.4.3 Transactional Storage

As we discussed in §4.3, Orleans users require the flexibility to use a cloud storage solution of

their choice to store durable grain state, including transactional grains. To this end, we augment
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the Orleans framework with a pluggable transactional storage interface ITransactionalStateStor-

age that users can implement, see Figure 4.4. The interface requirements are quite minimal; it

accommodates any highly available cloud storage solution that supports conditional writes based

on an ETag check (which in practice means any cloud storage can be used).

4.5 Transaction Execution

Orleans uses dependency injection to populate the transactional state field of a transactional

grain. In addition to the methods on ITransactionalState’s public API to read and write the transac-

tional state (Figure 4.3), the injected object also has methods to prepare, commit and abort, which

are required for the 2PC protocol. In effect, a transactional grain acts as a mini-database. It is the

unit of access, meaning that a transaction that reads or writes any part of the grain’s state is con-

sidered to have read or written its entire state. This is to simplify the bookkeeping required during

transaction execution; while it is conceptually possible that a transaction only needs to access a

part of the grain’s transactional state, grains are meant to be small and developers naturally divide

large state across many grains. Orleans serialization features are used to generate a deep copy of

the state of arbitrary type TState so that working copies can be created for transactions that can

later be rolled back if the transaction aborts.

Each silo in the Orleans cluster has a component called the Transaction Agent (TA), which

provides transaction functionality within the Orleans runtime. It has APIs to start, commit, and

abort a transaction. The TA assigns a globally unique transaction ID to each transaction.

Recall from §4.2.2 that the Orleans runtime intercepts all grain method calls via grain reference

objects. When a transactional method M is invoked, the runtime uses M’s transaction tag to deter-

mine whether to start a transaction or propagate the caller’s transaction to M. Figure 4.5 illustrates

how a transaction starts and propagates. To start a transaction, the runtime calls the local TA on

the server running M. Once M completes, the runtime calls its local TA to coordinate running the

commit protocol to commit the transaction, which we describe in §4.6. Optionally, the runtime

might also run M in reconnaissance mode prior to starting the transaction, as explained in §4.7.
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Figure 4.5: Transaction Execution

4.5.1 Transaction Context

Each transactional method call carries a hidden parameter called the transaction context to

record information about the transaction’s execution. The transaction context includes the identity

of the caller’s transaction, T, and of the grains and versions accessed by T. A transaction context is

created when the runtime starts a new transaction.

The transaction context is passed back and forth between the grain that started T and other

grains T accesses (which all happen via grain async method calls). The transaction context supports

a Union method, which accepts another transaction context with the same transaction id and unions

its readset, writeset. After a method call is completed, the callee returns an updated transaction

context which the caller unions with its own. If a method M1 running within a transaction T

calls another method M2 within T, M1 must await M2’s return so that it can union the updated

context down M2’s path. Otherwise, the call down M2 could have made some changes that are not

recorded and updates by the transaction can be lost, breaking atomicity. If M1 fails to await M2,

we call this an orphaned call. The system is able to detect such calls and abort the transaction if

they occur.
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Figure 4.6: Pipelined 2PC with two participants (left) and one participant (right).

4.5.2 Concurrency Control

We use 2PL with grain-granularity for concurrency control. When the runtime propagates

a transaction, T, to a transactional grain, G, it locks G on behalf of T. While T holds the lock,

only method calls that are part of T may execute. Other calls are queued. This is susceptible to

deadlocks. Our reconnaissance queries (§4.7) allow us to avoid deadlocks in most cases. When

this fails, we use timeouts as the fallback mechanism.

Since locks are not persisted, if a server hosting a transactional grain G fails, a transaction T

holding the lock on G will lose the lock and T’s in-flight updates of G. If G recovers before T

starts 2PC, then T must avoid being fooled into committing and thereby breaking atomicity. As

we explain in §4.6, the prepare-phase ensures this by checking whether T still holds its locks; if

not, it aborts T. It is also possible for T to lose a lock due to a failure and then re-acquire the lock

by accessing G again before it finishes, perhaps via a different callpath. In this case, T’s context

will refer to two versions of G. To handle this, if the union operation on T’s transaction context has

seen more than one version of any grain, it will abort T. This also handles the rare cases mentioned

in §4.2.3, where there are multiple activations of G simultaneously.
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4.6 Commit Protocol

After a method that starts a transaction T completes without throwing any exceptions, the

runtime initiates the commit process by invoking the local Transaction Agent (TA) and passing

it the complete transaction context, which contains the full readset and writeset (i.e., participant

transactional grains) of T. Figure 4.6 illustrates the full commit protocol.

Recall that the transactional grain state object has methods to implement 2PC. The TA desig-

nates one of the participant grains as the transaction manager (TM) of the transaction, which will

be the authority on T’s outcome. The TA then issues prepare RPCs to all participants, except the

TM. The RPC includes the identity of the TM as one of its parameters. Each participant grain G

that receives a prepare RPC first validates that T still holds its lock, and if it is part of the writeset,

validates that it still has all the writes made by T. If this validation passes, G immediately releases

the transaction’s lock on it, which allows other transactions to access G and take a dependency on

T (since T is not yet committed). T is now said to be pending at G. Asynchronously, G will submit

a write to its transactional storage to record a prepare record for T, which persists T’s writes as

well as the identity of the TM to durable storage. If and when that write returns successfully, and

G has committed all its pending transactions prior to T, G notifies the TM that it is done with its

prepare phase. Alternatively, if the validation fails, G rolls back the writes of T and any subsequent

pending transaction.

In parallel to the prepare RPCs, the TA also sends a commit RPC to the TM. The TM handles

that call similarly to how other participants handle the prepare RPC, except it also has the additional

responsibility of deciding T’s outcome. The TM waits for all the other participants to successfully

finish their prepare phase. After the TM receives notifications from all participants that they have

successfully prepared, it asynchronously submits a write to its transactional storage to store the

commit record for T. After that write is successful, the TM replies to the TA so it can notify

the client that the transaction completed. Additionally, the TM notifies all the participants of T’s

outcome so they can clean up their logs and mark T as no longer pending. The persisted commit
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record includes the identity of all the transaction participants that need to be notified, so that the

TM grain can perform this duty despite failures. Once all participants have been notified of the

transaction commit, the TM can remove the commit record from its storage to reclaim space.

As illustrated in Figure 4.6, transactions that only touch a single grain only need one RPC to

commit, instead of the usual two rounds of 2PC.

One subtle issue in Orleans’ commit protocol is that even read-only participants have to go

through the process of persisting a prepare record. Recall from §4.2.3 that multiple instances of

the same grain might be active simultaneously in some failure cases. It is therefore necessary to do

a write to transaction storage to perform an ETag check and ensure that the grain version read by

the transaction is indeed the latest and not a stale version.

Apart from the above considerations that arise from the early release of locks, the recovery

actions required when participant fails, a storage write fails, or a message is lost are the same as in

other 2PC protocols. A detailed description appears in Chapter 7 of Bernstein et al. [21].

4.6.1 Discussion

Orleans’ pipelined 2PC variant enables two major benefits. First, transaction locks need not be

held during the high latency 2PC. Second, since persisting prepare and commit records to storage

is asynchronous, writes can be efficiently batched, enabling a distributed form of the group commit

optimization. Together, these reduce the contention of transactions dramatically and allow for

much higher transaction throughput despite the high latency of 2PC over cloud storage compared

to a standard 2PL/2PC implementation.

On the other hand, a potential drawback of this design is that it allows cascading aborts. How-

ever, since a transaction only releases its locks after it has already finished executing, transaction

program failures and deadlocks are no longer possible. Hence, cascading aborts only happen only

due to server failures, e.g., a hardware or operating system failure, which are relatively rare. Ad-

ditionally, when a server S fails, there is significant delay in cluster reconfiguration, since other

servers need to wait long enough to be sure that S failed and is not simply slow. Then they must
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work around S’s failure until S recovers. Thus, independent of the existence of transactions, appli-

cation execution will be disrupted. Cascading aborts will add to the period of unavailability, but

we argue that the effect is incremental, not a fundamentally new effect to be coped with.

4.7 Reconnaissance Queries

A guiding principle in the design of Orleans transactions is to avoid holding locks while waiting

on high latency cloud storage access. Orleans’ pipelined 2PC removes the latency of the commit

protocol from a transaction contention period. The other cause of cloud storage access is reading

grain state from storage when activating a grain. Hot grains will typically have been activated by

the system and hence have in-memory instances. However, this does not fully address the issue be-

cause a transaction might access hot grains along with other cold grains that have not been recently

activated. There are several well-known techniques to work around this problem [21]. For ex-

ample, the programmer could manually prefetch grains before executing the transaction. Another

technique is to ensure hot grains are the last to be accessed. This is beneficial because it minimizes

the execution time during which access to the hot grains causes a conflict. Unfortunately, these are

are not always applicable, and they push a lot of complexity to programmers.

To deal with this problem in a general way, we added reconnaissance queries [55, 141], which

is currently an experimental feature. When a grain method is supposed to start a new transaction

T, the system can first start T in reconnaissance mode. In this mode, T executes in lock-free

repeatable read isolation. Transactional grains, which are multi-versioned and keep track of stable,

committed versions, return a known committed value to serve the read operations without waiting

on any locks. Any writes made by T in reconnaissance mode are staged at the grain state, and

discarded at the end of execution. After the reconnaissance phase, the system then starts T normally

in lock-acquiring mode. Note that this does not require any changes to the application code, and is

done completely transparently.

As shown in prior work [55, 141], it is rare for the readset of a transaction to change between

the reconnaissance query and the actual transaction. As a result, running the reconnaissance query
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serves the important purpose of activating the grains in the transaction’s readset which ensures

their state is loaded from cloud storage prior to acquiring any locks. In the uncommon case where

the readset does change, transactions will potentially have to hold locks while reading from slow

cloud storage, but the system does not face any correctness problems.

Reconnaissance queries have two main disadvantages. First, they add to the query latency,

although this additional latency does not lead to increased the contention. Second, they require

executing the transaction logic twice before committing. While transactions tend to be short, this

could still be wasteful if the transaction is compute-intensive, particularly in low contention cases.

Hence, we allow users to opt-out of reconnaissance queries on a per transactional method basis.

4.7.1 Deadlock Avoidance

Since transactions in Orleans use locking for concurrency control, the system must deal with

the potential for deadlocks. Deadlocks in Orleans transactions have been identified as a major

source of performance issues by prior work [94], and by our users. Furthermore, that they can

occur at all is often a surprise for Orleans users since locking is not explicit in the programming

model.

The most general mechanism used in the system to handle deadlocks is transaction timeouts,

since these are required to handle other possible failures. However, requiring transactions to wait

for the entire timeout duration to resolve deadlocks can be too slow and in practice leads users to

set their transaction timeouts to conservatively short values, resulting in many transaction aborts

and restarts.

By making all transactions acquire their locks in the same order, we can prevent deadlocks.

The system leverages the fact that the readsets and writesets of the transaction are (approximately)

computed by the reconnaissance queries, prior to acquiring any locks. After the reconnaissance

query, the runtime will issue RPCs to acquire the locks on the participant grains in a defined

order before executing the transaction. A naive implementation of this idea would require adding

|readset ∪ writeset| round-trips to time under locks, which increases contention. Instead, as in
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Table 4.1: Single Silo Write Throughput.

Single Grain Two Grains

Writes (KTPS) 430 212
Persistent Writes (KTPS) 126 61

Transactions (KTPS) 46 11

prior work [55], the Orleans runtime uses an RPC Chains [134] style approach, which cuts the

round-trips required roughly in half compared to the naive approach. The way this works is that

the lock acquisition RPC to a grain contains an ordered list of subsequent grains that need to be

locked. When the silo locks a grain, it forwards the remainder of the list to the next grain and so

on until the last grain is locked, which will then notify the first grain that all the locks have been

acquired, at which point the transaction execution can start.

It is again possible that the transaction’s readset or writeset changes between the reconnaissance

query and actual transaction. We fall back to timeouts to resolve any potential deadlocks that might

arise as a result.

This ordered lock acquisition scheme can actually increase a transaction’s contention period,

because lock acquisition has to be serialized. We allow the programmer to disable the scheme on a

per transaction basis. Note that there is no overhead for the common case of transactions accessing

a single grain.

4.8 Experiments

In this section we study the overhead of transactions by comparing transactional operations

to regular persistent non-transactional grains (§4.8.1) and the effectiveness of the pipelined com-

mit protocol (§4.8.2) using micro-benchmarks. We also evaluate effectiveness of reconnaissance

queries in Orleans using the Smallbank benchmark (§4.8.3).

All Silos and clients are running on Azure Standard D8as v5 VMs, which promise 8 cores

and 32GB of RAM. We use Orleans 7. Unless otherwise stated, we use Azure Storage for grain

persistent storage. Throughput numbers are computed by running the workload for 5 minutes and
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taking the average.

4.8.1 Transaction Overhead

Transactions incur overhead since transactional state has to create copies of itself to support

rollbacks and multi-versioning, in addition to the RPCs and write needed for the commit protocol.

To measure that overhead, we devise a simple micro-benchmark. Grains in this workload have a

very simple 64-bit integer state. Each operation can either write the state of one or two grains,

selected at random from a large universe of grains. In this experiment, storage for grain state is

in-memory, since we want to measure the overhead of Orleans’ transactions operations, not the

cost of IO.

The results are shown in Table 4.1. The first row shows the total throughput for regular non-

persistent grain operations, the second row shows the throughput for the same operations when

performed with persistence, and the third row shows the throughput when performed within a

transaction.Transactions have significant overhead compared to plain grain operations and even

persistent grains. One notable thing about the results is that the throughput of single grain workload

is significantly more than double the throughput of the two-grain transaction workload. This shows

that single-grain transactions are significantly more efficient than multi-grain ones, which is due to

the transfer of coordination from TA to TM in the single-grain case, as described in §4.6.

4.8.2 Single Grain Microbenchmarks

Hot data is a worst case for transaction performance and often arises in practice. Orleans’

commit protocol is designed to support high throughput for hot data. In this experiment we evaluate

its performance for a single hot grain and compare it to a standard 2PL/2PC baseline as well as

non-transactional persistent grains. The workload involves writing a single grain which has 1KB

state. We plot the results in Figure 4.7.

With its early lock release and pipelined commit, Orleans is able to sustain much higher

throughput than a baseline 2PL/2PC implementation. Furthermore, it also greatly outperforms
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even the throughput of non-transactional grain writes, which still have to lock the grain for every

individual write during the entire duration of performing the write to cloud storage.

4.8.3 Smallbank Multi-Transfer

Here we use the Smallbank [6] benchmark to evaluate the effectiveness of reconnaissance

queries in addressing high contention and deadlock aborts, by comparing the performance when

configured to use reconnaissance queries vs. a baseline where they are disabled. SmallBank is an

OLTP benchmark simulating basic operations on bank accounts, and is a good fit for simulating

actor workloads which are write-intensive and interactive [94]. We use a similar setup to prior

work [94]; in particular, we also use a MultiTransfer transaction that withdraws money from one

account and deposits money to multiple other accounts in parallel. In this workload, each account

is modeled as a separate grain, and there are 10k accounts in total. The grains accessed by each

transaction are selected randomly using zipfian distribution. We vary the zipf parameter to generate

different levels of skewness to measure the effect of contention. In a highly skewed workload,

transactions access only a small set of grains, which causes them to be highly contended. We plot

the throughput and abort rates under different workload skewness in Figure 4.8.

65



uniform low medium high very high
Workload Skewness

0

500

1000

1500

2000

2500

3000

3500

4000

Th
ro

ug
hp

ut
 (T

PS
)

Baseline
Reconnaissance Queries

(a) Throughput.

uniform low medium high very high
Contention Index

0

10

20

30

40

50

Ab
or

t R
at

e 
(%

)

Baseline
Reconnaissance Queries

(b) Abort Rate.

Figure 4.8: Smallbank Multi-Transfer Results

Analysis. As expected, under low contention, the reconnaissance queries in Orleans are mostly

wasteful and consequently the baseline configuration has better throughput. As contention in-

creases, however, they become crucial. Throughput of the baseline drops significantly and dead-

lock aborts become frequent, even with a modest increase in skewness, whereas the performance

of the variant with reconnaissance queries holds steady and is able to avoid deadlock aborts com-

pletely.

4.9 Conclusions and Future Work

We presented the design of ACID transactions mechanism in Orleans, an actor framework and

platform that has evolved into an actor-oriented database system. Orleans transactions have to

be distributed over external high-latency cloud storage, yet we have shown how to mask the high

latency of cloud storage using early lock release, pipelined 2PC and reconnaissance queries to

achieve high throughput and good performance. We shared many experiences from our journey to

productionize transactions in Orleans, including how much considerations like extensibility, ease

of deployment and ease of integration with existing workflows often trump pure performance once

the system achieves performance acceptable to customers.

There is much that can be done to extend this work. On the research side, one could experiment
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with variations of our technique to identify further optimizations. For example, one could try

multi-version optimistic concurrency control, so transactions can read or overwrite data that was

last written by a still active transaction. This should increase the maximum throughput when the

transaction conflict rate is low. On the practical side, it would be beneficial to avoid deep copying

the entire object state when a small update is made to a big structure, e.g., a dictionary. One

way is to implement a custom transactional variation of the data structure that can log and undo

incremental updates.
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Chapter 5: Effectively Avoiding 2PC with Neuroshard

5.1 Introduction

Horizontal sharding is a decades-old technique to scale production databases [123]. When

a database’s load or storage capacity overwhelms a single server, operators split the rows in the

database and store them in multiple servers. Notable examples of horizontal sharding are Face-

book’s social graph [106] and Google’s ad serving database [3, 131].

The choice of assigning rows to servers affects many aspects of a system’s performance, so op-

erators often need to simultaneously optimize for multiple, sometimes conflicting, objectives. One

example objective is to assign a roughly equal number of rows to each server, balancing storage

load. Another is to assign rows such that the servers receive roughly the same number of queries,

balancing compute and network load. This problem is exacerbated by real-world requirements,

such as variable-sized objects, servers with heterogeneous capacities, and queries with variable

complexity. Beyond load balancing, another class of objectives is to minimize the fanout – the

number of shards that a query touches – because a distributed query is typically much more ex-

pensive than a single-server query. However, fanout minimization requires clustering the rows

assessed together frequently into the same shard, which is at odds with load balancing objectives

if many rows in the cluster are hot.

Given these intricate, combinatorial objectives, an ideal sharding scheme should flexibly adapt

and optimize for them simultaneously. Unfortunately, existing sharding algorithms are designed

primarily for single objectives. For instance, commonly-used random, hash, range and round-robin

partitioning [45, 46] are good at balancing load but ignore fanout minimization completely. To

minimize average query fanout, recent work, including Schism [41], SWORD [118] and SHP [78],

collect a trace of past accesses to the database, model it as a (hyper)graph that links the rows
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Figure 5.1: Toy example of the distributed database partitioning problem.

accessed together in a query, and then compute the row-to-shard assignments by solving a parti-

tioning problem. In general, graph partitioning is an NP-Hard problem [7], so existing work uses

solvers that utilize hand-designed heuristics that require considerable expertise and experimenta-

tion to produce good solutions for just the objective of minimizing fanout. Given the diverse and

competing objectives, designing hand-crafted heuristics that work well for each objective and their

combinations is a painstaking task.

This chapter presents Neuroshard, a sharding system that tackles the decades-old horizon-

tal scaling problem using a novel learned approach. Neuroshard can automatically optimize for

multiple classic sharding objectives, such as fanout minimization and load balancing, by learning

effective partitioning heuristics directly from the input trace. This work is based on [54].

Similar to prior work [78, 118] Neuroshard works by collecting a trace of past queries and rep-

resenting it as a hypergraph, where the rows are vertices and the queries are hyperedges, and then

partitions that hypergraph. This process is done regularly offline at some frequency. The intuition

is that computing a sharding assignment that works well for past accesses will most likely serve to

improve the performance on future accesses as well. This offline approach is orthogonal and com-

plementary to online sharding in systems such as Clay [129] and E-store [56, 138], in which the
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system actively moves rows to improve the performance. A database can use Neuroshard to pre-

compute sharding assignments for a workload trace and then dynamically adjust the assignments

via online sharding upon the workload shifts.

Neuroshard’s goal is to use Deep Reinforcement Learning (RL) to partition the hypergraph of

past queries, in order to achieve various sharding objectives. However, the challenge in directly

applying RL to our setting is that the query hypergraph may contain millions of queries (or hyper-

edges), which would make the the state and action space of the RL too large.

Inspired by prior work on graph partitioning [155], we make the observation that if at each

stage of partitioning we only consider adding the “neighboring” rows (or the rows that were ac-

cessed in the same query), we can achieve good partitions, while also significantly limiting the

number of vertices we consider at each step of the algorithm. This structure naturally lends it-

self to a reinforcement learning formulation. Therefore, Neuroshard uses a trained RL agent to

score each one of the candidate vertices, where the reward is a function of multiple sharding ob-

jectives. Neuroshard uses techniques from Multi-Task learning to optimize for multiple objectives

in parallel.

We implement Neuroshard on a distributed database based on MariaDB [103], and compare

it to three heuristic baselines: Neighbor Expansion [155], hMetis [82] and hash partitioning. We

compare the different algorithms on several microbenchmarks and on the Epinions [104] social

network dataset. Our evaluation shows that while Neuroshard does not always provide the best

performance, it consistently provides close to the best performance on all the traces, while the

heuristic schemes’ performance varies. For example, hMetis and Neighbor Expansion perform

well in workloads where fanout minimization is a primary objective and the load is spread rela-

tively evenly across queries, but perform poorly in skewed workloads where load balancing is an

important objective. In contrast, Neuroshard is able to balance multiple objectives simultaneously

(i.e., fanout and load balancing) in both of these types of workloads.

We make three primary contributions:

1. Learned sharding. Neuroshard is the first system to use a learned approach for directly
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assigning rows to shards.

2. RL formulation. A novel RL framework for the hypergraph partitioning problem (§5.4).

Our design uses ideas from the Neighbor Expansion [155] algorithm to restrict the state and

action spaces so that the RL agent only needs to learn how to make good local decisions

based on a small subset of the hypergraph (the neighborhood). We formulate two popular

sharding objectives as RL rewards: fanout minimization (§5.4.4) and load balancing (§5.4.5)

3. Multiple objectives. A general approach for multi-objective sharding using Multi-Task

Learning (§5.6) that can automatically incorporate new objectives as RL rewards.

5.2 Horizontal Sharding

This section provides a background on the problems tackled by Neuroshard. It first provides

a motivating example for sharding (§5.2.1) and formally defines the sharding problem (§5.2.2) on

two popular sharding objectives: fanout minimization (§5.2.3) and load balancing (§5.2.4).

5.2.1 Motivating Example

A common problem in the distributed database setting, where the entirety of the data cannot be

fit in a single database server, is how to shard the data (e.g., rows, keys or tables) across servers.

The overall performance of the system is affected by how the data is sharded. For example, in

many cases, it is beneficial to minimize fanout, or the number of servers that on average need to

be accessed to satisfy a single query. In addition, the system may also need consider the load on

each server, or how many total queries it is serving, or the average ratio of writes seen by each

server, since writes are typically more expensive than reads. Finally, the system may have other

real-world constraints, such as network or disk bandwidth limitations.

Balancing between these different objectives and constraints can be challenging. Consider the

following toy motivating example, depicted in Figure 5.1a.

In this example, we assume we have only four database rows, which need to be equally split
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across two physical servers. We assume the system sees six different requests (marked A-F in the

figure), each of which issue one or two read (marked r) or write (w) operations to one of the rows.

For example, query B issues a write request to row 1, and a read request to row 2, while query F

issues a read request to row 4. Assume this request pattern repeats in an infinite loop.

Suppose our objective is only to consider fanout minimization across these six requests, or to

minimize the number of servers that on average need to be accessed to satisfy each query. One

possible solution would be to assign rows 1 and 2 to one database, and rows 3 and 4 to the second

database, depicted in Figure 5.1b. In this solution, four of the queries would be satisfied by only

one database (queries B, D, E and F) with a fanout of 1, and two of them would have a fanout of 2:

query A that needs to access rows 1 and 3, which are stored on separate servers, and query C that

needs to read from rows 2 and 4, which are also stored on separate servers. Therefore, the total

average fanout would be 1.3, which is the optimal solution in this particular setting.

However, this row partitioning would create a load imbalance: server 1 would need to handle

a total of 4 reads and writes, while server 2 would handle 6 reads and writes in each loop iteration.

Instead, if we assign rows 1 and 3 to one server, and rows 2 and 4 to the second server (depicted

in Figure 5.1c), we can achieve the same fanout (1.3), while achieving a perfect load balance.

However, in this case, we still have not considered the fact that reads and writes have different costs,

or that different servers may have different amounts of storage or network bandwidth available.

While our toy example is easy to solve, since there are only three ways the four rows can be

equally partitioned, solving this problem for a large number of queries and rows is difficult (in fact,

it is NP-Hard for fanout minimization [7], as we show below).

5.2.2 The Sharding Problem: Formal Definitions

The sharding problem can be formally modeled as a hypergraph partitioning problem [41, 78,

118]. A hypergraph is a generalization of a graph for which each edge (called hyperedge) can

connect any number of vertices rather than just two. In the case of database sharding, a trace of

recent past queries to the database that records the rows accessed by each query can be thought of
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as a hypergraph, with the rows as the vertices (e.g., rows 1-4 in our toy example) and the queries

(e.g., queries A-F in our example), which may involve more than 2 rows, as the hyperedges.

The goal of hypergraph partitioning is to divide the vertices of a hypergraph into a number of

equal size partitions, usually with a goal such as minimizing the number of hyperedges that cross

partitions (fanout), or equalizing the sum of the degrees of the vertices in a partition (load), which

we formalize next.

5.2.3 Fanout minimization

We follow the notation of SHP [78] and describe the hypergraph fanout minimization problem

in the equivalent terms of bipartite graphs, where the vertices are either requests and rows, and

edges are drawn between each request and the rows it is accessing. As a reference, our toy example

is depicted in a bipartite graph form in Figure 5.2.

Let G = (Q ∪ R, E) be an undirected bipartite graph with disjoint sets of query vertices, Q,

and row vertices, R. The goal is to partition R into k parts, i.e. find a collection of k disjoint

subsets V1,...,Vk (also called partitions) covering R that minimizes an objective function. The

output partitions should be balanced, that is,

|𝑉𝑖 | ≤ (1 + 𝜖)
𝑛

𝑘

for all 1 ≤ i ≤ k and some 𝜖 ≥ 0, where n = |R|. Intuitively, this captures the requirement that

partitions should all be assigned a similar number of vertices (or rows in our case). Given a

partitioning P = {V1,...,Vk} and a query vertex q ∈ Q, informally the fanout of q is the number

of distinct partitions that contain row vertices adjacent to q. Formally, we can define

𝑓 𝑎𝑛𝑜𝑢𝑡 (𝑃, 𝑞) = |{𝑉𝑖 : 𝑉𝑖 ∩ 𝑁 (𝑞) ≠ ∅}|

Where N(q) is the set of vertices adjacent to q in G. Note that we have N(q) ⊆ R, since the

graph is bipartite. We can now define the quality of the partitioning P as the average query fanout:
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Figure 5.2: Toy example represented as a bipartite graph.

𝑓 𝑎𝑛𝑜𝑢𝑡 (𝑃) = 1
|𝑄 |

∑︁
𝑞∈𝑄

𝑓 𝑎𝑛𝑜𝑢𝑡 (𝑃, 𝑞)

The fanout minimization problem is, given a bipartite graph G, an integer k > 1, and a real

number 𝜖 ≥ 0, find a partitioning of G into k partitions with the minimum average fanout.

5.2.4 Load Balancing

Another very common objective for sharding is load balancing. The setting for the load balanc-

ing problem is similar to that of fanout minimization. We are also given a hypergraph represented

as a bipartite graph G = (Q ∪ R, E), and the goal is still to partition R into k partitions subject to the

same constraints on the number of vertices assigned to each partition. Additionally, each vertex r

in R has an associated value Wr, which we call the load weight. This is meant to represent how

much load is caused by processing queries that access a particular row r. It is up to the application

to specify the load weight for each row; a natural scheme is to use the degree of the vertex in r as

its load weight (which Neuroshard uses by default).

Given a partitioning P = {V1,...,Vk} and a partition i ≤ k we can define the load of partition i

as the sum of the load weight of all vertices in Vi. Formally,

𝑙𝑜𝑎𝑑 (𝑃, 𝑖) =
∑︁
𝑟∈𝑉𝑖

𝑊𝑟

One possible measure of load imbalance is the difference between the most and least loaded

partitions. Let pmax be the partition with the highest value of load. Similarly, let pmin be the
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partition with the lowest value. We can now define the quality of the partitioning P as

𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒(𝑃) = 𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑎𝑥) − 𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑖𝑛)

Hence, the load balancing problem is, given a graph bipartite G, an integer k > 1, and a real

number 𝜖 ≥ 0, find a partitioning of G into k partitions with the minimum imbalance.

We note that we made a simplifying modelling decision by assuming that the weight load of a

vertex is static and does not rely on the partitioning P. In reality, this may not be entirely accurate.

As we mentioned earlier and show empirically in §5.7, the amount of work involved in a distributed

query or transaction can be significantly more than a local one. As a result, the amount of load

generated by an access to a row does depends on whether that access is distributed or local which

is clearly affected by the partitioning.

5.3 Overview of Learned Sharding

This section overviews key design decisions in Neuroshard. First, we motivate for a learned

sharding approach (§5.3.2). Second, we give a primer on deep reinforcement (RL) learning to

provide background. Third, we describe requirements of RL and an algorithm amenable to these

requirements. Finally, we present the high-level RL algorithm in Neuroshard.

5.3.1 Why Learned Sharding?

The conventional approach to sharding employs various heuristics, which are difficult to adapt.

For instance, since fanout minimization is NP-hard, prior work [78, 107, 118] has focused on

devising hand-tuned heuristic sharding schemes based on hypergraph partitioning. These schemes

involve collecting a trace of past accesses to the database, modelling it as a hypergraph, and then

solving the fanout minimization problem using heuristics to create new row-to-shard assignments.

While such schemes are often effective at fanout minimization, in order to achieve optimal

performance, the sharding algorithm needs to balance multiple objectives and constraints simul-
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taneously. Incorporating new objectives and constraints into heuristic algorithms is difficult and

time-consuming, and may require a complete rewrite of the algorithm.

Therefore, we instead pursue a different approach and build a framework to automatically learn

effective sharding heuristics for multiple objectives directly from the workload.

5.3.2 Deep Reinforcement Learning Primer

A natural follow-up question is which learning method to use to realize learned sharing. We

utilize Deep reinforcement learning (RL) in Neuroshard so here we give a primer on deep RL,

highlighting its fit for the sharding problem.

RL [136] is concerned with the development of agents that learn from direct interaction with

their environment. In an RL setting, an agent starts out knowing nothing about the given task,

and learns by taking incremental actions, observing how these actions affect the environment, and

receiving a reward that depends on its performance on the task. Despite not having any prior

knowledge about the task, RL training algorithms allow the agent to improve its performance at

it. This aligns very well with our goal of designing a general sharding framework that is able to

perform well on various workloads and objectives, without needing to hand design heuristics for

each one. By casting the sharding problem into an RL training problem, we only need to design

the reward signal, and then leverage RL to train the sharding agent.

Combining classical RL with Deep Learning [61] techniques (dubbed Deep Reinforcement

Learning [111]) has been key to many recent breakthroughs such as in game playing [132] and

many applications in computer systems [33, 100, 101]. For the rest of this section we give an

overview of the Deep RL concepts that we use in this chapter, and in particular a family of tech-

niques called policy gradient methods [137]. For a comprehensive treatment of the subject please

refer to [136].

Setting The usual setting of Reinforcement Learning is the discrete-time Markov Decision Pro-

cess (MDP), in which an agent is interacting with an environment. At each time step t the agent
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observes some environment state st, and performs an action at. As a result of the action taken,

the agent receives a reward rt and the environment state transitions to st+1. The state transitions

and rewards are stochastic and are assumed to have the Markov property; i.e. the probability of

receiving a reward rt and the probability of transitioning to a state st+1 depend only on the state of

the environment st and the action taken by the agent at. The goal of the agent is to maximize the

expected cumulative discounted reward:

E
[∑︁

𝑡

𝛾𝑡𝑟𝑡
]

Where 𝛾 ∈ (0, 1] is a factor discounting future rewards. At each step the agent takes a decision

based on a policy 𝝅, which defined as the conditional probability distribution of actions given

states. In other words, 𝜋(s, a) is the probability that action a is taken when the state is s. For

all but the most trivial of applications, the size of the state space makes it infeasible to store the

policy explicitly in a tabular form. Hence, a common approach is to use function approximators to

approximate 𝜋 using a manageable number of paramters 𝜃. Deep Neural Networks have emerged

as a popular choice for the function approximator used to represent the parameterized policy 𝜋𝜃 .

Policy gradient methods Like prior work [100], we utilize a class of RL algorithms in Neu-

roshard learns by performing gradient descent over the policy parameters. In Neuroshard we use

the REINFORCE [137] algorithm, which works by obtaining an estimate for the gradient of the

cumulative discounted reward empirically by sampling (i.e., running the MDP by following the

current policy 𝜋𝜃) then updates the parameters using that estimate, according to the following

formula:

𝜃 ← 𝜃 + 𝛼
∑︁
𝑡

▽𝜃 𝑙𝑜𝑔𝜋𝜃 (𝑠𝑡 , 𝑎𝑡)𝑣𝑡

Where 𝛼 is the learning rate and vt is the empirically computed cumulative reward. Like prior

work [100], we use a variant [128] of the REINFORCE algorithm that subtracts a baseline value

from each return vt, which is useful to reduce the variance of gradient estimates. We describe the
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training procedure in more detail in §5.5.2.

5.3.3 Sharding Problem Formulation for RL

We now need to formulate the sharding problem in RL terms. We have three main design

considerations. First, problems with an incremental structure are good fits for RL because the

agent can learn to perform a specific action and get an incremental reward at each step. Second,

it is ideal if the agent needs to learn only how to make good local decisions. If the agent requires

much global knowledge, training tends to be difficult and inference performance overhead tends

to be high. Worse, a model trained on a graph may not generalize to a different graph. Third, it is

desirable to reduce the action search space such that the agent model can stay simple.

These design considerations lead us to solution structure based on Neighbor Expansion (NE) [155],

an algorithm for graph edge partitioning. The goal of the graph partitioning problem is to divide

the edges of a graph evenly into equal-size partitions while minimizing the average number of

partitions that are incident to a vertex (called the replication factor). It is analogous to the fanout

minimization problem we defined previously on hypergraphs in §5.2.3. The NE algorithm then ex-

ploits graph structure and can produce high-quality partitions for the replication factor objective,

and automatically balances the number of edges partitions in each partition. It also has the nice

properties of being fast to run [155] and highly scalable [70], making it an effective approach for

graph edge partitioning.

As explained in §5.2.2, the sharding problem is modelled as a hypergraph partitioning prob-

lem. Therefore we design a Hypergraph Neighbor Expansion (HNE) algorithm, an adaptation of

Neighbor Expansion to hypergraph partitioning.

We show the pseudo code of HNE in Algorithm 2. The basic idea is fairly simple; the algorithm

proceeds by building partitions sequentially. It maintains two hyperedge sets, the core set C, and

the set S which is the set of all hyperedges incident to the vertices assigned to the current partition.

We call a hyperedge q unassigned if it has not yet been added to the core set C of any partition. At

every step (starting with a random seed hyperedge), one of the hyperedges in S (that is not already
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a member of C) is selected as a core hyperedge and added to the set C, then all its remaining

vertices are added to the partition. All of C’s unassigned neighbors (two hyperedges are neighbors

or adjacent if they are both incident to at least one common vertex) are then added to the set S.

This is repeated until the partition is filled up. A hand-crafted greedy heuristic determines which

hyperedge to select at every step of the process to add to C.

Algorithm 2 describes an algorithmic framework that meets our design considerations. it has

an incremental structure of assigning candidate hyperedges gradually. The decision to assign a

hyperedge to a partition is local, depending on the neighboring relationship. It is hyperedge-

centric, meaning that each step selects a hyperedge and then assigns all vertices on the hyperedge

to a partion. This coarsens the action space compared to a vertex-centric approach that adds one

vertex at a time. In an extremely skewed graph, a hyperedge may connect to many vertices, posing

a problem for this treatment, but in practice, OLTP workloads which we target do not typically

have such skewed distributions.

𝐶 ← ∅;
𝑆 ← ∅;
while Partition is not full do

candidates← S \ C;
if candidates = ∅ then

Seed candidates with a random, unassigned hyperedge;
end
Select the best candidate h based on scoring heuristic.;
Add ℎ to 𝐶.;
Add all of ℎ’s unassigned adjacent hyperedges to 𝑆.;
Add all of ℎ’s unassigned vertices to partition, and remove them from the hypergraph.;

end
Algorithm 2: Hypergraph Neighbor Expansion (HNE)

The scoring heuristic we use for HNE is also inspired by the neighborhood heuristic in the

original Neighbor Expansion algorithm [155]. Let HN(q) be the set of unassigned neighbors of

hyperedge q. The neighborhood heuristic we use is to select the candidate hyperedge that has the

minimum value of | HN(q) \ S |. This choice is greedy in that it selects the hyperedge that results

in the smallest increase in fanout at this step.

79



To simplify the presentation of Algorithm 2 we omitted the handling of the following corner

case: If the partition fills up while adding h’s vertices, we do not just add all of h’s vertices and

violate the balancing constraints. Instead, we initialize the procedure for the next partition by

making S = {h} instead of the empty set. We also omit discussing how to handle vertices that do

not have any incident hyperedges. These can be handled straightforwardly in various ways, we

generally preprocess the hypergraph to remove such vertices before running Algorithm 2. After

finishing, we shuffle the vertices then assign them to the computed partitions in a round-robin

fashion. Hence, for the rest of this chapter we always assume that each vertex appears in at least

one hyperedge.

5.3.4 Neuroshard RL Algorithmic Framework

𝐶 ← ∅;
𝑆 ← ∅;
while Partition is not full do

candidates← S \ C;
while |candidates| < threshold do

Seed candidates with a random, unassigned hyperedge;
end
candidate_probabilities← DNN(candidates, partition_state);
Select a candidate hyperedge ℎ based on probabilities;
Add ℎ to 𝐶.;
Add all of ℎ’s adjacent hyperedges to 𝑆.;
Add all of ℎ’s unassigned incident vertices to the partition.;

end
Algorithm 3: Neuroshard RL algorithmic framework.

Instead of using a hand-crafted scoring heuristic, Neuroshard adopts a trained agent, repre-

sented as a Neural Network, that assigns a probability to each hyperedge at each step of the al-

gorithm. This agent is trained using RL, with a reward being a function of multiple objectives.

As we show in §5.7.5, by using this approach Neuroshard is able to train directly on larger traces

than prior work (e.g. [42]) and generalize to much larger hypergraphs. Algorithm 3 provides the

pseudocode for the Neuroshard RL algorithmic framework. We highlight one other minor, but
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significant, difference from NE/HNE in Neuroshard: If the size of the candidate set drops below

a threshold, the algorithm will seed with random unassigned hyperedges (if available) to keep the

size of candidates set at the threshold. This is important, to avoid getting stuck with candidates that

would be good only for only a single objective (e.g., fanout minimization) but hurt other objectives.

5.4 Reinforcement Learning Design

In this section, we describe the parts of training Neuroshard as a single-objective Reinforce-

ment Learning problem, namely the environment, state, actions, and rewards.

5.4.1 Environment

In Neuroshard’s RL setting, the environment is made up of 3 components: the hypergraph, the

partition state and the assignment state.

The Hypergraph This part of the environment is static and does not change throughout a training

episode. It includes the structure of the hypergraph, i.e. the set of vertices and hyperedges, or the

mapping of requests to data rows. The hypergraph is also augmented with important information,

such as the degree of each vertex and hyperedge, whether a hyperedge is a read-only or read-write

query, and the load weight of each vertex (in our experiments we use the vertex degree as the load

weight, but this can be up to the application).

Partition state This is information about the state of the partitions. It is represented by the

vector [Tv, Cv, Cl, P, Maxl, Minl]. These values are defined as follows: Tv is the target number

of vertices per partition. This is a hard constraint. Cv is the number of vertices in the partition

that’s currently being built. Cl is the load weight of all the vertices in the current partition. P is the

number of partitions left to be built after finishing the current partition. Maxl is the highest load

of a complete partition so far. Similarly, Minl is the minimum load of a complete partition. Both

Maxl and Minl are initialized to the target total load weight per partition (i.e. the sum of the load

weight of all vertices divided by the number of partitions) at the beginning of the episode. Once
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a partition is complete, the new value of Maxl is computed by maxing the previous value with the

new partition’s load. The value of Minl is updated in a similar fashion. This choice of initial value

and how to update is significant; as we’ll discuss in §5.4.5.

Assignment state This is state associated with each vertex and hyperedge indicating their par-

tition assignment status. Specifically, each element can be in one of three states: Unassigned,

Assigned, or Assigned to current partition. For hyperedges, being assigned to a partition i means

having been added to the core set C of i (note that, due to the corner case described at the end of

§5.3.3, a hyperedge q can actually be assigned to more than 1 core set, but this does not require any

special handling). Additionally, each hyperedge is also associated with a bit indicating whether it

is in the set S of the current partition or not. For each hyperedge q ∈ S, we also maintain its HNE

heuristic score, i.e. | HN(q) \ S |.

5.4.2 Observable State

Technically, the agent has access to all of the environment state. However, it only makes use

of a small portion to decide on the action to take, namely the neighborhood of the candidates

set, as well as the partition state. Theoretically, this makes the problem harder since the agent’s

inability to take into account the full state results in a partially-observed MDP [113], but like prior

work [100], we find that the approach works well in practice nevertheless. For efficiency, the

agent is also passed the candidates set explicitly even though it can technically compute it from the

environment state.

5.4.3 Actions

At every step the agent selects one hyperedge from the candidates set. Hence, its action space

at every step is the same as the set of candidates. Once the agent makes a selection, the state of the

environment transitions as described in Algorithm 3.
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Restricting the Size of the Candidates Set

As noted by prior work [107], applying neighbor expansion to hypergraph partitioning can run

into the challenge where the candidates set grows very large very quickly. A very large candidate

set makes training very expensive in terms of memory and computational requirements for each

episode, as well as much harder in terms of the ability of the agent to learn useful rules as it would

need to run more episodes to sample more trajectories. This is more common in hypergraphs

that represent social networks since these can have extremely large hyperedges which are not very

common in the OLTP workloads we target. Nevertheless, we found it helpful to limit the size of the

candidates set considered by the agent at each step to an upper bound Candmax. This is a trade-off

since that this adds a hyperparameter to the model that needs tuning for best performance. We find

that randomly selecting a subset of the candidate hyperedges of size Candmax at each step works

well in our evaluation, but other more disciplined strategies such as described by prior work [107]

are also possible.

5.4.4 Fanout Reward

To guide the agent towards producing good solutions for the fanout objective, we design the

reward signal as follows: Suppose the agent chose hyperedge qt as its action in time-step t. It

receives a reward

𝑟 t =
−1
|𝑄 | |𝐻𝑁 (𝑞t) \ 𝑆 |

Recall from §5.3.3 that HN(q) is the set of unassigned hyperedges that are adjacent to hyperedge q.

Furthermore, we say that a hyperedge q is incident to a partition i iff Vi ∩N(q) ≠ ∅. In other words,

q is incident to partition i if any of the row vertices accessed by q are assigned to i. Note that the

numerator of rt is the (negative of the) number of hyperedges that became incident to the partition

as a result of the agent’s action at, i.e., the number of queries that are incident to the partition at

time t+1 but were not already incident to the partition at time t. Hence, rt is the incremental change

in the fanout objective as a result of at. In other words, we have
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𝑓 𝑎𝑛𝑜𝑢𝑡 (𝑃) = −
∑︁
𝑡

𝑟𝑡

.

RL training works to maximize the sum of expected rewards, which is the same as minimizing

its negative. Hence, our reward signal design causes training to minimize fanout(P).

Distinguishing Between Reads and Writes

So far we ignored the difference between read-only and read-write queries in our modeling of

fanout. However, as we show in §5.7, it is generally the case that distributed writes are significantly

more expensive than reads. This is easy to account for in Neuroshard by adjusting the reward signal

to weigh the reward differently based on whether ht represents a read-only or a read-write query.

5.4.5 Load-balancing Reward

Now we discuss how we design the load-balancing reward signal so that the agent can produce

good solution for the imbalance objective. Suppose the agent chose a hyperedge qt as its action

in time-step t. This causes a set of unassigned row vertices adjacent to qt to be assigned to the

partition. We call this set of newly assigned row vertices At. Let WAt be the sum of the load

weights for each vertex in At, that is,

𝑊𝐴𝑡 =
∑︁
𝑣∈𝐴𝑡

𝑊𝑣

Recall from §5.4.1 that Maxl is the highest load of a complete partition so far, i.e., up to time-

step t. Likewise, Minl is the lowest load of a complete partition so far. Let loadt be the load of the

current partition at the start of time-step t. Note that loadt+1 = loadt + WAt.

The agent will receive a reward rt that is made of two different components. We start by

defining the components:

• rmaxt, defined as: max (0,𝑊𝐴𝑡 −max (0, 𝑙𝑜𝑎𝑑𝑡 − 𝑀𝑎𝑥𝑙)). Note that if loadt+1 ≤ Maxl this
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sets rmaxt to 0. Otherwise, the rmaxt is set to the incremental increase over Maxl caused by

action at.

• rmint. The value of rmint is always 0 if action at does not cause the current partition to fill

up and start a new partition. Otherwise, it is defined as: |max (0, 𝑀𝑖𝑛𝑙 − (𝑙𝑜𝑎𝑑𝑡 +𝑊𝐴𝑡))|. In

other words, if the newly-finished partition has at least the same load as Minl, rmint is set to

zero. Otherwise, it is set to the difference in load.

Recall from §5.4.1 that both Maxl and Minl are initialized to the same value Targetl at the

beginning of the training episode. Also recall from §5.2.4 that, given a complete partitioning P,

pmax and pmin are the most and least loaded partitions, respectively. Consider the way we defined

rmaxt. Every time the agent’s action causes the current partition’s load to increase over the prior

value of Maxl, we set rmaxt to the difference. Hence, we have

∑︁
𝑡

𝑟𝑚𝑎𝑥𝑡 = 𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑎𝑥) − 𝑇𝑎𝑟𝑔𝑒𝑡𝑙

Similarly, we can show that

∑︁
𝑡

𝑟𝑚𝑖𝑛𝑡 = 𝑇𝑎𝑟𝑔𝑒𝑡𝑙 − 𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑖𝑛)

We can now define the reward rt that the agent receives:

𝑟𝑡 = −(𝑟𝑚𝑎𝑥𝑡 + 𝑟𝑚𝑖𝑛𝑡)

This has the following property:

∑︁
𝑡

𝑟𝑡 = −(
∑︁
𝑡

𝑟𝑚𝑎𝑥𝑡 +
∑︁
𝑡

𝑟𝑚𝑖𝑛𝑡) = −(𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑎𝑥) − 𝑙𝑜𝑎𝑑 (𝑃, 𝑝𝑚𝑖𝑛))

.
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Giving ∑︁
𝑡

𝑟𝑡 = −𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒(𝑃)

We now briefly discuss the choice of using Targetl as the initial value for both Maxl and Minl.

Initially, we chose not to define these values while processing the first partition, then use the load

of the first partition to initialize the values starting from the second partition. However, we quickly

realized that giving the agent the target load at the start is very helpful and makes attributing

rewards to actions significantly easier. This way, the agent gets penalties (i.e. the negative-valued

rewards) only and as soon as its choices start causing deviation from the ideal value.

5.5 Neural Network Agent

In this section, we describe the internal design of the agent including how it represents the

policy as a neural network, and finish by describing the training procedure. We leverage a powerful

technique called Graph Neural Network to capture key features of the underlying hypergraph,

which enables a simple, three-layer policy network that yields effective sharding results (see §5.7).

5.5.1 Agent Design

The agent’s main function is to choose a hyperedge from the candidate set at every time step

t. Let st be the observable state at time t (as described in §5.4.2), and candidatest be the set

of candidate hyperedges. Conceptually, the agent goes through three steps: First, it computes

an embedding vector representation for each hyperedge q ∈ candidatest. Second, it uses these

embedding vectors to compute a score for each hyperedge q. Finally, these scores are converted

to probabilities and a hyperedge qt is selected based on these probabilities. A deep neural network

representing a parameterized policy 𝝅𝜽(s, q) is used to accomplish all these steps. As depicted in

Figure 5.3, its architecture consists of three components, which we now describe.

Embedding Layer Graph Neural Networks [162] (GNNs) are the standard tool used to create

embedding vectors for graph elements such as vertices or edges. The goal is to encode the high-
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Figure 5.3: Policy neural network architecture

dimensional information about a vertex’s graph neighborhood into a dense vector embedding that

is suitable as input to downstream layers [69]. Given our bipartite graph representation of the

hypergraph, we are able to leverage graph neural network architectures to generate an embedding

vector representation for each hyperedge q in candidatest. We use GraphSAGE [69], a popular

GNN architecture in Neuroshard as the embedding layer. We set the hyper-parameter K to 2,

which means the computed embedding vectors for a vertex contain information from its 2-hop

neighborhood. This means each embedding vector for a hyperedge q encodes information about

its adjacent hyperedges, not just the row vertices it accesses. We found that using the LSTM

aggregator in GraphSAGE works well in our evaluation. Finally, GraphSAGE requires each vertex

in the graph to be initialized with a feature vector. We use the static and dynamic components of

the environment (§5.4.1) to create the initial feature vector for each vertex in the bipartite graph.

To simplify the implementation, we use the same feature representation for both query and row

vertices.
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Scoring Layer This layer takes as input the embedding vector produced by the embedding layer,

as well as the partition state vector (§5.4.1) and produces a single real number representing a

"score" for the input hyepredge q. We use a dense fully-connected neural network (with 2 hidden

layers) for the scoring layer for its simplicity and efficiency. Note that our network evaluates each

hyperedge separately to produce a score without taking the other hyperedges in the candidates set

as input. The intuition behind this design decision is that the vectors produced by the embedding

layer already encode information about adjacent hyperedges (which are often going to be candi-

dates themselves). Nevertheless, a more sophisticated architecture able look at all the candidate

hyperedges simultaneously (such as LSTM [75] or Transformer [145]) might perform better for

other more complex workloads, which we leave for future work.

Softmax Layer We use a standard Softmax [61] function to map the scores to probabilities.

An action is then sampled based on the probabilities computed for each candidate. The neural

network representing 𝜋𝜃(s, q) is trained end-to-end using the training procedure we describe in the

following section.

5.5.2 Training Procedure

We use a fairly standard training procedure, similar to prior work [100]. The training proceeds

in iterations until convergence (which can be set as a fixed number of iterations, or until parti-

tioning quality reaches a user-defined threshold). Each iteration consists of running N episodes.

An episode consists of completely partitioning the hypergraph using Algorithm 3 with the current

value of 𝜃, and recording the state, action and reward for each time step in the episode. After

completing all episodes, we use this information to apply the modified REINFORCE equation to

compute the gradient (as explained in §5.3.2), and take one step in its direction at the end of the

iteration. The pseudocode for the training procedure is presented in 4. Note that for simplicity, we

assume all episodes take the same number of time-steps L.

Training is an expensive process, but it only needs to be done offline and with less frequency
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for each iteration do
Δ𝜃← 0;
for episode i := 1 ... N do

Fully partition the hypergraph and record {𝑠𝑖1, 𝑎
𝑖
1, 𝑟

𝑖
1, ...𝑠

𝑖
𝐿
, 𝑎𝑖

𝐿
, 𝑟𝑖

𝐿
};

for t := 1 ... L do
// Compute cumulative reward from t
// onwards

𝑣𝑖𝑡 ←
∑𝐿

𝑠=𝑡 𝑟
𝑖
𝑠

end
end
for t := 1 ... L do

𝑏𝑡 ← 1
𝑁

∑𝑁
𝑖=1 𝑣

𝑖
𝑡 // Compute baseline

for i := 1 to N do
Δ𝜃← Δ𝜃 + 𝛼 ▽𝜃 𝑙𝑜𝑔𝜋𝜃 (𝑠𝑖𝑡 , 𝑎𝑖𝑡) (𝑣𝑖𝑡 − 𝑏𝑡)

end
end
𝜃 ← 𝜃 + Δ𝜃

end
Algorithm 4: Training Procedure

than the resharding process. Theoretically, the agent can be trained only once and never be updated

after that, but retraining regularly has the benefit of being able to adapt to workload changes over

time. Neuroshard is primarily designed to be trained on a single workload so that it can discover

and exploit workload specific properties, but another possibility is to train on traces collected

from different workloads simultaneously, with the purpose of creating a robust, general-purpose

sharding agent and avoid overfitting. We think this could be an interesting direction to explore, but

we leave that for future work.

5.6 Learning with Multiple Objectives

In the previous sections we showed how to model each of the fanout minimization and the load

balancing problems as an RL problem individually. While this is potentially useful on its own, a

key feature of Neuroshard is the ability to optimize for both simultaneously. In this section we

describe how we accomplish this, as well as how we augmented Neuroshard with general support

for multi-objective training so that additional objectives can be added as long as a suitable reward
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signals can be defined for them.

Architecture We use the same policy network (Figure 5.3) when training with multiple objec-

tives. This requires the embedding layer to extract useful features relevant for optimizing all ob-

jectives. We considered using multiple embedding layers then aggregating their output into one

vector that is then fed to the scoring layer, which could be useful to allow capturing different fea-

tures independently, but we found that this adds complexity to training, in terms of implementation

and speed, without much benefit in our evaluation.

Rewards Initially we attempted the following straightforward approach: Simply define the re-

ward rt as the sum of the individual objective rewards, i.e., at each time-step t, we add the rewards

of fan-out minimization and load balancing together. This did not work well in practice, as it

suffers from many problems. First, the units of the reward components are very different, which

makes it easy for one of the objectives to completely dominate the training. Our attempts at nor-

malizing the units of the rewards (e.g., by using a weighted sum of reward components with tunable

weights instead of just giving each component an equal weight of 1) were also not very successful:

It was brittle, requires manual tuning and experimentation for each workload and would be very

hard to generalize. We also found that certain hyper-parameters (e.g., the learning rate) that work

well for one task may not work well for the other. Nevertheless, we gained a valuable insight from

this approach: By making the overall reward a linear combination of the individual component

rewards, the overall objective function, or loss function in machine learning parlance, is a linear

combination of the individual component loss functions, i.e.,

𝐿 =
∑︁
𝑖

𝑤𝑖𝐿𝑖

This realization made it possible to cast the multi-objective Neuroshard training as a multi-task

learning problem, and leverage existing techniques that solve that problem. Multi-Task learning

techniques are popular in computer vision, but to the best of our knowledge this is the first time this
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is applied to a multi-objective combinatorial optimization problem like hypergraph partitioning.

GradNorm [35] is the multi-task learning technique that we use in Neuroshard. It is designed

for problems where the overall loss is a linear combination of the individual task loss. Key in

GradNorm is to dynamically tune the gradient magnitudes so that gradients for different tasks

are placed on a common scale and dynamically adjust gradient norms to ensure that the training

for different tasks progresses at similar rates. It is in contrast to joint optimization methods that

use a hyperparameter to combine two objectives but the hyperparameter remains the same across

training iterations. In order to apply GradNorm in Neuroshard we make the following choices:

• W. This is the subset of network weights to apply GradNorm to. In our case since all weights

are shared among both tasks we just set W to all the weights in the policy network.

• 𝜶. This is the "asymmetry" hyper-parameter. It is tunable and might benefit from hyper-

parameter search, but intuitively the value of 𝛼 should be high when the tasks are dissimilar

to each other which is generally the case in our setting.

5.7 Evaluation

This section describes the implementation, experiments and analysis we performed to evalu-

ate the effectiveness and versatility of Neuroshard. We first describe our implementation of Neu-

roshard in §5.7.1, and establish the relative cost of different operations using the system §5.7.2. We

describe and analyze two micro-benchmarks we developed to illustrate the importance of multi-

objective sharding in §5.7.4 and §5.7.4. Finally, we conclude with an analysis of an experiment

using the real-world Epinions [104] dataset, which is a social network dataset used to evaluate

sharding schemes [41]. We note that tree-structured schemas like those used in the TPC-C bench-

mark are straightforward to shard effectively, so we do not use it in our evaluation.

All throughput numbers we report are computed as follows: We first run each workload for 1

minute as a warm up, then measure the average queries per second (QPS) for a period of 5 minutes

after that.
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5.7.1 Implementation

In order to measure the performance of different sharding assignments, we use a shared-nothing

distributed database where each node is a small Google Cloud VM of type n1-standard-1 (1 vCPU,

3.75 GB memory) running a MariaDB [103] instance. The instances themselves are not sharding-

aware, and we load the subset of rows assigned to each instance at the beginning of each run. The

clients that are running the queries know the mapping of rows to shards, and they route the queries

to each node as appropriate, using the standard XA API [22] to co-ordinate the transaction if the

query is distributed.

5.7.2 Cost of Query Fanout

To understand the characteristics of our system and the relative cost of different kinds of trans-

actions, we first run different workloads and measure the overall system QPS. In all workloads, the

database consists of 1 table which has a single integer-typed column (which is the primary key)

and 5000 rows. Each query, regardless of the workload, touches two different rows. Results are

in Figure 5.4. Local RO is a workload made entirely of read-only queries that run on one server.

Distributed RO is made of read-only queries that access two rows on two different servers. Dis-

tributed RO (XA) is similar, but runs its queries in a transaction which needs bracketing via the

XA API. Distributed RW (XA) queries run a transaction that reads one row from one server and

writes another row on a different server, and runs XA two-phase commit. Finally, Mixed is made

up of 90% Local RO queries and 10% Distributed RW (XA) queries.

Analysis. Unsurprisingly, distribution incurs a high cost. A distributed read that does not

involve coordination via the XA API is about 2× more expensive than a purely-local read. Reads

that involve one round of XA coordination are roughly 3× more expensive than local reads, and

writes that use two-phase commit are close to 8×more expensive that local reads. A workload with

only 10% distributed writes has just about 60% of the throughput of a workload that is composed

of purely-local reads. These experiments highlight the importance of fanout minimization, as well

as the different costs of reads and writes.
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Figure 5.4: System throughput for different kinds of queries.
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5.7.3 Baselines

For the rest of the section we compare the performance of Neuroshard’s sharding with the

following baseline approaches:

• hMetis [82]. A popular heuristic-based hypergraph partitioner. We use the standard flags by

using the shmetis executable. For fairness, we set the value of balance flag (UBfactor) to the

tightest possible. This is a baseline that is optimized for the fanout objective.

• HNE. We also use Algorithm 2 as a fanout optimizing baseline.

• Random. This scheme chooses a shard uniformly at random for each row. It is an idealiza-

tion of hash partitioning, and is optimized for load balancing.

5.7.4 Multi-objective Microbenchmarks

To study the versatility of Neuroshard and the importance of optimizing for multiple objectives

simultaneously, we created a simple but illustrative synthetic workload.

Microbenchmark with Two Shards

The database consists of 500 rows, where each row belongs to exactly one of the following

sets:

• A. A single hot row

• B. A single hot row

• Wa. 249 rows that get accessed together with row A in read-write transactions, and with row

B in read-only transactions.

• Wb. 249 rows that get accessed together with row B in read-write transactions, and with row

A in read-only transactions.

The workload is made up of the following queries:
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• 25% are read-only point queries for row A.

• 25% are read-only point queries for row B.

• 12.5% are read-write queries that access two rows: row A, and a row selected uniformly at

random from the set Wa.

• 12.5% are read-only queries that access two rows: row A, and a row selected uniformly at

random from the set Wb.

• 12.5% are read-write queries that access two rows: row B, and a row selected uniformly at

random from the set Wb.

• 12.5% are read-only queries that access two rows: row B, and a row selected uniformly at

random from the set Wa.

Our goal is to shard the database into two shards. Note that the ideal sharding in this case is

known, it would be to assign both A and Wa to one of the shards, and assign B and Wb to the other

one. This way the load is perfectly balanced, and there are no distributed writes, which as we show

earlier, are the costliest operation. Also note that any assignment that puts A and B in the same

shard will have identical (worst) performance, because that shard will be serving all of the point

queries, and 12.5% of the queries will be distributed read-write transactions.

We generate a trace of 5000 queries and use it for training Neuroshard. We then generate

another trace made of 5000 queries that follow the same distribution, and shard it using the different

algorithms. We then generate a workload that follows the same distribution and use it to measure

the QPS. The results are shown in Figure 5.5. In that figure, Neuroshard-FO refers to a version of

Neuroshard that only uses the fanout (FO) reward, but not load balancing. Similarly, Neuroshard-

LB only uses the load balancing measure as the reward, but not fanout. Random assigns rows to

shards uniformly at random, but we start by assigning A and B to different shards.

Analysis. As HNE and Neuroshard-FO only optimize for fanout minimization, they usually

place A and B together because they are very prominent in each other’s neighborhoods, causing
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Figure 5.5: Multi objective micro-benchmark throughput with 2 shards

them to have the worst possible performance. Random doesn’t have that problem because of our

setup, but it can’t e.g. prioritize putting the rows of Wa in the same shard as A, leading to a

high number of distributed writes. Neuroshard-LB reliably avoids placing A and B together, but

it is unable to distinguish between read-only and read-write queries so it suffers from the same

problem as Random. Neuroshard, which optimizes for both objectives and takes hyperedge types

into consideration, is therefore able to make the best decisions and its sharding assignments have

the highest performance.

Microbenchmark with Four Shards

We designed another microbenchmark to compare Neuroshard to two popular baseline sharding

approaches, hash partitioning (referred to as Random) and hMetis hypergraph partitioning.

The database consists of 400 rows, where each row belongs to exactly one of the following
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sets:

• Parent Rows. 4 rows

• Child Rows. These are 96 rows in total. Each parent row is associated with 24 child rows.

• The rest. 300 rows that get accessed independently

The workload is made up of the following (read-only) queries:

• 1% of the queries read a subset of 2 or more of the parent rows.

• 49% read one parent row, and 0 or 1 of its child rows.

• 50% are point queries that read one of the 300 other rows.

Our goal in this experiment is to shard the database into four shards. Note that if we only cared

about fanout minimization, then the perfect solution would be to put all of the Parent and Child

rows in a single shard, and distribute the rest equally across the 3 remaining shards. This, however,

would mean that 50% of the queries go to a single shard, creating a large load imbalance.

Similar to the prior experiment, we generate a trace of 5000 queries and use it for training. We

then generate another trace made of 5000 queries that follow the same distribution, and shard it

using different algorithms, then measure the QPS by generating a workload that follows the same

distribution. The results are shown in Figure 5.6.

Analysis. Both HNE and hMetis compute the sharding that minimizes fanout perfectly by

putting all of the Parent and Child rows in a single shard. This results in a large load imbalance

as we mentioned previously, causing them to have the worst throughput on this microbenchmark.

We find that Neuroshard usually computes a sharding that assigns the parent rows to two shards;

two rows each. It almost perfectly co-locates the child rows with their parents, leading to close

to zero distributed queries. This better load-balancing of parent rows is the reason why the QPS

using Neuroshard is significantly better than HNE or hMetis. Using random hash partitioning on

this workload actually has a lot of variance in terms of the overall number of rows assigned to each
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Figure 5.7: Epinions workload throughput with 5 shards

shard, as well as the distribution of parent/child rows among the shards. To reduce the noise we

started by assigning one parent row to each shard then applying random partitioning to the rest of

the rows. The resulting sharding scheme has the best load balancing in this workload which leads

to it having the best QPS despite having a significant share of distributed queries; since this is a

read-only workload, the cost of distribution is not quite high. Even though Neuroshard’s QPS is

not the highest in this workload, these results demonstrate the robustness of Neuroshard compared

to single-objective HNE or hMetis.

5.7.5 Epinions

We now evaluate Neuroshard’s scalability and ability to handle real-world datasets. We use a

workload based on the Epinions [104] dataset, a real-world social network that is a popular choice

for evaluating sharding schemes because its many-to-many relationships make it hard to shard [41].

99



The database is composed of two tables: reviews and trust. Each row in the reviews table has the

schema <user, item, rating> and represents a review of an item by a user. Each row in the trust

table has the schema <user_a, user_b> and records the fact that user_a trusts reviews by user_b.

We shard the reviews table by the trusting user column (i.e., user_a), and we shard the items table

by the item column. In this experiment our goal is to shard the database on 5 MariaDB servers.

Workload . There is no available trace of queries from the epinions website, so we designed a

workload based on the website’s most popular functionality: users that view an item and want to

retrieve a list of reviews for that item by the users they trust. Thus, each application-level query

is represented by a pair <user, item>. Our workload generator can generate these application-

level queries based on different distributions. We chose one such distribution in this section for

illustration (we got similar results with other distributions): Items are sorted by popularity (i.e.,

number of reviews), and the top 20% of items are considered hot, while the rest is considered cold.

The workload generator generates a query as follows: First it selects an item i, with i being hot with

probability 80% and cold with probability 20%. Then, a user u is selected uniformly at random

from the set of users trusted by i’s reviewers. Recall that we implement query routing in the client.

If both the i and u are colocated on the same server only one query needs to be sent by the client.

Otherwise, the client needs to send queries to two servers. Hence, sharding has a big impact on

throughput (up to 50% reduction in SQL queries), and potentially also latency. Depending on

the query plan selected by the client it might choose to serialize the requests or execute them in

parallel, and then perform the join locally.

Generating training and test traces Similar to the other experiments we also generate two

traces by the workload generator. The first is a training trace that is made up of 4000 queries,

and is used to train Neuroshard. We then generate a partitioning trace of 100,000 queries. This is

used by Neuroshard and the other baseline techniques to partition the database. We then measure

the overall system QPS given by each technique by sending queries based on the workload. The

results are displayed in Figure 5.7.
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Analysis. Partitioning quality with respect to fanout minimization is the dominant factor in this

workload, which is why it is unsurprising that single-objective hMetis and HNE have the best

performance, while Random which completely ignores fanout minimization does the worst. Neu-

roshard appears to suffer a bit due to its attempts at jointly optimizing for load balancing, but

its performance is still comparable to HNE. Once again, this shows that Neuroshard is robust to

changes in the workload unlike single-objective approaches. Furthermore, we used a small trace

for Neuroshard training, and yet it was still able to learn heuristics that were effective on the much

larger test trace. This is very important, as it would be unfeasible to use very long traces to train

Neuroshard; not only would that be computationally very expensive, but excessively long time

horizons are known to diminish the effectiveness of RL algorithms [136, 148].

5.8 Related Work

Hypergraph partitioning. As an NP-Hard problem with many practical applications, many

popular heuristic solvers for hypergraph partitioning have been developed such as hMetis[82] and

Zoltan [44]. More recent work such as SHP [78] and HYPE [107] has focused on scalability and

the ability to partition large hypergraphs. All these tools only optimize for fanout minimization (or

the closely related cut-size). HYPE is also a generalization of Neighbor Expansion [155] but takes

a vertex-centric approach compared to the hyperedge centric approach that we take. We adopt

some of the performance optimizations they suggested such as limiting the size of the candidate

set in our implementation.

Sharding as (hyper)graph partitioning. Schism [41] pioneered modelling database sharding

and replication as a graph partitioning problem. SWORD [118] builds up on this approach but

uses coarser granularity and applies hypergraph partitioning instead. They use heuristic solvers

like Metis [83] and hMetis [82] which optimize for a single objective, unlike Neuroshard, but they

also model replication which Neuroshard currently does not.

Online sharding. Clay [129], E-Store [138] are online heuristic sharding algorithms that ac-

tively monitor the system to identify hot tuples, and then potentially migrate them (along with
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other jointly accessed row to a different server). However, these systems make some assumptions

about the workload: Clay primarily target in-memory workloads with a high skew in load, E-Store

assumes all tables form a tree-schema based on foreign key relationships. In contrast, Neuroshard

aims to be broadly applicable to a variety of workloads and environments. It would be interesting

to investigate how a similar RL approach can improve online sharding.

Deep learning for combinatorial optimization. A large recent body of work (e.g. [2, 15,

16, 91]) has explored using deep learning for solving NP-Hard combinatorial problems in general,

and on graph problems in particular. Dai et. al. [42] proposed a general framework for solving

optimization problems over graphs using RL. Their approach uses deep-Q-learning and requires

learning a representation for the entire graph, as opposed to the policy methods we use that needs

only to learn a localized policy. To the best of our knowledge, we are the first to explore using deep

RL for multi-objective hypergraph partitioning.

Deep RL for systems. Deep RL has been applied successfully to a wide range of problems

from video streaming [101] and network traffic scheduing [33, 36] to compute resource manage-

ment [100] and even physical device placement [110]. We were inspired by DeepRM [100] and

Decima [102], which apply Deep RL to the resource management and job scheduling domains.

Both use policy methods, and Decima also uses GNNs to produce state representation. Unlike

Neuroshard, the graphs in Decima’s state are comparatively small, and while Decima and DeepRM

support different objectives, users would have to select just one to use in training. Both systems do

not optimize for multiple objectives simultaneously.

Deep RL for Partitioning. Recent work (e.g., [30, 50, 74, 165]) has explored using Deep

RL methods for partitioning. GridFormation [50] proposes an online partitioning approach using

Deep-Q-learning, which is applied to vertical partitioning in [30]. In contrast, Neuroshard is an

offline approach for horizontal sharding. Hilprecht et. al. [74] use deep-Q-learning to build a

general-purpose partitioning advisor that can recommend a table partitioning scheme for a new

workload. It targets analytical workloads in which each table can be partitioned on one or more

columns, while Neuroshard’s focus is OLTP workloads and supports fine-grained row to shard
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assignments. The state and action spaces in this setting are much smaller than in Neuroshard, but

evaluating agent’s solutions and computing the rewards is much more computationally challenging.

5.9 Conclusions

Neuroshard is the first system that uses a learned approach for directly learning horizontal

sharding assignments. It models past accesses to rows as a hypergraph, and then applies deep RL

to score a relatively small set of candidates derived from the rows accessed together as part of the

same query. It uses GradNorm, a multi-task learning technique, to automatically tune the gradi-

ents of multiple different task losses, so that it can balance between multiple different objectives

simultaneously.

This work takes the first steps in realizing a learned sharding system, but leaves several open

problems. First, for large and complex production traces, we expect that we will need to devise

sampling techniques to keep the episode length from being too large, while allowing Neuroshard

to learn effective local heuristics. Second, while building one partition at a time is simple and

efficient, we suspect extending Neuroshard to build more than one simultaneously would allow it

exploit power of two choices more effectively. Finally, we do not address how to transition to a

new partitioning scheme when one is computed, nor do we attempt to minimize data movement

when computing a new partitioning.
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Conclusion

This work shows that modern advances in AI, networking and storage technologies unlock

practical and efficient and general distributed ACID transaction systems beyond what was

commonly believed possible. We designed and built Chardonnay, a scale-out, general purpose,

multi-versioned, on-disk transactional key value store optimized for single datacenter

deployments with fast 2PC. Chardonnay takes advantage of fast RPCs to support strictly

serializable snapshot reads without relying on specialized clocks or assumptions about maximum

clock skew. We showed how to workaround the unavailability of such a fast 2PC technology

stack, by designing a high-performance distributed commit protocol in the Orleans system which

takes advantage of early lock release. Finally, we designed Neuroshard to effectively partition

workloads to minimize the need for distributed transactions in the first place, without sacrificing

the important system objective of load balancing.
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