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Abstract Providing ACID transactions under conflicts

across globally distributed data is the Everest of trans-

action processing protocols. Transaction processing in

this scenario is particularly costly due to the high la-

tency of cross-continent network links, which inflates

concurrency control and data replication overheads. To

mitigate the problem, we introduce Ocean Vista – a

novel distributed protocol that guarantees strict serial-

izability. We observe that concurrency control and repli-

cation address different aspects of resolving the visibil-

ity of transactions, and we address both concerns using

a multi-version protocol that tracks visibility using ver-

sion watermarks and arrives at correct visibility deci-

sions using efficient gossip. Gossiping the watermarks

enables asynchronous transaction processing and ac-

knowledging transaction visibility in batches in the con-
currency control and replication protocols, which im-

proves efficiency under high cross-datacenter network

delays. In particular, Ocean Vista can process conflict-

ing transactions in parallel, and supports efficient write-

quorum / read-one access using one round trip in the

common case. We demonstrate experimentally in a multi-

data-center cloud environment that our design outper-

forms a leading distributed transaction processing en-

gine (TAPIR) more than 10-fold in terms of peak through-

put, albeit at the cost of additional latency for gossip

and a more restricted transaction model. The latency

penalty is generally bounded by one wide area network

(WAN) round trip time (RTT), and in the best case
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(i.e., under light load) our system nearly breaks even

with TAPIR by committing transactions in around one

WAN RTT.
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1 Introduction

Cloud providers make it easier to deploy applications

and data across geographically distributed datacenters

for fault-tolerance, elastic scalability, service localiza-

tion, and cost efficiency. With such infrastructures, the

medium and small enterprises can also build globally

distributed storage systems to serve customers around

the world. Distributed transactions in geographically
distributed database systems, while being convenient to

applications thanks to ACID semantics, are notorious

for their high overhead, especially for high contention

workloads and globally distributed data.

The overhead of geo-distributed transactions arises

not only from the transaction commitment and concur-

rency control protocols that coordinate different shards

for atomicity and isolation, but also from the replication

protocol (e.g., Paxos [21]) that coordinates the states

of different replicas within a shard. Increased network

latency in geo-distributed transactions leads to much

higher contention than in local processing. For example,

a distributed database benchmark workload (e.g., fixed

keyspace and fixed target throughput) that creates low

contention for a database distributed over many servers

in a single region may exhibit high contention when the

data set is distributed globally.

Conventional serializable concurrency control mech-

anisms (e.g., OCC, 2PL) processes distributed transac-

tions synchronously. They resolve transaction ordering
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in the course of executing the transaction logic, and so

they update the data objects only within the period

of time when the transaction can exclusively access the

objects for the latest version. Such exclusive access is as-

sured using pessimistic locking or optimistic backward

validation, which commonly entails at least one wide

area network (WAN) round trip time (RTT) for any

read-write transaction. We refer to this period of exclu-

sive access as the serialization window of a transaction.

Long serialization windows hinder parallel execution of

conflicting transactions, which makes the design of high

performance concurrency control protocols challenging.

The design of replication protocols for systems con-

nected by a WAN is particularly difficult, because the

network joining geographically diverse datacenters is

both slow (delays in the hundreds of milliseconds) and

unpredictable. As a result, the Write-All (WA) ap-

proach [4] suffers from stragglers delaying writes. On

the other hand, the Write-Quorum (WQ) approach

commonly reads from a dedicated leader or from a quo-

rum, which leads to other problems. The leader poten-

tially becomes the performance bottleneck, and reading

quorum (RQ) requires much more work than reading

one (RO) in common read-dominated workloads.

Some previous works on distributed transactions,

such as TAPIR [38] and MDCC [20], combine concur-

rency control and replication into a single protocol for

efficiency. TAPIR allows WQRO for inconsistent reads,

but uses “application level validation” against a quo-

rum of replicas for both concurrency control and repli-

cation. As a result, the validated read is basically equiv-

alent to RQ, though its overhead is partly hidden in the

concurrency control protocol in the special case when

there are no conflicts. Furthermore, conflicts divert ex-

ecution away from the fast path in the TAPIR and

MDCC protocols, and the alternative slow path incurs

additional rounds of messages.

This paper proposes a novel protocol, called Ocean

Vista (OV), for high performance geo-distributed trans-

action processing with strictly serializable (linearizable)

isolation. OV combines concurrency control, transac-

tion commitment, and replication in a single proto-

col whose function can be viewed as visibility control.

Our insight is that the core mission of a consistent dis-

tributed transaction protocol is maintaining the visibil-

ity of transactions with respect to other transactions.

Based on multi-versioning (MV), OV tracks visibility

using version watermarks and arrives at correct visibil-

ity decisions using efficient gossip. The visibility water-

mark (Vwatermark) is a visibility boundary: transac-

tions with versions below the watermark are visible,

otherwise they are above the watermark and invis-

ible. OV generates and gossips the watermarks asyn-

chronously and in a distributed manner without any

centralized leader node. Specifically, each server has its

own view of the watermarks, which are updated via gos-

sip. Visibility control using watermarks enables a novel

asynchronous concurrency control (ACC) scheme that

can process conflicting transactions in parallel. ACC de-

couples transaction ordering from execution of transac-

tion logic: transactions are totally ordered by global ver-

sions generated using synchronized clocks, and OV ex-

ecutes the transactions asynchronously according this

serializable order.

The replica watermark (Rwatermark), below which

all versions of transactions have been fully replicated

on all corresponding replicas, also enables efficient quo-

rum replication. In OV, a write uses WQ (then asyn-

chronously WA) to automatically avoid stragglers and

failed nodes. Writes can succeed in one round trip in the

fast path regardless of conflicts, and require two round

trips in the slow path when too many failed nodes are

present.OV can provide consistent reads using RO (i.e.,

read from any replica) in the common case for a trans-

action below the Rwatermark. Reading versions that

have been made visible but are not fully replicated is

the only case that requires RQ.

The OV protocol assumes a common case of dis-

tributed transactions, which are processed by stored

procedures and have a known write-set of keys. This

transaction model is used in several previous works [18,

27,33]. Additionally, OV supports transactions without

pre-declared write-sets using a known technique, the re-

connaissance query (see Section 3.5). Because OV uses

this limited transaction model, OV does not target in-

teractive transactions, i.e., ones that require user in-

put in the middle of their execution. We implement the

OV protocol in a transactional storage system called

OV-DB, and evaluate it for globally distributed trans-

actions in AWS EC2. We compare OV-DB to the geo-

distributed transaction protocol TAPIR [38]. The ex-

perimental results show thatOV-DB outperforms TAPIR

in terms of throughput for medium to high concur-

rency/contention cases, while incurring higher latency

for the gossip of watermarks. In particular,OV-DB achieves

one order of magnitude higher peak throughput even

under a low pairwise conflict rate, and the gossip pro-

tocol generally costs one additional WAN RTT of la-

tency. The experimental results also show that OV can

achieve a best-case latency of one WAN RTT, which is

equivalent to TAPIR.

This manuscript is an invited, extended version of

the original Ocean Vista paper [14]. It features a num-

ber of additions and enhancements: we have added a

conceptual overview of visibility control using water-

marks (Section 2.1), more complete protocol pseudocode
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for transaction version generation and management (Sec-

tion 3), as well as a more detailed proof of correctness

of OV (Section 3.6) and analysis of the protocol’s re-

silience to clock skew. We also present a complete pro-

tocol for removing a coordinator in the view change

(Section 5.2), and the full protocol for adding coordi-

nators and gossipers to the cluster (Section 5.3). Next,

we describe three extensions of the OV protocol: (a)

a gossip-based garbage collection mechanism for ob-

solete versions (Section 6.1); (b) a protocol to gener-

ate consistent snapshots from OV, and a description

of snapshot recovery (Section 6.2); (c) a full descrip-

tion of fine-grained replication watermarks for efficient

reads (Section 6.3). Finally, we have added an evalu-

ation of the latency percentiles for both low and high

pairwise conflict rate scenarios (Section 7.2.5).

The remainder of the paper is organized as follows.

Section 2 presents an overview of visibility control us-

ing version watermarks, and the architecture of OV.

Section 3 details the asynchronous concurrency con-

trol mechanism of OV. The replication protocol is pre-

sented in Section 4. In Section 5, we discuss the fault

tolerance mechanisms. Section 6 discusses three exten-

sions of OV. Evaluation is presented in Section 7. Re-

lated work is covered in Section 8, and Section 9 con-

cludes the paper.

2 Overview

Visibility control using version watermarks facilitates

concurrency control, transaction commitment and repli-

cation by increasing parallelism and batching acknowl-

edgments. This section first presents the mechanism of

using Vwatermark in transaction processing. Then, we

describe the properties provided by OV protocol that

enable correct visibility control. Lastly, we present the

architecture of OV-DB.

2.1 Inspiration: Visibility Watermark

The design of OV is inspired by two scenarios in which

transactions can be processed without any concurrency

control, despite the presence of conflicts:

– Blind write. When no reads are present, all transac-

tions are write-only and each one writes a distinct

version to the MV storage.

– Snapshot read. When no writes are present, all trans-

actions are read-only and access a historical snap-

shot version.

Informally speaking, OV tries to unleash the inherent

parallelism of the above scenarios: all the versions above

Version Number

V1 R
V3 R

V4
R

V7

Vwatermark: 5

W

V8

V11

blind write

Snapshot read

V1 R
V3 R

V4
R

Vwatermark: 9

W
V11

blind write

Snapshot read

V7 R
V8 R

Version Number

W

W

(a) (b)

Fig. 1 An example of Vwatermark growing from 5 to 9: only
transactions with versions below Vwatermark are visible to
other transactions.

Vwatermark can execute blind writes because they are

invisible (i.e., cannot be read); on the other hand, all

the versions below the watermark are visible and permit

snapshot reads (i.e., no insertions are permitted below

Vwatermark).

We first examine the case of read-only transactions

and write-only transactions, then address the case of

read-write transactions. Figure 1 (a) shows an example

of the state of all transactions running in OV, when

Vwatermark is 5. Each transaction is assigned a unique

version number prior to its execution. Above Vwater-

mark, versions 7, 8 and 11 can be written in parallel re-

gardless of conflicts on any shards or replicas, because

they write on distinct versions against the MV stor-

age. There are no more writes below version 5 (Vwa-

termark), thus versions 1, 3 and 4 can be read con-
currently. In Figure 1 (b), Vwatermark increases to 9,

which means that versions 7 and 8 have been written

completely and are ready for reading.

For a general read-write transaction,OV transforms

and separates the transaction logic into three opera-

tions: write-only operations to record placeholders (i.e.,

functors [13]) in the MV storage, read-only operations,

and asynchronous writes of a specific version. Thus, we

can define the Vwatermark as a special version num-

ber, below which all transactions must have completed

their write-only operations (Store-phase, detailed later).

We will explain transaction processing in more detail in

Section 3.

The visibility control and MV in OV allow most of

the above operations to run in parallel even if they come

from conflicting transactions. In addition, the gossip

of watermarks enables batch acknowledgment of trans-

action visibility, leading to efficient atomic multi-key

writes for the write-only operations, because all ver-

sions below Vwatermark become visible for all keys.



Put (,)

Hua Fan, Wojciech Golab
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Fig. 2 Architecture: each DC has at least one gossiper, which
aggregates and publishes watermarks within its datacenter
and exchanges the watermarks with other gossipers.

2.2 Principles

The OV protocol enforces the following principles:

P1: Transactions take effect in order of their versions.

P2: Each coordinator assigns a monotonically increas-

ing version number ts to each transaction, and tracks

the lowest assigned version number that should not be

visible (a.k.a. Svw, see Section 3.4).

P3: The Vwatermark is no larger than the minimum

Svw of all DB servers.

Given the above principles, all transactions with

versions below Vwatermark can be made visible safely,

and the transaction order is fixed because no transac-

tion with a lower version may be created. Thus, OV is

able to efficiently control the visibility of many trans-

actions using the Vwatermark.

2.3 Architecture

Figure 2 shows the architecture of OV-DB, in which

each datacenter (DC) includes at least one gossiper.

Multiple gossipers within the same DC are used only

for fault tolerance, as they work independently and re-

dundantly.

Gossipers. A gossiper aggregates visibility infor-

mation within the DC in the form of watermarks, and

exchanges the watermarks with other gossipers. With a

view of the global visibility status, a gossiper generates

and publishes the watermarks within its DC.

DB Servers. OV-DB partitions the database into

shards. For each shard, there is a set of replicas that

reside on different DB servers. For simplicity of presen-

tation, in this paper, each DB server only holds one

shard replica. DB servers are in charge of three func-

tionalities.

(1) Transaction coordinator. A server receives a trans-

action request from clients, and assigns it a globally

unique version ts based on its local clock (e.g., combi-

nation of timestamp, server ID, and monotonically in-

creasing counter). The server replicates the transaction

with ts to the participant servers, and acknowledges to

the client when the first server replies with the trans-

action decision and return values.

(2) Multi-version (MV) storage. Each server maintains

the data of a shard in multi-version storage. Each shard

is replicated and accessed using consistent hashing [19].

(3) Transaction execution. Transaction logic is executed

via stored procedures in DB servers, when the transac-

tion version number ts is below the Vwatermark.

We assume the clocks of servers are synchronized,

for example using the Network Time Protocol (NTP).

Skewed clocks may only affect the performance of OV,

and never compromise the consistency guarantee, in

contrast to how the TrueTime service is used in Span-

ner [7]. The network may lose, reorder or delay any

messages, but a message must be delivered eventually

to a non-failed machine if the sender re-tries repeatedly.

The OV protocol does not require full replication of the

entire database within any datacenter, but this paper

assumes full replication for simplicity of analysis.

3 Concurrency Control and

Transaction Commitment

Transaction visibility control in OV enables process-

ing transactions asynchronously and in batches. ACC

can process conflicting transactions in parallel, thus

enabling greater parallelism than in conventional sys-

tems, which resolve conflicting transactions by abort-

ing or blocking. The transaction commitment is inte-

grated into the visibility control of the OV protocol,

and so two-phase commitment (2PC) is not needed.

OV can batch the visibility information of many trans-

actions into one watermark, enabling higher efficiency

than protocols that control transaction visibility indi-

vidually (e.g., 2PC). On closer inspection of the proto-

col, we observe that the best latency for a read-write

transaction in OV is the same as in TAPIR: one WAN

RTT. We also present a proof that OV provides strict

serializability.

3.1 Asynchronous Concurrency Control

We first describe the asynchronous concurrency con-

trol (ACC) technique for read-write transactions with

a known write-set; other transaction types are detailed

in Section 3.5. OV processes transactions in an asyn-

chronous way: it transforms the processing of a read-

write transaction to a sequence of write-only opera-
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Fig. 3 A transaction life cycle example using ACC. The
transaction logic is executed by the first scheduled functor
in DC1 shard A (dashed box). Red dashed lines denote the
watermark messages.

Algorithm 1: ACC procedures on DB server.

Data: vwm: Vwatermark of this server.
1 Procedure Coordinate(transaction T)
2 ts = TidMgr.createTS()
3 parallel-for ∀k ∈ T.writeSet do
4 Write(k, ts, T) 1
5 if any call to Write fails then
6 AbortTxn(ts, T)

7 return

8 TidMgr.stored(ts)
9 asyncRun

10 when all replica succ. write-only then
11 TidMgr.fullyReplicated(ts)

12 wait for execution results from ∀T of line 4
13 return

14 Procedure Execute(transaction T , version ts)
15 parallel-for ∀k ∈ T.readSet do
16 input [k] = Read(k, ts− 1) 2
17 output = T.execute(input)

18 reply with output to coordinator 3
19 parallel-for ∀k ∈ T.writeSet, ∀replica that has

key k do
20 replica.Put(k, ts, output[k]) 4

21 Procedure Publish(Vwatermark vm)

22 vwm = max(vwm, vm)
23 asyncRun
24 parallel-for stored txn ∀⟨T, ts⟩, ts < vwm

do
25 Execute(T, ts)

26 return TidMgr.Svw()

S-phase

E-phase

tions, read-only operations, and asynchronous writes.

ACC decouples transaction ordering, accomplished by

recording the keys in the write-set for a global version,

Algorithm 2: Procedures on a gossiper of

DCk.
Data: vwm: Vwatermark of this gossiper.
Sw[Si]: Svw of server Si ∈ S (DC-wide server set).
Dw[Di]: Dvw of DC Di ∈ D (set of all DCs).

1 Procedure Aggregate()

2 parallel-for ∀s∈ S do
3 Sw[s] = max(Sw[s], s.Publish(vwm))
4 Dw[DCk] = min s∈S Sw[s]

5 Procedure XCHG(DC Di, Dvw wm)

6 Dw[Di] = max(Dw[Di], wm)
7 return Dw[DCk]

8 Procedure Gossip()

9 parallel-for ∀d∈ D do
10 Dw[d] =

max(Dw[d], d.XCHG(DCk, Dw[DCk]))
11 vwm = min d∈D Dw[d]

from executing the transaction logic, which entails read-

only operations and asynchronous writes only.

Write-only operations. Because the transaction IDs

are used as the tuple value versions in storage in ACC,

we use the term transaction versions for both in this

section. ACC records the keys in the write-set for trans-

action version ts using a placeholder for the value of

the version in the Store-phase (S-phase). The place-

holder is a functor [13], which has all the information

required to process the whole transaction (e.g., includes

the whole read-set, write-set, parameters). Such func-

tors support general multi-shard transactions (a.k.a.

multi-partition transactions) in which the value read

from one shard may impact the value written in another

shard. Transactions in S-phase are not yet visible and

they write different versions, which simplifies concur-

rency control for atomic multi-key writes. Using MV,

each transaction writes a unique version, and is made

visible by gossiping Vwatermark, which has a similar

effect to a batch of second round messages in 2PC.

Read-only operations and asynchronous writes.

ACC begins executing a transaction only when its ver-

sion is below Vwatermark. This is accomplished by ex-

ecuting any of the recorded functors in the Execution-

phase (E-phase), after the transaction order for ver-

sions below ts is fixed. To execute a functor with version

ts, read-only operations read the keys in the read-set for

the version immediately before ts; then compute the

transaction decision, return values (to the client) and

compute final values for keys in the write-set; lastly,

the asynchronous writes replace all functors stored in

the S-phase by their final values. If the version read is

a functor (i.e., not a final value), the DB servers will

recursively compute that functor first, and then resolve

the read-only operation using the computed final value.
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Figure 3 illustrates the message flow of transaction

processing in ACC, and Algorithm 1 presents the proce-

dures. We use the circled numbers (e.g., 1 ) to link some

of the crucial messages presented in both the graph and

the pseudo-code. First, the transaction is submitted by

a client to any DB server (at the local DC, if available),

which will act as the transaction coordinator. The co-

ordinator uses a transaction ID manager (TidMgr) to

assign the transaction a globally unique version number

ts based on its local clock.

1 the coordinator Write s (see Section 4.1) the

transaction to all participant shards of the transaction

(shards A, B and C in this example). The receiving

replicas save the entire transaction as the placeholder

(functor) for the values of version ts, which will be re-

placed by the final values of the write set in the E-

phase. The functor includes the whole read-set (A, B,

and C), the whole write-set (A, B and C), and a func-

tion that generates the values for the write-set based on

the reads from the read-set. DB servers that store the ts

use MV (see Section 3.2), and S-phase never enforces

ordering among transactions, thus the S-phase never

aborts a transaction due to conflicts. When ts is stored

on all shards, the coordinator marks the transaction

stored in its TidMgr, otherwise it aborts the transaction

(AbortTxn is detailed in Section 4.1). Algorithm 1 lines

9-11 constitute an asynchronous procedure for the repli-

cation protocol, which is non-blocking (see Section 4.2).

Each DB server continuously receives the latestVwa-

termark from gossipers, and all transactions with ver-

sion lower than the Vwatermark are ready for execu-

tion. Transactions are ordered by their version num-

ber. Execution of a functor begins with 2 reading the

keys in the read-set for the version immediately before

its version number ts, then executing the transaction

based on the values read. The read may contact the

closest replica exclusively when ts is below the Rwa-

termark (see Section 4.3). 3 the execution output is

sent to the coordinator, then 4 the values are asyn-

chronously written to all replicas in the write set. In

this example, all replicas of the tuple A, B and C re-

place functors of the version ts by their final values.

OV assumes the transaction logic in the stored pro-

cedure is deterministic: functor execution outputs the

same result with the same values read. Functors for ver-

sion ts can be executed independently and in parallel.

The first execution replaces each functor of version ts

in all replicas by its final value to avoid redundant ex-

ecution of the replaced functor. Determinism ensures

that concurrent functor executions of the same trans-

action yield the same output, and so the coordinator

can acknowledge completion to the client as soon as it

receives the first response of functor executions.

Table 1 Conflict matrix for ACC. Table entries indicate
whether steps of two transactions can run in parallel when
operating on common keys.

Write-Only Read-Only Async Write
Write-Only ✓ ✓ ✓
Read-Only ✓ ✓ partially
Async Write ✓ partially ✓

Parallelism. Whenever a read-write or write-write

conflict occurs between concurrent transactions, con-

ventional synchronous concurrency controls (e.g., 2PL,

OCC) cannot execute them concurrently. This leads to

exclusive “serialization windows” of at least 1 WAN

RTT for accessing conflicting data. In contrast, ACC

makes it possible to execute most operations of conflict-

ing transactions in parallel. Table 1 summarizes the be-

havior for combinations of ACC steps in two concurrent

transactions, indicating whether two steps can run in

parallel when operating on common keys. ACC steps of

writes (i.e., write-only operations and async-write oper-

ations) from two transactions can run in parallel, even

if they have overlapping write-sets, because they write

different versions. Similarly, concurrent write-only and

read-only operations must access different versions: one

above the Vwatermark and the other below.

The only case when two steps of ACC cannot fully

run in parallel is when a read-only operation has con-

flicts (“read-dependency”) for a specific version with

another transaction’s asynchronous write. However, this

case likely has smaller “contention footprint” than a

read-write conflict in synchronous concurrency controls,

which lasts at least one WAN RTT. This is because (1)

the read operation can succeed once the first replica has

been replaced by the final value via the asynchronous

write, e.g., read from the local DC replica; and (2) the

conflicting version does not hinder execution of other

versions. For example, ACC can concurrently resolve

multiple such read-dependent conflicts on the same key

for different versions.

Latency. The OV protocol can also achieve best-

case latency of one WAN RTT (ignoring local message

RTT within a DC). From Figure 3, we can see that the

S-phase can take only one WAN, and if the replicas are

available in the DC then all E-phase messages may be

DC-local except for the asynchronous writes, which are

not included in latency.

Gossip messages among gossipers are across DCs.

However, a gossiper G need not wait for a message from

remote gossipers if G has already received a higher wa-

termark than ts. In the example of Figure 3, let’s as-

sume the clocks are synchronized and the WAN RTT

is Twan. At time t, DC2 has infrequent coordination,

and Gossiperdc2 sends to Gossiperdc1 a Dvw (see Sec-
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tion 3.4) equal to t;Gossiperdc1 receives the gossip mes-

sage at time t + Twan/2. Also at time t, Gossiperdc1
assigns t to a transaction txn, which completes the S-

phase at time t + Twan. Thus at the time t + Twan,

Gossiperdc1 has already received theDvw of DC2, which

is greater than t; then, Gossiperdc1 can immediately

make the decision that version t is visible without any

round-trip message exchange with Gossiperdc2.

TAPIR also incurs a latency of one WAN RTT in

the best case. This occurs when the reads go to the

DC-local replica and the “application level validation”

successfully exchanges one round of prepare messages

with all replicas in all shards (see Figure 6 in [38] for de-

tails). However, the latency increases further due to re-

tries from conflicts as contention increases. Besides, the

latency also does not include the asynchronous commit

message that makes the writes visible.

3.2 Multi-version Storage

A DB server stores the database data using MV. The

APIs are similar to other MV systems: Put(key, ver-

sion, value) stores the value to the version; Get(key,

version) returns the value and version number of the

latest version not greater than version; Abort(key, ver-

sion) removes the version and promises never to accept

the same version again.

To be used in ACC, our MV storage offers two addi-

tional features. First, the value to Put could be either

a functor or a final value; the stored final values are

immutable, while the stored functor will be replaced by

the final value later. The Get operation always returns

the final value, because when the version accessed is

a functor other than a final value, the DB server will

resolve the functor first before returning the value. Sec-

ond, ACC Get only targets versions below Vwatermark

and version insertion only targets versions above Vwa-

termark. Our MV storage sorts data by version for fast

version retrieval in Get, and for garbage collecting ob-

solete versions that are older than a threshold of time.

The MV storage does not depend on a specific data

structure, and data structures used in other MVCC sys-

tems (e.g., Bw-Tree [24]) can be incorporated into ACC

as long as their implementation provides the additional

features mentioned in this section.

3.3 Transaction Version Management

In contrast to previous works [1, 15, 33] that use a cen-

tralized sequencer to assign transaction version num-

bers, OV uses a decentralized method to avoid a sin-

gle point of failure and performance bottleneck. The

Algorithm 3: TidMgr procedures on a DB

server.
Data: lastTS: last assigned timestamp by the

TidMgr of this server.
TSset: versions that have not completed S-phase.
rTSset: versions that have not been stored on all
replicas.

1 Procedure nextTS()

2 ts = uniqueTS()
3 while ts ≤ lastTS do
4 ts = uniqueTS()

5 lastTS = ts
6 return ts

7 Procedure createTS()

8 ts = nextTS()

9 TSset.insert(ts)
10 rTSset.insert(ts)
11 return ts

12 Procedure stored(ts)
13 TSset.erase(ts)
14 Procedure fullyReplicated(ts)
15 rTSset.erase(ts)
16 Procedure Svw()

17 if TSset is not empty then
18 return TSset.min()
19 else
20 return nextTS()

21 Procedure Srw()

22 if rTSset is not empty then
23 return rTSset.min()
24 else
25 return nextTS()

transaction version is assigned by each server based

on its local clock, which is synchronized using ordinary

NTP. Each transaction coordinator has a transaction

ID manager (TidMgr) for version number assignment

and bookkeeping.

Algorithm 3 shows the pseudocode of the trans-

action ID manager. The procedure nextTS creates a

unique version number using uniqueTS(), which com-

bines a timestamp obtained from the local clock with

a globally unique identifier, and the returned version

number must be greater than the last generated version

number. TidMgr records the highest assigned times-

tamp lastTS in a stable storage, and retries whenever

a generated timestamp is lower than the lastTS. The

lastTS is a server-local variable; generating and check-

ing this variable requires no cross-server coordination.

For instance, the per-server throughput of transaction

generations in Section 7 (around 5k txn/s on average)

is far below the performance bottleneck of processing

server-local variable operations by a single thread. Co-

ordinator executes createTS to assign a version num-

ber to a transaction. When the transaction completes

the S-phase, the coordinator calls the stored proce-

dure, and updates the status of the version number in
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TidMgr. Similarly, when the transaction has been fully

replicated to all corresponding replicas, the coordinator

calls the procedure fullyReplicated for the transac-

tion’s version. Servers use the procedures Svw and Srw

to access the server watermark for visibility and replica-

tion, which are detailed in Section 3.4 and Section 4.2.

3.4 Gossip of Visibility Watermarks

Naively, to satisfy the principle P3, the Vwatermark

can be obtained by contacting all DB servers for the

minimum version in the S-phase. However, Algorithm 2

presents a more efficient and distributed Vwatermark

generation protocol using server-gossiper DC-wide mes-

sage exchanges and gossiper-gossiper cross-DC message

exchanges.

Server visibility watermark (Svw) is the min-

imum version number in the S-phase on a DB server.

Each DB server maintains its Svw by tracking all ver-

sions in the S-phase in a set in the TidMgr, referred to

as TSset. When TidMgr.createTS() generates a mono-

tonically increasing version number ts (Algo. 1 line 2),

TidMgr adds ts to the TSset. When transaction ts com-

pletes its S-phase by calling TidMgr.stored(ts) (Algo. 1

line 8), TidMgr removes ts from the TSset. If the TSset

is not empty, the minimum version within the set is the

Svw, otherwise the TidMgr calls nextTS to generate a

ts as the Svw because any version number generated in

the future must be higher.

DC visibility watermark (Dvw) is the version

number equal to the minimum Svw in this DC, thus any

version below Dvw has completed the S-phase in the

DC. Each gossiper generates the Dvw by maintaining a

snapshot of the latest Svw of all DB servers within the

DC. A gossiper continuously polls the DB servers for

Svw, meanwhile, publishing the latest Vwatermark to

every DB server in the DC. Each DB sever maintains

a non-deceasing Vwatermark, and it always adopts the

highest watermark if it receives different watermarks

published by different gossipers.

Similarly, each gossiper also maintains a snapshot

of the latest Dvw of each DC by exchanging its Dvw

with other gossipers periodically. The gossipers always

keep the highest Dvw for each DC, because the Svw

and Dvw must be non-decreasing. TheVwatermark is

simply generated as the minimum Dvw snapshot across

all DCs.

3.5 Other Transactions

Read-only transactions and write-only transactions can

skip some of the ACC steps required for more gen-

eral read-write transactions, which boosts their perfor-

mance. We also explain in this subsection how to ex-

ecute dependent transactions, which do not have pre-

known write-set.

Read-only transactions. ACC can achieve strictly

serializable read-only transactions in one round of mes-

sages regardless of contention. The overhead is similar

to a snapshot read. The protocol for a read-only trans-

action is similar to that of a read-write transaction,

except that the S-phase only stores a functor on the

coordinator DB server. Hence, the entire S-phase and

the functor-to-coordinator acknowledgment are all lo-

cal operations on the coordinator server. The E-phase

only needs to execute the read-only operations for the

ts assigned to the transaction. In particular, when ts <

Rwatermark, the read-only operations can be applied

to the closest replica (see Section 4.3).

Write-only transactions. The protocol for write-

only transactions only needs the S-phase, which writes

the final values directly to the MV storage. The coor-

dinator can acknowledge to the client as long as the

Vwatermark is greater than the transaction version.

Dependent transactions. The dependent trans-

actions [33], which need to read the values of the database

to determine the full read-set and write-set, are not sup-

ported in the basic protocol. However, a known tech-

nique, reconnaissance query [33], can support this cate-

gory of transactions. A reconnaissance query is a read-

only transaction that is used to find the tentative read-

set and write-set for the dependent transaction. The de-

pendent transaction is executed based on the tentative

sets, but the E-phase first verifies whether the tentative

read-set and write-set generated by the reconnaissance

query are still valid by re-reading the values. If the veri-

fication fails, the transaction execution output is “abort

the transaction,” otherwise the transaction is executed

in the same way as in the basic protocol.

3.6 Strict Serializability

In this subsection, we prove that OV provides strict se-

rializability for all committed transactions. Specifically,

the transactions are strict one-copy serializable (strict

1SR). Informally speaking, a schedule of such transac-

tions is serializable when it is equivalent to some serial

schedule. A schedule of transactions on multi-version

(MV) storage is one-copy serializable (1SR) when the

equivalent serial schedule is as if accessing a single ver-

sion storage [4]. Strict serializability [5, 29] further re-
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quires that the serialization order be compatible with

the “real-time” precedence order over non-overlapping

transactions. For example, when a transaction Ta fin-

ishes before the transaction Tb starts (Ta precedes Tb),

strict serializability requires that Ta takes effect before

Tb. The latter property is referred to as linearizability

in the context of concurrent data structures [16].

Serializability. The formal proof technique pre-

scribed by [4] is to start with a multi-version schedule

S of committed transactions, which indicates the exact

version of a data item created by each write or read

by each read operation, and construct a corresponding

multi-version serialization graph (MVSG) for S, where

the vertices represent transactions and the edges repre-

sent precedence constraints. The schedule S is one-copy

serializable (1SR) if and only if its MVSG is acyclic. To

that end, we will show that edges in the MVSG are

always directed from a transaction with a lower times-

tamp to a transaction with a higher timestamp, which

not only implies that the MVSG is acyclic but also that

transactions appear to take effect in order of their ver-

sion numbers (P1).

Claim Let S be any multi-version schedule of commit-

ted transactions in OV, and let G be its MVSG. Then

G is acyclic, and if an edge exists from Ti with times-

tamp tsi to Tj with timestamp tsj , then tsi < tsj .

Proof Suppose that an edge (Ti, Tj) exists in G. By def-

inition [4], an MVSG graph contains two categories of

edges: conflict edges, and version order edges. Suppose

first that (Ti, Tj) is a conflict edge. Since S is a multi-

version schedule, the only possible conflict is a reads-

from dependency whereby Ti writes a version read by

Tj . In this case, OV ensures that tsi < tsj because a

transaction can only read versions less than or equal to

its own timestamp, and since distinct transactions have

distinct timestamps. Thus, a conflict edge always points

in the direction of increasing transaction timestamp, as

required.

Next, suppose that (Ti, Tj) is a version edge. By def-

inition [4], such an edge occurs in two cases.

Case 1: Ti and Tj both write the same key and Ti’s

version precedes Tj ’s in the version order for that key.

In that case tsi < tsj holds, as required, since version

order is determined by transaction timestamp order.

Case 2: Ti reads a version of some key that is written

by another transaction Tk such that k ̸∈ {i, j}, and this

version precedes the one written by Tj to the same key.

Let tsk be the timestamp of Tk. If tsi < tsj then the

claim holds, otherwise suppose for contradiction that

tsj < tsi. Since Tk’s version precedes Tj ’s, our assump-

tion implies that tsk < tsj < tsi. However, this contra-

dicts Ti reading Tk’s version and not Tj ’s version, since

tsj < tsi implies that Tj is visible to Ti (see principle

P1). To see the latter point, note that a server begins

the E-phase of Tj only once tsj is below that server’s

view of V watermark, which is a lower bound on the

visibility watermark Svw at any server. As a result, all

versions less than tsj are also visible, including both

tsk and tsj . ⊓⊔
Strict ordering. We also show that the order of

the transaction versions is strict with respect to the

“real-time” precedence order.

Claim Let S be any schedule of committed transactions

in OV, and consider any two distinct transactions Ti

and Tj with version numbers tsi and tsj , respectively.

If Ti completes before Tj starts in S, then tsi < tsj .

Proof First, at the time point time1 when Ti completes,

the V watermark on the server coordinating Ti must be

greater than tsi, because the execution phase of Ti is

started only when tsi is below V watermark. At the

same time, that V watermark value must be less than

or equal to the lastTS on the server that assigns the

version number tsj , say its value is lastTS1. This is

because V watermark at one server is less than or equal

to Svw on any server, and Svw at any server is less

than or equal to lastTS at the same server. Thus, tsi <

lastTS1.

Second, at the time point time2 when Tj starts,

tsj must be greater than the lastTS, say its value is

lastTS2. Because Ti completes before Tj starts (time1
is before time2), and each server only creates monoton-

ically increasing version numbers, lastTS1 ≤ lastTS2.

Thus, it follows that lastTS1 < tsj . Combining this

with the previous observation that tsi < lastTS1, we

obtain tsi < tsj . ⊓⊔
In summary, OV provides strict one-copy serializ-

ability.

3.7 On Clock Skew

The coordinator uses the timestamp from synchronized

(e.g., by NTP) local clocks to generate globally unique

transaction versions. Skewed clocks do not impact the

correctness of ACC, because our protocol has no re-

quirement regarding the difference between the times-

tamp and “real-time,” as long as the Svw and Dvw are

monotonically increasing.

We provide an informal explanation of the reason

why clock skew never violates correctness. In a nut-

shell, the rule of monotonically increasing transaction

version generation (based on timestamps) prohibits the

creation of an arbitrary historical version (e.g., below

Vwatermark) due to clock skew. Consider the case when
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a transaction Ti is started after another transaction Tj ,

and yet Ti’s timestamp tsi is less than Tj ’s timestamp

tsj . ACC ensures that both tsi and tsj are greater

than the Vwatermark at time t when tsi is created

(by TidMgr.createTS() in Algorithm 3 at line 7). This

is because transaction versions are created in a mono-

tonically increasing manner following rule P2 in Sec-

tion 2, and the versions must be greater than Svw on

the server, and Vwatermark must be no greater than

any Svw. In particular, TidMgr may need to retry gen-

erating a timestamp to guarantee monotonicity (Algo-

rithm 3 at line 3). Thus, at the time t, both Ti and

Tj have started, but have not begun the E-phase yet

(i.e., both Ti and Tj are not visible yet). That means

the executions of Ti and Tj overlap in time, and our

system ensures that Ti takes effect before Tj (P1). In

other words, Ti is only started later than Tj and the two

transactions run concurrently, but Ti takes effect before

Tj . In our protocol, it is impossible for Ti to start after

Tj has finished executing.

Skewed clocks may, however, impact the performance

of the system. Because the transactions are ordered by

their version number, a transaction number assigned

by a “fast clock” may cause transaction processing to

be delayed unfairly, leading to a latency penalty. This

side-effect can be mitigated using the following strate-

gies. First, the servers within the same DC use the same

local time source connected by a LAN, thus the clock

skew is small within a single DC. Second, the coordina-

tor will not accept new client requests when it has an

abnormal clock. Abnormality can be detected by sev-

eral methods, such as detecting a large time offset from

the time source or from peers (i.e., other DB servers or

gossipers) within the DC, or detecting a large time gap

between its local clock and the Vwatermark.

4 Replication Protocol

OV combines concurrency control and replication in

a single gossip-based visibility control protocol. The

idea of combining protocols is borrowed from previ-

ous works [20,27,38], though our gossip-based approach

with visibility information represented compactly us-

ing watermarks enables more efficient replication for

geo-distributed data. In our replication scheme, writes

succeed in one RTT regardless of conflicts as long as a

super quorum1 of replicas is available, or in two RTTs

once a majority quorum is available, whichever comes

first. As for read-only operations, in ACC these are al-

ways tagged with target versions. With the gossip of

watermarks, reads can always retrieve data from any

1 Super quorums are defined as in FastPaxos [22].

replica when the target version is below the Rwater-

mark. This achieves WQRO (write-quorum read-one)

for common requests. When the target version is be-

tween Rwatermark and Vwatermark, the reader needs

to contact additional replicas to find a quorum with

matching versions.

4.1 Write-Only Operations

Transactions in the S-phase perform write-only oper-

ations exclusively: Write and AbortTxn. Inspired by

FastPaxos [22] and the consensus operation in TAPIR [38],

Write reaches consensus on whether a specific version is

stored. This requires one RTT in the fast path, and two

RTTs in the slow path. Unlike FastPaxos and TAPIR,

which suffer a performance penalty via the slow path

when a conflict is detected, Write inOV is nearly conflict-

free because it merely inserts a globally unique version

using MV (recall no reading in S-phase). Our slow path

is needed only for failures and stragglers. To tolerate f

replica failures using a total of 2f+1 replicas, similarly

to FastPaxos [22], the fast path needs a super quorum

(⌈ 3
2f⌉ + 1) of replicas to be available;2 the slow path

needs only a majority quorum (f + 1) of replicas to be

available. For easy comparison, we describe the protocol

using the same terminology as TAPIR:

1. The coordinator sends ⟨key, ts, value⟩ to all repli-
cas within the shard, and each replica stores the record

as tentative. The replica responds upon success.

2. Fast path. If a super quorum of replicas replies

(within a timeout), the coordinator takes the fast path

and acknowledges the success to the caller, then sends

⟨finalize, ts⟩ asynchronously to all replicas.

3. Otherwise, once the coordinator receives a ma-

jority quorum response, it takes the slow path. The co-

ordinator sends ⟨finalize, ts⟩ to all replicas.

4. On receiving finalize, each replica marks the

version recorded as finalized, and responds confirm

to the coordinator.

5. Slow path. The coordinator acknowledges the

success to the caller when it receives f + 1 confirm

responses. Otherwise, it returns fail if a majority of

replicas are not available.

AbortTxn succeeds when the decision is replicated

in a fault-tolerant manner on each shard. Each shard

succeeds as long as a majority quorum of replicas re-

spond because, unlike the tentative status in Write,

the abort decision may never be revoked. The protocol

for AbortTxn is as follows:

2 An alternative expression is using a super quorum size
2f + 1 out of 3f + 1 replicas.
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1. The coordinator sends ⟨abort, key, ts⟩ to all repli-
cas of all participant shards; it acknowledges to the

caller once a majority quorum of replicas respond from

each shard.

2. Upon receiving the request, each replica calls

Abort(key, ts), and replies success to the coordinator.

AbortTxn also needs to call TidMgr.stored(ts) when

the abort decision is acknowledged by shards, and needs

to run the asynchronous procedure in Algorithm 1 line 9-

11, which is used to indicate that all replicas have suc-

cessfully completed Abort.

4.2 Replica Watermarks: Rwatermark

The replica watermark (Rwatermark) is a special ver-

sion number, transactions below which must have repli-

cated their write-only operations on all participant repli-

cas. Read-only operations for versions below Rwater-

mark can access the value directly from any replica

(e.g., in the local DC). The gossip protocol for Rwa-

termark can be simply extended from the protocol of

Vwatermark generation in Section 3.4 by adding ex-

tra fields: server replica watermark (Srw), DC replica

watermark (Drw) and Rwatermark.

The gossiped information is leveraged as follows.

The Vwatermark is used for concurrency control and

commitment to decide if a transaction version is visi-

ble to other transactions, while Rwatermark is designed

for reading any replica (e.g., the closest replica) in the

replication protocol. Specifically, gossipers generate the

Drw using the minimum of the DC-wide Srw, and gen-

erate the Rwatermark using the minimum of all DCs’
Drw. On each DB server, the TidMgr maintains the Srw

by tracking all version numbers for which the write-only

operations are not yet fully replicated. Furthermore, the

DB servers automatically set all versions below Rwa-

termark as finalized. Note that Algorithm 1 line 9

starts an asynchronous procedure that notifies the Tid-

Mgr regarding the full replication of ts. The procedure

is executed when all responses of write-only operations

(Write, AbortTxn) are received, which may be during

or even after the E-phase of the transaction. We omit

the detailed protocol for the gossip of Rwatermarks as

it is similar to that of Vwatermark.

4.3 The Read-Only Operation

The read-only operation Read(key, ts) (ts < Vwater-

mark) retrieves the latest version no greater than ts for

key. When ts < Rwatermark, the Read can call Get(key,

ts) directly on any replica. Thus, this sub-section

Algorithm 4: Read-only operation for ver-

sions between Rwatermark and Vwatermark.
1 Procedure Read(key k, version ts)
2 target = ts
3 while true do
4 parallel-for ∀R∈ Replicas do
5 R.Get(k, target)
6 if match condition found then
7 return matched version
8 target = max{versions received at line 5} − 1

focuses on reading versions between Rwatermark and

Vwatermark.

The Get(key, ts) operation presented in Section 3.2

not only returns the version and value, but also the

replication tag tentative or finalized (see Section 4.1).

Assuming 2f +1 replicas in a shard, a transaction with

version ts that is below Vwatermark must be in one

of the two following cases, otherwise it should not be

visible: (1) Write succeeded for ts, thus there are at

least f +1 finalized replicas or ⌈ 3
2f⌉+1 tentative-

or-finalized replicas; or (2) AbortTxn succeeded for ts,

thus there are at most f tentative replicas and there

is no finalized replica. The tentative-or-finalized

case may happen when the Write succeeds in the fast

path, and some of the tentative replicas adopt the

finalized tag in the asynchronous confirmation.

Thus, the Read(key, ts) operation sends requests

to all replicas but waits for the fastest super quorum to

respond (with retry on timeout), and finds the highest

version ver ⩽ ts for which at least one replica is final-

ized or at least f + 1 replicas are tentative. We call

this the match condition for Read, and the highest

version is called the matched version. An aborted

version cannot satisfy the match condition, and the

highest committed ver must satisfy the match condi-

tion within a super quorum of replicas. The protocol

for Read(key, ts) is presented in Algorithm 4.

5 Fault Tolerance

Replication protects the data stored inOV from perma-

nent loss. However, failures of the coordinators and gos-

sipers may stall the dissemination of watermarks in the

gossip-based visibility control protocol, leading to a loss

of availability. This section presents the protocols for

recovering from server, gossiper, and datacenter-wide

failures. Our solutions do not exclude alternative ap-

proaches to designing fault-tolerant protocols for OV,

such as incorporating a fault-tolerant group member-

ship protocol [6]. These protocols assume the database

state is recoverable, meaning that to tolerate f failure



Put (,)

Hua Fan, Wojciech Golab

among 2f +1 replicas, at least a super quorum of repli-

cas is available for each shard. Under this assumption,

our recovery protocol can leverage the Read operation

from Section 4.3 to decide if a version should be recov-

ered or discarded.

5.1 Membership Representation

To track the shards and server locations, OV uses a co-

ordination service such as Raft [28] or Zookeeper [17].

Each shard maintains its own membership state, and

views over this state are distinguished using monoton-

ically increasing numbers. Each server caches the lat-

est view of all shards, and includes the view number

of the target shard in any cross-server communication.

A server updates its own view when it learns from the

communication response that its view is stale. Similarly

to TAPIR, when a server is in view-changing status,

it will not process new requests except for recovery.

Inspired by Corfu [1], the view can have different

memberships for different ranges of transaction ver-

sions. For example, a shard with membership ⟨A,B,C⟩
serving version [0,∞] may replace a failed server C by

a new server D starting from version 1000. Thus, the

new view of membership may be ⟨A,B⟩ serving ver-

sion [0, 1000] AND ⟨A,B,D⟩ serving version [1001,∞],

while D is recovering the versions below 1000.

5.2 Coordinator Failure

Visibility control relies on a collection of watermarks

from coordinators. Thus, it is important to have quick
coordinator failure detection and fast recovery. The fail-

ure detection of coordinators is integrated with the gossiper-

coordinator communication, as they already publish and

aggregate watermarks frequently. Furthermore, the gos-

siper and the coordinators are always in the same DC,

where the network is much more predictable than the

WAN. In addition, the coordinators try to avoid slow

responses due to overload, using methods such as load

shedding (e.g., reject new client requests when the load

is high) and resource isolation (e.g., exclusive access to

some CPU cores).

Each coordinator has a backup coordinator within

the local DC, which will serve as the substitute for com-

pleting the in-flight transactions when the coordinator

fails. Note that only the execution of the write-only op-

erations (Write and AbortTxn) may impact the visibil-

ity control to the gossipers. Thus, the coordinator will

synchronously replicate its write-only operation log (be-

fore execution) and the operation decisions (after exe-

cution) to the backup coordinator. This ensures that

the backup coordinator has all the in-flight transac-

tions. When the gossiper suspects a failed coordinator

and decides to remove the coordinator from the cur-

rent view, the view change leader will send the new

view, which marks both the failed coordinator and the

back up coordinator, to the two coordinators and all

the gossipers within the DC. The gossiper then uses

the state of the backup coordinator to generate water-

marks. During fail-over, the backup coordinator stops

accepting replication requests from the original coordi-

nator, which disables the original coordinator in case

it has not really failed. The backup coordinator simply

re-executes all the in-flight write-only operations, and

any transactions that have already been aborted must

fail during re-execution as a majority of replicas have

promised not to accept the aborted version (see Sec-

tion 3.2). In the event that both the coordinator and

its backup fail, none of the committed transactions are

lost because each such transaction must have been repli-

cated cross-datacenter; any unresolved functors will be

replaced by final values the next time they are accessed.

The full protocol of removing a coordinator in the

view change is as follows:

1. The new view is created, which marks the coordi-

nator F as failed, and the backup coordinator B as

its backup. The new view is sent to all the members

within the DC.

2. Upon receiving the new view, B stops accepting

replication requests from the original coordinator F

and begins to re-execute all the in-flight write-only

operations. B should also respond to requests for

Svw from gossipers as F fails, based on the lowest

versions of the remaining in-flight transactions.

3. Having received the new view, the gossipers within

the DC begin to use the maximum Svw received

from B and (previously) from F for Dvw calcula-

tion. However, the gossipers that have not yet re-

ceived the new view will continue to contact F for

Svw. In that case, these gossipers may receive a low

Svw, which does not include the progress made by

B ’s re-execution of in-flight write-only operations.

However, that only hinders generation of higherVwa-

termark for those gossipers, and it never breaks the

correctness of OV.

4. Once B has completed all the in-flight write-only

operations, both B and F can be removed from the

membership safely.

5.3 Add Coordinator and Gossiper

OV needs to add coordinators to the cluster mem-

bership when failed coordinators are recovered or new
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nodes join the cluster. To enforce the monotonicity prop-

erty of watermarks regardless of clock skew, a newly

added coordinator must not create a version number

below the Dvw and Vwatermark. In order to enforce

the monotonicity property for Dvw, a gossiper will ac-

cept a new coordinator only if the Svw from that co-

ordinator is no less than any Dvw generated in that

DC. Thus, during initialization the coordinator will not

accept client requests until the new coordinator is ac-

cepted (described later) by all gossipers of the DC. The

full protocol of adding a new coordinator is as follows:

1. The new view, including the new coordinator, is sent

to all members within the DC.

2. The coordinator is initialized with status init, in

which the coordinator’s behavior is different from

normal status in several aspects: the one with init

status (1) will reject any client requests; (2) lastTS

is initialized with 0; (3) procedure Svw in Algo-

rithm 3 line 16 will not refresh lastTS when the

TSset is empty.

3. Each gossiper contacts the new coordinator with its

Dvw, t for instance, and the coordinator replies with

t as the Svw to the gossiper, which promises to never

create a version number lower than t. In particular,

if t is greater than the lastTS of that coordinator,

the coordinator assigns t to lastTS.

4. When the coordinator has collected Dvw from all

gossipers within the DC, it transitions to normal

status and is ready for client requests.

Adding new gossipers to the cluster should also pre-

vent a breach of the monotonicity property in water-

mark generation. The procedures in Algorithm 2 work

in the situation of a new gossiper, as long as the gos-

siper has the state of each Svw within the DC, even if

the initial value for watermarks of remote Dvw or Vwa-

termark is zero. This means that in the bootstrapping

stage of the gossiper, it will create a valid Dvw and

possible lower Vwatermark (due to zero remote Dvw),

which will be ignored automatically because the coor-

dinators always use the greatest Vwatermark received.

5.4 Replica Node Failure

A replica node failure does not hinder the functional-

ity of a shard as long as a quorum remains available,

because the replication protocol already provides fault

tolerance. Thus, the replica node failure detection and

recovery can tolerate longer communication delays. The

protocol for membership reconfiguration that replaces

a failed replica node by a new node is described next.

We assume that a leader within a shard is elected

using Raft or Zookeeper to execute the reconfiguration

procedure. First, the leader sends a view-changing

message to all members, and the live members reply

with their highest recorded transaction versions. Sec-

ond, the leader chooses the starting version newTs for

the new membership, which is the highest recorded

transaction version returned by the live members. The

new membership is represented as two ranges: versions

[0, newTs] are served by the live members without chang-

ing the quorum size, and versions (newTs,∞) are served

by the live members plus the new node. The leader in-

crements the view tag of the membership, and sends

out the new membership. Third, the new node begins

to serve versions above newTS immediately, and recov-

ers the versions below newTS when newTS is below

Vwatermark. The missing range of versions is recov-

ered by pulling from the live members in bulk; simi-

larly to Read in Section 4.3, versions that satisfy the

match condition should be kept as finalized, oth-

erwise they should be discarded. Last, when the new

node has caught up to newTS, the leader updates the

membership again to merge the two version ranges (≤
newTS and > newTS) into one.

5.5 Gossiper Failure and Datacenter Failure

The failure of a single gossiper will not impact the

progress of watermarks because each DC has multi-

ple gossipers that work independently and redundantly.

However, missing the updates from one DC entirely

will prevent the watermark from advancing, because

the DC-wide watermarks will not be refreshed for the

failed DC. This may happen when all gossipers of a DC

are unavailable due to DC-wide disaster. This subsec-

tion presents how our gossip protocol can recover from

losing all the gossipers of a single DC.

The protocol assumes that servers cache a view of

the membership of each DC. First, the new member-

ship, with the failed DC removed, is sent to the fail-

ure recovery leader of each shard (see para. 2 of Sec-

tion 5.4). Second, each leader forwards the new mem-

bership to the shard replicas, and the replicas reply with

the highest recorded transaction version and promise

never to accept transactions coordinated from the failed

DC. Third, the recovery process aggregates the highest

recorded version number maxRecordedTS across all the

leaders of the shards. Note that the failed DC only im-

pacts the visibility control for versions between Vwa-

termark and maxRecordedTS, because versions below

Vwatermark have already been confirmed visible and

all versions above maxRecordedTS are not coordinated

from the failed DC. Then, the recovery process pulls

the status of transactions between Vwatermark and

maxRecordedTS and computes the transaction decisions
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following the Coordinate procedure in Algorithm 1.

Last, after the status of the versions below maxRecord-

edTS has been resolved, the recovery process sends the

new DC membership and maxRecordedTS as the new

Vwatermark to all remaining gossipers.

6 Extensions

This section presents three extensions to OV-DB.

6.1 Garbage Collection Watermark

Garbage Collection (GC) removes obsolete versions that

are never needed for concurrency control, i.e., the ver-

sion may never be read by the execution phase of any

functor. We assume that the historical versions, except

for the ones being used for concurrency control and

snapshotting, are allowed to be removed. This subsec-

tion presents a GC mechanism that can remove such

versions safely by gossiping GC watermarks.

For key k, a historical version vi will never be read

by a functor computing with version vf if (1) vi < vf ,

and (2) there exists a version vj for key k satisfying

vi < vj < vf . In other words, to read key k for com-

puting version vf , the system prefers version vj over vi.

Recall that computing a functor of version vf requires

the version that immediately precedes vf . If the version

vi may never be read by any uncomputed functors, it

can be removed safely. Similarly to generating Vwater-

mark, we use gossip of watermarks to track the lowest

version of an uncomputed functor.

Similarly to Svw, each DB server maintains a water-

mark called Server GC Watermark (Sgw), below which

all functors in that server have been computed and are

stored in the form of final values. This can be achieved

by bookkeeping all the versions of uncomputed func-

tors: adding a version when an uncomputed functor is

stored in this server; removing a version when the func-

tor is replaced by the final value. Each gossiper main-

tains DC GC Watermark (Dgw) and GCwatermark,

similarly to Dvw and Vwatermark. Dgw and GCwa-

termark denote versions below which there exist no un-

computed functors within the datacenter and cluster,

respectively. The protocol to generate GCwatermark

is similar to that of Vwatermark, as detailed in Sec-

tion 3.4.

Upon receiving the GCwatermark from gossipers,

each DB server can delete any version below GCwater-

mark for a given key as long as the version is not the

latest version preceding GCwatermark for that key.

6.2 Consistent Snapshot

A snapshot saves the values of all keys for a consis-

tent state of the database, which can be used for data

recovery. Using MV storage, OV-DB can dump a con-

sistent snapshot of the data preceding a given version

without blocking any running transactions. This can be

achieved simply by a read-only transaction for all keys

with a specific version. However, the snapshot proce-

dure must guarantee that (1) the snapshot version is

below the Vwatermark and (2) it should prevent the

snapshotted version from being deleted by garbage col-

lection. When recovering the OV-DB instance from the

dumped snapshot, the system not only needs to recover

the values of the keys, but also restore valid watermarks

(e.g., Svw, Srw, Dvw, Drw, Vwatermark etc.) that en-

sure the correctness properties in Section 2.2.

The procedure of taking a snapshot is as follows. We

assume the system uses the GC mechanism described

in Section 6.1.

1. A server (coordinator for the snapshotting) receives

a snapshot request for version vs. If vs is an unspec-

ified version (e.g., latest), vs is assigned by the cur-

rent Vwatermark. If vs is lower than the GCwater-

mark, the snapshot request fails. The server ensures

that Sgw does not exceed vs until the snapshot is

complete, to prevent garbage collection of any ver-

sions needed by the snapshot.

2. The read-only requests for all keys are sent to all

shards, and the coordinator stores all the results

(key, value, version tuples) to persistent storage as

a snapshot file.

3. The coordinator stores snapshot version vs to the

snapshot file, which will be used for recovery. Fi-

nally, Sgw is allowed to continue increasing.

Recovery from a snapshot first loads the key values

into the database, then uses the snapshot version vs as

the initial value for all the watermarks (Svw, Dvw, Vwa-

termark etc.). This guarantees that any new version in

the recovered system must be greater than vs.

6.3 Fine-Grained Replication Watermark

The Rwatermark is used for efficient reading, because

below it, all versions have been fully replicated on all

replicas. Thus, reads for a version below Rwatermark

can be served by any replica. However, the growth of

Rwatermark may be curtailed by stragglers within a

single replication group or even a single slow server.

This subsection proposes a fine-grained replication

watermark optimization whereby the replication water-

mark is maintained for each shard or for each server,
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below which all versions have been fully replicated on

replicas within this shard, or below which the server has

stored all versions for its shard. We illustrate the benefit

of fine-grained replication watermarks using an exam-

ple. Consider a single-key write operation that succeeds

using a quorum of replicas for version v, and where an

unresponded straggler server s can hinder the growth

of Rwatermark. However, using a per-shard replication

watermark, the straggler s only affects the replication

watermark for that single shard, and so most reads

may still complete using read-one. Moreover, using per-

server replication watermarks can further improve the

likelihood of using read-one. A read operation for ver-

sion v of that key, can be served by any single replica

within the replication group without sacrificing consis-

tency, as long as the server has replication watermark

greater than v.

We only present the protocol for per-server replica-

tion watermarks in this subsection, because it provides

extended ability to avoid quorum read for efficient read-

ing. The mechanism for per-shard watermarks is simi-

lar.

1. In the RPC layer, each server maintains a list of

in-flight write-only requests for each remote server.

Thus, the server can build a map including each

remote server and the lowest unacknowledged write

version for that server (comparable to the Srw in

Section 4.2).

2. The gossiper retrieves the above maps from all servers

in the local DC. Then, it merges the maps into one,

choosing the minimum unacknowledged version for

each remote server. That map includes all servers

and the lowest version of any in-flight writes (orig-
inating from this DC) for that server (comparable

to the Drw in Section 4.2).

3. By gossiping the map, the gossipers can generate the

replication watermark for each server (comparable

to the Rwatermark in Section 4.2).

To conclude, we compare the per-server protocol

with the system-wide one (Rwatermark) in terms of

reading efficiency and protocol overhead. The per-server

protocol is more efficient for reading because it exploits

opportunities to avoid sending messages to an entire

quorum of replicas in the read path. On the other hand,

it uses larger messages. In the per-server protocol, the

message size for gossip may be linear in the number of

servers, while the system-wide protocol has a fixed gos-

sip message size in each round (only one version num-

ber for the watermark). For example, in an OV clus-

ter comprising 100 servers, the per-server protocol uses

messages of a few dozen KB in size, containing at min-

imum an IPv4 address and timestamp for each server.

Table 2 Ping RTT between used EC2 regions (ms).

N. Virginia Frankfurt Soul
N. Virginia < 1 91 188
Frankfurt - < 1 253

Soul - - < 1

The system-wide protocol, in contrast, requires only a

few bytes per message in this scenario.

7 Evaluation

This section presents the experimental evaluation of

OV-DB for geo-distributed transactions and compares

against TAPIR [38]. TAPIR combines concurrency con-

trol and replication in one coordination protocol, and

outperforms several conventional designs in terms of

both throughput and latency [38]. OV is also a com-

bined protocol, and its best-case latency is equivalent to

TAPIR – one WAN RTT – when the system is lightly

loaded. All the experiments presented in this section

distribute data globally across US, Asia and EU re-

gions using AWS EC2 virtual machines, where the wide-

area latency inherently leads to higher contention. The

experimental results show that OV-DB outperforms

TAPIR for throughput under medium to high contention,

at the cost of higher latency for the watermark gossips,

which usually takes one WAN RTT in common cases.

Under a distributed load with Zipf coefficient 0.5, OV-

DB achieves more than 10-fold higher peak throughput

than TAPIR, reaching 43k read-write transactions per

second.

7.1 Experimental Setup

Environment. All the experiments are run in AWS

EC2 using c4.4xlarge instances. Each instance has eight

cores (hyper-threading disabled). We use three EC2 re-

gions: US East (N. Virginia), EU (Frankfurt) and Asia

(Soul), with ping latencies as shown in Table 2. All

the virtual machines enable the NTP service for clock

synchronization. We adopt the TAPIR [38] configura-

tion where each shard of data is handled by a sepa-

rate replication group. The database is partitioned into

three shards and each shard has three replicas placed

across the three geographic regions. In this setting, at

least two out of three replicas form a majority quorum

and all three replicas form a super quorum.

Experimental Systems. We implemented OV-

DB using the C++ RPC framework fbthrift [10] open-

sourced by Facebook. InOV-DB deployment, gossipers

are co-located on the server hosts without using more

machines than TAPIR, and send gossip messages to
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Table 3 The transaction type distribution of Retwis, repro-
duced from TAPIR paper [38].

Transaction Type # gets # puts Percentage
Add Users 1 3 5%
Follow 2 2 15%

Post Tweet 3 5 30%
Get Timeline rand(1,10) 0 50%

remote gossipers at 25ms intervals. We deploy one gos-

siper per DC. In each EC2 region, we use ten separate

client machines, which is sufficient to generate our ex-

perimental workloads. The clients in OV-DB can send

a request to any server in the DC, and that server is

the transaction coordinator. In contrast, the transac-

tion coordinator in TAPIR is on the client side, which

offloads work from the TAPIR server.

To measure the performance of TAPIR, we use its

open-source implementation [34] created by the authors

of TAPIR. We include the modification of the imple-

mentation to allow TAPIR to issue multiple indepen-

dent read requests from the same transaction in par-

allel, and to run multiple server threads concurrently

on each server host. Both systems use in-memory stor-

age to store the data, and neither implementation in-

cludes failure recovery. OV-DB simply assumes that

obsolete versions can be garbage collected safety when

they are 10 seconds older than the Vwatermark, which

is sufficient for our settings. However, a more general

solution can be developed by tracking the minimum

uncomputed functor watermark, which is presented in

Section 6.1.

We estimate the overhead of multi-version storage

as less than 1GB per host in our experiments given a

10s retention period for old versions. Furthermore, we

ran a micro-benchmark against the MV storage of ran-

dom read/write operations (50% read) for 60 seconds

(the first and last 10 seconds excluded) to measure the

impact of MV on performance, and observed that the

storage layers of TAPIR and OV-DB can perform 368k

ops/s and 424k ops/s, respectively, in a single thread.

These results show that MV storage is far from be-

coming the system bottleneck with respect to aggregate

throughput.

We use closed-loop synchronous clients, each of which

issues one transaction at a time, back-to-back. The clients

do not retry any aborted transaction, which benefits

TAPIR’s throughput and latency, especially for high

contention cases where conflicts lead to frequent aborts.

We present the end-to-end latency measured from the

clients and the aggregated throughput across all servers.

All experiments run 60 seconds, and the results exclude

the first and last 10 seconds.

Workloads. We evaluate the systems using two

workloads: YCSB+T [8], which extends the key-value

store benchmark YCSB with transactional support, and

the Twitter-like workload Retwis [23]. Both YCSB+T

and Retwis are used for evaluating TAPIR [38]. We take

the same configuration as the published paper. Spe-

cially, a transaction in YCSB+T comprises four read-

modify-write operations on distinct keys. Retwis simu-

lates four kinds of transactions (add user, post tweet,

get timeline, follow user) that apply gets and puts over

the key-value store. Table 3 reproduces the transaction

profile of Retwis from TAPIR [38].

All experiments in this section (including both Retwis

and YCSB+T) run with 1 million keys, where both

keys and values are 64 bytes long. We use two differ-

ent key distributions for tuning various contention sce-

narios. The first distribution is Zipfian with the coef-

ficient varying from 0.5 to 0.95 (extremely skewed dis-

tribution). The second distribution is contention index

(CI), used in benchmarking distributed transacions in

previous works [13, 31, 33] as the tuning knob for the

contention among two concurrent transactions. In the

CI distribution, the key set is divided into “hot keys”

and “cold keys”. Each transaction randomly accesses

exactly one hot key and three distinct cold keys. The

CI is the fraction of hot keys over the size of the en-

tire key space. For example, if there are 1000 hot keys

among 1 million keys, the CI is 0.001. In that case, for

systems that cannot commit conflicting transactions in

parallel (e.g., TAPIR), at most 1000 concurrent trans-

actions can be committed successfully in parallel.

7.2 YCSB+T Experiments

7.2.1 Low Pairwise Conflict Rate

Figure 4 presents the throughput, latency and commit

rate results for various numbers of clients using the Zipf

coefficient 0.5 distribution. A close-up view is included

in the bottom corner of each graph for client number

less than 4000, and uses the same axis units as the

standard view.

Throughput. In the terms of peak throughput,

OV-DB outperforms TAPIR more than 10-fold, achiev-

ing around 43k txn/s. TAPIR achieves higher through-

put when the number of clients is less than around

1600, because it maintains a high commit rate and

lower latency. As concurrency increases with the num-

ber of clients, contention grows and the commit rate

of TAPIR drops sharply beyond 1500 clients. TAPIR

reaches its peak throughput when the increased paral-

lelism from adding clients is counteracted by a dropping

commit rate due to rising contention. In comparison,

OV-DB keeps the commit rate steady at 100% as it

never aborts a transaction due to conflicts, albeit with
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Fig. 4 YCSB+T results for Zipf coefficient 0.5 workload and
various numbers of clients, with close-up on the right.

a more limited transaction model (pre-defined write-

set) than that of TAPIR.

Latency. In the figure, the average latency of TAPIR

is around 300–400ms in most cases, because there is no

retry for the aborted transactions in the experiments.

When there are fewer than 4000 clients, OV-DB’s aver-

age latency is generally higher than TAPIR by roughly

one WAN RTT. This indicates that, on average, each

transaction in OV-DB waits roughly one WAN RTT

to receive a gossiped watermark that makes the trans-

action visible. This latency overhead is the main cost

of OV as compared with other distributed transaction

protocols. We observe that the average latency of OV-
DB declines slightly for 2000–10000 clients, where re-

quests fill up the processing pipelines in the servers and

schedulers more easily find a transaction that is ready

for processing. With more than 10000 clients,OV-DB’s

latency increases linearly as the servers’ queue length

grows. Note that in the latency result, OV-DB and

TAPIR both achieve the best latency of around 300ms

(roughly one WAN RTT) when the client number is

close to 0, as explained in Section 3.1.

7.2.2 High Pairwise Conflict Rate

The performance impact of conflicts varies with the

concurrency control mechanism. We are therefore inter-

ested in examining the performance of the two systems

in high contention workloads. We use various numbers

of clients with the CI distribution, using a CI of 0.001

(1000 hot keys).

Throughput. In Figure 5, OV-DB achieves 100%

commit rate in all experiments, while TAPIR exhibits
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Fig. 5 YCSB+T results for CI 0.001 and various numbers
of clients, with close-up on the right.

a much lower commit rate as the number of clients in-

creases. As a result, OV-DB outperforms TAPIR for

throughput under various numbers of clients, albeit at

the cost of higher latency. The peak throughput of OV-

DB is 30x higher than of TAPIR. The spread is higher

than observed in Figure 4, indicating the performance

of OV-DB is less sensitive to contention than TAPIR,

which is unable to commit conflicting transactions in

parallel. ACC allows many operations of conflicting trans-

actions to run concurrently in OV-DB (recall Table 1),

but the read-only operations still need to wait for the

first available asynchronous write value if there is a

read-dependency. Thus, we observe that the through-
put does not increase when there are more than 20000

clients in OV-DB, as the additional request concur-

rency tends to lengthen the E-phase and increase la-

tency.

Latency. We observe similar trends to that of Zipf

coefficient 0.5 distribution in latency. However, com-

paring with the latency results in Figure 4, TAPIR has

slightly increased latency under the same number of

clients, while OV-DB keeps nearly the same latency in

the close-up figure.

7.2.3 Non-Aborting Workload

This subsection studies a special case of workloads where

no pair of concurrent transactions ever conflicts (i.e.,

commit rate 100% is guaranteed). The two systems are

subjected to two different workloads, each of which is

considered an “ideal” workload for the system’s through-

put. For TAPIR, based on the CI 0.001 distribution,

we fixed the number of clients to 1000 and each client
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Table 4 Peak throughput (unit: txn/s) comparison of OV-
DB and TAPIR under no aborting workload (CI-fix) and high
pairwise conflict rate workload (CI 0.001 from Figure 5).

OV-DB TAPIR Speedup
CI-fix 39247 2781 14x
CI 29580 465 64x

Speedup 1.3x 6x
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Fig. 6 Throughput and commit rate comparison of OV-
DB and TAPIR for Zipfian workload.

accesses a distinct fixed hot key and a disjoint range

of cold keys. Thus, concurrent transactions never have

conflicts because their key sets have an empty inter-

section. We refer to this method of generating keys as

CI-fix in the remainder of this subsection. We use this

workload to simulate the best throughput TAPIR may

achieve for a CI of 0.001. At any time, the system is

running approximately 1000 concurrent transactions,

and any additional client/transaction would introduce

conflicts and cause aborting. For OV-DB, we also use

CI-fix, but we do not limit the number of clients to

1000 because conflicting transactions in OV-DB never

abort. Although the numbers of clients used for TAPIR

and OV-DB are not identical, we believe that 1000 is

roughly the optimal number for TAPIR as adding more

clients only hurts throughput.

In the results summarized in Table 4, the through-

put of TAPIR under the non-aborting workload CI-

fix is close to the throughput limits observed in pre-

vious experiments with 1000 concurrent clients. Thus,

TAPIR for the CI-fix workload exhibits a 6x throughput

speedup as compared with standard CI workload. The

speedup is closer to 1x for OV-DB, though our system

still outperforms TAPIR for throughput under CI-fix

by 14x, despite the lack of aborting. Interestingly, the

outcome is loosely comparable to running both systems

with a workload where 14 conflicting transactions are

issued in parallel, even though neither system aborts

any transactions in the CI-fix workload.

7.2.4 Various Zipf Coefficients

To evaluate further the relative merits of OV-DB and

TAPIR, we measure the throughput of the two systems

under various Zipf coefficients. We use 1500 clients for
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Fig. 7 Retwis results for Zipf coefficient 0.5 workload and
various numbers of clients, with close-up on the right.

TAPIR, where it achieves the highest throughput in

the previous experiments, and 40000 clients for OV-

DB. With a fixed number of clients, Zipf coefficients

0.5 and 0.95 represent a low and high pairwise conflict

rate, respectively.

In Figure 6, under various values of the Zipf coef-

ficient, throughput drops for both systems as conflicts

increase, but OV-DB outperforms TAPIR in through-

put by 6-11x. OV-DB maintains the commit rate at

100%, while the commit rate of TAPIR drops as con-

flicts increase.

7.2.5 Latency Percentiles Results

To further compare the latency character of the two

systems, we also measured the latency percentiles in

the experiments for both low pairwise conflict rate (Sec-

tion 7.2.1) and high pairwise conflict rate (Section 7.2.2)

scenarios.

Figure 8 presents the 50%, 90%, 95% and 99% la-

tency percentiles of the experiments of Figure 4. In the

result, we observed that 50%-ile results are similar to

that of average latency. However, when the number of

clients exceeds roughly 2000, the 90%, 95% and 99%-

ile latencies of TAPIR are higher than those of OV-

DB when the contention is increased. For the latency

margins between OV and TAPIR when the number

of clients is less than 2000, we observe higher margins

in higher percentile latency experiments. For example,

TAPIR has maximum around 400ms lower 90%-ile la-

tency than OV, but has only maximum around 200ms

lower 95%-ile latency than OV. It indicates that grow-

ing contention as the number of clients increases has
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Fig. 8 YCSB+T latency percentile results for Zipf coefficient
0.5 workload and various numbers of clients, with close-up on
the right.
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Fig. 9 YCSB+T latency percentile results for CI 0.001 and
various numbers of clients, with close-up on the right.
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more impact for TAPIR than OV in terms of upper

percentile latency. That trend is more pronounced when

the number of clients becomes higher. Specifically, even

with 40000 clients, OV has 99%-ile latency less than

1386ms, while TAPIR reaches 1341ms with only 4000

clients.

Figure 9 presents the 50%, 90%, 95% and 99% la-

tency percentiles of the experiments of Figure 5. Gen-

erally, the result is similar to that of Figure 8, except

that 95% to 99%-ile latency results of TAPIR are worse

in high pairwise conflict rate scenarios than in low pair-

wise conflict rate scenarios. The latency margin differ-

ence between OV and TAPIR is smaller as compared

with results in Figure 8 when the client number is less

than 2000. OV even has superior 95% and 99%-ile la-

tency when the number of clients is less than 1000.

7.3 Retwis Experiments

7.3.1 Various numbers of clients

We present the throughput, latency and commit rate in

Figure 7 for Retwis experiments under various numbers

of clients for the Zipf coefficient 0.5 distribution. OV-

DB achieves a peak throughput of 68k txn/s, which

outperforms TAPIR roughly 16-fold. The performance

in terms of throughput and latency is better for both

systems in this experiment than in the YCSB+T exper-

iments because there are 50% read-only transactions in

the Retwis workload profile. On the other hand, we ob-

serve similar trends in both the Retwis and YCSB+T

results: when the number of clients is less than 1600,

TAPIR throughput is higher than OV-DB, but OV-

DB outperforms in terms of throughput when more

clients are present. OV-DB achieves much higher peak

throughput at the cost of higher latency.

7.3.2 Various Zipf Coefficients

Figure 10 shows the throughput and commit rate com-

parison between OV-DB and TAPIR for various Zipf

coefficients. We see that OV-DB has more than one

order of magnitude higher throughput than TAPIR un-

der various Zipf coefficients. The commit rate of TAPIR

drops from 90% to 13%, while OV-DB keeps the com-

mit rate at 100% when the Zipf coefficient increases

from 0.5 to 0.95. Comparing these variations for the

Retwis workload with the YCSB+T results, we observe

that the OV-DB throughput drops less sharply un-

der the Retwis workload, where 50% of transactions

are read-only. When conflicts are rare, TAPIR can pro-

cess read-only transactions in one round trip if there is

an up-to-date “validated version,” but needs additional
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Fig. 10 Retwis throughput and commit rate comparison for
various Zipf coefficients.

round trips, or even suffers aborts, in cases where such

a “validated version” is not found. In comparison, the

read-only transaction inOV-DB always reads a specific

version, and it never aborts due to conflicts.

8 Related Work

Distributed transactions are notoriously costly, espe-

cially for high-contention and geo-distributed workloads.

Thus, many existing works focus on weak consistency [25,

26,32] or avoid geo-distributed deployments [2,3,15,35].

This section reviews techniques for high performance

distributed transactions under strong consistency guar-

antees.

Combining concurrency control and replica-

tion. TAPIR [38] is the state-of-the-art high perfor-

mance geo-distributed transaction protocol. TAPIR can

save one round trip compared to a classic layered proto-

col if conflicts are not present, combining concurrency

control and replication in the same round of coordina-

tion. However, conflicts from both concurrency control

and replication are detected and resolved using valida-

tion and retry in OCC, and performance may suffer

from contention. OV also uses a combined protocol to

reduce coordination overhead, but uses visibility control

via ACC to resolve conflicts. Compared with TAPIR,

OV incurs additional overhead for watermark gossip,

which adds latency, but each gossip message can pro-

vide visibility control for many transactions regardless

of contention.

Deterministic databases. Calvin [33] is a deter-

ministic database that resolves conflicts by executing

transactions in a deterministic ordering. Calvin orders

the input transactions using a centralized sequencer into

a deterministic order, then replicates the ordered trans-

actions via a consensus protocol such as Paxos [21] or

Zookeeper [17]. Even though Calvin is designed for dis-

tributed transactions, it faces several practical difficul-

ties for globally-distributed transactions: (1) the cen-

tralized sequencer could potentially be a performance

bottleneck and single point of failure when considering
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client requests and failure detection over a WAN; (2)

the layered concurrency control and replication proto-

cols need more round trips than a combined protocol

(e.g., TAPIR, OV), which results in increased latency;

(3) Calvin only replicates the transaction input to dif-

ferent replication groups, and there is no coordination

within a replication group in execution. This means

that transactions cannot read from remote DC’s repli-

cas for fault tolerance when the local replica fails or is

overloaded. In OV, the S-phase is non-deterministic, as

any transaction can be aborted if any shard votes to do

so, but the E-phase executes transactions in the global

version order, which resembles deterministic ordering.

Unlike Calvin, OV orders the transactions via version

numbers assigned using synchronized clocks, and does

not require additional centralized coordination. The sys-

tems BOHM [11] and PWV [12] also use deterministic

execution and multi-version storage to increase trans-

action processing parallelism, but they are designed for

a single multi-core machine.

Re-ordering conflicting transactions. Similarly

to TAPIR, Janus [27] is a combined concurrency con-

trol and replication protocol, but for a more restric-

tive transaction model. Instead of aborting a trans-

action on conflicts, Janus transforms transaction ex-

ecution to a deterministic order to resolve the con-

flict. As a result, Janus cannot run conflicting trans-

actions in parallel. For example, in Janus, two con-

flicting write-only transactions need one RTT to detect

the conflicts and another RTT to re-order, then the

transactions are executed serially. In comparison, our

ACC scheme allows both transactions to run in parallel

with nearly no coordination in one WAN RTT. Fur-

thermore, Janus’ fast path requires all servers in the

replication group (Write-All), which is vulnerable to

stragglers in a geo-distributed setting; OV only needs a

super quorum of replicas (Write-Quorum). In terms of

transaction model, Janus executes a “transaction piece”

on each server, whose input and output are limited to

the local server, whereas OV executes transactions in a

more flexible manner using functors. The Janus paper

presents an extension to handle the case of one piece’s

input depending on the output of another piece, but it

does not support the case when two pieces are mutually

dependent on each other. For instance, a money trans-

fer transaction that checks the status of both accounts

(located on different servers) prior to the transfer can-

not be handled.

Low-latency distributed transactions. The sys-

tem Lynx [39] executes a limited category of transac-

tions with serializability and low latency. Lynx assumes

that transactions can be executed piece-wise as a chain

(one piece per hop), and that only the first hop contains

user-initiated aborts. Lynx can acknowledge transac-

tion commitment as soon as the first hop completes.

Carousel [37] is a combined protocol targeting low-

latency geo-distributed transaction processing. It uses

OCC, similarly to TAPIR, and therefore exhibits seri-

alization windows of at least one WAN RTT. As a re-

sult, its throughput suffers under conflicts. Contrarian

protocol [9] is designed for key-value stores supporting

latency-optimal read-only transactions, which require

two round trips of client-server messages. It only pro-

vides weak (i.e., causal) consistency. SLOG [30] com-

bines determinism with assignment of a home region

to each data granule to achieve low-latency for trans-

actions that only write and (linearizably) read home

regions. However, for a transaction that accesses data

having replication masters spanning different DCs (i.e.,

multi-home transaction), SLOG also needs cross-DC

coordination, in which case the overhead exceeds a de-

terministic database (e.g., Calvin), as reported in the

evaluation of the SLOG paper [30]. Like other master-

based replication protocols, SLOG also faces the risk of

performance bottlenecks or stragglers from the master

nodes.
Amazon Aurora [35, 36] uses a “storage and com-

puting independent” architecture, where storage follows

the “log as database” paradigm. The log sequence num-

bers (LSNs) can be used for batch acknowledgment [36],

similarly to the watermarks in OV. Nevertheless, Au-

rora solves a simpler problem than OV in several as-

pects: Aurora targets a cluster in a single geograph-

ical region (e.g., us-east-1) with multiple availability

zones, while OV targets geo-distributed data; Aurora

assumes there is only a single writer (the DB instance)

which assigns consecutive LSNs and is able to coor-

dinate transaction concurrency control locally; Aurora

uses traditional concurrency control (e.g., locking) and

hence cannot execute conflicting transactions in paral-

lel.

9 Conclusion

This paper proposes Ocean Vista, a high performance

geo-distributed strictly serializable transaction process-

ing protocol. OV combines concurrency control, trans-

action commitment, and replication in a single transac-

tion visibility control protocol that uses version water-

marks. Our Asynchronous Concurrency Control scheme

is based on watermark gossip, and is able to process

conflicting transactions in parallel. Furthermore, our

replication scheme makes it possible to use an efficient

Write-Quorum / Read-One access pattern in the com-

mon case. OV provides high throughput even under

high contention for globally distributed transactions,
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though pays a latency cost for gossiping the water-

marks. The best-case latency to commit a transaction

in OV is only one WAN RTT, which is equivalent to

the best latency of TAPIR [38] – a state-of-the-art geo-

distributed transaction protocol. Our experimental eval-

uation shows that our system, called OV-DB, outper-

forms TAPIR in terms of throughput in conflict-prone

workloads. In particular, OV-DB achieves one order of

magnitude higher peak throughput even under a work-

load with Zipf coefficient 0.5. When conflicts are rare,

OV-DB generally pays a latency penalty of one WAN

RTT.
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