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Figure 8: Response Time of Read on SimpleDB
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Figure 9: Response Time of Write on SimpleDB

minimum and maximum throughput. Similar to what we
saw for response time, the result that consistent read slightly
outperforms eventual consistent read, though the difference
is not significant. Figure 11 shows the throughput as a per-
centage of what is possible with this number of clients. As
the response time increased, each client sent less than one
request every second and, therefore, the throughput percent-
age decreased.
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Figure 10: Processed Requests of SimpleDB

We observed that SimpleDB often returns exceptions (with
status code 503: ”Service is currently unavailable”) under
heavy load. Figure 12 shows the average failure rates of
eventual consistent reads and consistent reads; each data
point has whiskers to the corresponding maximum and min-
imum failure rates. Clearly the failure rate increased as
offered load increased, but again we find that eventual con-
sistent read does less well than consistent read, though the
difference is not significant.
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Figure 12: Request Failure Rate of SimpleDB

4.2 Financial Cost
Another way people sometimes view the consistency choice

in cloud platforms is as a trade-off against financial cost [22].
In US West region, SimpleDB charges $0.154 per SimpleDB
machine hour, which is the amount of SimpleDB’s server
capacity used to complete requests, and which can vary de-
pending on factors such as operation types and the amount
of data to access. We compared the financial cost of two read
consistency options for the runs described above; Amazon
reports the SimpleDB machine hour usage, so one can cal-
culate the financial charge incurred for each request. The
cost of read operations is constant, at $1.436 per 106 re-
quests, regardless of the consistency options or workload.
Also, the cost of write operations is constant at $3.387 per
106 requests as well.

4.3 Implementation Ideas
While our study takes a consumer view of the storage,

we have ideas about the implementation based on our ex-
periments. It seems feasible that SimpleDB maintains each
item stored in 3 replicas, one primary and two secondaries.
We suspect that an eventually consistent read chooses one
replica at random, and returns the value found there, while a
consistent read will return the value from the primary. This
aligns with our experiments showing the same latency and
computational effort for the two kinds of read. We are told
(James Hamilton, personal communication) that an update
is sent synchronously to all replicas. We conjecture that the
update is applied to the data immediately at the primary
replica, but that it remains buffered at the secondaries for
a while, explaining the 66% probability of seeing a stale
value in an eventual consistent read. Perhaps a write that



has been buffered at a replica is applied immediately when
any subsequent write operation arrives (even one that is for
a different data element), or when a timeout expires (usu-
ally 500ms after the write itself). This would explain the
experiments of section 3.1 and 3.2, if we assume that all
items within one domain are replicated at the same physical
nodes, and items in different domains are replicated else-
where. Further, maybe the system has an optimization that
detects redundant write operations, and suppresses them.
This must be sophisticated enough to detect not only re-
peated put requests, but also cases where one put is merely
a subset of the previous update. We also suggest, from Table
3, that when multiple attributes are modified within a single
operation such as PutAttributes or BatchPutAttributes,
the activity happens with a single message, since in these
cases we do not see any immediate application of the writes,
but we do see that a following read always observes the same
freshness status for each attribute.

5. CAN CONSUMERS RELY ON OUR RE­
SULTS?

Our paper reports on the properties and performance of
various cloud-based NoSQL storage platforms, as we ob-
served them during some experiments. A natural concern is
whether our results can be extrapolated to predict what the
consumer will experience when using one of the platforms.
We really can’t say!
All the usual caveats of benchmarks measurements apply

to us. For example, the workload may be unrepresentative
for the consumer’s needs, perhaps because in our tests the
size of the writes is so small, and the number of data ele-
ments is small. Similarly, the metrics quoted may not be
what matters to the consumer, the consumer’s staff may be
more or less skilled in operating the system than we were,
perhaps the experiments were not run for long enough and
the figures might reflect chance rather than system funda-
mentals, etc.
As well, there is a particular issue when measuring cloud

systems: the vendor might change any aspect of hardware
or software without notice to the consumer. For example,
even if the algorithm used by a platform currently provides
read-your-writes, the vendor could shift to a different imple-
mentation that lacked this guarantee. As another example,
a vendor that currently places all replicas within a single
data center might implement geographical distribution, with
replicas stored across data centers for better reliability. Such
a change could happen without notice to the consumers,
but it might lead to a situation where eventual consistent
reads have observably better performance than consistent
reads. Similarly, the background load on the vendor’s sys-
tems might have a large impact, on latency or availability or
consistency, but the consumer cannot control or even mea-
sure what that load is at any time [29]. For all these reasons,
our observations that eventual consistent reads are no better
for the consumer, might not hold in the future.
The observations reported in this paper were mainly ob-

tained in October and November, 2011. We had conducted
similar experiments in May, 2011. Most aspects were sim-
ilar between the two sets of experiments, in particular the
500ms latency till SimpleDB reached 99% chance for a fresh
response to a read, the high chance of fresh data in even-
tual consistent reads in S3, Azure and GAE, and the lack

of performance difference between SimpleDB for reads with
different consistency. Other aspects had changed, for exam-
ple in the earlier measurements there was less variation in
the response time seen by reads on SimpleDB.

6. RELATED WORK
A broad survey of database replication techniques is given

in [21].
Many papers have described particular architectures and

algorithms for storage in the cloud. These owe much to ear-
lier designs for distributed and especially mobile systems.
The concept of eventual consistency arose in work on dis-
connected operation [13]. Saito and Shapiro offer a valuable
survey of techniques that keep replicas loosely synchronized,
such as those that provide eventual consistency [28]. Specif-
ically dealing with the cloud, we note several papers from
the past five years that describe particular systems: Yahoo!’s
PNUTS [10], Amazon’s Dynamo [12], Google’s Bigtable [9].
The algorithms may be similar to those used in some of the
consumer-accessible storage services.

Much research has investigated the performance and cost
effectiveness of cloud computation platforms [20,22,30], us-
ing benchmark applications simulating typical web applica-
tions. For example Kossmann et al use the TPC-W work-
load with platforms that provide both storage and compu-
tation service, and report on throughput (accepted requests
per second), financial cost per throughput achieved, and also
the variability of the cost. In contrast, our paper focuses di-
rectly on NoSQL storage systems, and especially on their
consistency properties.

Some previous papers have measured consistency aspects
of storage platforms. For a single SQL-interface database en-
gine, Fekete et al [14] define a benchmark that reports how
often a consistency condition is violated. They observe rates
that depend on the amount of contention between items,
and the spacing of read and write operations within a trans-
action. Considering cloud platforms, Florescu and Koss-
man [16] argued for the importance of including consistency
among the features that are measured, and they suggested
that system evaluation should identify the tradeoff between
consistency and other properties such as financial cost.

The CloudCmp [25] project benchmarks many features of
cloud computing. It includes a measure of “time to consis-
tency” of the storage layer. CloudCmp shows a very differ-
ent pattern to what we found, and they indicate that the
median time to consistency is only about 80 milliseconds.
This seems to be because they report the delay from the
write until the first time that a read returns the up-to-date
value, whereas we note that such a read may be followed by
others that show stale values; thus we measure the period
till almost all reads see the recent write. Another difference,
though probably not the reason for the different outcomes,
is that CloudCmp does an insertion of a new key as the write
operation, while we update the value in an existing element.
Our work also goes further than CloudCmp by considering
more aspects than just reading the recent write; we mea-
sure for example properties like monotonicity of reads and
inter-element consistency.

A blog [26] reported results, like ours in Section 4, that
eventual consistent and consistent reads have similar latency
and throughput in SimpleDB. They did not explore the fi-
nancial costs.

A different approach to measuring consistency of cloud
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storage platforms is taken by Anderson et al [6], where they
record lengthy traces with interleaved operations, and after
the fact they check for cycles in various conflict graphs to
determine whether various properties hold. The properties
they analyse are those that are important in parallel hard-
ware design, such as regular or safe registers, rather than the
properties usual in cloud storage platforms such as eventual
consistency with monotonic reads.
There is also work on formally defining weak consistency

properties. Usually eventual consistency is defined in terms
of internal properties such as the state of the replicas, but
Fekete and Ramamritham [15] have proposed a definition
based only on the results that are returned to the con-
sumer. Extra properties such as session properties, that
can strengthen the programmability of eventual consistency,
were identified by Terry et al [31]. Awareness of these was
spread by the important advocacy of Vogels [32]. Aiyer et
al [3] define “consistability” based on the percentage of the
operating period in which different consistency models are
present.
Kraska et al. [23] consider having a layer above the stor-

age, where different consistency models are supported with
different performance properties, and then the client can
choose dynamically what is appropriate. They build a the-
oretical model to analyze the impact of the choice of consis-
tency model in terms of performance and cost, and propose
a framework that allows for specifying different consistency
guarantees on data. The results discussed in our paper could
be used as inputs, i.e., actual behavior, performance and
cost of different consistency models, to complement Kraska’s
work.
In contrast to the NoSQL databases we have studied, Mi-

crosoft Azure SQL5 aims to support the traditional rela-
tional model and transactional guarantees in the cloud. It
provides strong consistency in reads. However, it has a re-
striction on the size of the data (a database can grow up to
50GB) and does not support distributed transactions.

7. CONCLUSION
To achieve high availability and low latency, many cloud

data storage platforms (or particular operations within a
platform) use techniques that avoid two-phase commit and/or
synchronous access to a quorum of sites. Thus they can’t
guarantee strong consistency. It is commonly said that de-
velopers should program around this by designing applica-
tions that can work with eventual consistency or similar
weak models. We have examined the experience of the con-
sumer of cloud storage, in regard to weak consistency and
possible performance tradeoffs to justify it. This informa-
tion should help a developer who is seeking to understand
the properties of the new NoSQL storage platforms for the
cloud, and who needs to make sensible choices about which
storage platform to use.
We found that platforms differed widely in how much

weak consistency is seen by consumers. On some platforms,
we found that the consumer did not observe any inconsis-
tency or stale data, over several million reads through a
week. While inconsistency is presumably possible, it seems
very rare; perhaps only happening if there is a failure of one
of the nodes or communication links actually used in the
computation. Since replication of storage is typically done

5www.microsoft.com/windowsazure/sqlazure/

on 3 or at most 4 nodes, such a failure is unlikely during the
computation. Here the risks from inconsistency seem less
important compared to other sources of data corruption,
such as bad data entry, operator error, customers repeat-
ing input, fraud by insiders, etc. Any system design needs
to have recourse to manual processes to fix the mistakes
and errors from these other sources, and the same processes
should be able to cover rare inconsistency-induced difficul-
ties. On these platforms, we wonder whether the developer
might sensibly choose to treat eventual consistent reads as
if they are consistent, and accept the rare errors as part of
doing business.

On Amazon SimpleDB, the consumer who requests even-
tual consistent reads experiences frequent stale reads and
inter-item inconsistency. Also, this choice does not provide
other desirable properties like read-your-writes and mono-
tonic reads. Thus the programmer who uses eventual con-
sistent reads must take great care in application design, to
code around the dangers of this. However, we found no
compensating benefit to the programmer: no reduction in
latency, increase in observed availability or lower financial
cost, for eventual consistent reads compared to using consis-
tent reads (which are also offered as an option in SimpleDB).
There may be benefits to the platform provider when even-
tual consistent reads are done, but at present these gains
seem not to be passed on to the consumer. Thus on this
platform in its current implementation, we see no reason for
a developer to code with eventual consistent reads.

This work highlights the importance of a research agenda
to expand the scope of the service level agreement between
cloud provider and customer, to describe more carefully and
quantitatively the consistency properties that a platform of-
fers. Tool support for monitoring service levels should also
include reporting on consistency aspects. We plan to pursue
these ideas.
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