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Abstract Originally designed for streaming applications, such as
Key-value stores are becoming a popular choice for pdtackup, we are currently working on improving its per-
sistent data storage for a wide variety of applications, arffrmance for metadata intensive applications through the
multiple implementations are currently available. Decicddition of a low-latency content-addressable cachet buil
ing which one to use for a specific application require$sing a key-value store on top of a high-performance SSD.
comparing performance, a daunting task due to the la€RIr plan was to select an open-source key-value store that
of benchmarking tools for such purpose. We prej{a{}t performs the best for our target workload. Since the key-
Zone a tool specifically designed to evaluate key-valiy@lue store was used for a local cache, we limited our
store performance. We used KVZone to search forsgarch to the evaluation tdcal key-value storeswhich
key-value store suitable for implementing a low-laten&@nsiderably reduced the number of choices. However,
content-addressable store that supports write-intensitese results are useful even for comparing distributed
workloads. We present a comparative evaluation of thrkgy-value stores since many of them are implemented as
popular key-value stores: Berkeley DB, Tokyo Cabinétdistributed layer on top of a local key-value stoeeg(
and SQLite, and find that none is capable of approachitygldemort uses Berkeley DB, ErlangDB uses Mnesia).
the 10 rate of our persistent device (a high-throughput Comparing the performance of even the smaller set of
SSD). Finally, we present tha&lphard key-value store local key-value stores was harder than we thought. First,
which is optimized for such workloads and devices.  none of the existing storage benchmarks are designed to
) generate load in terms of key-value pairs, or easy to mod-
1 Introduction ify for that. Second, each key-value store we wished to
App"cations frequenﬂy need to store data persistenﬂ:ﬁst had a different interface. We believe benchmarks for
a task traditionally achieved through file systems or rkey-value stores have to be adept at handling the interface
lational databases; in recent years they are increasin@iyersity. For example, the three key-value stores we con-
being replaced by simpler storage systems that are egigered have different interfaces.
ier to build at scale while maintaining reliability and In order to perform an accurate comparison of the dif-
availability. Examples of such systems are columnBarent key-value stores, we have taken the first steps in
stores €.g, BigTable [4]), document store®.g, Mon- building a new benchmarking tool called KVZone, anal-
goDB [10]), and most popularly, key-value storesg, ogous to the 10Zone benchmark for file systems [8].
SimpleDB [12], Berkeley DB [3], Tokyo Cabinet [14],KVZone is useful for conducting a broad analysis of
SQLite [13]). The simplicity and scalability of key-valuekey-value stores, having multiple configuration options
stores has made them the infrastructure of choice fotaaspecify properties of keys, values, and operations on
wide range of usage scenarios. Not surprisingly, a lartfeem; it solves the problem of different interfaces by pro-
number of key-value stores have been developed, buitling a set of adapter modules that present the same in-
commercial and open-source, each with distinctive paerface to the load generator.
formance, availability, and reliability characteristids]. ~ The currentimplementation of K\VVZone suffices for our
A system designer considering the use of a key-valteeds in comparing key-value stores under write-intensive
store for persistent data storage needs to be able toworkloads. Other requirements, such as handling dis-
curately compare the performance of different key-valggbuted key-value stores and various aspects of locality
stores for the same set of relevant workloads. Given tfweg, for key-value stores supporting sequential scan of
large number of key-value stores to choose from, this cthe key-space), are likely to be important for the increas-
be a daunting task. While subjective comparisons aimgly varied use of key-value stores. In this paper we seek
critiques can be found on several websites and bulletindraw the attention of the storage community to some of
boards [5, 9], we are interested in quantitative perfahe aspects that we consider important in benchmarking
mance differences under controlled workloads. key-value stores, and point out the need for a more me-
Recently, we developed HydraFS [15], a file systethodical approach to understanding the requirements for
for HYDRAstor [6] content-addressable storage systeley-value store benchmarking in general.
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in order to avoid the store becoming full or empty during

Figure 1: Overview of KVZone. a long run, the rate of deletions must equal that of inser-
Key-Value Store| Throughput| Latency (ms) tlonTS'
(MBIs) | Avg. | Stdev Finally, one can measure the performance of lookups or
SOLite 17.01| 817.8| 478.7 deletes alone by pre-populating the key-value store with a
Berkeley DB 130.14| 87.8| 515 number of key-value pairs, specified prior to benchmark
Tokyo Cabinet 178.32| 384 | 36.1 run.
Alphard 486.80 08 0-5 2.2 Design and Implementation
Table 1: Comparison of existing key-value stores write perfor- ) )
mance. Throughput of raw device is approximately 500 MB/s. KVZone consists of three main components: a load gen-

Using KVZone we compared three popular local kefator, an asypchronous intgrface, and a set of adapter
value stores: Berkeley DB, Tokyo Cabinet, and SQLitg]oduIes a_IIowmg the use of(_jlfferent key—_value stores; we
Tokyo Cabinet performed by far the best, followed bjow describe each of these in more detail.

Berkeley DB; SQLite performed an order of magnitude The load generator has a set of threads, one for each
worse in most tests. operation type (lookup, insert, delete), and one for pre-

However, even Tokyo Cabinet was not capable of apopulating the store with key-value pairs prior to bench-
proaching the 10 rate of our SSD. To close the perfomarking. The insert thread obtains the details of a request
mance gap with the SSD, we built Alphard. The desidhe-a the key and the size of the value) from a list of keys
goal was to execute each key-value store operation withd a list of values, pre-generated to match the distribu-
at most one device 10. This was achieved by employiti§ns specified by the user. On insert completion, the key
an asynchronous interface where requests are first plate@dded to amctive key setwhich helps the lookup and
in a queue and serviced by multiple threads; this elinflelete threads to generate valid requests. Each thread al-
nates the need for metadata 10 by keeping in memory #Inates between submitting requests and sleeping, based
important metadata. Using such a layout allows storiffj the rate requested for that operation by the user.
the modified metadata in the same 10 with that of the as-In order to support key value stores such as Alphard
sociated data. that have an asynchronous interface, the KVZone inter-

Our evaluation shows that for write intensive workload@ce needed to be asynchronous as well; each operation
Alphard can achieve performance comparable with that(@isert, lookup, delete) specifies a continuation that is ex

the underlying device. ecuted on completion of the operation. The asynchronous

. interface consists of a set of queues holding requests sub-
2 KVZone Performance Analysis Tool mitted by the load generator, and a set of worker threads
2.1 Modesof Operation that issue synchronous calls to the appropriate adapter,

Figure 1 shows the overall design and important dgtassing through one of the queues; this interface allows a
structures of KVZone; it generates a workload considtey-value store implementation to process more than one
ing of lookups, inserts and deletes in configurable preequest with just one 10 operation. On completion, the
portions, where the sizes of keys and values are dragame thread invokes the continuations that were passed
from specified distributions. The system currently supy the load generator.
ports fixed size and uniform distributions; we plan to add In designing KVZone, we wanted to be able to run the
support for realistic distributions of key-value sizesnsi exact same workload on different key-value stores to en-
lar to generation of file-system images by Impressions [Hple a fair performance comparison. Since different key-
The rate of requests issued by the benchmark canvadue stores can have different interfaces, we needed to
specified as either throughputor latencytarget. In the translate the generic request from the load generator to
former case, the tool determines the number of inserts jp&ie that is understood by the implementation-specific in-
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Asynchronous 3.2.1 SpaceAllocation and On-disk Layout
Mirror

Alphard contains an allocator to directly manage space,

Alphard ' and does not require a file system to access a block de-
Thread Pool A vice; having a dedicated allocator was useful for two rea-
S S SS sons. First, usage of OIRECT requires that in-memory
f
]

buffers, disk addresses, and request sizes be aligned to the
device block size. Second, Alphard batches inserts, and
this requires special handling during allocation.

] The allocator supports three operatioaboc, allocAd-
SsD jacent andfree It maintains a bitmap (each bit corre-

_ _ sponds to a block), as well as a short list of recently freed
Figure 2: Overview of Alphard. blocks (so as to speed-up allocations when there is signif-
terface of a particular key-value stor_e; an adapter modle s ohyrm but Jittle free spacegllocAdjacentallocates
(one per key-value store) does precisely that. space on the device adjacent to a given address; it is used

For key-value stores that have a synchronous interfagg o lesce multiple inserts so that they can be made per-
the adapter module performsd@queueperation to ob- gistent with just one device 10.

tain the request to be issued. The adapters maintain per_l-_ q h | ber of device 10 h Kk

formance counters necessary to measure the native | 10 reduce t e total num or ot device 1Ls, eadt ey.-
tency of a key-value store (without queuing delays). TH&lue pairis written togethe_rwnh _metadata consisting of:
callbacks passed by the load generator are responsiblekﬁ)f and value lengths, a virtual timestamp, and a check-

recording operation latencies that include queuing dela§ m. Tlhe tcljmest.a[.np 'i nect()astsa?hto allow thle |nstertt|)on
In the future, KVZone can be improved along sey) an aiready existing ey (but with a new value) to be

eral dimensions including configurability and scalabjlit;gogfgvg'rth vdgsglfonczggﬁgvch:p:\f: fc())frtiTZr?gnri!\ZrE('j[heengl{j

along with a set of canned configurations representiﬁg free: th v is stored istently with
some canonical workloads. We intend to further invedt2¢€ as ITe€, the New entry IS stored persistently with-

tigate key-value store workloads in our production env?—Ut modifying the old one. During startup/recovery, if a

% is part of more than one entry, only the latest is re-
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ir;)rtwgnreunr;t ana?gbr::en';l?ers,aé,?Sﬂ'ecgt,;%nggggﬁ,s(:ﬁz?g ined. This mal.<es recovery slower, as all device blocks

sponding set of key-value operations. ave to be read; for us this was an ac_ceptal_ale trade-off,
as even a large SSD can be read fairly quickly. Note

3 TheAlphard Key-Value Store that the metadata overhead, together with the block align-

Using KVZone to compare three popular key-value storgsent requirements, result in non-negligible overhead for

we observed that none achieves a throughput close to t@j-value pairs of small size. Again, we considered this

of the underlying device, as summarized in Table 1. Bpace/performance trade-off acceptable since the majorit

close the large gap between the device and the highegtour writes are large.

performing key-value store for our workload (more than

60%!), we implemented Alphard. Our discussion of Al3.2.2 In-memory Index

phard is quite terse, emphasizing its impact on the require-

ments for KVZone and the benefits of the comparativ&nce key-value pairs have temporal locality (as opposed
evaluation on Alphard’s design. to spatial locality based on the key values) we need to

31 Design Goals maintain an index in memory. Alphard uses an efficient
-memory index storing the following information: 8
tes storing either a key smaller than 7 bytes and its

ngth, or a pointer to a larger key; on-disk start address

mance, and no single point of failure. The key-value sto % bytes) and length (4 bytes), in alig_nment—sized .b|0CkS'
contains optimizations, such as using direct I/O, that bo nce for larger keys the index contains only a pointer to

its performance when used with flash-based media (I£ € key, extra memory is needed in thes_e cases, adgling o
sionlO recommends using_ DIRECT for all I/O to their the per-entry overhead f)f 16 bytes. The in-memory index
devices [7]). uses cuckoo hashing with 32 keys per bucket.

The above scheme was sufficient for our needs, as our
application did not generate keys larger than 7 bytes; the
Figure 2 shows the design of Alphard and its componemsts presented in this paper used 32-bit integer keys. In
which we discuss next; mirroring is relatively straightforthe future we plan to investigate data structures that bette
ward and we omit its discussion due to lack of space. accommodate a high number of large keys.

The requirements for Hydra's key-value store refle.
the needs of typical high-performance primary stora
low latency, high throughput, scalable concurrent perf

3.2 Design and Implementation



3.2.3 Asynchronous Queue I nterface high latency for concurrent operations.

Alphard exports a (non-blocking) asynchronousinterfac-g?kyo Cabinet: a high-performance and scalable_ key-
all key-value store operations.d. insert lookup and value store used by Mixi, a popular Japanese social net-

deletg are first placed in a logically centralized queué‘vOrking site. Tokyo Cabinet performed by far the best of

Upon finishing any previous operation, a worker thre(’;{qehthree(;j hcl)vyevesr,sns performance was not close to that
removes from the queue one or more operations that \jthe underlying SSD.

be executed with one synchronous IO to the block devi(.%?" ite: the least impressive in terms of performance, of-

Multiple worker threads service the queue, for which refg" performing an order of magnitude worse; the graphical

son the queue is synchronized; in order to mitigate lo£gSU/tS Omit SQLIte to retain readability.

contention, multiple physical queues are used, with r&2 Performance Evaluation of Alphard

quests mapped to queues based on the key specifie®#¢ to lack of space we highlight with a few results
the request. After executing the 10, the thread invokes tA#ohard’s performance improvements, the key insight to
callbacks specified by the application during submissi#hich is the reduced number of device I/Os needed — at
of those requests. most one per operation.

e Insert: The key and value of an insert request are sed-2.1 Experimental Setup

alized into the thread's pre-allocated buffer, followed bye conduct all experiments on a FusionlO 80 GB SSD
any padding necessary due to alignment requirementsftarmatted to 50 GB; the remaining space provides a large
each key-value pair, followed by the appropriate metanough pool of free blocks to sustain performance as rec-
data. Space on the device is allocated for this entry. dfnmended [7]. The test machines have 2 Intel Xeon
other insertion operations exist in the queue, they are px6450 Quad Core 3GHz CPUs, 8 GB of memory and run
cessed similarly, as long as there is space in the buffénux 2.6.18. In the graphslphard,,,, denotes the per-
and device allocations can be made contiguously to thdsemance of Alphard over a raw device, aAdphard;,

of previous entries. The buffer containing one or motkat over a file system. Since the choice of using raw de-
key-value pairs is written to the device with a single 1/Gjice or file system may depend on factors other than per-
upon success, the key, device location, and entry len¢dhmance, we include both numbers. We also ran similar
are recorded in the in-memory index. experiments with mirroring to another Alphard instance

e Lookup: First the location and value size of the erAnd observed less than 5% drop in performance.
try on the device are retrieved from the in-memory indeX.2 2 \write-only Performance

Next, data is read from the device and checked for valid- . _
ity; the validated value is then returned. Figure 3 compares performance in the absence of reads;

. . , deletes are introduced at the same rate as writes to en-
N Dglete: Alphard simply overwrites the 1_‘|rst b,IOCk be'sure steady progress. In the first graph, as the target
longing to the key-\(alue entry on the de_vme with ZE108%ad IOPS increase, Alphard’s performance peaks at 8000
removes the associated entry from the in-memory 'nd?bPS, Tokyo Cabinet's at 6500, while Berkeley DB's at
and ma_lrks the device b.IOCkS as free._ The durability of the ) " he’second graph shows average latency for write
delete is guaranteed since the on-disk entry now lac"?e?]uests as the load IOPS increase. Alphard can achieve

valid header. higher IOPS with a much lower latency then either Tokyo

4 Evaluation Cabinet or Berkeley DB. For example, the average write
o latency at 8000 IOPS for Alphargl, is just under 10ms,

41 Summary of Existing Key-Value Stores while it is just over 10ms for Alpharg,. For the same

We first present a summary of our findings for the perfogajue of load 10PS, both Tokyo Cabinet (4000 ms) and
mance evaluation of three popular local key-value storgsgrkeley DB (48000 ms) suffer from a significantly high

Berkeley DB, Tokyo Cabinet, and SQLite. Although @rite latency. The third graph shows achieved IOPS as
large number of distributed and local key-value stores af size of thevalue blocks changes. At higher block

available, for use in HYDRAstor we were interested in th§§zes, achieved IOPS is limited by the maximum device
performance of the latter; we do not evaluate distributggroughput. For example at 256 KB block size, Alphard
key-value stores such as Voldemort, Cassandra, and meghieves a throughput of 450 MB/s, compared to 300

cached. MB/s for Tokyo Cabinet, and 56 MB/s for Berkeley DB.
Berkeley DB: is highly customizable and supports fine-

grained locking, although as we found, its transaction%{
data store is prone to deadlocks for write-intensive workigure 4 compares performance when the load includes a
loads; we instead used its concurrent data store. In ooix of reads and writes. As the load IOPS increase, the
evaluation we observed that Berkeley DB provides poachieved IOPS and write latency do not change signifi-
throughput for write-intensive workloads and exhibits eantly in case of Alphard or Berkeley DB. Performance of

F.B Read and Write Per formance
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Figure 3: Write Performance. Results for workloads consisting 50% writes and 50% deletes. The first two graphs show the achieved
IOPS and write latency as the target IOPS is varied. The third graph shows achieved IOPS for various block sizes.
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Figure 4: Reads+Writes Performance. Results for workloads consisting 50% reads, 25% writes and 25% deletes. First three graphs
are as above; the fourth plots the observed read latency for various target IOPS.
Tokyo Cabinet does improve with an increase in the nuierkeley DB, Tokyo Cabinet, and SQLite, and discovered
ber of read requests in the mix. Even when read requetstsy achieve less than half of the expected performance.
are added to the mix, Alphard outperforms Berkeley DB/e thus developed Alphard to close this gap, particularly
and Tokyo Cabinet in both throughput and latency. well-suited for write-intensive workloads on SSDs. Our
evaluation shows that it beats the competition comfortably
5 Related Work for all relevant workloads, providing a useful addition to
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