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Abstract—Online graph analytics and large-scale interactive
applications such as social media networks require low-latency
data access to billions of small data objects. These applications
have mostly irregular access patterns making caching insuffi-
cient. Hence, more and more distributed in-memory systems are
proposed keeping all data always in memory. These in-memory
systems are typically not optimized for the sheer amount of
small data objects, which demands new concepts regarding the
local and global data management and also the fault-tolerance
mechanisms required to mask node failures and power outages.
In this paper we propose a novel two-level logging architecture
with backup-side version control enabling parallel recovery of in-
memory objects after node failures. The presented fault-tolerance
approach provides high throughput and minimal memory over-
head when working with many small objects. We also present a
highly concurrent log cleaning approach to keep logs compact. All
proposed concepts have been implemented within the DXRAM
system and have been evaluated using two benchmarks: The
Yahoo! Cloud Serving Benchmark and RAMCloud’s Log Cleaner
benchmark. The experiments show that our proposed approach
has less memory overhead and outperforms state-of-the-art in-
memory systems for the target application domains, including
RAMCloud, Redis, and Aerospike.
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Large-scale interactive applications and online graph pro-
cessing often work with huge amounts of very small data
objects. Facebook, for example, stores billions of small data
objects with most of them smaller than 64 byte [1], building an
enormous graph. Other graph examples are brain simulations
with billions of neurons and thousands of connections each [2]
or search engines for billions of indexed web pages [3].

These applications all have a need for low-latency data-
access to process online analytics or interactive queries.
Storage systems such as traditional databases or in-memory
storages often fail to handle small data objects efficiently
and introduce a considerable large meta-data overhead on
a per object basis. Therefore, it is often recommended to
aggregate graph vertices and edges which impacts latency
and is burdening the developer. By holding all single objects
always in RAM, the latency is reduced dramatically, but storing
the objects as compact as possible becomes more important
because RAM is more expensive than flash or disk storage.

In-memory caches like Memcached [4] or Gemfire [5]
provide low latency but not fault-tolerance and thus the pro-
grammer is burdened to keep caches and back-end storage syn-

chronized which is challenging and error prone. Furthermore,
because of the often irregular data access patterns to reduce
costly cache misses, the majority of objects have to be cached.
Facebook, for instance, has used up to 1,000 memcached
servers to store around 75% of all data in RAM [6]. Still, for
every write access the back-end storage needs to be updated
impairing latency.

The excessive use of volatile memory, either as a cache or
primary storage, requires sophisticated fault-tolerance mecha-
nisms in order to avoid data loss in case of power outages
and node failures. It is important to minimize the impact
on throughput during fault-free execution while allowing to
quickly recover failed nodes. Distributed in-memory storage
systems like Redis [7], Aerospike [8], RAMCloud [9] and
DXRAM [10] address these problems by keeping all data
always in memory combined with a transparent logging mech-
anisms on secondary storage to prevent data loss in case
of errors. The architectures of state-of-the-art distributed in-
memory systems are described in section I.

DXRAM is a distributed in-memory storage designed to
efficiently support many small data objects. The latter covers
a minimal meta-data overhead, scalability regarding number
of storage nodes and high throughput for client requests.
The system is designed to run within a single data center
(currently over Gigabit Ethernet, Infiniband planned). The
memory management and the global meta-data management
are described briefly in this paper (for more information refer
to [10]). However, the focus of this publication is on the
logging mechanisms.

The contributions of this paper are:

• a novel two-stage logging approach enabling fast
recovery and providing high throughput while being
memory efficient

• a backup-side version control which was designed
with a very low memory footprint and allows a high
object creation and update throughput

• a highly concurrent log cleaning concept also designed
for handling many small data objects

• a backup performance evaluation and comparison with
state-of-the-art distributed in-memory systems

The evaluation with two benchmarks and comparisons with
state-of-the-art in-memory systems on a cluster show that the
proposed logging concepts are fast and efficient and allow a



high throughput. The results show that using DXRAM with
logging and reorganization enabled clearly outperforms similar
systems for a broad application domain.

The structure of this paper is as follows. Related work
is discussed in section I, followed by a brief overview of
relevant background information about DXRAM in section II.
In section III and IV the backup-side logging architecture is
presented first, followed by the log reorganization approach
described in section V. Conclusions and an outlook on future
work are found in the last section VII.

I. RELATED WORK

Numerous distributed in-memory systems have been pro-
posed to provide low-latency data access for online queries
and analytics for various graph applications. These systems
often need to aggregate many nodes to provide enough RAM
capacity for the exploding data volumes which in turn results
in a high probability of node failures. The latter includes
soft- and hardware failures as well as power outages which
need to be addressed by replication mechanisms and logging
concepts storing data on secondary storage. Because of space
constraints, we can only discuss the most relevant work.

RAMCloud is an in-memory system, sharing several ob-
jectives with DXRAM while having a different architecture,
providing a table-based in-memory storage to keep all data
always in memory. However, the table-based data model of
RAMCloud is designed for larger objects and suffers from
a comparable large overhead for small data objects [10].
It uses a distributed hash table, maintained by a central
coordinator, to map 64-bit global IDs to nodes which can
also be cached by clients. DXRAM on the other hand uses
a superpeer overlay with a more space-efficient range-based
meta-data management. For persistence and fault tolerance it
implements a log-based replication of data on remote nodes’
disks [9]. In contrast to other in-memory systems, RAMCloud
organizes in-memory data also as a log which is scattered for
replication purposes across many nodes’ disks in a master
slave coupling [11]. Scattering the state of one node’s log
on many backup nodes allows a fast recovery of 32 GB of
data and more. Obviously, logging throughput depends on the
I/O bandwidth of disks as well as on the available network
bandwidth and CPU resources for data processing. RAMCloud
uses a centralized log-reorganization approach executed on
the in-memory log of the server which resends re-organized
segments (8 MB size) of the log over the network to backup
nodes. As a result, remaining valid objects will be re-replicated
over the network after every reorganization iteration to clean-
up the persistent logs on remote nodes. This approach relieves
remote disks but at the same time burdens the master and
the network. DXRAM uses an orthogonal approach by doing
the reorganization of logs on backup nodes avoiding network
traffic for reorganization. Furthermore, DXRAM does not
organize the in-memory storage as a log but uses updates in-
place. Finally, RAMCloud is written in C++ and provides
client bindings for C, C++, Java and Python [12] whereas
DXRAM is written in Java.

Aerospike is a distributed database platform providing
consistency, reliability, self-management and high performance
clustering [8]. Aerospike uses Paxos consensus for node join-

ing and failing and balances the load with migrations. In com-
parison, DXRAM also offers a migration mechanism for load
balancing. The object lookup is provided by a distributed hash
table in Aerospike. Like DXRAM, Aerospike is optimized
for TCP/IP. Additionally, Aerospike enables different storage
modes for every namespace. For instance, all data can be stored
on SSD with indexes in RAM or all data can be stored in
RAM and optionally on SSD with a configurable replication
factor. As Aerospike is a commercial product, not many
implementation details are published except that it internally
writes all data into logs stored in larger bins optimized for
flash memory. The basic server code of Aerospike is written
in C and available clients include bindings for C, C#, Java,
Go, Python, Perl and many more.

Redis is another distributed in-memory system which can
be used as an in-memory database or as a cache [7]. Redis
provides a master-slave asynchronous replication and different
on-disk persistence modes. To replicate in-memory objects,
exact copies of masters, called slaves, are filled with all
objects asynchronously. To overcome power outages and node
failures, snapshotting and append-only logging with periodical
rewriting can be used. However, to replicate on disk the node
must also be replicated in RAM which increases the total
amount of RAM needed drastically. This is an expensive
approach and very different from the one of DXRAM where
remote replicas are stored on SSD only. Obviously, Redis
has no problems with I/O bandwidth as it stores all data in
RAM on slaves and can postpone flushing on disk as needed.
Furthermore, reorganization is also quite radical compared to
DXRAM as Redis just reads in a full log to compress it which
is of course fast but introduces again a lot of RAM overhead.
Redis is written in C and offers clients for many programming
languages like C, C++, C#, Java and Go.

Apache Spark is a cluster computing framework which
supports applications with working sets [13]. Data is held in
a resilient distributed dataset (RDD), "a read-only collection
of objects partitioned across a set of machines that can be
rebuilt if a partition is lost". Each RDD is a Scala object
and can be created in four ways: from a file, by dividing an
array, by transformation of an existing RDD and by changing
the persistence of an existing RDD. By default a RDD is
constructed every time it is accessed. If a RDD is used multiple
times, it is possible to cache a RDD in memory. If there is
not enough memory to hold a RDD partition, the system can
swap it to HDFS or delete it and recompute it on demand.
Typically, RDDs are large objects, containing large data sets.
For example the graph extension GraphX holds a complete
graph in a RDD. DXRAM, in contrast to Spark, is not a cache
but a storage service specifically designed for many small data
objects.

Log-structured File Systems are an important inspiration
for the log-based replication of RAMCloud and DXRAM.
A log is the preferred data structure for replication on disk
as a log has a superior write throughput due to appending
objects, only. But, a log requires a periodical reorganization
to discard outdated or deleted objects in order to free space
for further write accesses. In [14] Rosenblum and Ousterhout
describe a file system which is based on a log. Furthermore,
a cleaning policy is introduced which divides the log into
segments and selects the segment with best cost-benefit ratio



for reorganization. DXRAM divides a log into segments as
well. However, due to memory constrains the cost-benefit
formula is limited to the age of a segment (more in section
V).

Journaling is used in several file systems to reconstruct
corruptions after a disk or system failure. A journal is a
log that is filled with meta-data (and sometimes data) before
committing to main file system. The advantage is an increased
performance while writing to the log as appending to a log is
faster than updating in-place but requires a second write access.
The to be described two-level logging of DXRAM also uses
an additional log to efficiently utilize an SSD. In contrast to
journaling, we use this log only for small write accesses from
many remote nodes to allow bulk writes without impeding
persistence.

II. DXRAM ARCHITECTURE OVERVIEW

DXRAM is a distributed in-memory system written in
Java with a layered architecture which is open for additional
services and data models beyond the key-value foundation of
the DXRAM Core [10]. In DXRAM an in-memory data object
is called a chunk. Objects that are stored in a log, on the other
hand, are referred to as log entry. The term object is used
further on when the location (log or memory) is unspecified
or irrelevant.

A. Global Meta-Data Management

In DXRAM, every node is either a peer or a superpeer.
Peers store chunks, may run computations and exchange data
directly with other peers, and also serve client requests when
DXRAM is used as a back-end storage. Superpeers store
global meta-data like the locations of chunks, implement a
monitoring facility, detect failures and coordinate the recovery
of failed nodes, and also provide a naming service. The
superpeers are arranged in a Chord-like overlay [15] adapted
to the conditions in a data center (e.g. every superpeer has
a global view as maintaining it is unpretentious with far less
churn [16]). Moreover, every peer is assigned to one superpeer
which is responsible for meta-data management and recovery
coordination of its associated peers.

Every chunk in DXRAM has a 64-bit globally unique
chunk ID (CID). This ID consists of two separate parts: A 16-
bit node ID of the chunk creator and a 48-bit locally unique
sequential number. Thereby, 65,536 nodes with around 280
trillion chunks per node are addressable. With the creator’s
node ID being part of a CID, every chunk’s initial location
is known a-priori. But, the location of a chunk may change
over time in case of load balancing decisions or when a
node fails permanently. Superpeers use a modified B-tree
[17] allowing a space efficient and fast node lookup while
supporting chunk migrations. Space efficiency is achieved by
a per-node sequential ID generation and ID re-usage in case
of chunk removals allowing to manage chunk locations using
CID ranges with one entry for a set of chunks. In turn, a chunk
location lookup will reply with a range of CIDs, not only a
single location. This helps reducing the number of location
lookup requests. For caching of lookup locations on peers, a
similar tree is used further reducing network load for lookups.
More details about this data structure can bee found in [10].

B. Memory Management

The sequential order of CIDs (as described in section
II-A) allows us to use compact paging-like address translation
tables on peers with a constant lookup complexity. Although,
this table structure has similarities with well known operating
systems’ paging tables we apply it in a different manner. On
each DXRAM peer we use the lower part (LID) of the CID as
a key to lookup the virtual memory address of the stored chunk
data. The LID is split into multiple parts (e.g. 4 parts of 12 bit
each) representing the distinct levels of the paging hierarchy.
This allows us to allocate and free page tables on demand
reducing the overall memory consumption of the local meta-
data management. Complemented with an additional level
indexed by node ID storing of migrated chunks is possible
as well. DXRAM uses a tailored memory allocator with very
low footprint working on a large pre-reserved memory block
[10]. For performance reasons, all memory operations are
implemented using the Java Unsafe class.

III. LOGGING ARCHITECTURE

In this section we describe the logging architecture of
DXRAM. Regarding the logging backup system of DXRAM
we distinguish two different roles: Masters are DXRAM peers,
store chunks (like described in section II) and replicate them
on backup peers. A backup peer might also be a master and
vice versa.

A. Backup Data Structure

Replicating multi-billion small data objects in RAM is
too expensive and does not allow to mask power outages.
Therefore the backup data structures of DXRAM are designed
to maximize throughput of SSDs devices:

1) SSDs write at least one flash page (default: 4 KB), pages
are clustered to be accessed in parallel.

2) SSDs cannot overwrite a single flash page, but delete a
block (64 to 128 pages) and write on another.

3) It is faster to write sequentially than randomly on SSDs
because of the clustering.

With those characteristics in mind, it is apparent that
updating or deleting objects of a few dozen bytes in place
would slow down SSD throughput dramatically. Furthermore,
storing SSD object locations in RAM would result in an
additional meta-data overhead of at least 16 Byte (8-byte
address on SSD and 8-byte CID) per object or 48 Byte if
every object is replicated three times. For example, for a
billion of 32-byte objects this would result in around 48 GB
of additional RAM consumption or around 150% respectively
for keeping track of object locations on SSD. Storing these
location mappings on SSD, instead, either partially or fully
would heavily burden SSD throughput due to a write access
requiring an additional read access.

Therefore, we decided to use a logging approach for storing
replicas on persistent memory. This solution does not require
knowledge about the location of an object and ensures maximal
write throughput as log entries are always appended resulting
in sequential writing during normal operation. The log is only
read during reorganization and recovery also benefiting from
the sequential arrangement.



Figure 1: Log Entry Header. The size of the header is
dynamic, as the CID, length and version are only as large
as necessary. Type: Depending on the location and whether
the chunk was migrated or not. The purpose of the epoch field
is described in section IV.

B. Self-descriptive Log Entries

In DXRAM, all log entries are self-descriptive. This accel-
erates the recovery process as all necessary meta-data is always
stored with the data itself. Furthermore, we can avoid an
additional costly data structure for meta-data lookup. To reduce
memory consumption on SSD the log entry headers have
dynamically growing fields (Figure 1). This is very important
for small data objects as header size can be reduced by up to
70 %. This also increases the object processing performance
by reducing the data volume for I/O operations. For fault-
tolerance reasons the log entry header also include a CRC32
checksum that is checked during recovery process to guarantee
data integrity.

C. Backup Zones

DXRAM splits every master’s data into backup zones of a
configurable size (e.g. 256 MB, good value for fast recovery)
and scatters the set of all backup zones to many backup
peers in order to allow fast parallel recovery. When a master
fails the associated superpeer controls the recovery process
by interacting with backup peers to recover backup zones in
parallel either in their own memory if enough space is available
or on a fresh master. Consistency problems among the different
backup zone replicas are avoided by a sequential backup order.
The primary backup peer receives replica updates of a backup
zone always first, then the secondary, and so on; and the
primary is also prompted first to recover the backup zone if
the corresponding master failed (Figure 2).

D. Two-Level Log Organization

In contrast to RAMCloud, we store each backup zone in
one separate log on every assigned backup peer. Those logs are
called secondary logs and are the final destination for every
replica and the only data structure used to recover data from.
By sorting backups per node we can speed-up the recovery
process by avoiding to analyze a single log with billions of
entries mixed from several masters.

The two-level log organization also ensures that infrequent
written secondary logs do not thwart highly burdened sec-
ondary logs by writing small data to SSD and thus utilizing
the SSD inefficiently. At the same time, incoming objects are
quickly stored on SSD to sustain power outages.

First, every object received for backup is written to a
ring buffer, called primary buffer, to bundle small request.
This buffer is divided into buckets which allows concurrently
writing into the buffer while it is partly flushed to SSD. During
the flushing process, which is triggered periodically or if a
threshold is reached, the bucket is sorted by backup zones

Figure 2: Backup Zones The master’s data (node 1) is
scattered to three backup peers (nodes 2, 3 and 4). After failure
of node 1, the backup peers recover all backup zones respecting
the backup order (e.g. node 3 recovers the backup zone 1 from
node 1 as it is the primary backup peer for backup zone 1).

to form larger piles of data in order to allow bulk writes on
SSD. If one of those piles is larger than a predefined threshold
(e.g. 32 flash pages of the SSD), it is written directly to the
corresponding secondary log.

In addition to the secondary logs, there is one primary log
for temporarily storing smaller piles of all backup zones to
guarantee fast persistence without decreasing SSD throughput.
The smaller piles are also buffered in RAM separately, in
so called secondary log buffers, for every secondary log and
will eventually be written to the corresponding secondary log
when aggregated to a larger pile (Figure 3). For example, if
the primary buffer contains 256 KB of data, 128 KB from
backup zone 1 and 128 KB evenly split over 64 additional
backup zones (2 KB for each backup zone), then 128 KB will
be written directly to secondary log 1 and the other 128 KB
to the primary log. Additionally, the secondary log buffers of
the 64 other backup zones are filled with 2 KB each. If, by
appending the data, the threshold of one secondary log buffer
is reached, it will be flushed to the corresponding secondary
log. Obviously, with this approach some objects will be written
twice to SSD but this is outweighed by utilizing the SSD more
efficiently. Waiting individually for every secondary log until
the threshold is reached without writing to primary log, on the
other hand, is no option as the data is prone to get lost in case
of a power outage.

The proposed logging architecture can also efficiently
handle unbalanced access patterns. In social media networks,
for example, a zipfian access pattern is expected. This means
that the second most popular object is accessed half as often as
the most popular one resulting in a pattern where many objects
are rather seldom accessed but some very often. Transferred
to the backup zones, this results in some backup zones being
flooded with updates and lots of backup zones getting only a
few updates. With an unbalanced approach, either many small
write accesses would slow down the SSD (if every object is
directly written to SSD) or buffering would make infrequently
written logs vulnerable for data loss (if objects are buffered
until a threshold is breached). The two-level log organization
handles both situations effectively.

After a recovery process is initiated on a backup peer the
primary buffer and the specific secondary log buffer must



Figure 3: Logging architecture. Every object is buffered first.
Depending on the amount of data per backup zone, the objects
are either directly written to the specific secondary log or to
primary log and to secondary log once there is enough data.

be flushed in order to have all relevant log entries in the
corresponding secondary log. As the primary buffer is flushed
frequently and the secondary log buffers have a rather small
limited size, e.g. 128 KB, this is a fast operation. The primary
log is not involved in a normal recovery process as after
flushing of the secondary log buffer all log entries written to
primary log are also stored in the specific secondary log. If
the primary log is full, a flushing of all secondary log buffers
will be sufficient to clear the primary log.

IV. BACKUP-SIDE VERSION CONTROL

Masters do not store version information in RAM, as there
is no need when using updates in-place, but only backup peers
on SSD. All the logic for version control and reorganization
is outsourced to backup peers which only receive raw updates,
deletes and creates including CID and backup zone ID. The
backup-side version control, described in this section, is the
foundation for recovery and log reorganization.

A. Order-Preserving Network Message Processing

In order to enable a backup-side version control, one must
guarantee that the ordering of backup requests from one master
does not change until the data is written to SSD by the backup
peer. This does not require a global sequence but only a FIFO
guarantee between the application layers of master and backup
peer. On the network layer we are relying on the ordering
of TCP and the message processing steps implemented in
DXRAM are connected by synchronized queues allowing a
highly parallel execution without sacrificing ordering. Message
processing throughput is maximized by enforcing ordering
only for exclusive messages whereas normal messages are
handled concurrently by a thread pool. Every message type
can be declared exclusive by the programmer if sequential
processing is needed. Backup requests are exclusive messages
thus subject to enforced ordering until saved in the primary
buffer. The writing to SSD is then executed asynchronously.

B. Version Manager

Every log entry needs version information allowing to
detect outdated versions. This is important for the recovery
and also for the reorganization of logs which will be discussed
in section V. A naïve solution would be to manage every

object’s version in RAM on backup peers. Unfortunately, this
approach consumes too much memory, e.g. at least 12 bytes
(8-byte CID and 4-byte version) for every object stored in
logs easily summing up to many GB in RAM which is not
affordable. Storing version information on SSD, only, is also
not practical because of performance reasons as this would
require reads for each log write. Caching recent versions in
memory could possibly help for some access patterns but for
the targeted application domain would either cause many read
accesses for cache misses or occupy a lot of memory. Instead,
we propose a version manager which runs on every backup
peer and utilizes one version buffer per secondary log. The
version buffer holds recent versions for this secondary log in
RAM until it is flushed to SSD. In contrary to a simple cache
solution, DXRAM’s version manager avoids loading missing
entries from secondary storage by distinguishing time spans,
called epochs, which serve as an extension of a plain version
number.

At the beginning of an epoch, the version buffer is empty. If
a backup arrives within this epoch, its CID will be added to the
corresponding version buffer with version number 0. Another
backup for the same object within this epoch will increment
the version number to 1, the next to 2 and so on. When the
version buffer is flushed to SSD, all version information is
complemented by the current epoch, together creating a unique
version. In the next epoch the version buffer is empty again.

Two unique versions are in chronicle relation if:

[ Version x, Epoch i ] < [ Version y, Epoch j ],
where ( i < j ) or ( i = j and x < y )

With the proposed approach, we can avoid reading version
information from SSD when appending a new log entry. Still,
unambiguous version are assigned.

As described before, the time between two flushes is called
an epoch. An epoch ends when the version buffer reaches a
predefined threshold allowing to limit buffer size, e.g. 1 MB
per log. Different logs can be in different epochs which makes
it unlikely that all version buffers reach the threshold at the
same time. Nevertheless, the peak memory usage for such a
situation is still acceptable, e.g. 128 MB for 32 GB payload
stored in 128 logs. In comparison, storing all versions always
in RAM for the given scenario and 32-byte objects would
permanently consume around 10 GB memory on each backup
peer.

For the version buffer we use a hash table with linear
probing providing fast access while having control over mem-
ory consumption. During flushing to SSD, a version buffer is
compacted resulting in a sequence of (CID, epoch, version)-
tuples with no ordering. This sequence is appended to a file
on SSD, creating a log of unique versions for every single
secondary log (Figure 4). We call it a version log. Over
time, a version log contains several invalid entries which are
tuples with outdated versions. To prevent a version log from
continuously growing, it is compacted during reorganization
(discussed in section V). The resulting version log includes
every CID at most once, discarding all invalid entries.

Overflow: In the presented approach, we try to minimize
the bit lengths for versions and epochs to reduce memory
usage for the version buffer in RAM and the version log on



Figure 4: Complete secondary log. A secondary log with
version log for 256 MB backup zones and 64-byte objects.

SSD. Thus, we can distinguish 216 epochs and 224 versions
per object which requires overflow handling. For versions, an
overflow can occur only for uncommon patterns like constantly
counting up a shared variable but this can be easily handled by
subsequently initiating flushing the version buffer. An epoch
overflow on the other hand is more difficult to address.

We call a complete epoch iteration (0, 1, 2, ..., 215-1,
215) an eon. At any time, two eons are distinguishable by
using the highest bit of the epoch number. The duration of an
eon depends on the update rate of a secondary log, e.g. for
10,000 updates/s the eon switches every 3 days. In general,
an epoch overflow poses no problem as for validity check
an (epoch, version)-tuple of a log entry is only checked for
equality against the current tuple in version manager.

There is however another rare case that requires an addi-
tional overflow handling: If an object is written very seldom, it
cannot be ruled out that there are two log entries with the same
version and epoch but separated by an entire eon. Thereby, it is
impossible to identify the invalid log entry of the two without
considering the eon. By comparing the eons of two entries
with the current eon of the secondary log the log entries are
stored in one can detect the more recent entry. But, this does
not work if two entries are separated by more than one eon
(version and epoch still the same). Thus, during one eon we
transfer every valid log entry that was created in the former
eon to the new eon by applying the following validity check:

Version currentVersion
= VersionManager.getVersion(logEntry.CID);

if(logEntry.epoch != currentVersion.epoch ||
logEntry.version != currentVersion.version){
// Either version, epoch or eon is unequal
// -> there is a more recent version in log
remove(logEntry);

} else {
if(currentVersion.eon != log.currentEon){

// Checked log entry is the most recent,
// but was created in last eon
// -> transfer to current eon
logEntry.eon = log.currentEon;
// -> update VersionManager as well
currentVersion.eon = log.currentEon;

}
}

This fast validity check is executed asynchronously by a
dedicated thread during reorganization of a secondary log. In
order to guarantee that every valid log entry is transferred to
the new eon, it has to be ensured that each object of a log
is processed during an eon. This is done by selecting some
logs randomly for reorganization in the first half of an eon
and selective in the second half. More details on selection
strategies for reorganization can be found in section V.

V. REORGANIZATION

Secondary logs grow over time and require a cleaning
policy, also called reorganization, which permanently frees
space by removing outdated and deleted (invalid) log entries.
The version manager, described in section IV, comes in hand
to distinguish invalid from valid log entries required for log
cleaning. The complete reorganization process, implemented
in DXRAM, is presented in this section.

The reorganization, same as the two-level logging and
version control, is designed with the objectives of minimizing
RAM consumption without sacrificing overall throughput (s.
section VI). In several cases, this is achieved by using the
SSD not only for storing the data itself but also for meta-data
(section IV) and as a temporary storage (section III). As SSD
storage is cheaper than RAM, we think this is reasonable.

To provide more time for the reorganization and also to
increase its efficiency, every secondary log is by default twice
as large as its backup zone. Furthermore, to allow logging
and recovery to be executed concurrently and to reduce the
maximal amount of used memory during reorganization, every
log is divided into segments of a size of 8 MB (configurable).
Therefore, during reorganization of a segment, every other
segment can be updated and vice versa. Overall, three threads
are involved in logging and reorganization. One network thread
at a time writing the received objects to the primary buffer, one
writer thread flushing objects from primary buffer to SSD and
one reorganization thread. We use a mutex-free implementation
with biased prioritization for optimal throughput.

The reorganization process of DXRAM covers four peri-
odically executed steps:

A. Secondary log selection
B. Loading associated version log
C. Segment selection and loading
D. Segment cleaning and flushing back

Steps C and D are repeated several times, e.g. 20 times, to
alleviate the overhead of step B.

A. Log Selection

A secondary log is chosen based on its utilization (occupied
space to all space ratio). The utilization is a useful metric
because all backup zones contain the same amount of payload
(except the last one which might not be filled completely).
Therefore, the log with the highest utilization has the most
invalid data which are outdated or deleted objects. These
objects can be discarded to free memory for other backups.
The discarding process is called reorganization or cleanup. For
the epoch overflow, discussed in section IV, we also enforce
each third log selection randomly. Towards the end of an eon
all unselected logs, if there are any, are chosen to guarantee
the processing of all logs during one eon.

B. Gathering All Versions

A backup peer stores one secondary and one associated
version log for each backup zone. The latter contains the
current versions of all objects of its corresponding secondary
log (data only in secondary log). If a reorganization is to be
started for a selected secondary log, its associated version



log is read into a hash table (similar to the version buffer).
As we reorganize only one secondary log at a time, the
memory consumption is limited, e.g. around 40 MB for 64-
byte objects and backup zones with 256 MB payload. After
the reorganization has finished, we flush the compacted version
log back to SSD. This cleaning ensures that version logs do
not contiguously grow and recovery can be performed faster.
After flushing, we increment the epoch number.

Access to the version buffer is blocked only for a short
period of time, while the epoch number is incremented.
During reading all entries into memory and writing back the
compacted logs, the version buffer can be filled and read in
parallel. In the reorganization process every log entry must be
compared to the current version stored in the hash table. In
addition, the version buffer is used to check if a log entry has
been created in the current epoch.

C. Segment Selection

A secondary log is never reorganized as a whole but
incrementally by reorganizing single segments (default: 8 MB).
Similar to the secondary log selection, the segment selection
tries to find the segment with the most outdated data. The seg-
ment selection is on a best-effort basis because determining the
segment with the best cost-benefit ratio [14] like in RAMCloud
would require to store a timestamp for each object stored in a
segment to calculate the segments average age. Furthermore,
during updating or removing of an object the previous version’s
location would have to be known to invalidate the log entry
and to update the segment’s cost-benefit ratio. This additional
meta-data would have to be stored in RAM which is again too
expensive for many small data objects. Instead, we calculate
a segment’s age based on its creation and last reorganization
and select the oldest segment for cleaning. We think this is a
good metric as there is a higher probability of finding outdated
objects in segments that have not been reorganized for a longer
period of time. In addition, we also choose segments randomly
from time to time and all unselected towards the end of an eon
to handle epoch overflows.

D. Segment Cleaning

This phase removes outdated data from a segment using
two buffers called old and new buffer (each 8 MB). A selected
segment is fully read into the old buffer, all entries are analyzed
and valid entries are copied to the new buffer. To check the
validity of a log entry, the previously loaded version log and
the version buffer (for log entries created within the current
epoch) are used. At the end of the segment cleaning we flush
the new buffer (containing valid log entries) to SSD whereas
the old buffer (containing outdated versions) is freed. We
always clean several segments, e.g. 20, of a selected secondary
log to not just read the version log for a single segment
reorganization.

Deletion of an object is implemented by assigning version
-1 in the corresponding version buffer for the CID to be
removed. Thus, we do not need to write a placeholder (e.g.
a log entry without payload and an invalid version number)
into the secondary log like tombstones in RAMCloud but only
update the version number in the corresponding version log.
The marker for an invalid version within the version log is

only relevant for the current log entry. All older log entries are
implicitly invalidated by the diverging unique version number.
Thus, reusing CIDs after removal is safe as any formerly most
current log entry will have a different unique version and is
therefore always invalid, if it has not already been removed
from the secondary log.

VI. EVALUATION

In this section we are evaluating the performance of the
proposed logging architecture using two benchmarks: YCSB to
compare the proposed concepts with Aerospike and Redis and
the Log-Cleaner benchmark for comparing with RAMCloud.
All benchmark runs were executed on a cluster consisting of
16 identical nodes connected with Gigabit Ethernet. All servers
have 16 GB RAM, an Intel Xeon E3-1220 CPU and an Intel
SSDSC2CW24 SSD connected via SATA-3 port (350 MB/s
write, 500 MB/s read throughput). Debian Jessie with kernel
4.3.0-0 was used as operating system and Java 8 (Oracle) as
runtime environment.

Data integrity of DXRAM’s logging module was verified
several times during the evaluation by recovering all data from
SSD and ensuring the number of recovered objects and the
object sizes are valid. Furthermore, after every test the log
utilizations (objects in log and number of updates during the
test) were verified.

A. RAMCloud’s Log-Cleaner Benchmark

1) Description: The Log-Cleaner Benchmark was devel-
oped at Stanford University to evaluate RAMCloud’s two-level
log cleaning by measuring the write throughput of a single
master under heavy write load [9]. The benchmark utilizes five
nodes: One master (stores all data in RAM), three backups (get
data from master and store it on disk) and a benchmark client
(writes remotely on master). The execution is divided into
two phases (loading and benchmarking). In the first phase, the
client creates objects on the master with concurrent multiwrite
requests until the master reaches a given memory utilization. In
the second phase, the client updates objects on the master with
a specific distribution (uniform or zipfian) until the cleaning
overhead converges to a stable value. Obviously, this workload
is unlikely but allows to examine the log reorganization in a
worst case scenario. We adopted the C++-Implementation to
DXRAM and discovered the maximum number of 100-byte
objects that RAMCloud can store on a single server with a
log utilization of 80 % and used the same amount of objects
for DXRAM for a fair comparison (DXRAM would be capable
of storing even more objects). The maximum for our hardware
is nearly 52 million objects. To get similar runtimes for the
experiments, for the second phase, we used 6 million updates
for RAMCloud and 60 million updates for DXRAM. For all
comparisons between DXRAM and RAMCloud, 512 objects
were aggregated per network message to maximize the update
rate and the objects were accessed randomly. Furthermore,
RAMCloud was configured (as recommended) to use pipelined
RPCs allowing 10 outstanding RPC requests on the client side
for improved throughput.

2) Results: As expected, the RAM usage of DXRAM is
much more efficient for the small data objects than RAM-
Cloud’s (Figure 5). In case of memory management, DXRAM



Figure 5: Log Cleaner Benchmark - RAMCloud vs. DXRAM.
*: Extrapolated.

Figure 6: Log Cleaner Benchmark - Loading Phase with 1
backup peer and 1 master.

Figure 7: Log Cleaner Benchmark - Loading Phase with 3
backup peers and 3 masters.

has an overhead of around 5 % in this scenario, whereas
RAMCloud’s in-memory log needs more than 250 % memory
because RAMCloud is not optimized for small objects. One
known bottleneck of RAMCloud is its hash table used for local
object lookups which needs more memory than the CID tables
of DXRAM (s. section II-B). Still, we think RAMCloud is a
good candidate for a comparison as it shares many objectives
with DXRAM.

The following experiments were indented to determine,
first, the maximum throughput for object creation including
backup (phase 1), and second, the maximum update rate (phase
2). Due to the generally limited performance of RAMCloud
for small objects (Figure 5), these tests were performed with
DXRAM, only. Figure 6 and 7 show the throughput with
one master and one backup peer, and three masters and three
backup peers respectively. The theoretical throughput presents

Figure 8: Log Cleaner Benchmark - Benchmark Phase with 3
backup peers and differing number of masters and clients.

the runtime divided by the payload size of all objects (object
creation rate). The network throughput and the SSD throughput
were measured externally on one backup peer during the
experiments. Additionally, the number of objects per request
were varied. In both scenarios, the network throughput is
near the theoretical maximum of Gigabit Ethernet. The small
difference is due to the overhead of the memory management
and network handler on the masters as all requests were issued
by one thread. Therefore, the logging does not slow down the
replication process and is as fast as in-memory replication.
With more masters and backup peers, the performance is stable
for 1,000 objects per request but increased for less objects per
request because every created object is replicated three times
reducing the management overhead per object.

Figure 8 shows the results for phase 2 where up to three
clients update objects on the masters with zipfian distribution.
In all three cases, three peers were used for backup. With
one master and one client, the master is the bottleneck. For
every update request from client the master must send every
object to three peers, being limited by network bandwidth.
Using three masters, the overall throughput is bound by the
backup peers, instead. This is because the SSD bandwidth
is shared with the reorganization process when objects are
frequently updated. The Log-Cleaner benchmark in phase 2
continuously updates without reading, creating a worst-case
scenario for logging. In this scenario the netto write throughput
to SSD is around 70 MB/s (including log entry headers and
updating version logs) which is good for our HW-setup, as
well as compared to RAMCloud. The reorganization tries
to free as much memory as possible to prevent the logs
from filling up resulting in a higher write throughput. In this
experiment the logs were never completely filled but converged
to around 90 % utilization. In detail, in phase 2 the SSD is
fully utilized with a write throughput of over 180 MB/s as the
reorganization must also free 70 MB/s to stabilize the logs’
utilization. With a utilization of 90 % around 20 segments
(160 MB) and one version log (30 MB) have to be read per
second resulting in a read throughput of at least 190 MB/s.
Due to the HW limitations parallel reading and writing is
very limited. Thus, with a write throughput of 180 MB/s and
a read throughput of 190 MB/s we reached the maximum
shared raw throughput for mixed read and write operations
of the SSD. Consequently, there is not enough bandwidth left
to write all incoming backups to SSD without restraining the
network threads. To increase the throughput for this worst-case
scenario, one can add backup peers to aggregate more disk



bandwidth. In practice, a scenario with all masters updating
objects all the time is very unlikely and the logging throughput
of many backup peers is aggregated.

As described in section I, RAMCloud tries to bypass the
SSD bandwidth limitation by using a log as in-memory data
structure and doing reorganization only in memory on the mas-
ters. The results of the reorganization are remotely replicated
on SSD. In [9] the Log-Cleaner benchmark was executed in
a similar setup but with higher network (24 Gb/s Infiniband)
and disk bandwidth (700 MB/s). The overall throughput does
not exceed 55 MB/s in this experiment for 100-byte objects. In
our test, as shown in Figure 8, DXRAM surpasses RAMCloud
even with Gigabit Ethernet and less disk bandwidth (70 MB/s).
This is surprising and we plan to compare both systems over
Infiniband in the future. Overall, DXRAM is inspired by
RAMCloud but uses different approaches in many cases for
supporting small data objects.

B. Yahoo! Cloud Serving Benchmark

1) Description: The Yahoo! Cloud Serving Benchmark
(YCSB) was designed to quantitatively compare distributed
serving storage systems [18]. The benchmark offers a set of
simple operations (reads, writes, range scans) and a tabular
key-value data model to evaluate online storage systems re-
garding their elasticity, availability and replication. Further-
more, YCSB is easily extensible for new storage systems
and new workloads. For our evaluation we used two default
workloads A and B and one individual G:

1) Workload A: Ten 100-byte objects per key, 10,000,000
keys, zipfian distribution, 50 % read and write operations,
10,000,000 operations.

2) Workload B: Identical to A, but 95 % read and 5 % write
operations.

3) Workload G: One 64-byte object per key, 100,000,000
keys, zipfian distribution, 90 % read and 10 % write
operations, 10,000,000 operations.

Aerospike, Redis and DXRAM were configured for same
behavior regarding logging and reorganization. In all system all
nodes were used as masters and backup peers. For Redis, the
total number of objects were decreased as Redis needs more
memory than the other systems (Workload A and B: 6,000,000
keys; Workload G: 30,000,000 keys), like described in section
I. The impact on the runtime and operation throughput is
negligible, the memory usage is extrapolated. In every experi-
ment one version of every object was held in RAM and three
versions were replicated and written on SSD. Furthermore,
Redis was configured to use append-only logs for persistence,
as recommended written once per second. Moreover, the
reorganization of aforementioned logs was enabled to prevent
the log from constant growing because of invalid (updated or
deleted) objects. The re-writing process is triggered when the
log size doubled since last re-writing. Aerospike was used with
replication to a log file as well. We left the parameters for the
compactification of the log file untouched, the sizes for in-
memory storage and log file were set properly.

We used 8 storage servers and up to 8 YCSB clients for
benchmarking. Each YCSB client was configured to emulate
180 clients using one thread per client (which has shown

Figure 9: YCSB - 8 Server, Workload A.

Figure 10: YCSB - 8 Server, Workload B.

Figure 11: YCSB - 8 Server, Workload G.

maximum throughput). Overall, 8 YCSB nodes emulate 1,440
clients.

2) Results: Workload A is a write intensive workload and
therefore the best indicator for logging performance. Figure 9
shows that DXRAM outperforms Aerospike and Redis. The
numbers also show that the logging approach of DXRAM
scales better as for 8 YCSB clients DXRAM is more than twice
as fast as the other two systems. Workload B is a read-heavy
workload more typical for many graph applications. Figure
10 shows that DXRAM and Aerospike utilize the network
perfectly and therefore being close up with up to 4 clients. With
8 clients, Aerospike seems to be once again slowed down by
the backup mechanism. Redis is in all cases slower. Workload
G is a typical workload for a social media network. The objects
are small (64 bytes) and the accesses are dominated by read
accesses. The results are similar to workload B for DXRAM
and Aerospike. Hence, the small object size does not restrain
the systems. Redis on the other hand falls further behind. With
1.4 million operations per second DXRAM is around 15 %
faster than Aerospike and more than 300 % than Redis.

Another important aspect revealed by the experiments is
that DXRAM needs far less memory compared to the other
systems, see Figure 12. Especially for small objects, the



Figure 12: YCSB - Memory Usage. *: Extrapolated.

difference is eminently as Aerospike needs more than 700
% the memory and Redis more than 2000 %. The RAM
usage values contain the memory management, only, as all
system usage is difficult to determine and compare. For optimal
performance, DXRAM’s logging module adds up to 3 MB
per secondary log for version buffer and secondary log buffer.
Additional space is required once per backup peer for the
primary write buffer (between 16 and 256 MB depending on
the workload) and reorganization (maximum around 50 MB
for two segment buffers and all versions of one secondary
log). Redis on the other hand stores all replicas in RAM and
eventually writes them to SSD [7]. Thus, the memory footprint
is much higher. In Aerospike the data is written in large blocks
on SSD [8] resulting in buffering large amounts of data in
RAM. The SSD usage is determined by accumulating the sizes
of all files used for backup. In DXRAM every secondary log
and every version buffer is one separate file, in Aerospike all
data is written to one file and Redis creates one file per slave.
The differences regarding the SSD usage between DXRAM,
Aerospike and Redis are negligible. For many small objects,
DXRAM uses less memory on SSD than Aerospike and the
same amount as Redis. For smaller amounts of larger objects,
Aerospike and Redis use less memory on SSD. But SSD space
is not as valuable as space in RAM because SSD storage is
less expensive and easier extendable.

VII. CONCLUSIONS

In this paper we proposed a novel log-based replication
scheme for many small data objects which provides a high
throughput while being memory efficient. The SSD-aware
two-level logging approach allows fast persistence and fast
recovery for varying application access patterns. Version con-
trol is delegated to backup peers avoiding additional memory
overhead on master peers. By introducing a version buffer and
version log we can provide a fast and memory-efficient version
management which, at the same time, makes marker objects
for deleted log entries obsolete. Marker objects are known to
be difficult to handle in traditional logging approaches.

Experiments with RAMCloud’s Log-Cleaner Benchmark
demonstrate DXRAM’s high object creation and replication
throughput and its memory efficiency. The measurements also
show a high reorganization throughput of our cleaning policy
for small objects (not requiring timestamps for log entries).

The comparison of DXRAM with Aerospike and Redis
(both commercial products) using the YCSB benchmark show
that the logging and cleaning concepts proposed in this paper

allow a higher throughput and better scalability regarding the
number of nodes for many small data objects.

Future work includes evaluation and optimization of
DXRAM on top of Infiniband including logging, parallel re-
covery and replica placement strategies. Furthermore, we have
already implemented a basic graph processing framework on
top of DXRAM which will allow us to study more applications,
also being used for evaluating the logging concepts proposed
in this paper.
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