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Abstract: This paper proposes a new resource management scheme that supports SLA (Service-Level
Agreement) in a bigdata distributed storage system. Basically, it makes use of two mapping modes,
isolated mode and shared mode, in an adaptive manner. In specific, to ensure different QoS (Quality
of Service) requirements among clients, it isolates storage devices so that urgent clients are not
interfered by normal clients. When there is no urgent client, it switches to the shared mode so
that normal clients can access all storage devices, thus achieving full performance. To provide this
adaptability effectively, it devises two techniques, called logical cluster and normal inclusion. In
addition, this paper explores how to exploit heterogeneous storage devices, HDDs (Hard Disk Drives)
and SSDs (Solid State Drives), to support SLA. It examines two use cases and observes that separating
data and metadata into different devices gives a positive impact on the performance per cost ratio.
Real implementation-based evaluation results show that this proposal can satisfy the requirements of
diverse clients and can provide better performance compared with a fixed mapping-based scheme.

Keywords: distributed storage system; service level agreement; adaptive mapping; heterogeneous
devices

1. Introduction

Bigdata analysis is a vital ingredient in modern internet services such as e-commerce,
semantic search, and customer recommendation [1–3]. In addition, deep learning algo-
rithms rely on bigdata to improve their classification and inference capability [4–6]. Several
applications such as daily trading, traffic analysis, and smart infrastructure require a pre-
dictable bigdata analytic framework [7–10]. According to IDC, world data will grow from
33 ZB (ZettaByte) in 2018 to 175 ZB by 2025, with a compounded annual growth rate of
61% [11].

To manage bigdata in a scalable and reliable manner, a lot of distributed storage
systems are being developed actively both in the industry and academia. Typical examples
include GFS [12], HDFS [13], Ceph [14], Azure Storage [15], Amazon S3 [16], Openstack
Swift [17], Haystack [18], Lustre [19], GlusterFS [20], and so on. They have a scalable map-
ping mechanism to determine in which storage devices client data reside. In addition, they
make use of a replication technique or erasure code for high reliability and fast recovery.

As the usage of distributed storage systems expands, the demand for supporting
different QoS (Quality of Service) requirements among clients is also increasing. For
instance, an intelligent transportation system needs to monitor traffic in a timely manner,
which in turn requires accessing data within a predefined time constraint [21,22]. On the
contrary, backup or batch processing clients can access data in a best-effort way without
interrupting urgent clients [23,24]. Such different requirements are contracted as SLA
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(Service-Level Agreement) between clients and storage providers, which can be expressed
in various forms such as performance, reliability, and cost [25–28].

This paper proposes a novel resource management scheme for supporting SLA in a
distributed storage system. It classifies clients into two types: one is urgent clients who
require guaranteed performance, and the other is normal clients who can be served in a
best-effort way. One straightforward scheme is dividing storage devices into two regions,
where one region is mapped into urgent clients while the other region is mapped into
normal clients. This isolation prevents normal clients from interfering with urgent clients.
However, this fixed mapping has a potential to degrade performance especially when the
activity of urgent clients becomes low.

To overcome this performance degradation, the proposed scheme makes use of not
only the isolated mode but also the shared mode in an adaptive manner. In the isolated
mode, storage devices are divided between urgent and normal clients to differentiate clients
according to their SLAs. When the activity of urgent clients decreases below a predefined
threshold, it switches to the shared mode, allowing normal clients to use all storage devices,
thus achieving full performance.

In order to make this adaptation seamlessly, it devises two techniques, called logical
cluster and normal inclusion. The logical cluster is designed to provide different abstractions
of a distributed storage system depending on the modes. The normal inclusion is a type of
property that ensures the accessibility of data in the isolated mode that have been written
in the shared mode.

In addition, this paper examines how to exploit heterogeneous storage devices, HDDs
(Hard Disk Drives) and SSDs (Solid State Drives), to support SLA. It reveals that a
heterogeneity-oblivious mapping does not reap the performance benefit of SSDs due
to the replication mechanism in a distributed storage system. To address this problem,
this paper investigates two use cases. One is employing heterogeneous storage devices
for different client types, called normal/urgent separation. The other is taking a different
approach, called data/metadata separation, that uses SSDs for metadata only to obtain both
the capacity benefit of HDDs and the performance benefit of SSDs simultaneously.

The proposal was implemented in Ceph that is a widely used open-source-based dis-
tributed storage system that deploys various cloud platforms including Hadoop, Amazon
S3, and Openstack [29]. Specifically, the CRUSH (Controlled Replication Under Scalable
Hashing) algorithm [30] is modified to materialize our proposal. The evaluation results
show that the proposed scheme can guarantee SLA required by urgent clients while enhanc-
ing performance by up to 18% compared with a fixed mapping scheme. It also exhibits that
the data/metadata separation is a cost-effective solution for heterogeneous storage devices.

The contributions of this paper can be summarized as follows.

• It explores diverse design spaces to ensure SLA in a distributed storage system from
three perspectives: mapping mechanism, client type, and storage heterogeneity.

• It proposes an adaptive mapping based on two new techniques, called logical cluster
and normal inclusion, to provide different abstractions and to assure data accessibility,
respectively.

• It examines two use cases, called normal/urgent separation and data/metadata
separation, for heterogeneous storage devices with the consideration of size and
access pattern.

• It provides real-implementation-based experimental results in terms of QoS, perfor-
mance, and cost.

The rest of this paper is organized as follows. Section 2 introduces the background and
motivation of this study. Section 3 explains our proposal. The experimental environment
and evaluation results are discussed in Section 4. Related works are surveyed in Section 5.
Finally, the conclusion and future work are presented in Section 6.
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2. Background

This section first explains Ceph in detail. Then, it discusses two observations that
motivate this study.

2.1. Ceph Architecture

Ceph is a scalable, reliable, and open-source distributed storage solution [14,31]. It
is popularly used as backend storage for cloud computing including Openstack Swift,
Amazon S3, and Redhat OaaS (Object storage as a Service) [32]. It is also deployed for
bigdata and deep learning platforms such as Hadoop and Tensorflow [33–35].

Figure 1 presents the logical structure of Ceph. It consists of four layers: the client,
interface, RADOS (Reliable Autonomic Distributed Object Store), and storage layers. Ceph
provides three interfaces: (1) RGW (RADOS Gateway) for an object storage, (2) RBD
(RADOS Block Device) for a virtual block device, and (3) CephFS for a distributed file
system with POSIX semantics.

Figure 1. Ceph structure, which consists of four layers: client, interface, RADOS (Reliable Autonomic
Distributed Object Store), and OSDs (Object Storage Daemons).

RADOS is an essential layer in Ceph [36]. It takes charge of mapping between clients
and OSDs (Object Storage Daemons), which will be discussed further in Section 2.2. It
is also responsible for replication and recovery such as replica management with strong
consistency, self-healing, and dynamic cluster expansion. It supports a library, called
librados, to the interface layer so that a client can interact with OSDs.

The storage layer consists of OSDs that actually manage storage devices. Each OSD
serves I/O requests from a client and stores/retrieves data in an object unit for which
the default size is 4 MB [37]. In addition, OSDs cooperate with each other for replication,
migration, and recovery from a failure. The default replication factor is 3. Hence, when
data are written by a client, it is divided into objects in librados, and then, each object is
transferred to 3 OSDs, where the object is actually stored.

There are two representative implementations of OSD, FileStore and BlueStore [29].
In FileStore, an object is stored as a file using kernel-level file systems such as Btrfs and
XFS. However, it suffers from poor performance due to the journal of journal anomaly and
metadata overhead. This problem led to the development of a new version, BlueStore, that
has the following two features: (1) accessing raw storage devices directly and (2) making
use of RocksDB for storing metadata separately. BlueStore is used for this study.

2.2. Mapping Mechanism

The mapping between objects and OSDs in Ceph is governed by CRUSH (Controlled
Replication Under Scalable Hashing) [30]. CRUSH is a pseudo-random data distribution
algorithm that allows a client to determine OSDs that contain a given object. Note that
other distributed storage systems such as GFS [12] and HDFS [13] employ a central node,
usually called as master, to manage the mapping between objects and OSDs.

Using the hash-based mapping mechanism instead of the dedicated master node gives
several benefits. First, this algorithmic approach can improve performance by removing
the need to check the master node to lookup mapping information. Second, it can avoid
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a single point of failure, enhancing reliability. Finally, the pseudo-random property of
CRUSH can distribute objects uniformly across OSDs, boosting scalability.

Figure 2 illustrates how CRUSH works. Internally, Ceph introduces two concepts,
PG (Placement Group) and pool. A PG is defined as a collection of objects, employed
for enhancing scalability. Ceph has tens of millions of objects in general, which makes it
difficult to manage and track objects individually. To overcome this difficulty, Ceph makes
use of PG as a basic management unit for mapping and replication.

Figure 2. Mapping mechanism in Ceph: an object of a client is associated with a PG (Placement
Group), and then a PG is mapped into OSDs using CRUSH (Controlled Replication Under Scal-
able Hashing).

A pool is defined as a partition of a cluster, which can be created for managing
particular types of data or for separating one group of clients from another. When someone
creates a pool, he/she can set a number of PGs and a list of OSDs in the pool. A typical
configuration uses approximately 100 PGs per OSD to provide optimal balancing [38]. In
addition, a pool has CRUSH rules for determining how PGs are mapped into OSDs in the
pool. This information is managed by a map, called a CRUSH map. In other words, the
map specifies OSDs that belong to a pool and placement rules that dictate how a PG is
replicated among OSDs within the pool. By modifying this map, new OSDs can be added
or failed OSDs can be removed.

When a client writes an object, RADOS first associates the object with a PG using a
simple hash function. In this step, the Pid (Pool ID) and Oid (Object ID) are used as inputs
and PGid (Placement Group ID) is calculated as the output of the hash function, as shown
in Figure 2. Then, CRUSH uses the CRUSH map and PGid as inputs and determines OSDs
to which the object is mapped. By default, an object is mapped into 3 different OSDs for
replication. Finally, the object and replicas are transferred to the mapped OSDs and actually
stored in storage devices.

2.3. Motivation

Figure 3 shows our first observation. This experiment is based on a Ceph cluster that
consists of 5 Intel Core i5-based computers. One computer is used as a client node, while
the other 4 computers are used as storage nodes. Two OSDs are created in each storage
node, having a total of 8 OSDs in the cluster. Each OSD has one 500 GB 7.2 K RPM WD
HDD and one 500 GB Samsung 860EVO SDD. Details of the experimental environment
will be further explained in Section 4.
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Figure 3. Observation 1: performance degrades as clients increase, which causes the risk of SLA (Service-
Level Agreement) violation.

In this cluster, a benchmark program is used by a client. The program is a type
of micro-benchmark that writes data for which the size is 20 MB to OSDs and reads it
again from OSDs. To estimate the behavior of multiple clients, the programs are executed
in parallel, from 1 to 20 as denoted in the x-axis of Figure 3. The y-axis is the average
turnaround time of clients.

These results reveal that performance heavily depends on the number of clients due
to the resource contention among clients. When a single client runs, the turnaround time is
around 15 s. Up until 6 clients, it shows similar performance. However, when the number
of clients is beyond 10, performance becomes worse since contention becomes intolerable.
This implies that the original Ceph scheme has the risk of SLA violation. For instance,
assume that a client requires a turnaround time to be within 20 s. Then, increasing the
number of clients cannot meet the requirement. Designing a scheme that can satisfy the
requirement even with larger number of clients is the first goal of this study.

Figure 4 presents our second observation. This experiment uses not only HDDs but
also SSDs. Figure 4a shows the write latency observed at the storage layer, that is the
elapsed time for writing 1 MB data measured at an OSD. It reveals that SSDs outperforms
HDDs by more than 3 times. However, the write latency observed at the client layer, which
is measured at a client node, does not exhibit such a performance improvement, as shown
in Figure 4b.

Figure 4. Observation 2: clients do not obtain the benefit of SSDs (Solid State Drives) under the
heterogeneity-oblivious approach.

Sensitivity analysis uncovers that the write latency at the client layer is determined
by the slowest OSDs. When a client writes an object, it is replicated to multiple OSDs.
After all OSDs make the object persistent, RADOS informs of the completion to the client.
By the way, the default Ceph configuration is oblivious to storage heterogeneity, not
differentiating between HDD-based OSDs and SSD-based OSDs. Hence, many objects are
actually replicated on both HDDs and SSDs, and their latency is determined by HDDs.
Examining how to make use of these devices in a heterogeneity-aware manner is the second
goal in this study.
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3. Supporting SLA

This section describes our proposed SLA-aware adaptive mapping scheme and two
techniques devised for adaptability. Then, it discusses two use cases on how to make use
of heterogeneous storage devices.

3.1. Adaptive Mapping

Guaranteeing SLA needs two mechanisms: SLA specification and enforcement. SLA
is a clear definition of the formal agreements about service terms, which can be expressed
various ways such as latency, throughput, variation, reliability, and consistency (e.g.,
at most, 5 min out-of-date [26] or completion within 300 ms [39]). Designing a new
SLA specification is out of the scope of this paper. Hence, this paper adopts the existing
mechanism and concentrates on how to enforce SLA.

Figure 5 shows the basic idea of our approach. The proposed scheme classifies
clients into two groups, namely normal and urgent client. An urgent client is defined
as a client who makes a SLA contract. On the contrary, a normal client does not have
SLA requirements and simply wishes to use OSDs in a best-effort way at a low price. In
addition, the scheme segregates OSDs into two regions, normal and urgent regions. By
creating different pools, it can configure that the normal region is used by normal clients
while the urgent region is used by urgent ones separately.

Figure 5. Isolated mode: OSDs are divided into two regions, one for normal clients and the other for
urgent clients.

Specifically, for normal clients, it creates a pool, Pooln, with a CRUSH map, Mapn, that
consists of OSDs in the normal region. Additionally, for urgent clients, it creates another
pool, Poolu, with a CRUSH map, Mapu, consisting of OSDs in the urgent region. As the
result, normal and urgent clients are isolated into different regions so that urgent clients
are not interfered by normal clients. This mapping is called as an isolated mode.

The size of the urgent region is dictated by SLA requirements of urgent clients. For
instance, assume that there are a maximum of 10 urgent clients and at least 30% of OSD
bandwidth is required to satisfy an urgent client’s SLA. Then, it needs to reserve at least
three OSDs for the urgent region. Note that the pseudo-random property of the CRUSH
algorithm can distribute urgent clients’ requests into OSDs uniformly, which leads to a
probabilistic correctness in meeting SLA requirements.

Although this isolated mode can prevent urgent clients from being interfered by
normal users, it might lead to low storage utilization. Assume that the number of urgent
clients decreases (or becomes zero). Then, maintaining OSDs for urgent clients is actually
wasting storage bandwidth and space. In this case, it is better to reallocate them for normal
clients. This paper designs a new mode, called shared mode, as shown in Figure 6, where
Pooln uses Mapall instead of Mapn, which consists of all OSDs.
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Figure 6. Shared mode: all OSDs are used for normal clients when there is no urgent client.

Our proposed SLA-aware mapping scheme uses these two modes adaptively. It
usually operates in isolated mode. When the activity of urgent clients is below a predefined
threshold, it changes to the shared mode, thus achieving full performance. When activity
increases, it goes back to the isolated mode and supports isolation. The scheme modifies
the Ceph monitor daemon that is responsible for keeping track of runtime metrics [38] to
measure the activity of urgent clients in real time.

By the way, this adaptability raises two issues. One is how to manage a CRUSH map.
In our scheme, an object generated by a normal user can be mapped to either the normal
region or all regions adaptively. However, in Ceph, a pool has only one CRUSH map.
To tackle this situation, a technique, called logical cluster, is devised that abstracts OSDs
differently according to the mode. Specifically, in the shared mode, Pooln manages all OSDs
and exports them the normal users, as shown in Figure 6. However, in the isolated mode,
it manages OSDs of the normal region only while hiding other OSDs such as Figure 5.
This logical different viewpoint of a cluster allows our scheme to switch modes in an
efficient way.

The second issue is about data accessibility. When our adaptive scheme switches from
the shared mode to the isolated mode, some OSDs cannot be accessed by normal clients,
as illustrated in Figure 7. Assume that an object is written by a normal client and that
it is stored into an OSD of the urgent region in the shared mode. Then, in the isolated
mode, the object cannot be accessed by the client since the OSD is hidden by the logical
cluster technique.

Figure 7. How to orchestrate between the isolated and shared mode.

To overcome this problem, this paper devises a technique, called normal inclusion. It
makes use of the fact that an object is replicated into multiple OSDs in Ceph for enhancing
reliability. The technique imposes that at least one replica of an object is mapped into an
OSD in the normal region during the shared mode. Hence, in the isolated mode, the object
can be accessed by the normal client since at least one replica is visible to the client.

3.2. Heterogeneous Storage Devices

Employing a new type of storage device is a nontrivial task, especially in distributed
storage systems. As already discussed with Figure 4, the introduction of a 3 times faster
device does not always lead to a performance improvement of 3 times at the client level.
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Various aspects including not only heterogeneity but also management mechanisms and
data characteristics need to be considered carefully.

This paper examines two use cases of heterogeneous storage devices, normal/urgent
and data/metadata separation, as shown in Figure 8. The normal/urgent separation is
the case where relative faster devices (e.g., SSD or SCM (Storage Class Memory) [40]) is
used for urgent clients while others are used for normal clients. This use case can provide
guaranteed services for urgent clients and best-effort services for normal clients at an
affordable price.

The second use case is the data/metadata separation that uses relative faster devices
for metadata and others for user data (when we explain this mechanism, we use the term
“data” and “user data” interchangeably, which represents data generated by clients). This
separation is devices with the consideration of two factors: cost and access pattern. For
instance, HDDs are better than SSDs in terms of cost. However, HDDs are notorious for
bad performance under the random access pattern due to the slow seek time.

When an OSD manages objects, it also manipulates various metadata such as object
identifiers, time, and replica information. Our analysis shows that the access pattern of
metadata is random while that of user data is sequential (note that the default size of an
object is 4 MB). Moreover, the storage capacity needed for metadata is much smaller than
that for user data (6% in our experiment). Therefore, using SSDs for metadata gives an
opportunity to enhance performance, while using HDDs for user data makes a positive
impact to reduce the total cost of storage.

Figure 8. Two use cases for heterogeneous storage devices: separating normal and urgent clients and
separating data and metadata.

4. Evaluation

This section explains the experimental methodology. Then, it discusses the evaluation
results of adaptive mapping and heterogeneous devices in sequence.

4.1. Experimental Environment

For evaluation, this paper constructs a cluster consisting of five physical computers.
Each computer is equipped with 3.30 GHz Intel Core i5 CPU, 24 GB RAM (Intel, Santa
Clara, CA, USA), 1Gigabit Ethernet, two 500 GB Samsung 860EVO SDDs (Samsung, Suwon,
Korea) and two 500 GB 7.2 K RPM HDD (Dell, Round Rock, TX, USA). On these hardware
components, Ubuntu 16.04 server with the Linux kernel 4.15 (Canonical, London, UK) and
Ceph Mimic version 13.2.10 (Redhat, Raleigh, NC, USA) are installed. One computer is
used for client node and others for storage nodes. The cluster has total 8 OSDs, 2 OSDs
per a storage node, where each OSD utilizes HDD only for adaptive mapping, HDD only
or SSD only for normal/urgent separation, or both HDD and SSD for the data/metadata
separation experiment.

4.2. Effect of Adaptive Mapping

Figure 9 presents the evaluation results of our adaptive mapping scheme. This figure
and Figure 3 are results of the same workload, except that the former uses our scheme
while the latter uses the Ceph default scheme. In this experiment, an urgent client was
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defined as a client who requires a consistent turnaround time that can be obtained when it
runs alone in our experimental cluster. Specifically, an urgent client makes an SLA contract
that guarantees a turnaround time within 20 s. Clients who do not have such a requirement
are treated as normal clients.

Figure 9. SLA analysis: our proposed adaptive scheme can satisfy the SLA requirement of a urgent
client even when the number of normal clients increases.

The results of Figure 9 demonstrate that our proposed scheme indeed guarantees the
SLA requirement. The urgent client can obtain a turnaround time below the requirement
even though the number of normal clients increases. Note that the original Ceph scheme
violates this requirement when the number of clients is larger than 10, as observed in
Figure 3, since it does not isolate between urgent and normal clients.

Note that the performance of the urgent client with one normal client is similar to
that with 5 normal clients. However, with 10 or more clients, the performance of the
urgent client becomes worse. Our analysis uncovers that this degradation is due to the
contention of network, not in OSDs. Mroeover, experiments with increased numbers of
urgent clients show that, for less than 5 urgent clients, our scheme can guarantee the SLA
in our experimental cluster.

When comparing Figure 9 with Figure 3, it reveals that our scheme performs worse
than the original scheme for normal clients. This degradation is unavoidable since our
scheme utilizes less OSDs for normal clients in order to support SLA of the urgent clients.
However, if there is no urgent client in the cluster, such degradation is unacceptable. This
is why our scheme is designed to operate in an adaptive manner.

Figure 10 shows how the adaptability of our scheme impacts performance. In the
figure, the fixed mapping is the scheme that uses the isolated mode only. On the contrary,
the adaptive mapping switches between the isolated and shared mode depending whether
there is activity from urgent clients. The adaptability indeed enhances performance by up
to 18% for 15 normal clients.

Figure 10. Performance analysis: our adaptive scheme outperforms the fixed scheme when there is
no urgent client.

4.3. Effect of Heterogeneous Storage Devices

From now, let us discuss the evaluation results with heterogeneous storage devices.
Figure 11 displays the evaluation results of the normal/urgent separation. Note that,

in the heterogeneous-oblivious approach, only replacing some HDDs with SSDs does not
enhance performance due to the replication mechanism in Ceph. This is because an object
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can be replicated both HDDs and SSDs and its completion time depends on the latency of
the slow HDDs, already discussed in Figure 4. On the contrary, our heterogeneous-aware
approach can enhance the performance of urgent clients since their objects are replicated
among SSDs only. Note that the performance difference between normal and urgent clients
is matched well with the difference between HDDs and SSDs at the OSD level.

Figure 11. Effect of the normal/urgent separation: the heterogeneity-aware approach can obtain the
benefit of SSDs at client layer (compare with Figure 4).

Figure 12 presents the evaluation results of data/metadata separation under four
different configurations. In the HDD configuration, each OSD stores both user data and
metadata in an HDD. Similarly, all data are stored in an SSD in the SSD configuration. In
the HDD+SSD configuration, each OSD utilizes two devices, one HDD for user data and
one SSD for metadata. Finally, in the SSD+SSD configuration, each OSD utilizes two SSDs,
one for user data and the other for metadata.

Figure 12. Effect of the normal/urgent separation: fast device, data-awareness, and parallelism
enhance performance.

The results show that making an SSD-only cluster can enhance performance by up to
2.95 times, compared with a HDD-only cluster. Separating data and metadata into HDD
and SSD can enhance performance around 2 times by reducing the metadata overhead.
Utilizing two SSDs can enhance it further by exploiting parallelism between data and
metadata processing.

The performance per cost ratio under the four different configurations are given in
Figure 13. There are three graphs in the figure with different cost ratios between HDDs
and SSDs, namely 1 to 2, 1 to 5, and 1 to 10, respectively. When the cost ratio between
HDDs and SSDs is small, an SSD-only cluster can be a feasible solution. However, when
the ratio becomes larger, the data/metadata separation is the best solution in terms of the
performance per cost.
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Figure 13. Performance over cost ratio: the normal/urgent separation is a cost-effect solution.

5. Related Work

SLA management is a topic that has been studied actively in various research area,
especially in cloud and storage research areas.

Alhamad et al. discussed several issues that need to be considered to design SLA in
cloud computing [27]. They also investigated the negotiation strategies and methods to
maintain trust between a cloud provider and user. DeCandia et al. designed Dynamo, a
distributed key-value store for cloud, where SLAs are expressed as the response-time of
put/get operations and the 99.9th percentile of the total number of requests [39]. Oritz et al.
proposed a scheme, called SLAOrchestrator, that guarantees per-query execution time in
cloud analytics [41]. Gulati et al. devised mClock, an algorithm that supports proportional-
share fairness of IO allocation in virtualization environments [42].

Storage researchers also explore how to comply with SLA at the storage level. For
achieving SLA, Tanimura et al. suggested a distributed storage system that makes a time-
based I/O access and storage space reservation [25]. Terry et al. examined the tradeoff
among consistency, availability, and performance in distributed storage [26]. Then, they
designed a system, where a client can declare his/her consistency requirement (e.g., strong,
eventual, or read-my-writes) and a provider adjusts the client’s latency to match the
required consistency.

Shue et al. presented Pisces, a scheme that supports per-tenant fairness in a shared
storage system [43]. It was based on four techniques: partition placement, weight allocation,
replica selection, and weighted fair queuing. Ardekani et al. proposed a scheme that
reconfigures the number of replicas and their locations so that it can enhance performance
while guaranteeing SLA [44].

Ceph characteristics are important when a SLA scheme is designed in Ceph. BlueStore
is the recent implementation of Ceph that makes use of RocksDB for metadata manage-
ment [29]. Lee et al. evaluated three different Ceph OSD implementations, namely FileStore,
KStore, and BlueStore, and analyzed their write behaviors, especially focusing on WAF
(Write Amplification Factor) [37]. Wang et al. investigated the scalability of Ceph for
scientific high-performance computing environments [45]. Chagam et al. presented basic
configuration guidelines for Ceph deployment [46].

Two studies are closely related to our work. Wang et al. observed that CRUSH-based
storage systems suffer from uncontrolled data migration when expanding cluster [47].
To overcome this problem, they extended CRUSH mapping to differentiate new and old
OSDs and to supervise migration OSDs. Their work was similar to ours in that both make
use of mapping in Ceph. However, their goal was enhancing performance during cluster
expansion while ours is guaranteeing SLA in Ceph.

Wu and Brandt designed a new framework, called Bourbon, to provide different
services into different classes of workloads in Ceph [48]. Their objective was the same as
ours. However, their proposal differs from ours in that it exploits a new I/O queuing and
cache mechanism. In other words, their approach is a scheduling-based scheme while ours
is a mapping-based and heterogeneous-aware approach.
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6. Conclusions

The contribution of this paper can be summarized in two aspects. As a scientific
contribution, this paper introduces a novel adaptive mapping scheme that provides SLA
guarantee for urgent clients by preventing them from being interfered by normal clients.
In addition, it devises two techniques, logical cluster and normal inclusion, to realize the
adaptability in an efficient way.

As an academic contribution, this paper raises several issues such as client-type-
based separation and data-type-based separation when heterogeneous storage devices are
employed in distributed storage systems. Additionally, it presents various implementation-
based evaluation results and experimental methodologies, which will be helpful for re-
searchers to study distributed storage systems.

There are two limitations in this study. The first one is that the proposed logical cluster
relies on the Ceph CRUSH algorithm that was originally designed without considering
heterogeneous storage devices. Hence, to achieve optimal performance, it needs to address
not only the mapping mechanism but also the CRUSH algorithm itself so that it operates
with different replica management policies according to the characteristics of heterogeneous
storage devices. The second limitation is that, even though the normal inclusion allows
for data accessibility, the number of replicas in an isolated mode can be reduced, with the
potential to weaken data availability.

There are three research directions as future work. First, our proposal will be evaluated
more quantitatively under diverse workloads and Ceph configuration parameters. The
second direction is designing new replica management policies for heterogeneous storage
devices. Our third research direction is extending BlueStore based on new types of SSDs
such as Optane SSDs [49] and ZNS SSDs [50].
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