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1. Introduction
This survey contains the state of the art in parallel file systems and database technology, with
the latter being focused on structured storage (T2.1, T2.2).1 It will provide a substantial basis
for selecting appropriate representatives for CoSEMoS. The following introduction and section
two are excerpts from our storage survey [Lüttgau et al., 2018]. The text is complemented with
newer developments as well.
In current supercomputers, storage is typically provided by parallel distributed file systems
for hot data and tape archives for cold data. These file systems are often compatible with
local file systems due to their use of the POSIX interface and semantics. It eases development
and debugging because applications can easily run both on workstations and supercomputers.
There is a wide variety of file systems to choose from, each tuned for different use cases
and implementing various optimizations. However, the overall application performance is
often held back by I/O bottlenecks due to the insufficient performance of file systems or I/O
libraries for highly parallel workloads. Performance problems are dealt with by using novel
storage hardware technologies as well as alternative I/O semantics and interfaces. These
approaches have to be integrated into the storage stack seamlessly to make them convenient
to use. Upcoming storage systems abandon the traditional POSIX interface and semantics in
favor of alternative concepts such as object and key-value storage; moreover, they heavily rely
on technologies such as NVRAM and burst buffers to improve performance. Additional tiers of
storage hardware will increase the importance of hierarchical storage management.

2. File Systems
Providing reliable, efficient, and easy-to-use storage and file systems is one of the main issues
today in HPC because a wide variety of scientific applications produces and analyzes enormous
data volumes. File systems offer an interface to the underlying storage device. They link an
identifier such as the file name to the corresponding physical addresses of the storage hardware.
Thereby, more comfortable and simplified use of storage devices is enabled. Traditionally,
they realize the concept of hierarchical structuring through the use of directories and files.
Besides the actual file content, metadata such as the file size and access times are managed.
Over the years, several file systems have been proposed and established, offering a wide range
of functionality. Especially HPC systems deploy parallel distributed file systems, allowing to
spread data across numerous storage devices and combining the particular features to increase
the throughput as well as the system’s capacity. However, due to the rapidly increasing data
sizes, more sophisticated and specialized approaches are required for handling the enormous
amount of information. At the same time, new and more powerful storage and network
technologies are developed, posing challenges to exploit the respective capabilities. Besides the
old file system concepts, other approaches have found their way into HPC systems.
Figure 1 gives an overview of a typical HPC system with several different storage systems and
technologies. Hence, the need for high-throughput concurrent read and write capabilities of
HPC applications led to the development of parallel and distributed file systems.

1 For

an overview of the project’s work packages and tasks, please see Deliverable D1: Report.
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Figure 1: Typical HPC storage system [Lüttgau et al., 2018]

2.1. Kernel File Systems
In this section, we discuss the most popular and widely used systems and their characteristics.
Among them are Lustre, Spectrum Scale, BeeGFS, OrangeFS, Ceph, and GlusterFS.
Spectrum Scale Spectrum Scale is a scalable high-performance data management solution developed by IBM for enterprises that need to process and store massive amounts of unstructured
data [Potnis, 2018]. It is based on the former General Parallel File System (GPFS) [IBM, 2016].
GPFS provides concurrent data access with the ability to perform data analysis and archiving
in one place. Spectrum Scale unifies different storage tiers like SSDs, HDDs, and tapes as
well as analytics into a single scale-out solution. This combination enables users to choose
optimal storage for their files or object data and move them as quickly as possible with low
costs. Spectrum Scale is fully POSIX-compliant, which allows it to support many traditional
HPC applications.
The file system helps to avoid a performance bottleneck for metadata-intensive applications
by configuring dedicated servers for metadata updates. Shared devices stores both metadata
and data on the same devices [Hildebrand and Schmuck, 2015]. Another bottleneck regarding
single-server performance is also avoided in Spectrum Scale as all servers and clients can access
and share the data without moving it. Thus, even a client can play the role of a server. Among
the advanced features of Spectrum Scale are a declustered software RAID algorithm, storage
pools, and the integration into OpenStack services. Vef et al. performed extensive tracing using
the GPFS tracing tool and their new tracing interface prototype FlexTrace, shown to have
negligible overhead [Vef et al., 2018]. FlexTrace offers user-defined tracing profiles to allow
fine-grained trace control.
Even though Spectrum Scale is a capable file system and has great support from IBM with the
integration of various useful tools, it is still quite expensive, especially for non-profit clusters
with research purposes.
Lustre Lustre is a parallel distributed file system used on supercomputers. It is licensed under
the GNU General Public License (GPLv2) and can thus be extended and improved by interested
developers. Because of its high performance, Lustre is used on more than half of the 100 fastest
supercomputers in the world.
The file system’s architecture distinguishes between clients and servers. Clients use RPC
messages to communicate with the servers, which perform the actual I/O operations. While all
3

clients are identical, the servers can have different roles: Object Storage Servers (OSS) manage
the file system’s data in the form of objects; clients can access byte ranges within the objects.
Metadata Servers (MDS) manage the file system’s metadata; after retrieving the metadata,
clients are able to contact the appropriate OSSs independently. Each server is connected to
possibly multiple targets (OSTs/MDTs) that store the actual file data or metadata, respectively.
Lustre runs in kernel space. Therefore, most functionality has been implemented in the form of
kernel modules, having advantages and disadvantages. On the one hand, by using the kernel’s
virtual file system (VFS), Lustre can provide a POSIX-compliant file system compatible with
existing applications. On the other hand, each file system operation requires a system call,
which can be expensive when dealing with high-performance network and storage devices.
In line with its open approach to Lustre development, Intel has funded five Intel Parallel
Computing Centers to integrate new features into Lustre. Among others, these centers are
working on the quality of service for I/O performance, file system compression as well as
better integration of TSM storage backends and big data workflows. An in-depth description of
the Lustre architecture can be found in [Braam, 2019]. To make full use of node-local storage,
Qian et al. proposed a hierarchical Persistent Client Caching (LPCC) mechanism, building
either a local read-write cache on one SSD or a read-only cache over the SSDs of multiple
clients [Qian et al., 2019].
BeeGFS The parallel and POSIX-compliant cluster file system BeeGFS was developed for
I/O-intensive HPC applications [Fraunhofer ITWM, 2018]. Its architecture has a client-server
design and consists of three key components: clients, metadata servers, and storage servers.
The scalability and flexibility of BeeGFS are reached simply by increasing the number of servers
and disks required for specific users. All their data is transparently distributed across multiple
servers using striping. Besides data distribution, metadata is also striped over several metadata
servers on a directory level, with each server storing a part of the complete file system tree. In
this way, fast access to the data is provided. BeeGFS also enables load balancing for metadata.
The client kernel module of the BeeGFS system is free and under the GNU General Public
License (GPL). The server module is covered by the BeeGFS EULA. Hence, commercial support
is optionally available. Abramson et al. proposed a prototype file caching layer that makes
use of the data locality across storage tiers [Abramson et al., 2020]. It also increases the data
sharing between compute nodes and applications, while using data striping and metadata
partitioning to support fast parallel I/O.

2.2. User Space File Systems
In contrast to kernel space file systems such as Lustre, user-level file systems do not require any
kernel modules to run. This typically makes it easier to use such file systems in a supercomputer
environment, where users normally do not have root privileges.
OrangeFS OrangeFS is a parallel distributed file system that runs completely in user space.
It is open-source and licensed under the GNU Lesser General Public License (LGPL). It provides
excellent MPI-IO support through a native ADIO backend and provides a wide range of user
interfaces, including several Direct Interface libraries, a FUSE file system, and an optional
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kernel module [Vilayannur et al., 2004]. Similar to other file systems, OrangeFS has dedicated
servers for data and metadata storage. OrangeFS uses arbitrary local POSIX file systems for
data and can use either Berkeley DB (BDB) or Lightning Memory-Mapped Database (LMDB)
for metadata.
GlusterFS GlusterFS is another POSIX-compliant, free, and open-source distributed file
system [Depardon et al., 2013]. Like other traditional storage solutions, it has a client-server
model but does not need a dedicated metadata server. All data and metadata are stored on
several devices (called volumes), which are dedicated to different servers. GlusterFS locates files
algorithmically using an elastic hashing algorithm. This no-metadata server architecture ensures better performance, linear scalability, and reliability [Selvaganesan and Liazudeen, 2016].
At the same time, GlusterFS is a network file system that provides file-based storage only. Block
and object interfaces must be built on top of it.
Ad Hoc File Systems Ad hoc file systems offer a way to include node-local SSDs or NVRAMs
into a temporary storage system [Brinkmann et al., 2020]. There are still a lot of open questions
regarding this approach, for example, how to use these file systems in combination with a
present scheduling environment. The lifetimes of ad hoc file systems vary greatly and can be
as short as the runtime of a single job. They are mostly implemented in user space. Prominent
examples are BeeOND (BeeGFS-On-Demand), GekkoFS and BurstFS [Vef et al., 2020].
BeeOND was created to use BeeGFS as an ad hoc file system. It works as an intermediary
between the application and the storage systems and is often used for data buffering. Its main
idea is to distribute data and metadata evenly across a cluster. GekkoFS employs hashing at the
level of file inodes to determine the cluster node managing it. Spreading the metadata across all
participating cluster nodes required significantly relaxed POSIX directory semantics. Therefore,
applications frequently listing or renaming directories should not be run on GekkoFS. Furthermore, it does not handle conflicts like overlapping file regions and shifts the responsibility to
application developers. GekkoFS outperformed Lustre by a factor of ~1,400 for file creation
regardless of whether a single or unique directory was used [Brinkmann et al., 2020]. BurstFS
is very similar to GekkoFS, the main difference being the log-structured writing of BurstFS.
Thereby, the write performance is not limited by the network latency. However, metadata
directories are required to reconstruct multi-client writes to a single file.

2.3. Miscellaneous Systems
In the following, a variety of miscellaneous systems are presented.
ECFS and MARS Other storage systems focused on data archival developed by the European
Centre for Medium-Range Weather Forecasts (ECMWF) are ECMWF’s File Storage System
(ECFS) and Meteorological Archival and Retrieval System (MARS) [Grawinkel et al., 2015]. A
High Performance Storage System (HPSS) manages the tape archives for both systems as well
as the disk cache for ECFS, where the files are accessed using a unique path. MARS is an object
store providing an interface similar to a database. By using queries in a custom language, a list
of relevant fields can be set, which are then joined into a package and stored in the system. The
field database (FDB) stages and caches fields that are often accessed. ECFS contains relatively
5

few files that are used concurrently and experiences mainly write calls. In MARS, however,
the files are equally relevant and mostly read [Smart et al., 2017a]. Thus, both systems provide
powerful storage management for researchers interested in weather modeling. MARS allows
HPC users to access large amounts of meteorological data stored only in GRIB and BUFR
formats collected over the last 30 years.
Ceph Ceph is a free and open-source platform that offers file-, block- and object-based
data storage on a single distributed cluster [Weil et al., 2006]. The system implements distributed object-storage on using the Reliable Autonomic Distributed Object Store (RADOS)
system [Weil et al., 2007]. It is responsible for data migration, replication, failure detection and
failure recovery to the cluster. Ceph also provides a near-POSIX-compliant file system. Its integration makes the benefits and features of the scalable environment available to applications.
Ceph makes use of intelligent Object Storage Devices (OSDs) that provide file I/O (reads and
writes) for all clients which interact with them. Data and metadata are independent because
the Metadata Servers (MDSs) perform the altering metadata operations. Ceph dynamically
distributes the metadata management and responsibility for the file system directory hierarchy
among tens or even hundreds of those MDSs.
However, Ceph still has some drawbacks, for example, the limitation that a cluster can only
deploy one CephFS. In addition, Ceph is designed with HDDs as its basis and needs performance improvements when disks are replaced with SSDs and data access pattern is random [Oh et al., 2016]. The Ceph developers turned away from building distributed storage backends on local file systems after the experiences with FileStore and KStore [Aghayev et al., 2020].
They developed BlueStore which works directly on raw block storage, thereby reducing the I/O
layers significantly [Aghayev et al., 2019]. Furthermore, this decision give them more control
over the complete stack which in turn leads to less performance variability.
DAOS The Fast Forward Storage and IO (FFSIO) project aims at providing an exascale storage
system that is capable of dealing with the requirements of HPC applications as well as big
data type workloads. It aims at introducing a new I/O stack and supporting more complex
basic data types like containers and key-arrays [Lofstead et al., 2016]. Its functionality ranges
from a general I/O interface at the top over an I/O forwarding and an I/O dispatcher layer
to the Distributed Application Object Store (DAOS) layer, which offers a persistent storage
interface and translates the object model visible to the user to the demands of the underlying
infrastructure. DAOS will require large quantities of NVRAM and NVMe devices. Therefore it
will not be suitable for all environments since high prices for these relatively new technologies
will limit DAOS’s use, both in data centers and in research, at least in the near future.
In addition to introducing a novel user space storage system, DAOS will also support new ways
of performing I/O in a scalable way [Breitenfeld et al., 2017]. From an application developer’s
point of view, DAOS will provide a rich I/O interface in the form of key-array objects with
support for both structured and unstructured data. Additionally, established I/O interfaces
such as a legacy POSIX interface and an HDF5 interface will be supported natively. Similar
to databases, DAOS has support for transactions. Multiple operations can be batched in a
single transaction, which becomes immutable, durable, and consistent once committed as
an epoch. On the one hand, this allows multiple processes to perform asynchronous write
operations without having to worry about consistency problems. On the other hand, read
operations will always have a consistent view because they are based on a committed (and thus
6

immutable) epoch. First performance evaluations indicate that DAOS has a stable performance
across different IO500 workloads, whereas other file systems exhibit great variation between
individual tests [Liang et al., 2020].
Sirocco Sirocco takes a very different approach to any of the above. It aims at redesigning the complete storage system by using a concept similar to unstructured peer-to-peer
networks [Curry et al., 2016]. They position themselves against existing systems like Lustre,
GPFS, and PVFS because these all are inspired by the Zebra file system, meaning that they use
data striping [Hartman and Ousterhout, 1995]. Sirocco has some very unconventional design
principles as it values write performance and scalability over most other objectives. First, there
is no central indexing for data and data can be stored by any reachable server. Furthermore,
data is continually moved within the system to offer integrity and longevity. Clients are not
updated to store where the data is moved to. They can, however, specify a data protection level.
Due to the write-back caching, explicit synchronization calls are required to persist data. The
focus on writing comes at the cost of losing track of where data is stored and in which state. In
the worst case, an extensive search over the storage servers is required. This need for a full
scan is the most severe drawback of Sirocco.

3. Evolution of Databases
The following overview of database technology evolution is based on the comprehensive work of
Davoudian et al. [Davoudian et al., 2018]. We find this brief insight into the history of database
systems greatly benefits the discussion of current challenges as the previous requirements
and problems provide plenty of important considerations already. A time-line of database
generations is depicted in Figure 2.

Figure 2: Evolution of database technologies from [Davoudian et al., 2018]. Some corresponding database systems are depicted as well.

7

First Generation (Hierarchical and Network Data Models) The first generation of database technology was aimed to provide convenient and efficient data access in the form of
general-purpose database systems. They offered hierarchical and network data models in
which data entries are linked together. This data dependence made application programming
very challenging, fuelling the development of the second generation.
Second Generation (Relational Data Model) To counter the data dependence problems of
the first generation, a relational data model was developed that used tuples to describe relations.
By separating the logical model and the physical data organization, the data independence
increased. That is when SEQUEL (Structured English Query Language) was developed. It is
based on relational algebra and was then adapted by Chamberlin and Boyce to be more accessible
to users without intensive mathematical training [Chamberlin and Boyce, 1974]. SEQUEL was
later renamed SQL due to copyright problems. SQL was standardized in ANSI X3.135 in 1986
and adopted by ISO as ISO 9075-1987. Even today, SQL is still an active research topic as can
be seen in the endeavors to parse natural language to SQL (NL2SQL) [Kim et al., 2020].
Third Generation (Object-Oriented Data Model) The spreading of object-oriented programming resulted in the need for an appropriate database model. Combined with the limited
modeling capabilities of the relational data model, this led to the third generation of database
systems. Following the programming trends, they were designed to conform to the objectoriented approach, identifying objects via object IDs and using a hierarchical structure to model
the object feature inheritance. However, the high investments into relational database (RDB)
systems hindered the adoption of object-oriented databases. Through extensions to prominent
RDB systems, such as DB2 and Oracle, important object-oriented features were incorporated,
leading to object-relational database systems.
Fourth Generation (Flexible Data Models) Applications in the area of web technologies
and the Internet of Things (IoT) started to present another set of challenging requirements.
These are in part mutually exclusive and listed in the following.
• Horizontal Scalability: Making use of additional resources to deal with the increasing
data sizes.
• High Availability and Fault Tolerance: Guaranteeing stable service even in the face of
hardware failure.
• Transaction Reliability: Providing strong consistency guarantees.
• Database Schema Maintainability: Making the evolution of database schemas less costly.
These requirements cannot be easily satisfied through Relational Database Management Systems (RDBMSs). For one, the pre-defined schema hinders the database evolution. Also, fixed
schemas are not suitable for the agile development approaches found, for example, in the area
of Big Data. Additionally, scaling up needs dedicated and often specialized hardware that
introduces the need for costly data movement. Lastly, scaling out complicates the joining of
distributed data. The use of ACID transactions also brought challenges regarding availability
and performance. Sacrificing some requirements for the sake of others, more essential to the
demands of the application, led to the fourth database generation and the development of
numeral non-relational storage systems, namely NoSQL stores.
8

Figure 3: Relational (top left), NoSQL (bottom left) and NewSQL (right) schemas
from [Mansouri et al., 2018]. Mansouri et al. used the NewSQL query example
by [Shute et al., 2013].
Fifth Generation (NewSQL) Further high scalability and reliability requirements of OLTP
applications arose in the late 2000s. They motivated the evolution of database technologies to
handle the large data volumes that now span over multiple datacenters. The resulting solutions
are called NewSQL stores as they offer SQL queries and ACID transactions without the need
for a join operation.

3.1. Relational Queries vs. Non-Relational Queries
Figure 3 shows the difference between relational queries, NoSQL queries and NewSQL queries.
In contrast to NoSQL databases, RDBs offer fixed and predefined fields for each entry. NoSQL
stores build upon the key-value model or similar variants such as graphs and documents where
the entry is linked to a key-value pair. NewSQL databases use directories in the top-level of
their hierarchy, e.g., Customer, where each row of the directory table and all the entries in the
included tables, e.g., Campaign and AdGroup, form a directory itself [Mansouri et al., 2018].
Thereby, NewSQL builds child-parent relations between all pairs where the primary key of the
parents is used as a prefix in the child’s primary key.

3.2. Data Models
The separation of different data models shown in the following was introduced by [Mansouri et al., 2018].
We highlight these models and the concise description by Mansouri et al. because they help to
categorize the massive number of database systems in different ways. Figure 4 depicts this data
model taxonomy.
Data Structure The data structure significantly influences retrieval performance. There are
three categories. (1) In structured data relationship is defined between fields identified through
name and value, for example, in an RDB. (2) Semi-structured data provides a specific form of
structuring that is known to the application. Primitive operations are supported similarly to
structured data. (3) Unstructured data does not offer any pre-defined data model and uses the
key-value access providing high scalability and performance at the expense of data consistency
and transaction support.
9

Figure 4: Data model taxonomy from [Mansouri et al., 2018]
Data Abstraction Data abstraction is the storage level abstraction in data stores. There are
three levels. (1) The block level provides the fastest access that is split into directed-attached
storage and block storage. (2) The most common one is the file level. Its widespread use is due to
the simple API that eases management. It comes either as object storage that provides storage
of large binary objects or as online drive storage. (3) The last level is the database mode either as
relational storage or semi-structured data storage. It offers RDBs and NoSQL/NewSQL databases,
respectively, to the users. The former cannot be scaled easily but provides strong consistency
guarantees, while the latter offers horizontal scalability.
Data Access The data access model affects the offered consistency and the transaction
management. It has four main categories. (1) Key-value databases, as mentioned before, provide
a simple interface based on unique keys and arbitrary data values. As key-value stores are
NoSQL databases, they support the features discussed in the third data abstraction level. (2)
Document databases offer storage for several kinds of documents that can be indexed. They
do not provide ACID guarantees for primitive operations. Therefore, they support eventual
consistency. (3) Extensible record databases (also called wide-column stores) are similar to tables
where columns can be grouped, while the rows are distributed over several storage nodes
depending on the primary key. Each field offers multiple data versions ordered by timestamps.
This approach is called NewSQL. (4) As discussed above, relational databases use pre-defined
schemes and offer SQL queries and ACID transactions.

4. Relational Database Systems
There have been various studies trying to identify the best database system for a specific
application type. Makris et al. evaluate the response time of PostgreSQL in comparison
with MongoDB and find that PostgreSQL outperforms MongoDB for all queries on vessel
tracking [Makris et al., 2019]. Performance bottlenecks of relational database systems because
of, for example, the read amplification and high cache miss rates, can be mitigated by employing
3D XPoint storage [Yang and Lilja, 2018].
10

Feser et al. propose a promising approach, Castor, by developing a new layout algebra to
combine the data layout and the queries to be performed [Feser et al., 2020]. Thereby, they
are able to transform both the layout and the query in a single rule and allow drastic layout
transformations. Besides the layout algebra, they provide an automated deductive optimizer,
a type-driven layout compiler, and a high-performance query compiler. This combination of
features comes along with a significant limitation. The constructed databases are read-only
and are, therefore, tailored towards specific use cases.
In the following, the 15 most popular relational database systems as of July 2021 are listed. The
complete list consists of 143 entries. The order is determined by the DB-Engines ranking2 .
While MonetDB is a relational database, it can also be considered a wide-column store because it
manages data in columns [solid IT, 2021]. This vertical storage allows more performant queries
because CPU cache lines are used more efficiently, and new cache-conscious algorithms are
provided [Boncz et al., 2008]. Furthermore, the reduced query algebra makes faster hardware
implementations possible. Idreos et al. state that it is a column store that feels like a relational
database to the user [Idreos et al., 2012]. Index concepts such as Elf have been integrated into
MonetDB to optimize efficient querying on scientific data [Blockhaus et al., 2020]. Another
variation, MonetDBLite, was developed to cater to the needs of machine learning and classifications tasks [Raasveldt and Mühleisen, 2018]. It offers fast data transfer between analytical tools
and the database while also guaranteeing the ACID properties of relational systems. Systems
offering a hybrid approach of both in-memory and persistent solutions are marked with two
asterisks (**).
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.

Oracle**3
MySQL**4
Microsoft SQL Server**5
PostgreSQL6
IBM DB27
SQLite**8
Microsoft Access9
MariaDB**10
Apache Hive11
Microsoft Azure SQL Database12
Teradata**13
SAP HANA**14

2 https://db-engines.com/en/ranking/relational+dbms
3 https://www.oracle.com/database/
4 https://www.mysql.com/

5 https://www.microsoft.com/en-us/sql-server/
6 https://www.postgresql.org/

7 https://www.ibm.com/analytics/db2
8 https://www.sqlite.org/index.html

9 https://www.microsoft.com/en-us/microsoft-365/access

10 https://mariadb.com/

11 https://hive.apache.org/

12 https://azure.microsoft.com/en-us/products/azure-sql/database/
13 https://www.teradata.com/

14 https://www.sap.com/products/hana.html
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Figure 5: Taxonomy of big data storage technologies taken from [Siddiqa et al., 2017]
13. FileMaker15
14. SAP ASE (Adaptive Server Enterprise)16
15. Google BigQuery17

5. Non-Relational Database Systems
The NoSQL Databases List18 currently includes over 225 databases. They can be divided
into several subcategories, of which we will highlight key-value stores, wide-column stores,
document stores, graph stores, and object stores. While we are mostly interested in systems
suitable for HPC, big data plays an increasingly important role. Therefore, we included the
taxonomy of storage systems used in big data by [Siddiqa et al., 2017], which is shown in
Figure 5. Most of the systems are included in the listings in the following subsections. A
comprehensive overview of data storage and data placement in cloud environments was
published by [Mazumdar et al., 2019].
NoSQL stores have a wide variety of consistency models ranging from strong consistency to
eventual consistency. A good overview is provided by [Davoudian et al., 2018] in Figure 6.
Log-Structured Merge-Trees (LSM-Trees)) Log-structured merge-trees or short LSM-trees
are a very popular index structure for NoSQL databases. They are often used as an indexing data
structure for key-value stores or wide-column stores. They offer high performance for batched
sequential write access on both SSDs or HDDs. There have been large efforts to optimize and
improve LSM-trees for different workloads and settings. A comprehensive survey has been
performed by [Luo and Carey, 2020]. They developed a taxonomy of improvements that is
shown in Figure 7.
In the following, some optimizations are presented. Prominent approaches that aim at minimizing I/O amplification are WiscKey [Lu et al., 2016] and LSM-trie [Wu et al., 2015]. Cheng et al.
researched the impact of LSM-trie performance by parallel search on the read performance
15 https://www.claris.com/filemaker/

16 https://www.sap.com/products/sybase-ase.html

17 https://db-engines.com/en/system/Google+BigQuery
18 https://hostingdata.co.uk/nosql-database/
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Figure 6: Consistency models of NoSQL stores from [Davoudian et al., 2018]

Figure 7: Taxonomy of LSM-tree improvements taken from [Luo and Carey, 2020]
13

and found that it can be improved up to 98 % and on average up to 72 % [Cheng et al., 2020].
Mäsker et al. proposed Hyperion, a trie-based main-memory key-value store that improves
memory usage considerably [Mäsker et al., 2019]. Papagiannis et al. observe two major bottlenecks [Papagiannis et al., 2021]. First, the compaction of LSM-trees requires constant merging
and sorting; second, using an I/O cache for device access. CPU overhead and I/O amplification
are mitigated by Kreon, a key-value store for flash-based storage using memory-mapped I/O.

5.1. Key-Value Stores
The concept of key-value stores is very straightforward and popular. It consists of a value
uniquely identified by a key, for example, a name or a hash. The value can be data of any
type with any structure and size. Data is stored as byte arrays requiring serialization and
deserialization that is often performed on the clients. Therefore, indexing or querying on
the values is not supported. Using this simple model, access is only possible through the
key, limiting the potential applications. Therefore, advanced key-value stores may support
data lookup based on the value, for example, by providing list data types. Thereby, Redis and
Aerospike offer data updates that do not require the replacement of the whole value. Other
extensions are tabular data types with Spinnaker19 , while Riak also supports documents such
as JSON. This development blurs the line between key-value stores and other approaches like
document stores (see Section 5.3).
Key-value stores can be grouped according to different criteria. Often in-memory, persistent
and hybrid approaches are distinguished. The first approach is typically used as a caching
layer for transient information such as session information. Facebook uses Memcached while
LinkedIn employs Voldemort20 . In our research on storage systems, we often come across LevelDB [Ghemawat and Dean, 2020], LMDB and RocksDB [Yang et al., 2015, Cao et al., 2020].
The DB-Engines ranking has the following top 25 (of 59) as of July 202121 . Key-value stores
that provide an in-memory-only solution are printed boldly and marked with an asterisk (*),
hybrid approaches with two asterisks (**).
1.
2.
3.
4.
5.
6.
7.

Redis**22
Amazon DynamoDB23
Microsoft Azure Cosmos DB24
Memcached*25
etcd26
Hazelcast*27
Ehcache*28

19 https://spinnaker.io/

20 https://project-voldemort.com/voldemort/

21 https://db-engines.com/en/ranking/key-value+store
22 https://redis.io/

23 https://aws.amazon.com/dynamodb/

24 https://azure.microsoft.com/en-us/services/cosmos-db/
25 http://www.memcached.org/
26 https://etcd.io/

and https://github.com/etcd-io/etcd

27 https://hazelcast.com/
28 https://hazelcast.com/
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8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

Aerospike**29
Riak KV30
ArangoDB31
Apache Ignite**32
OrientDB33
Oracle NoSQL Database**34
RocksDB**35
ScyllaDB**36
LevelDB37
Oracle Berkeley DB**38
InterSystems Caché**39
Infinispan*40
Oracle Coherence*41
LMDB**42
Amazon SimpleDB43
Apache Geode**44
GridGain*4546
InterSystems IRIS**47

29 https://aerospike.com/

30 https://riak.com/products/riak-kv/
31 https://www.arangodb.com/

32 https://ignite.apache.org/
33 https://www.arangodb.com/

34 https://db-engines.com/en/ranking/key-value+store
35 https://rocksdb.org/

36 https://www.scylladb.com/

37 https://github.com/google/leveldb

38 https://www.oracle.com/database/technologies/related/berkeleydb.html
39 https://www.intersystems.com/products/cache/
40 https://infinispan.org/

41 https://www.oracle.com/middleware/technologies/coherence.html
42 https://symas.com/lmdb/

43 https://aws.amazon.com/simpledb/
44 https://geode.apache.org/
45 Built

on Apache Ignite

46 https://aws.amazon.com/simpledb/

47 https://www.intersystems.com/products/intersystems-iris/
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5.2. Wide-Column Stores
Wide-column stores are a database concept inspired by Google Bigtable [Chang et al., 2008].
The main concept is to manage data using rows and a fixed number of column families.
Column families consist of logically connected columns that are stored together instead of
rows [Davoudian et al., 2018]. Wide-column stores provide a more flexible schema offering
to add or remove columns at runtime. Davoudian et al. call them extended key-value stores
where the value is a number of nested key-value pairs.
Google Bigtable is built for structured data and to provide flexibility and high performance for
the variety of Google products [Chang et al., 2008]. The most popular wide-column store by
far is Apache Cassandra [solid IT, 2021]. It was developed to meet the reliability and scalability
needs of Facebook [Lakshman and Malik, 2010]. Another prominent wide-column store is
Apache HBase which is built on top of Hadoop Distributed File System (HDFS) [Vora, 2011].
Recently, ScyllaDB has been promoted to function as a drop-in replacement of Apache Cassandra, promised to outperform it by up to a factor of 10. One key aspect contributing to the
improvement is ScyllaDB’s implementation in C++ instead of Java [Suneja, 2019]. ScyllaDB
provides large data volumes, high availability, and high performance. Mahgoub et al. report
some performance instability of ScyllaDB with server replication [Mahgoub et al., 2017]. Replacing file systems with wide-column stores is extensively studied. Santamaria et al. compare
HDF5 on GPFS with Cassandra or Scylla through Hecuba [Santamaria et al., 2019].
Below is the complete list of wide-column stores, ordered according to the DB-Engines ranking48 .
Wide-column stores that provide an in-memory-only solution are printed boldly and marked
with an asterisk (*), hybrid approaches with two asterisks (**).
1.
2.
3.
4.
5.
6.
7.
8.
9.

Cassandra49
HBase**50
Microsoft Azure Cosmos DB51
Datastax Enterprise**52,53
Microsoft Azure Table Storage54
Apache Accumulo55,56
Google Cloud Bigtable57
ScyllaDB**58
HPC Ezmeral Data Fabric59

48 https://db-engines.com/en/ranking/wide+column+store
49 https://cassandra.apache.org/
50 http://hbase.apache.org/

51 https://azure.microsoft.com/en-us/services/cosmos-db/
52 Built

on Apache Cassandra

53 https://www.datastax.com/products/datastax-enterprise

54 https://azure.microsoft.com/en-us/services/storage/tables/
55 Uses

Hadoop’s HDFS and ZooKeeper

56 https://accumulo.apache.org/

57 https://cloud.google.com/bigtable/
58 https://www.scylladb.com/

59 https://www.hpe.com/us/en/software/data-fabric.html
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10.
11.
12.
13.

Elassandra60,61
Amazon Keyspaces (for Cassandra)62
Alibaba Cloud Table Store63
SWC-DB (Super Wide Column Database)64

5.3. Document Stores
Document stores are also an extension of key-value stores where the value is a document
[Davoudian et al., 2018]. Typical formats include XML, JSON, and BSON. The schema is flexible
as attributes can be added to the document at runtime. It also enables indexing and search
functionality, using the attribute names and values. Some document stores like ArangoDB
and orientDB also offer an additional graph representation alongside the document data
model by referencing documents. Schultz et al. analyze the tunable consistency model for
MongoDB [Schultz et al., 2019].
Below is the list of the top 10 of all ranked 50 document stores, ordered according to the
DB-Engines ranking65 . Document stores that provide an in-memory-only solution are print
bold and marked with an asterisk (*), hybrid approaches with two asterisks (**). Solutions
offering a multi-model approach are marked with a plus (+).
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

MongoDB**+66
Amazon Dynamo DB+67
Microsoft Azure Cosmos DB+68
Couchbase**+69
Firebase Realtime Database70
Apache CouchDB+71
Realm**72
MarkLogic**+73
Google Cloud Firestore74
ArangoDB+75

60 Combination

of Cassandra and Elasticsearch

61 https://www.elassandra.io/

62 https://aws.amazon.com/keyspaces/

63 https://www.alibabacloud.com/product/table-store
64 https://github.com/kashirin-alex/swc-db

65 https://db-engines.com/en/ranking/document+store
66 https://www.mongodb.com/

67 https://aws.amazon.com/dynamodb/

68 https://azure.microsoft.com/en-us/services/cosmos-db/
69 https://www.couchbase.com/

70 https://firebase.google.com/products/realtime-database/
71 https://couchdb.apache.org/
72 https://realm.io/

73 https://www.marklogic.com/

74 https://firebase.google.com/products/firestore/
75 https://www.arangodb.com/
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5.4. Graph Stores
With the increase in graph-oriented data like the Semantic Web, a data model allowing the
efficient relationship traversal was required [Davoudian et al., 2018]. This lead to the concept
of graph stores where vertices represent entities and edges the relationships. Property graphs
are a mixture of various graph types like directed, labeled, and multigraphs, which makes them
very flexible.
Below the top 15 of all ranked 32 graph stores are listed, ordered according to the DB-Engines
ranking76 . Graph stores that provide an in-memory-only solution are printed boldly and marked
with an asterisk (*), hybrid approaches with two asterisks (**). Solutions offering a multi-model
approach are marked with a plus (+).
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.

Neo4J77
Microsoft Azure Cosmos+78
ArangoDB+79
OrientDB+80
Virtuoso**+81
GraphDB+82
Janusgraph83,84
Amazon Neptune+85
TigerGraph86
Stardog**+87
Dgraph88
Fauna+89
AllegroGraph+90
Apache Giraph91
Nebula Graph**92

76 https://db-engines.com/en/ranking/graph+dbms
77 https://neo4j.com/

78 https://azure.microsoft.com/en-us/services/cosmos-db/
79 https://www.arangodb.com/
80 https://orientdb.org/

81 https://virtuoso.openlinksw.com/

82 https://www.ontotext.com/products/graphdb/
83 Janusgraph

is an open-source fork of Titan, a previously prominent solution that was decommissioned after a
takeover by Datastay (see https://db-engines.com/de/system/Titan).
84 https://janusgraph.org/
85 https://aws.amazon.com/neptune/
86 https://www.tigergraph.com/
87 https://www.stardog.com/
88 https://dgraph.io/
89 https://fauna.com/
90 https://allegrograph.com/
91 http://giraph.apache.org/
92 https://nebula-graph.io/
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5.5. Time-Series DBMS
With the rise of sensor storage, a new data model was required for Cloud computing and
Big Data [Mazumdar et al., 2019]. Time-series DBMS typically extend key-value stores or
column-stores by building an additional data model on top.
Below the top 15 of all ranked 31 time-series DBMS are listed, ordered according to the DBEngines ranking93 . Time-series DBMS that provide an in-memory only solution, are print bold
and marked with an asterisk (*), hybrid approaches with two asterisks (**). Solutions offering a
multi-model approach are marked with a plus (+).
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.

InfluxDB**+94
Kdb+/KX**+95
Prometheus96
Graphite97
TimescaleDB+98
Apache Druid+99
RRDTool (Round Robin Database)100
OpenTSDB101
Fauna+102
GridDB**+103
DolphinDB**104
KairosDB105
eXtremeDB**+106
Amazon Timestream107
QuestDB**+108

93 https://db-engines.com/en/ranking/time+series+dbms

94 https://www.influxdata.com/products/influxdb-overview/
95 https://kx.com/

96 https://prometheus.io/

97 https://github.com/graphite-project/graphite-web
98 https://www.timescale.com/
99 https://druid.apache.org/

100 https://oss.oetiker.ch/rrdtool/
101 http://opentsdb.net/
102 https://fauna.com/

103 https://griddb.net/

104 https://www.dolphindb.com/

105 https://github.com/kairosdb/kairosdb

106 https://www.mcobject.com/extremedbfamily/
107 https://aws.amazon.com/timestream/
108 https://questdb.io/
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6. Object Stores
In contrast to previous database approaches, object stores provide management solutions
for unstructured data. They offer storage of variable size for so-called objects that typically
store data as BLOBs (binary large objects). A first standardization was undertaken in late
2004 [Factor et al., 2005]. The indexing approaches of object stores are comparable to those
of other databases like key-value stores. While object stores were not designed for HPC
environments, they are increasingly employed on large-scale clusters, for example, to store
meteorological and climate data [Smart et al., 2017b]. In an effort to mitigate the performance
limitations of current file systems, data is extracted from self-describing data formats like
NetCDF and HDF5 and stored in object stores. Chu et al. demonstrate the benefits of mapping
HDF5 datasets to object storage [Chu et al., 2020].
There is also a growing interest from the IoT community to use object storage in fog and edge
computing infrastructure as shown by [Confais et al., 2017]. They studied RADOS, Cassandra,
and InterPlanetary File System (IPFS) with a focus on access time for writing and reading
objects, the network traffic exchanged between different geographical sites, and the influence
of network latency.
Lee et al. propose SwimStore, a storage architecture providing a high write performance, low
write amplification, and stable performance on top of a file system [Lee et al., 2018]. It was
integrated into Ceph and performed better than other Ceph storage backends like FileStore
and KStore but similar to BlueStore. BlueStore is a drastic redesign compared to FileStore and
KStore. It directly operates on raw block storage, using only a thin user space file system called
BlueFS in combination with RocksDB for the metadata [Aghayev et al., 2019].
Since there is no ranking of object stores in the DB-Engines ranking, we have compiled a list
of prominent object stores in no particular order.
•
•
•
•
•
•

Amazon S3109
OpenStack Swift110
MinIO111
OpenIO112
RADOS113
BlueStore114

109 https://docs.aws.amazon.com/s3/

110 https://wiki.openstack.org/wiki/Swift
111 https://min.io/

112 https://www.openio.io/

113 https://ceph.io/en/,https://docs.ceph.com/en/latest/radosgw/
114 https://ceph.io/en/

and

https://docs.ceph.com/en/latest/rados/configuration/bluestore-config-ref/
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