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Architektur einer spaltenbasierten HauptspeicherDB

Hasso Plattner „The Impact of Columnar In-Memory Databases on Enterprise Systems“ (2014)
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Figure 2: Architecture Blueprint of Columnar In-Memory Database.

for parallel recovery as log entries can be replayed in any
order [25]. Periodically created checkpoints provide con-
sistent snapshots of the database on disk in order to speed
up recovery. Additional concepts leveraging the read-mostly
workload like hot and cold data partitioning, transparent ag-
gregate caches and read-only replication for scalability are
discussed in Section 5.

In summary, the fast sequential memory scan speed of to-
day’s systems allows for a new database architecture for en-
terprise systems that combines various database techniques
like columnar table layouts, dictionary compression, multi-
version concurrency control and the insert only approach.
In addition, the proposed database architecture enables the
redesign of applications, as fast on-the-fly aggregations are
possible and eliminate the need to maintain complex hier-
archies of aggregates on application level.

3. TRANSACTION PROCESSING
It is a common belief that a columnar data layout is not

well-suited for transactional processing and should mainly
be used for analytical processing [1]. I postulate that this is
not the case as column-based system architectures can even
be superior for transactional business processing if a data
layout without transaction maintained aggregates is chosen.

Transactional business processing consists of data entry
operations, single record retrieval and set processing. Most
single record retrievals are accesses to materialized aggre-
gates and therefore logically retrieve results of aggregated
sets of records. Therefore, for our discussion why column-
based architectures are faster for transactional business pro-
cessing than row-based architectures, we consider data entry
performance and set processing capabilities.

3.1 Data Entry
The cost of data entry consists of record insertion and

potentially updating related materialized aggregates. Sin-
gle inserts of full records are slower in column-based than in
row-based system architectures as the operation requires ac-
cess to all attributes of a table which are distributed across
various locations in main memory instead of one sequential
access.

In case of transaction-maintained aggregates, each data
entry operation requires an update of all corresponding ag-
gregates, increasing the cost and complexity of the data en-
try. By dropping all transaction-maintained aggregates, in-
dices and other redundant data structures, we can signifi-
cantly simplify data entry transactions.

Analyzing typical data entry transactions in detail reveals
that the overhead of maintaining aggregates on data en-
try by far outweighs the added insert costs of columnar ta-
bles. As an example, consider the data entry process of the
SAP Financials application with the underlying data model
as outlined in Figure 3. The master data tables contain
customer, vendor, general ledger and cost center informa-
tion and additional tables that keep track of the total per
account. The actual accounting documents are recorded
in two tables as an accounting document header and its
line items. The remaining tables replicate the accounting
line items as materialized views with various filters and dif-
ferent sort orders to improve the performance of frequent
queries. Separate tables for open and closed line items exist
for vendors (accounts payable), customers (accounts receiv-
able) and general ledger accounts. Additionally, controlling
objects are maintained containing all expense line items.

Figure 5 shows the fifteen consecutive steps for posting
a vendor invoice in the classic SAP Financials application,
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■ Insert-Only-Ansatz

■ Main-Delta- und Chunk-Architektur

■ History-Partition

■ Hot-Cold Datenpartitionierung

■ Replikation

Architektur einer spaltenbasierten HauptspeicherDB
Datenbankoptimierungen
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■ Gelöschte Daten erzeugen Lücken in den Datenstrukturen

■ Reorganisation/Lückenschluss ist in spaltenorientierten Datenbanken teuer, da alle Spalten 
umorganisiert werden müssen und Datenkompression die Umorganisation zusätzlich 
erschweren kann

Insert-Only-Ansatz

■ Gelöschte Daten werden nicht überschrieben, sondern als ungültig markiert

■ UPDATEs sind als INSERT und DELETE umgesetzt 

■ Verschiedene Implementierungen:

□ Bitmap pro Tabelle, die Gültigkeit einzelner Tupel angibt

□ Gültigkeitsbereich pro Tupel à ermöglicht Multi Version Concurrency Contol (MVCC)
(Details in 09_DB_Nebenläufigkeitskontolle)

Insert-Only-Ansatz
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■ Dictionary-Kompression: Sortiertes vs. unsortiertes Dictionary (Wiederholung)

□ Pro Sortierung:

– Suche der Wert-ID im Dictionary hat Komplexität O(log(n)) statt O(n)

– Bereichsabfragen (range queries) beschleunigen

– Dictionary kann besser komprimiert werden

□ Contra Sortierung:

– Einfügen neuer Werte kann eine Reorganisation der Datenstrukturen benötigen 
(um Sortierung zu bewahren oder wenn sich die Anzahl der benötigten Bits pro 
Wert-ID verändert)

■ Löschen von Tupeln führt zu „Lücken“

Main-Delta-Architektur
Motivation
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Main-Delta-Architektur
Idee: Zwei verschiedene horizontale Partitionen

■ Leseoptimierte Main-Partition 
mit sortiertem Dictionary

■ Schreiboptimierte Delta-Partition 
mit unsortiertem Dictionary
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■ Gute Leseperformanz und günstigeres Einfügen

□ Gute Leseperformanz, da Daten komprimiert sind

□ Günstigeres Einfügen, da Dictionary und Attributvektor nicht aufwendig 
umorganisiert werden müssen

■ Benötigt mehr Speicher

□ zusätzlicher Baum fürs Dictionary

□ i.d.R. keine Attributvektorkomprimierung

■ Keine effizienten Bereichsabfragen

Main-Delta-Architektur
Delta-Partition
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■ INSERTs werden im Delta gespeichert

■ DELETEs erzeugen ungültige Tupel (im Main und Delta)

■ UPDATEs sind als INSERT und DELETE umgesetzt (Insert-Only-Ansatz)

à

■ Delta wächst kontinuierlich

■ Main und Delta bekommen „Lücken“

à

■ Datenreorganisation / Merge / Tuple-Mover notwendig

(Anfrageoptimierung für zukünftige Queries)

Main-Delta-Architektur
Schreiboperationen

11



■ Asynchroner Prozess in Bezug auf Anfragebearbeitung

(speicherintensiv, aber optimierbar)

■ Angestoßen durch Anzahl der Tupel im Delta oder durch Kostenmodell (oder manuell)

■ Schritte:

□ „Merge“ Main- und Delta-Dictionary (Optional: Löschen nicht benötigter Werte)

□ Erstellen der Abbildung: alte Wert-ID à neue Wert-ID (für Main und Delta)

□ (Main-)Attributvektor neu schreiben

□ (Delta-Partition ist nach dem Merge-Prozess leer)

Main-Delta-Architektur
Merge-Prozess

12



■ Motivation: Kosten für Merge-Prozess steigen mit der Zeit

■ Idee:

□ Mehrere Chunks/Blöcke fester Größe

(horizontale Partitionen)

□ Drei Chunktypen (Phasen werden sequentiell durchlaufen)

à komprimierte Chunks sind (im Vergleich zum Main) „stabil“ (kein Merge)

Main-Delta-Architektur
Alternative: Chunks
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Main-Delta-Architektur
Alternative: Chunks – Example
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Storage layouts for HTAP database must support e�cient read
and write operations. This is often achieved by separating the
data into read- and write-optimized partitions. Data is always
added towrite-optimized partitions. Update and delete operations
invalidate entries in read-optimized partitions. From time to time,
data has to be moved from write- to read-optimized partitions.

This transformation may happen by merging data of write-
optimized partitions into read-optimized partitions [15, 27]. Merg-
ing may require re-encoding of already compressed data. Further-
more, the merge algorithm introduces implementation-speci�c
complexity. For example, modi�cations to currently merged data
have to be handled. In addition, the same data is encoded re-
peatedly during consecutive merge processes. Last, merge costs
increase with the size of involved partitions.

To avoid a merge process in Hyrise2, tables are implicitly
divided into Chunks, horizontal partitions of a certain size. Opti-
mal chunk sizes are both data- and workload-dependent. A self-
driving database system would decide on these autonomously. So
far, our experiments showed suitable sizes to be between roughly
�fty thousand and a few million records. The optimal chunk size
is largely independent of the width of the table, both in terms of
data sizes and number of columns in our default setup, where a
column-based layout and dictionary encoding are used.

There are two types of chunks, mutable and immutable chunks.
Initially, chunks are mutable and append-only containers. Data is
added in a plain, unencoded fashion. When a chunk’s capacity is
reached it becomes immutable. Once this happens, encodings (cf.
Section 2.3) can be asynchronously applied. Chunks encapsulate
fractions of all of the table’s columns, so-called segments.

There are a couple of advantages of the chunk-based approach.
First, by implicitly partitioning the data, both multiprocessing
(one core processes one chunk) and data placement, e.g., in NUMA
environments, are simpli�ed. Chunks can easily be distributed
over multiple NUMA nodes, thereby leveraging multiple memory
busses and CPUs for simultaneous processing.

Furthermore, auxiliary data structures like indexes and �lters
can be created on a per-chunk basis. Thus, these data structures
are only created for those chunks where they yield a certain
bene�t. It also o�ers the �exibility to create di�erent structures,
for example, di�erent index types for di�erent chunks. The same
can be applied to encodings: Some segments of a column might
stay unencoded, others dictionary-encoded, and further segments
run length-encoded.

Chunks are implicitly prunable entities. Thereby, in some
cases, they can be excluded early from query processing without
having to process the contained data. This can be achieved by
using approximate membership query properties of �lters (cf.
Section 2.4) or characteristics of certain encoding types.

Partitioning the data into chunks has some drawbacks that
need to be mitigated. First, it introduces the memory cost of
storing per-chunk metadata. If, however, chunk sizes are chosen
to be hundreds of thousands or millions of rows, this is not an
issue as we show in Section 5.2. Second, for some encoding types,
chunks may introduce redundant storage of information. For
example, chunks encoded using the dictionary encoding store
values that occur in all chunks over and over again in every chunk-
local dictionary. On the other hand, if the overlap of values across
chunks is low, the size of the dictionary can be kept low, and the
number of needed bits for the attribute vector is reduced. Thus,
choosing the optimal chunk size is a tradeo� between memory
overhead and �exibility.
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Figure 2: Depiction of Hyrise’s storage layout for an exem-
plary table T with n chunks and three attributes.

2.3 Segment Encoding
To our best knowledge, all modern columnar andmemory-resident
databases employ some form of column encoding. This is to (i)
compress data and reduce memory consumption, (ii) better utilize
the available memory bandwidth by increasing the entropy, and
(iii) increase performance since operations on integer-encoded
columns can be vectorized and processed by modern CPUs more
e�ciently. This e�ect is even stronger when relational operators
can operate on encoded data without prior decoding.

Hyrise supports both logical (i.e., mapping input data to an
integer representation) and physical (i.e., further compressing
integer codes) encoding schemes (cf. [13]). The implemented
logical schemes include frame of reference, run length, and order-
preserving dictionary encoding. The physical ones include �xed-
size byte alignment and SIMD-BP128 for null suppression. Logical
and physical encoding schemes can be arbitrarily combined so
that existing logical schemes can pro�t from a new physical
encoding without modi�cation.

Hyrise1 includes several encoding and compression schemes,
but as mentioned above, no abstraction layer separated the data
layout and the execution engine. This caused maintainability
and performance issues and led us to formulate the following
requirements for an encoding framework in Hyrise2:

• The encoding framework should be an abstraction layer
where operators do not need to be implemented for each
added encoding type.

• Still, implementing specialized access methods for cer-
tain encodings should be possible. For example, scans on
dictionary-encoded columns should search for the integer
value id, without having to decompress the data.

• Performance should be on par with manually optimized
encoding schemes. This means that the compiler should be
able to statically resolve the abstractions without having
to resort to virtual method calls in hot loops.

���

Dreseler et al. „Hyrise Re-engineered: An Extensible Database System 
for Research in Relational In-Memory Data Management “ (2019)

Beispiel eines Speicherlayouts in Hyrise mit 

■ n Chunks

■ 3 Attribute



■ Tupel aus komprimierten Chunks können gelöscht/ungültig werden

à Merge mehrerer „löchriger“ Chunks

■ Potenziell höherer Speicherverbrauch (mehrere gleiche Dictionary-Einträge für 
unterschiedliche Chunks vs. weniger Bits pro Wert-ID)

■ Implementiert in Hyrise

Main-Delta-Architektur
Alternative: Chunks - Anmerkungen
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■ Insert-Only-Ansatz: Gelöschte Daten werden nicht überschrieben, sondern ungültig

+ MVCC/Snapshot-Isolation (und Zeitreise-Queries)

+ Möglicherweise gesetzlich vorgeschrieben

- Speicherverbrauch

- Höhere Scan-Kosten

■ Ungültige Daten werden (z.B. beim Merge) in die History-Partition geschoben und bei der 
(normalen) Anfragebearbeitung nicht mehr gelesen

History-Partition
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■ Fast jede Anwendung folgt dem „working set model“

□ “there is a subset of (pages) that are accessed distinctively more frequently”

Peter Denning “The working set model for program behaviour” (1968) 

■ In Unternehmensanwendungen: aktuelles vs. erstes Geschäftsjahr

■ Hot-Cold-Datenpartitionierung ist die Ausnutzung dieses Wissens bei der Datenspeicherung

■ Idee:

□ Partitioniere Daten in Blöcke und speichere Metainformationen zu den Daten pro Block

□ Prüfe bei der Anfragebearbeitung anhand der Metainformationen, ob die Partition 
relevante Daten enthält und gelesen werden muss

Hot-Cold-Datenpartitionierung
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■ Vorteile:

□ Performanzsteigerung durch das Weglassen des Scans der “historischen” Datenpartition

□ Geringere HW-Kosten durch günstigeren Speicher

Current-Historical Datenpartitionierung
Ein Extremfall von Hot-Cold Datenpartitionierung

Aktuelle (current) Daten

■ Durch den Anwendungsentwickler
als relevante Daten definiert

■ Alle veränderbaren Daten

■ Häufig zugegriffene Daten (hot)

■ Auf schnellen Speicher

Historische/ältere (historical) Daten

(≠ gelöschte Daten)

■ Die restlichen Daten sind „historisch”

■ Daten werden nur noch gelesen

■ Selten zugegriffene Daten (cold)

■ Teilweise auf günstigeren (langsameren) 
Speicher ausgelagert
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■ Wie oft wird auf historische Partitionen zugegriffen?

□ Für tägliche Geschäftsprozesse fast nie

□ Die meisten analytischen Anfragen greifen auch nur auf aktuelle Daten zu

■ Um unnötige Zugriff auf nicht relevante (historische) Partitionen zu vermeiden 
(z.B. bei defensiver Programmierung oder Anwendungen, die die Partitionierung nicht kennen), 
können spezielle Datenstrukturen (Pruning-Filter) verwendet werden, die Metainformationen 
zu den Daten der Partition speichern

□ Platz-effiziente probabilistische Datenstrukturen

□ Fassen die Daten (Werte, Wertebereiche und Kombinationen) von Partitionen zusammen

□ Erkennen unnötigen Zugriff

Hot-Cold Datenpartitionierung
Pruning-Filter

19



■ Neue Unternehmensanwendungen .. 

□ .. locken zunehmend Nutzer an

□ .. stellen zunehmend komplexe Anfragen

□ .. unterstützen interaktive Datenexploration

.. erfordern Skalierbarkeit

■ Verwende Datenbankreplikate (zusätzlicher Computer als Kopien des Datenbanksystems) 
für Anfragebearbeitung (und zur höheren Verfügbarkeit)

■ Replikationsverfahren können klassifiziert werden

■ Aktive Master-Replikation: Replikatknoten verarbeiten ausschließlich lesende Anfragen auf 
Snapshots (konsistenten Kopien) des Masters

Replikation
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Figure 10: Read-Only Replication.

tions such as open invoices or open customer orders. Since it
is often desirable to compare the current year with the last
year, we apply the same logic to last years data. All other
transactional data can be considered as cold. Master data
and configuration data always remains hot as it is frequently
requested and only consumes little main memory capacity.
If we want to access historic data, we simply access both hot
and cold data partitions. On the other hand we can concen-
trate all business activities, including monthly, quarterly, or
yearly reports on the hot data partition only. Our analy-
sis shows that the hot data volume is typically between two
and ten percent of the data volume of a traditional database.
This is even less than a traditional database typically uses
for its in-memory cache.

5.5 Read-only Replication
Despite the aggregate cache, the increasing demand of

new applications, more users and more complex queries can
eventually saturate a single-node in-memory database sys-
tem.

To keep up with the growing demand for flexible reports,
we propose a read-only replication of the transactional schema.
The scale-out is performed by shipping the redo log of the
master node to replications that replay transactions in batches
to move from one consistent state to the next [14]. Figure 10
provides an overview of this design. The need for real-time
information depends on the underlying business function-
ality. While many applications of the day-to-day business
such as stock level or available-to-promise checks need to run
on the latest data to produce meaningful results, others can
work with relaxed isolation levels. I propose that a powerful
master node handles transactions and OLXP workload with
strong transactional constraints.

Modern IT solutions create business value through ana-
lytical applications on top of the transactional data. Cus-
tomers can access the system to track the status of their
orders, sales managers are enabled to analyze the customers
profile and use analytical applications such as recommenda-
tions and managers access run decision support queries.

These applications create the majority of the system load,
but they have relaxed real time constraints. The queries can
work on snapshots and evaluated on read-only replicas of
the same transactional schema. Contrary to existing data
warehousing solutions with an ETL process, the applications
can be created with all flexibility, as all data is accessible up
to the finest level of granularity.

These read-only replicas can be scaled out and perform

the share of the read-only workload that has relaxed trans-
actional constraints. Since there is no logic to transform
data into a different representation, the replication for typ-
ical enterprise workloads can be performed with a delay of
less than a second. In turn, the transactional workload is
not hindered and all applications can use the same transac-
tional schema, without the need for complex and error-prone
ETL processes.

6. FUTURE RESEARCH
Our ongoing research efforts are concentrated on workload

management features for the proposed database architec-
ture [26], lightweight index structures for column stores [4]
and optimized transaction handling for highly contentious
workloads. For future work, we foresee several areas of re-
search for further investigation.

Although hierarchies can be modeled in the data schema
by using techniques as adjacency lists, path enumeration
models and nested set models, querying complex hierarchies
expressed in standard SQL can be cumbersome and very ex-
pensive. Consequently, we plan to further investigate new
ways of calculating and maintaining hierarchies of dynamic
aggregates. Additionally, applications need to be redesigned
in order to allow users to define new hierarchies. Intuitive
mechanism for describing and modeling hierarchies are nec-
essary. This can be beneficial for both, the caching of dy-
namic aggregates and for new applications including enter-
prise simulations and ’what-if’ scenarios.

The availability of large capacities of main memory has
been one of the hardware trends that make the proposed
database architecture a viable solution. New changes to
the commodity hardware stack, such as non-volatile memory
and hardware transactional memory are on the horizon and
the database architecture will be adapted to leverage these
technologies. In a first step, non-volatile memory can easily
be used as a fast storage medium for the database log. In
the future, the primary persistence might be stored on non-
volatile memory allowing to significantly decrease recovery
times, introducing the new challenge of directly updating
the durable data using a consistent and safe mechanism.

The new provided flexibility in maintaining multiple re-
porting hierarchies or analyzing recent business data in near
real-time will lead to completely new types of applications.
The possibility of predicting future trends or quickly react-
ing on changing trends by running complex enterprise simu-
lations directly on the actual transactional data will change
the way businesses are organized and managed.

7. CONCLUSION
In 2009, I proposed a column-based system architecture

for databases that keeps data permanently resident in main
memory and predicted that this database design will replace
traditional row-based databases [16]. Today, we can see
this happening in the market as all major database ven-
dors follow this trend. In the past 5 years, we have proven
the feasibility of this approach and many companies have
this database architecture already in productive use. The
experiences gained by rewriting existing applications and
writing new applications, which I have not even dreamed
that they are possible ten years ago, have confirmed that
column-based systems without any transaction-maintained

1728
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■ Aktive vs. passive Replikation

□ Replikate werden für Anfrageverarbeitung (aktiv) und nicht nur als Backup (passiv) 
verwendet

■ Master- vs. Multimaster-/Group-Replikation

□ Ein einzelner Computer (Master) ist für die transaktionale Verarbeitung zuständig

(keine teuren verteilten Transaktionen)

■ Weitere Spezialisierung/Klassifikation von Replikationsverfahren:

□ Sofortige vs. „träge“ Synchronisation der Replikate

□ Logische vs. physische Synchronisationsinformationen

□ Homogene vs. heterogene Replikate

Aktive Master-Replikation

21



■ Sofortige vs. „träge“ Synchronisation der Replikate

□ Sofortig („eager“): Aktualisiere Replikate als Teil der Transaktion

□ „Träge“ („lazy“): Aktualisiere Replikate asynchron zur Transaktion

■ Logische vs. physische Synchronisationsinformationen

□ Logisch: Operationen, z.B. SQL-Anfragen

□ Physisch: Datenänderungen

■ Homogene vs. heterogene Replikate

□ Homogen: Replikate als genaues „Spiegelbild“ des Masters

□ Heterogen: Replikate speichern Teilmengen der Daten oder optimierte Datenstrukturen

Replikation
Weitere Klassifizierung von Replikationsverfahren

22



Replikation der Daten basierend auf Anfragen, die Teilmengen von Daten benötigen
und für einen bestimmten Workload-Anteil verantwortlich sind

■ Partielle Replikatknoten speichern nur Teilmengen der Daten und verbrauchen daher 
weniger Speicherplatz

■ Partielle Replikatknoten können nur Teilmenge der Anfragen (für die alle relevanten 
Daten gespeichert sind) bearbeiten

à Effiziente Skalierung

Replikation
Heterogene Replikation – Partielle Replikation
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Fig. 1. Workload-driven fragment allocation. Single tables, marked with different colors, consist of individual fragments. Queries correspond to different
workload shares (left hand side of the figure). Processing queries requires storing subsets of fragments. The objective is to minimize the overall memory
consumption of the replication cluster while evenly balancing the load among (four) replica nodes. The right hand side of the figure illustrates a valid allocation.
Transparent fragments visualize the memory savings per partial replica.

TABLE I
ILLUSTRATING EXAMPLE OF QUERIES, ASSOCIATED REQUIRED

FRAGMENTS, AND TOTAL WORKLOAD SHARES (MEASURED BY QUERY
COSTS ⇥ FREQUENCY), Q = 5, N = 10.

queries j fragments i costs cj ⇥ frequency fj workload share

q1 1, 2, 3, 4 5 ⇥ 20 10%
q2 3, 4, 5, 6 50 ⇥ 3 15%
q3 7, 8, 9 10 ⇥ 25 25%
q4 8, 9, 10 20 ⇥ 10 20%
q5 1 6 ⇥ 50 30%

We assume a workload, where queries qj occur with frequency
fj ; the costs of a query qj are independent of the executing
node k, k = 1, ...,K, and denoted by cj , j = 1, ..., Q.

Query costs are numerical and can be modeled in several
ways, for instance, via the average processing time of a
query or by using advanced cost models for specific database
systems, e.g., considering memory hierarchies and memory
access patterns for main memory databases.

Based on all queries’ frequencies and costs, we obtain the
workload share of each query. The input parameters of an
illustrating example with Q = 5 queries are summarized in
Table I describing examples of queries with their accessed
fragments and workload shares (cf. frequency ⇥ costs).

An algorithm has to decide (i) on which node to put which
fragments and (ii) which query is executed at which node to
which extent. The data placement problem and the workload
distribution problem cannot be decoupled and have to be
simultaneously solved. Further requirements are:

(a) A query j can only be executed at node k, if all relevant
fragments are stored on node k.

(b) A perfect workload distribution aims at a workload share
of 1/K at each node k.

(c) Additional factors can be taken into account: costs to
synchronize replica nodes with regard to data modifica-
tions, reallocation costs to react on workload changes,
and robustness of allocations to cope with node failures.

III. ALLOCATION ALGORITHMS

In this section, we describe the key ideas of three state-of-
the-art allocation algorithms to be compared.

A. Optimal Solution via Linear Programming

The described fragment allocation problem is NP-hard.
However, it can be formulated as a linear mixed integer prob-
lem. The complexity of the LP problem quickly increases with
the number of queries, fragments, and nodes. The problem can
be optimally solved using off-the-shelf solvers as long as the
size of the problem is sufficiently small. For instance, it is
only possible to calculate optimal solutions (within 8 hours)
for TPC-H (61 fragments, 22 queries) for up to 8 nodes and
TPC-DS (425 fragments, 99 queries) for up to 5 nodes [5].

B. Greedy Heuristic

The heuristic of Rabl et al. [4] starts to assign queries
which account for a large workload share and access the most
data, because these queries potentially cause the highest data
duplication if they are assigned late. In specific, queries are
ordered by the product of the workload share and the total size
of accessed fragments. The node to assign a query is chosen by
determining the largest overlap of already allocated fragments
and those accessed by the query (nodes with no assigned
queries are treated as if they have a complete overlap.)

If a query’s workload share exceeds the workload capacity
of a node, the replica is assigned up to its limit and the
remaining workload share has to be assigned later.

The algorithm runs in polynomial time. The heuristic has
two shortcomings: First, when ordering the queries, the ac-
cessed fragments are not regarded (only their sizes). Second,
the remaining queries are not regarded. Details of the algo-
rithm are described in [4].

C. Decomposition-Based Heuristic

The key idea of the decomposition-based heuristic is to
recursively split the workload into smaller workload packages
(chunks) such that the data redundancy is minimized in each

Halfpap and Schlosser „A Comparison of Allocation Algorithms for Partially Replicated Databases“ (2019)



Zusammenfassung

■ Main-Delta-Architektur mit leseoptimierter Main- und schreiboptimierter Delta-Partition

■ Chunk-Architektur als Alternative um steigende Merge-Kosten zu meiden

■ History-Partition speichert gelöschte Daten

■ Historische Partition speichert nicht mehr „relevante“ Daten, die für die meisten Anfragen 
nicht mehr gelesen werden müssen

■ Replikation ist eine Möglichkeit Leseanfragen auf zusätzlichen Computern zu skalieren
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