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RESUMO

A tecnologia de Bancos de Dados em Memoria manipulam o banco de dados primério em
memoria principal para prover alta vazao de dados e baixa laténcia. Entretanto, a volatilidade
da memodria faz os bancos de dados em memoria muito mais sensiveis a falhas. O contetdo do
banco de dados € perdido em tais falhas e, como resultado, o sistema deve ficar indisponivel por
um longo tempo até o processo de recuperagdo ter sido terminado. Assim, novas técnicas de
recuperagdo sao necessdrias para recuperar bancos de dados falhados o mais rapido possivel. Esta
tese apresenta MM-DIRECT (Main Memory Database Instant RECovery with Tuple consistent
checkpoint), uma técnica para recuperacao de bancos de dados em memdria capaz de escalonar
transagOes simultaneamente ao processo de recuperacdo do banco de dados desde o reinicio
do sistema. Dessa maneira, é dada a impressdo de que o banco de dados foi recuperado
instantaneamente. Além disso, essa abordagem de recuperacdo implementa um checkpoint
consistente a nivel de tupla para reduzir o tempo de recuperagdo. Para validar a abordagem
proposta, experimentos foram executados em um protétipo implementado no banco de dados
Redis. Os resultados mostram que a técnica de recuperacao instantanea efetivamente prové
altas taxas de vazao de transac¢des durante o processo de recuperag@o e durante a processamento

normal do banco de dados.

Palavras-chave: bancos de dados; banco de dados em memdria; falha de sistema; recuperagao

instantanea.



ABSTRACT

Main Memory Databases (MMDBs) technology handles the primary database in Random Access
Memory (RAM) to provide high throughput and low latency. However, volatile memory makes
MMDBs much more sensitive to system failures. The contents of the database are lost in
these failures, and, as a result, systems may be unavailable for a long time until database
recovery process has been finished. Therefore, novel recovery techniques are needed to repair
crashed MMDBs as quickly as possible. This thesis presents MM-DIRECT (Main Memory
Database Instant RECovery with Tuple consistent checkpoint), an MMDBs recovery technique
able to schedule transactions simultaneously with the database recovery process at system
startup. Thus it is giving the impression that the database is instantly restored. The approach
implements a tuple-level consistent checkpoint to reduce the recovery time. In order to validate
the proposed approach, experiments have been performed in a prototype implemented on the
Redis database. The results show that the instant recovery technique effectively provides
high transaction throughput rates even during both the recovery process and normal database

processing.

Keywords: database; in-memory database; main memory database; system failure; instant

recovery.
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1 INTRODUCTION

In-Memory Database (IMDB), or Main-Memory Database (MMDB), technology has
proved to be an efficient alternative for a real-time view of operational data (OLTP-style) and high-
performance critical-mission situations due to high throughput rates and low latency provided by
these systems. This is because, in such a system, the database resides in random access memory.
Additionally, the development of new memory technologies has provided a larger storage capacity
with lower costs. To illustrate our claim, memory storage capacity and bandwidth are growing at
arate of 100% every three years. In the meanwhile, RAM costs are falling by a factor of 10 every
five years (TAN et al., 2015; ZHANG et al., 2015). Moreover, other recent hardware/architecture
improvements can potentially provide better performance to MMDBs with low overhead, such as
NUMA architecture (LEIS et al., 2014), SIMD instructions (WILLHALM et al., 2009), RDMA
networking (MITCHELL et al., 2013), hardware transactional memory (LEIS et al., 2014), and
non-volatile memory (ARULRAIJ; PAVLO, 2017). Such advances have boosted the development
of MMDBs. Section 2.4 presents the core technologies that leverage MMDBs.

The technological foundations of MMDB arose in the 1980s (DEWITT et al., 1984;
HAGMANN, 1986; EICH, 1986; EICH, 1987a; LEHMAN; CAREY, 1987; EICH, 1987b).
In this period, some products were developed, such as IMS/Fast Path (STRICKLAND et al.,
1982; GAWLICK; KINKADE, 1985), MARS MMDB (EICH, 1987b), System M (SALEM,;
GARCIA-MOLINA, 1990), TPK (LI; NAUGHTON, 1988), OBE (BITTON et al., 1987), and
HALO (GARCIA-MOLINA; SALEM, 1992), just to name a few. Much of this research has
focused on improving the performance of traditional disk-based Database Management System
(DBMS) or fitting the entire database into the main memory. However, the high price and limited
capacity of RAM at that time made the application of MMDB an infeasible solution. Nonetheless,
in the nineties, the advances in hardware technology re-generated interests in MMDB research
(GARCIA-MOLINA; SALEM, 1992; LEVY; SILBERSCHATZ, 1992; ZHANG et al., 2015;
TAN et al., 2015). Some commercial MMDBs emerged and were employed in performance-
critical applications, mainly in telecommunication and stock market applications. Examples of
such MMDBs are Dali/DataBlitz (JAGADISH et al., 1994; BAULIER et al., 1999), ClustRa
(HVASSHOVD et al., 1995), TimesTen (LAHIRI et al., 2013; TEAM, 1999) and P*Time (CHA;
SONG, 2004).

A straightforward and simple assumption of how to implement an MMDB is to

increase the size of the main memory of a disk-based database system to fit the entire database in
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the cache. This is an easy way to minimize access to secondary memory and improve system
performance. However, simply replacing the storage layer of a disk-resident database with the
main memory does not make it as efficient as an MMDB. This is because the complex components
of traditional disk-based databases focus on improving access to secondary storage. For example,
the buffer manager must check if every data request is in the cache and which is not. MMDBs
are designed to optimize access to main memory instead of secondary memory. They are not
dependent on disk logical layout (e.g., block size) and can store data in any format to achieve high
throughput rates (HAZENBERG; HEMMINGA, 2011; GUPTA et al., 2014; HARIZOPOULOS
et al.,2019). Some MMDBs give a direct pointer to the main memory to access an object. This
is called swizzling (STONEBRAKER, 1991; GARCIA-MOLINA; SALEM, 1992). The main
architectural attributes of an MMDB must be redesigned considering access to the main memory
to achieve its potential, such as data storage, indexing, concurrency control, query processing,
durability, and recovery (HAZENBERG; HEMMINGA, 2011; GUPTA et al., 2014).

To illustrate the potential of MMDBs, the work (DIACONU et al., 2013) provides
a comparison and evaluation between the traditional SQL Server and Hekaton (an in-memory
engine). Both products are from Microsoft. Figure 1 shows the results of the experiments
performed in the SQL Server and Hekaton running a typical customer workload. Both databases
residing entirely in memory. With 12 cores, Hekaton had a throughput of 36,375 transactions
per second, 15.7X performance improvement over the SQL Server, which had only 2,312
transactions per second. This result is due to the traditional design of disk-resident systems (e.g.,

latch contention).

Figure 1 — Hekaton vs. SQL Server scalability

System throughput
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Source: Diaconu et al. (2013).
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1.1 The research problem

MMDBs provide very high throughput rates since the primary database is handled
in volatile storage. However, this feature renders in-memory systems more vulnerable to some
sources of disruption that do not occur in disk-resident systems. The fact that the database resides
in volatile storage is the most critical problem for MMDBs when a crash occurs. For this reason,
recovery after failures is a critical feature in MMDBs. The MMDB recovery component should
be effective and efficient. Effectiveness ensures that after a crash, the consistent database state,
which existed before the failure, is restored. In turn, efficiency ensures that the recovery process
achieves its goal in a short time to make the database available as soon as possible. The recovery
process involves other activities performed during database transaction processing, e.g., logging
and checkpoint (HARDER; REUTER, 1983; GRUENWALD et al., 1996; MOHAN et al., 1992).

The recovery mechanism is responsible for restoring the database to the most recent
consistent state before a system failure has occurred. In this way, after a system crash, the
recovery manager loads the last valid checkpoint (a prior database backup copy) and then starts
to execute all actions recorded in the log file forward from the checkpoint record. Nonetheless,
those activities can introduce a costly overhead to the execution of new transactions, since the
MMDBs is not able to schedule them until the recovery process has finished (MOHAN; LEVINE,
1992; GRUENWALD et al., 1996; MALVIYA et al., 2014).

In most MMDBs, the recovery process is performed offline. In other words, the
database system becomes available to service new transactions only after the full recovery
process is completed. One may claim that MMDBs may keep database replicas to ensure high
availability. Nevertheless, the replication mechanism is not immune to errors and unpredictable
defects in software and firmware. Besides, adding high availability infrastructure to a system can
become expensive to deploy and maintain (WU et al., 2017; FAERBER et al., 2017; TAN et al.,
2015).

1.2 The proposed solution

In this sense, this thesis proposes an instant recovery mechanism for MMDBs, de-
noted MM-DIRECT (Main Memory Database Instant RECovery with Tuple consistent
checkpoint). MM-DIRECT implements a generic recovery mechanism, which may be embeded

in any main memory database system. MM-DIRECT allows MMDBs to schedule new transac-
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tions immediately after the system starts up. Figure 2 emphasizes the benefits of instant recovery
(described in this work) concerning MMDB standard recovery (implemented by most MMDBs).
Figure 2 represents the average transaction throughput over small time intervals. Looking more
closely at Figure 2, one may observe that the standard recovery mechanism (represented by the
yellow line) has downtime after a failure while the database is recovering. On the other hand,
the instant recovery mechanism (blue line) is able to schedule transactions immediately after
the system starts up during the recovery process. Thus, applications and users do not notice
the recovery process, giving the impression that the system was instantly restored. Since the
proposed instant recovery mechanism schedules transactions as quickly as possible, it delivers
higher Input/Output Operations per Second (IOPS) rates, i.e., it executes workloads faster than

the standard recovery mechanism.
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Figure 2 — Database recovery: Instant Recovery vs. Default Recovery

The main idea behind the concept of instant recovery is to recover database tuples
individually, tuple by tuple incrementally. This mechanism naturally supports high availability
because transactions can access tuples immediately after they are restored into memory. Also,
during recovery, if transactions require tuples that have not yet been loaded into memory, those
tuples can be recovered on demand. Thus, this recovery mechanism allows the system to recover
the database completely in parallel with transaction processing, as a tuple can be used for new
transactions as soon as it is restored to memory. (SAUER et al., 2017; MAGALHAES et al.,
2021; MAGALHAES, 2021).

Conventional database systems write update records into a sequential log file. For



23

that reason, the recovery process in such systems cannot be performed incrementally and on-
demand, i.e., it makes instant recovery impossible. The sequential log file has inefficient reads
for individual log records. A full log scan must be done to restore a given tuple individually. In
this scenario, transactions can only be executed after the recovery process has finished (SAUER
et al., 2017; MAGALHAES et al., 2021; MAGALHAES, 2021).

The instant recovery mechanism proposes a new log file organization. In this case,
the log file is structured as a B -tree (COMER, 1979) to enable the efficient retrieval of log
records individually (SAUER et al., 2017; MAGALHAES et al., 2021; MAGALHAES, 2021).
The proposed B -tree log file uses the database’s tuple ID as a search key value. Update records
for a tuple are stored in the leaf node that contains a search key value equal to the tuple ID. This
log organization enables the efficient recovery of a single tuple. A single fetch on the B -tree can
retrieve all necessary log records to recover one tuple. Thus, the system can recover the database
by traversing the leaf nodes of the B -tree, restoring tuple by tuple incrementally. If necessary,
a tuple can be restored on-demand by fetching the B*-tree using the tuple ID. Although this
mechanism has been designed to use a BT -tree, the mechanism also enables to support other
index structures, such as a Hash table (LITWIN, 1980).

The recovery mechanism proposed in this work stores transaction update records in
a B*-tree during system running. However, transactions do not wait for log record insertions in
the BT -tree log for them to be committed. The proposed logging technique writes log records to
a sequential log file at commit time, which is much faster than writing records into the B*-tree
log file. Log records are written from the sequential log file to the B™-tree in the background.
Such a strategy does not impact transaction processing throughput. In addition, the B -tree log
file uses a buffering mechanism to mitigate the rate of writing records between the sequential log
and the B*-tree.

The log is a fast-growing file, mainly on OLTP-style systems, characterized by many
update operations on the database. Therefore, log truncation must be performed periodically
to reduce the number of log records to be processed during recovery and consequently reduce
recovery time. In this sense, the proposed logging mechanism implements a tuple consistent
checkpoint to reduce the number of log records stored in the B -tree log file. Furthermore, the
proposed technique does not lose the work done if the checkpoint process is interrupted, unlike
other checkpoint techniques.

We have empirically evaluated the proposed instant recovery mechanism in a proto-
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type implemented on the Redis (REDIS LABS, 2020a; REDIS, 2020), an in-memory database,
in order to prove its efficiency and suitability for MMDBs. Redis database was chosen due to its
simple architecture and easy-to-understand source code. Redis is a key-value database. However,
the proposed logging mechanism can be in any other database, such as relational databases. The
database and workloads used in the experiments correspond to those from Memtier benchmark
(MEMTIER BENCHMARK, 2020). Memtier tool has been employed in several works, such
as Behravesh et al. (2019), Zhang e Swanson (2015), Cao et al. (2016), Ouaknine et al. (2017),
Magalhaes et al. (2021), Kim e Lee (2021), Ibrahim et al. (2018), Choi et al. (2018), and Zhang
et al. (2021).

1.2.1 Research hypotheses

In this thesis we supposed the following research hypotheses:
— H1: An indexed log file is required to support incremental and on-demand database
recovery.
— H2: Inserts of records into the indexed log asynchronous to transaction commit are
necessary to avoid decreasing of transaction throughput during normal MMDB function.
The experiments shown in section 5 were defined to confirm those hypotheses about

the proposed recovery mechanism.

1.3 Thesis contributions

The main contributions of this thesis are the following:

— A recovery mechanism for MMDBs that allows to schedule new transactions during
the recovery process, giving the impression that the system was instantly restored. The
mechanism restores database tuples incrementally and on-demand.

— A very lightweight logging technique that can efficiently read/write log records in order to
restore tuples individually without degrading transaction processing, or as little as possible.

— A checkpoint technique that propagates log record actions to reduce the recovery time. The
technique is also able to checkpoint the most frequently used tuples in order to interfere as
little as possible in the system’s performance. Besides, the work done by this technique
persists even though the checkpoint process is not completed.

— We analyze the behavior of the proposed instant recovery mechanism through experiments
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in an OLTP workload. The results showed that, although the mechanism retrieves data
from secondary memory to recover a database after a system failure, the system maintains

high throughput rates during the recovery process and normal database processing.

1.4 Thesis publications

1. We produced and presented the work "Performance Tuning in NoSQL Databases" through
the initial research we did for the doctorate. This work was presented at the "3rd Regional
School of Informatics of Piaui" (MAGALHAES et al., 2017).

2. We produced and presented the work "In-Memory Database Management Systems" at the
"14th Brazilian Symposium on Information Systems" (MAGALHAES et al., 2018b).

3. We produced and presented the work "Big Data Management and Processing with In-
Memory Databases" at the "1st Latin American Computer Update Journey" that was a
satellite event of the "44th Latin American Computer Conference" (MAGALHAES et al.,
2018a).

4. We presented our PhD project plans (Main Memory Databases Instant Recovery) at the
"Database Theses and Dissertations Workshop" in the "34th Brazilian Symposium on
Databases" (MAGALHAES et al., 2019).

5. Despite the efforts and publications, database recovery is not well understood by the
research community. In-memory database systems are not taught sufficiently in database
courses or discussed enough in database textbooks. Thus, we produced a survey (Main
Memory Database Recovery: a Survey) to elucidate the main issues regarding in-memory
database recovery. The survey was published in ACM Computing Surveys (MAGALHAES
etal.,2021).

6. We developed a prototype in Redis database to evaluate the feasibility of the indexed log
for in-memory database instant recovery proposed in this thesis. The experiment results
performed using the prototype were presented and published in a paper (Indexed Log File:
Towards Main Memory Database Instant Recovery) in the "24th International Conference
on Extending Database Technology (EDBT 2021)" (MAGALHAES et al., 2021). When
this work was published, the prototype had implemented only the techniques of logging
and instant recovery after failures. The checkpoint had not yet been implemented.

7. We presented our PhD project plans (Main Memory Databases Instant Recovery) at the
"VLDB PhD Workshop" in the "47th International Conference on Very Large Data Bases
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(VLDB 2021)" (MAGALHAES, 2021).

8. We presented the work "Main Memory Database Recovery: a Survey" that we published
in ACM Computing Surveys (item 5) as "Distinguished Published Paper" at the "36th
Brazilian Symposium on Databases" (SBBD2021, 2021).

1.5 Thesis organization

The remainder of this thesis is organized as follows. A thorough discussion about
classical database recovery mechanisms is provided in Chapter 2, focusing on ARIES-style
recovery, a quite popular algorithm for recovering traditional databases. Thereafter, that chapter
sheds light on different strategies implemented by MMDBs, some technologies that boosted the
development of MMDBs, and the techniques for implementing recovery in MMDBs. Chapter 3
discusses the related work. It describes some log-structured recovery techniques and the main
features of recovery mechanisms delivered by well-know MMDBs. Chapter 4 presents the
proposed mechanism for MMDBs instant recovery. Chapter 5 discusses the results of empirical
experiments. Chapter 6 presents proposals for futures works. Finally, Chapter 7 concludes this

work.
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2 BACKGROUND
2.1 Database recovery overview

This section aims to present the main concepts of DBMS recovery focusing on
disk-resident systems. We briefly review the ACID properties and some buffer replacement
protocols, features of database crashes, recovery methods, and our main discussion, the ARIES
recovery algorithm. Furthermore, this section discusses some variant ARIES algorithms, and
high availability techniques.

A transaction is a set of database reads/writes that must be handled as a single and
indivisible unit. A standard example of a transaction is the bank money transfer. A bank transfer
is a method of transferring funds from one bank account to another. The implementation of a
transfer basically consists of debiting an amount of money from one account and depositing the
same amount in the other account. If one of the transfer operations fails, all operations must be
undone, as if they had never happened. To achieve this indivisibility, a database system must
maintain the Atomicity, Consistency, Isolation, and Durability (ACID) properties (HARDER;
REUTER, 1983).

A brief explanation of ACID properties follows below (HARDER; REUTER, 1983).

— Atomicity: A transaction is indivisible, i.e., all transaction operations must be performed
properly on the database, or none of them.

— Consistency: A transaction executing in isolation must maintain database consistency.

— Isolation: Each transaction does not notice other transactions performed even in concurrent
systems.

— Durability: Transaction updates must persist in the database after commitment.

Atomicity and durability of transactions are ensured for the recovery manager com-
ponent. After a crash (e.g., power cut, software bugs, storage errors, and others), the database
can be in an incorrect state. At this moment, the recovery manager must ensure that unfinished
transactions will not have their actions reflected in the database (atomicity); and completed
transactions will have their modifications written in the database, even if they have not been
flushed to secondary memory (durability). Such situations may exist due to buffer manager
priority of deciding when to evict a database page from the buffer pool. Both phenomena
may imply an inconsistent database state if a recovery mechanism is not adopted (HARDER;

REUTER, 1983; MOHAN et al., 1992).



28

For performance reasons, most DBMSs adopt Steal and No-force buffer manager
page replacement policies. The buffer manager is the DBMS component that managers the
database buffer pool and reads/writes pages from/to the secondary memory. The steal approach
is used when the buffer manager protocol allows flushing dirty pages to secondary storage before
the transaction commit. A page is called dirty when the page has some updates that are not yet
written in the secondary storage. With steal, the system does not need a large buffer to store all
required pages because pages of an unfinished transaction can be flushed to secondary storage to
free up space in memory for new requested pages. If pages of committed transactions do not
need to be flushed at commit time, the approach is called no-force. In no-force, updated pages of
a committed transaction can remain in the memory when other transactions need to update these
pages, reducing the Input/Output (I/O) cost to flush pages multiple times (HARDER; REUTER,
1983; MOHAN et al., 1992).

Most recovery techniques do not interfere in buffer manager protocols, i.e., they
support steal and no-force approaches. This scenario makes the database recovery cost more
expensive. After a crash, the recovery manager must undo unfinished transaction actions written
on secondary memory and redo committed transactions that did not flush to secondary storage
(HARDER; REUTER, 1983; MOHAN et al., 1992; EICH, 1986). Figure 3 illustrates a database
failure. Transactions T1, T2, and T3 must persist on the database since they have committed
before the crash. Even though T1, T2, and T3 have not been flushed to secondary storage before
the crash, the recovery manager must ensure the durability of these transactions. Transactions
T4 and T5 have not finished before the crash and, consequently, are incomplete. The updates
of uncommitted transactions must be undone to preserve database consistency (HARDER;

REUTER, 1983).

Figure 3 — A database crash scenario
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Source: Hirder e Reuter (1983).
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2.1.1 Features of database crashes

There are many different types of crashes. Each type can affect database processing,
such as software defects (e.g., bugs or wrong inputs), hardware defects (e.g., power failure or
disk error), or human error (e.g., a wrong device mounted or something intentionally done). Each
type of failure must be handled differently (HARDER; REUTER, 1983). Database crashes can
consider three categories: transaction, system, and media failures.

A transaction can be seen as a unit of consistency and recovery. A crash of a single
active transaction means that one of its operations can not be applied to the database and,
consequently, the database consistency may be incorrect. Thus, any update by that transaction on
the database should be canceled. This type of failure occurs more often than the other two, and
thus an efficient recovery form is essential. The usual procedure for recovery after a transaction
failure is a Transaction UNDQO, i.e., transaction rollback. Transaction failure involves only
software failure, with no loss of memory or media (HARDER; REUTER, 1983).

A system failure occurs whenever an event causes a loss of data in the main memory,
such as hardware error, operating error, code error, and power cut. After a system crash, two types
of undesirable transactions may exist: (i) uncommitted transactions whose effects have been
flushed to secondary memory, denoted persistent unfinished transactions (or loser transactions),
and (ii) committed transactions whose effects have not been written on secondary storage,
denoted non-persistent committed transactions (or winner transactions). Such transactions may
exist due to the steal and no-force buffer manager protocols. Thus, the effects of any persistent
unfinished transaction should be undone (Global UNDO), and any non-persistent committed
transaction has to be redone (Partial REDO). System failure is the result of memory loss without
media loss (GRAY et al., 1981; HARDER; REUTER, 1983; MOHAN et al., 1992).

A media crash is a secondary memory failure, such as an Hard Disk (HD) error.
These failures can break down parts of the database or the entire database. After a media failure,
assuming media replacement, the system must redo all the transactions performed in the database
(Global REDO); or to load the last database backup and redo the log operations forward the
backup. In media failure, there is only media loss, without loss of memory and software failure
(HARDER; REUTER, 1983). If the specific location of the media failure can be identified, a redo
of only the affected area would be warranted. The authors in work (GRAEFE; KUNO, 2012)
considered a single-page failure as the fourth class of database failure. That work handles failures

restricted to a page set of a storage device. They proposed a single-page recovery algorithm to
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repair online individual pages instead of recovering the whole media device. The single-page

recovery is detailed in Section 3.1.

2.1.2 Recovery method

Most database systems implement the Write-Ahead Logging (WAL) (MOHAN et
al., 1992) protocol for recovery purposes. The WAL uses in-place updating, i.e., the changes
of some data must replace the page in the same location from which it was read on secondary
storage. The WAL protocol ensures that, before an in-place update, information of every data
change is written in a log archive on stable storage, even though both the steal and no-force
approaches are adopted by DBMS. Stable storage is non-volatile storage. Thus, a DBMS stores
log records for each transaction update for recovery purposes. The log file should be copied to
different disks and in different locations to survive crashes. The log is a growing sequential file,
in which every record has a Log Sequence Number (LSN) that is a unique identifier assigned in
ascending sequence. After a page update, the LSN corresponding to that update is stored in a
field called pageLLSN in the header of that page. This field allows the system to know if a log
record was the last to update a page. The system writes log records for each of the following
update actions:

— Update: An update record is written before modifying data.

— Commit: A commit record is written at commit time.

— Abort: An abort record is stored if a transaction aborts.

— End of Transaction (EOT): When a transaction finishes (aborts or commits), some
additional actions must be taken. An end record is written when these actions are executed.

Below, we describe the main fields of log records implemented in most recovery
techniques (MOHAN et al., 1992):

— LSN: An identifier that should be assigned in a monotonically increasing order. LSN can
be the logical address of its log record. Version numbers or timestamps can also be values
for LSN.

— Type: Indicates the record type (e.g., update, commit, abort, or end).

— TransID: Transaction’s identifier that generated the log record.

— PrevLSN: LSN of a transaction’s previous log record. This field links the log records of a
transaction. Thus, it is possible to repeat the transaction updates in descending order.

— PagelD: The page identifier in which the log record applied updates.
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— Update: This information depends on the log abstraction level and can be (i) the data after
and/or before the update performed (e.g., tuple or page), or (ii) the operation performed in
a data (e.g., update, insert, or delete commands).

The log information can be recorded at different abstraction levels, such as: physical,
logical, and physiological. Physical logging records the state of the database updated, and only
physical units are stored (e.g., page number, offset, and length). Logical logging records the state
transition of the database and contains operation descriptions in a higher-level (e.g., insertion
of arecord in a table). In Physiological logging, the log records identify a page physically but
record the update performed logically as an operation (MOHAN et al., 1992; WU et al., 2017,
MALVIYA et al., 2014).

Logical logging tends to be faster than physical logging during transaction process-
ing. Usually, logical logging stores fewer items on the log than physical logging, to record
modifications. However, logical logging is slower at system restarting because it must re-execute
the transactions. Physical logging only needs to copy the data without any processing in the
data. Logical logging requires deterministic transactions. Otherwise, it can add complexity to
the recovery (e.g., date() and time() are non-deterministic functions). Physical logging needs
more storage than logical logging, to record the after and before images of an update. Typically,
disk-resident databases perform physical logging, and in-memory databases prefer logical log-
ging (WU et al., 2017; MALVIYA et al., 2014). However, for performance reasons, commercial
disk-based DBMSs, such as MySQL (MYSQL, 2020) and Oracle (ORACLE, 2020), often
implement physiological logging. In a physiological log, a record refers to a page and logical
operations on the page. For example, for each update, only its before image is logged together
with the operation to redo the update (MOHAN et al., 1992; TUCKER, 2004; GRAY; REUTER,
1993).

Some DBMSs, such as System R (GRAY et al., 1981) and DB2/MVS V1 (CRUS,
1984), first perform the Undo pass and then the Redo pass. This approach is called selective
redo paradigm. According to Haerder et al. (HARDER; REUTER, 1983), logging is tied
to concurrency control in that the granule of logging determined the granule of locking. If
the DBMS applies page logging, it must not use locking granularity less than pages. ARIES
solves this problem through the repeating history paradigm. This paradigm performs the Redo
phase before the Undo phase in order to support fine-granularity locking regardless of logging
granularity (HARDER; REUTER, 1983; MOHAN et al., 1992).
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The logging schema ensures the persistence of data during transaction processing.
However, log truncation must be performed because the log is a growing file and secondary
storage has limited space. Therefore, the checkpoint is needed to create a new good point from
which database recovery can begin to apply the changes contained in the log after a failure.
Furthermore, the checkpoint is needed to speed up recovery, since fewer log records need to be
applied during recovery. There are some checkpoint techniques, such as Transaction-Consistent
Checkpoint (TCC), Action-Consistent Checkpoint (ACC), and Fuzzy Checkpoint (HARDER;
REUTER, 1983; MOHAN et al., 1992).

TCC technique creates a database state where no update transaction was active.
before the checkpoint process begins, uncommitted transactions must be completed, and new
transactions must not be initiated. When the last transaction update is completed, all dirty
pages are flushed to secondary storage and a checkpoint record is stored in the log file. After
a crash, the recovery manager can disregard the log records before the checkpoint since all
modifications before the checkpoint were flushed to the secondary storage. Thus, the log record
only needs to be redone starting after the checkpoint record. However, TCC degrades the system
performance because the creation of transactions is stopped while the checkpoint process is
executed (HARDER; REUTER, 1983; LIN ez al., 1997; KIM et al., 2012).

Figure 4 illustrates the TCC technique. When the checkpoint signal arrives (i.e.,
when a checkpoint should start), the checkpoint does not allow the new transaction T3 to be
executed and waits for the active transactions T1 and T2 to end. Then, the checkpoint flushes all
transaction updates to secondary memory. When the checkpoint process is completed, the new
transactions T3, T4, and T5 can preform. After the crash, the system should redo T3 and TS, and
roll back T4. T1 and T2 were flushed to secondary storage before the checkpoint and must not

be redone or undone (HARDER; REUTER, 1983).

Figure 4 — A Transaction-Consistent
Checkpoint scenario
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Source: Hirder e Reuter (1983).
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The ACC approach pauses transaction processing to be generated. ACC puts the
system into quiescence on the transaction actions level; flushes all active transaction update
actions; and, finally, writes a checkpoint record in the log file. When a crash occurs, the recovery
manager knows that active transaction updates before the last checkpoint were written to the
secondary storage. Thus, the recovery manager does not need to redo the transaction updates
before the last checkpoint and can only process the log from checkpoint record. ACC causes
performance degradation because it pauses transaction performing during the checkpoint process
(HARDER; REUTER, 1983; LIN et al., 1997).

An ACC scenario is shown in Figure 5. When the checkpoint signal arrives, the
system pauses the transaction processing, i.e., it pauses the execution of the active transactions
T1 and T2. Then, the system flushes all transaction updates to secondary memory. When the
checkpoint is completed, the transactions T1 and T2 can continue performing, and the new
transactions T3 and TS5 can start executing. After the crash, T1 and T3 must be undone, and
TS must be redone. T2 updates after the checkpoint must be redone. T2 updates before the
checkpoint were flushed to secondary memory and do not need to be redone. All changes from
T4 are part of the checkpoint and, consequently, nothing needs to be done about T4 (HARDER;
REUTER, 1983).

Figure 5 — A Action-Consistent Check-
point scenario
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Source: Hirder e Reuter (1983).

Both TCC and ACC require interference in transaction processing to get a state of
database consistency. In contrast to those checkpoints, Fuzzy Checkpoint avoids propagation
activities to reduce checkpoint costs. Instead of writing pages in secondary memory, the fuzzy
approach stores information about buffer occupation: dirty pages, and active transactions (their
states and the addresses of their most recently written log records). This technique does not stop

the transaction performing, i.e., the checkpoint is generated during the execution of transactions.
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When the Fuzzy process finishes, a checkpoint record is written on the log file (HARDER;
REUTER, 1983; MOHAN et al., 1992; LIN et al., 1997).

After a crash, the system reads checkpoint information and log records forward
from the last checkpoint record to identify the dirty pages and active transactions at crash
time. The transactions identified as active are redone. Then, unfinished transactions are undone.
Section 2.1.3.2 explains in more details the database recovery by fuzzy checkpoint. The fuzzy is
cheaper than TCC and ACC because it requires fewer write operations. However, it makes the
recovery more expensive since log records should be processed before the redo and undo phases
(HARDER; REUTER, 1983; MOHAN et al., 1992; LIN et al., 1997).

Figure 6 shows a fuzzy checkpoint scenario. The pages P1, P2, P3, and P4 have
modifications written on log file, represented by dots associated with an LSN. For example,
the page P1 has logged update data on records with LSNs 30, 60, and 100. During checkpoint
performing, the checkpoint records information about dirty pages P1, P3, and P4. Information
about P2 is disregarded since modifications in this page were flushed to secondary memory
before the checkpoint. The checkpoint must also record information about active transactions
that were not represented in this example. After the crash, P1, P3, and P4 are identified as dirty
pages. Moreover, the active transactions are also identified. That tree dirty pages and the active
transactions are redone. Then, the unfinished transactions are undone (HARDER; REUTER,
1983; MOHAN et al., 1992).

Figure 6 — A Fuzzy Checkpoint scenario
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2.1.3 ARIES algorithm

Algorithms for Recovery and Isolation Exploiting Semantics (ARIES) (MOHAN et
al., 1992) was designed to support steal and no-force buffer approaches, fine-granularity, WAL,

total and partial rollbacks, and fuzzy checkpoint. The main aim of this section is to provide a
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brief overview of the ARIES recovery method. The following subsections discuss how ARIES

performs logging and recovery.
2.1.3.1 Logging

ARIES uses WAL to ensure atomicity and durability properties of transactions. In
addition to earlier recovery methods, ARIES introduced a Compensation Log Record (CLR).
CLRs describe actions performed during a rollback (partial or total) in normal or recovery
processing. Additionally, CLRs are redo-only log records. This type of record is an update that
will never be undone, i.e., the recovery manager never undoes an undo action from rollbacks. A
CLR record has a UndoNxtLSN field that points to the predecessor of the undone log record.
The process of undoing a transaction starts from its last record and ends at the first one. Thus,
UndoNxtLSN is similar to the PrevLSN field (MOHAN et al., 1992; MOHAN, 1999). CLRs
ensure a bounded amount of logging during rollbacks, even if there are successive failures during
recovery or of nested rollbacks. In contrast to ARIES, some systems, such as AS/400 (CLARK;
CORRIGAN, 1989), DB2/MVS V1 (CHENG et al., 1984), and NonStop SQL (GAWLICK et
al., 1987), undo the same CLR one or more times in face of multiple failures.

Figure 7 shows an example of a CLR generated by a partial rollback. Figure 7 (a)
illustrates updates of a transaction T1 and Figure 7 (b) represents the log records generated by
T1 actions. The log records L1, L2, L3, L3’, and L4 were generated by the updates A1, A2, A3,
A3’, and A4, respectively. A3’ is the undo action of A3 and the remaining T1 actions are normal
updates. Thus, only L3’ is a CLR. If the log record L3 represents the deletion of the row R1 on
page P1, the CLR L3’ stored during the undo of .3 would describe the insertion of R1 on P1.
As a result, the state of the page P1 is always viewed as forward on the log, even when some
original updates are being undone. Besides, the UndoNxtLSN field of L3’, which is the CLR for
log record L3, points to log record L2, which is the predecessor of L3. During the crash recovery,
assuming that T1 is a loser transaction, T1 updates must be undone starting from the log record
L4. When the recovery manager reaches L.3’, instead of undoing L.3” and then L3, it skips to log
record L2 (MOHAN et al., 1992; MOHAN, 1999).

CLRs describe actions to undo transaction updates. However, these actions do not
need to be the inverse of that update. ARIES allows logical undo. For example, B -tree update
operations, in ARIES/IM (MOHAN; LEVINE, 1992) and ARIES/KVL (MOHAN, 1990), are

not the exact inverse of their undo operations. This is very efficient during recovery. Furthermore,
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Figure 7 — CLR generated by a partial rollback
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Source: Mohan et al. (1992).

ARIES supports operation logging. For example, increment/decrement operations store log
records that represent the quantity of increment/decrement in a field rather than before and after
field values. This feature supports semantically-rich modes of locking and, consequently, allows
multiple transactions to concurrently update the same data (MOHAN et al., 1992; MOHAN,
1999).

ARIES implemented the concept of Nested Top Action (NTA). An NTA starts inside
another action (parent). However, an NTA has no special relationship with its parent. For
example, an NTA can not read an atomic object updated by its parent, and the NTA commitment
is not relative to its parent. NTA changes are committed regardless of whether the parent changes
are later committed or not (LISKOV; SCHEIFLER, 1983). For instance, index management is
an example of an NTA application. Page split/delete in indexes needs the atomicity property
independent of transactions. ARIES implements NTAs by dummy CLR records. A dummy
CLR is written at the end of NTA performing. The UndoNxtLSN field of the dummy CLR
points to the most recent log record of its parent transaction stored before the start of the NTA.
After a failure, the NTAs changes are redone, if necessary. Moreover, if the dummy CLR is not
stored before the failure, the NTA changes are undone (MOHAN et al., 1992; ROTHERMEL;
MOHAN, 1989; MOHAN, 1999).

2.1.3.2 Restart recovery

ARIES recovery schema consists of three phases (analysis, redo, and undo). We
summarize the ARIES phases below and Figure 8 illustrates the execution of these phases over
the log (MOHAN et al., 1992; MOHAN, 1999).

1. Analysis: Identifies dirty pages and active transactions before the crash, and the log record
to start the Redo.

2. Redo: Repeats transaction updates to recover the system to the same state it was during
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the crash time.
3. Undo: Undoes the updates of unfinished transactions to recover the system to the last
consistent state before the crash.

Figure 8 — ARIES phases over the log during the
recovery process.
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Source: Ramakrishnan e Gehrke (2003).

When the system restarts, the recovery manager examines the most recent checkpoint
to initialize the transaction table and dirty page table with checkpoint information. The transaction
table tracks the state of active transactions. The important fields of the transaction table are: (/)
TranslID, transaction ID; (2) LastLSN, the LSN of the latest log record written by the transaction;
and (3) UndoNxtLSN, the LSN of the next record to be processed during a rollback. The dirty
page table represents information about dirty buffer pages. This table consists of two fields: (/)
PagelD, page ID; and (2) RecLSN (recovery LSN), the LSN of the latest log record that updated
the page (ROTHERMEL; MOHAN, 1989; MOHAN et al., 1992; MOHAN; LEVINE, 1992;
MOHAN, 1999).

After finishing to examine the checkpoint, the analysis phase reads the log forward
from the checkpoint record to find all active transactions and dirty pages until the crash time.
When the Analysis phase ends, the active transaction and dirty page tables lost in the crash are
rebuilt in memory. In addition, this phase calculates the log record to start the Redo phase by
locating the minimum RecLLSN value in the dirty page table, i.e., the oldest log record of the
dirty pages (ROTHERMEL; MOHAN, 1989; MOHAN et al., 1992; MOHAN; LEVINE, 1992;
MOHAN, 1999).

Redo phase scans forward the log file from the record given by the Analysis to
reapply the updates of transactions that had dirty pages before the system failure. This process

is called Repeating History Paradigm. An update from a log record must be redone when the
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pageL.SN from the page modified by this record is less than the LSN of the current record, i.e.,
the page content is out of date. When the log record is redone, the pageLSN field is updated to the
LSN of the redone log record. This repeating history process rebuilds the database to the same
state it was before the crash time. If a transaction was undone before the crash (e.g., a transaction
abort), the CLR records must be reapplied (ROTHERMEL; MOHAN, 1989; MOHAN et al.,
1992; MOHAN; LEVINE, 1992; MOHAN, 1999).

The Undo phase is responsible for rollback updates of loser transactions in reverse
log order. The system continuously processes the log record with the maximum LSN value
between the log records not yet undone from all the loser transactions, until no loser transaction
remains to be undone. For each log record to process, a CLR record is stored in the log and the
corresponding action is undone if the log record represents a modification. If the log record is a
CLR then no action is undone. After a log record of a transaction is processed, the next record
to be processed for that transaction is determined by the PrevLLSN or the UndoNxtLSN field of
the record, if the record is a nonCLR or a CLR, respectively (ROTHERMEL; MOHAN, 1989;
MOHAN et al., 1992; MOHAN; LEVINE, 1992; MOHAN, 1999).

2.1.4 Variant ARIES algorithms

This section exposes the main aspects of some algorithms that extend the original
ARIES algorithm: ARIES for Nested Transactions, ARIES with Restricted Repeating of History,
ARIES for Index Management, ARIES for Linear Hashing with Separators, and ARIES for the

Client-Server Architecture.

2.1.4.1 ARIES for nested transactions

The original ARIES algorithm was designed to work with single-level transactions.
ARIES for Nested Transactions (ARIES/NT) (ROTHERMEL; MOHAN, 1989) extends the
original ARIES algorithm implementing a simple and efficient recovery method for a very
general model of nested transactions. A nested transaction (sub-transaction or child transaction)
is a database transaction that is started within the scope of a transaction that has already started
(parent transaction). Nested transaction updates are visible for unrelated transactions only after
the parent of the sub-transaction is committed (MADRIA, 1997). The ARIES/NT mechanism
allows partial rollbacks of sub-transactions, concurrent execution of ancestor and descendent

sub-transactions, and upward and downward inheritance of lock (ROTHERMEL; MOHAN,
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1989; MOHAN, 1999).

The ARIES log uses the PrevLSN field to create a Backward chain (BW-chain) of
records. BW-chain describes the updates of a transaction in descending order. In ARIES/NT,
BW-chains from child and parent transactions are linked. A c-committed record is logged
when sub-transaction commits (so-called committed inferior). The c-committed record has a
pointer that links the parent’s BW-chain to the last record of the BW-chain of its committed
inferior. The BW-chain of a transaction linked to the BW-chains of its committed inferiors
forms a Backward chain tree (BWC-tree). Additionally, the CLR’s UndoNxtLSN field is slightly
different from the one in the original ARIES. Instead of storing a single LSN, UndoNxtLSN
contains a set of LSNs, and each of them points to the next log record from a transaction or
committed inferior to be processed during undo. During recovery, the Redo step performs
similarly to ARIES. However, the Analysis and Undo steps have been modified to support
BWC-trees (ROTHERMEL; MOHAN, 1989; MOHAN, 1999).

2.1.4.2 ARIES with restricted repeating of history

ARIES with Restricted Repeating of History (ARIES-RRH) (MOHAN; PIRAHESH,
1991) is a modified version of ARIES that intends to handle the Redo phase more efficiently.
The goal of the ARIES repeating history paradigm is to reapply the updates of transactions
that had dirty pages before the system failure. The repeating history is necessary to support
fine-granularity locking. However, this approach can redo transactions that will be undone in
the Undo step. This wasted work delays the availability of the system, i.e., it delays the time
to process new transactions. In contrast with repeating history, the selective redo paradigm
(discussed in Section 2.1.2) performs the Undo phase before the Redo phase, but it does not
support fine-granularity locking (MOHAN; PIRAHESH, 1991; MOHAN, 1999).

ARIES-RRH combines the repeating history paradigm with the selective redo
paradigm when fine-granularity locking is not required. Besides, it considers that not all
unapplied but logged updates need to be redone, even if fine granularity is required for the data.
ARIES-RRH can reduce the number of I/Os and the amount of Central Process Unit (CPU)
processing during the recovery, but it still maintains all the good features of the original ARIES

algorithm (MOHAN; PIRAHESH, 1991; MOHAN, 1999).
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2.1.4.3 ARIES for index management

ARIES for Index Management (ARIES/IM) (MOHAN; LEVINE, 1992) is a method
based on ARIES for controlling concurrency and persisting recoverable B -tree indexes. The
main goal of ARIES/IM was to improve the algorithms for index concurrency control of the
original System R (GRAY et al., 1981) in order to enhance its performance, concurrency,
and functionalities. It allows structure modification operations (i.e., page split/deletion), tree
operations (i.e., key insert/delete/fetch and range scan), and high concurrency during tree
traversals. The object of locking in ARIES/IM is the individual index entry (data-only locking).
Besides, the concurrency method was improved to avoid transaction deadlocks during its rollback.
The main idea of the ARIES/IM algorithm is to update the leaves and propagate the tree if
overflow/underflow changes occur. Thereby, few sub-trees are locked during operations. This
provides a very high concurrency level (MOHAN; LEVINE, 1992; MOHAN, 1999; RODEH,
2008).

It is worth mentioning that a previous work called ARIES using Key-Value Locking
(ARIES/KVL) (MOHAN, 1990) addressed concurrency control and recovery of B-tree indexes.
However, the concurrency enhancements of ARIES/KVL were still considered inadequate. The
author of the paper, Mohan (1990), discussed only the possibility of correct logging and recovery
in the face of concurrent executions. The paper did not implement logging and recovery in
ARIES/KVL. Works before ARIES/IM and KVL researched recovery with concurrency control
(e.g., (BAYER; SCHKOLNICK, 1977), (MINOURA, 1984), (SAGIV, 1986), (SHASHA, 1985),
and (SHASHA; GOODMAN, 1988)) but they did not consider concurrency control and B-trees

indexes with fine-granularity locking in face of failures.
2.1.4.4 ARIES for linear hashing with separators

Linear Hashing with Separators (LHS) (LARSON, 1988) is a dynamic hashing
schema in which any record can be retrieved in the file in only one access to secondary memory,
given its corresponding key value. Very little has been discussed in the literature about the
impact of concurrent transactions accessing hash structures. ARIES for Linear Hashing with
Separators (ARIES/LHS) (MOHAN, 1993) is an adaptation of the original ARIES that handles
the concurrency control and recovery with LHS. ARIES/LHS exploits the concepts of NTAs

and logical undo to provide efficient recovery and high concurrency. Dealing with deadlocks
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during rollbacks has been a known issue since System R. ARIES algorithms try to avoid rollback
of transactions to avoid deadlocks. ARIES/LHS implements recovery techniques to handle
transactions and prevents them from deadlock while they are being undone. ARIES/LHS has not

been implemented (MOHAN, 1993; MOHAN, 1999).

2.1.4.5 ARIES for the client-server architecture

ARIES for the Client-Server Architecture (ARIES/CSA) (MOHAN; NARANG,
1994) is a recovery algorithm designed to work in Client-Server (CS) architectures. In a CS
environment, the database is managed only by the server, and clients cache pages requested to
the server in local buffer pools. In ARIES/CSA, when a client modifies a page on its buffer, it
produces log records for that update. However, the client can not store the records in a local log
file on secondary storage. Each client generates LSNs for its records and stores them in its buffer.
At appropriate times, the client sends its records to the server that stores them in a single log file.
In addition to managing log records received from different clients, the server takes care of global
locking and recovery. ARIES/CSA supports the same features of the original ARIES: WAL,
fine-granularity locking, partial rollbacks and steal and no-force buffer management policies.

ARIES/CSA has not been implemented (MOHAN; NARANG, 1994; MOHAN, 1999).

2.2 Techniques for high availability

In the face of failures, the high availability ensures that the system remains opera-
tional with close to zero downtime. High availability infrastructure incurs more complexity and
cost for a system. Different applications may have different availability needs. For example,
a mission-critical system needs 100% availability while many other systems should need a
simpler availability approach. High availability can be achieved through replication: updates are
propagated to replicas (WIESMANN etz al., 2000; ZAMANIAN et al., 2019). According to Gray
et al. (GRAY et al., 1996), replication protocols can be either lazy or eager.

Lazy replication propagates transaction updates to replicas only after the commitment.
This method has a minimal overhead but it has the possibility of data loss. Lazy schema is
acceptable on systems where strong consistency is not crucial. It is very difficult to solve
the inconsistencies created by lazy replication. These inconsistencies can be eliminated by

an eager approach. Eager replication ensures that the transaction updates reach the replicas
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before the transaction is considered committed. This schema leads to a strongly consistent
replication. Since each replica has an identical copy of the database, it is easier to handle failures.
However, efficient eager replication protocols are more difficult to design (GRAY et al., 1996;
WIESMANN et al., 2000; ZAMANIAN et al., 2019).

Paxos (LAMPORT, 2001; LAMPORT, 2019), ZooKeeper Atomic Broadcast (ZAB)
(JUNQUEIRA et al., 2011), and Raft (ONGARO; OUSTERHOUT, 2014) are consensus proto-
cols, which can be applied for state machine replication. Thus, they provide high availability and
fault tolerance in distributed systems. A consensus protocol allows a set of distributed processes
to be coordinated as a coherent group even in the presence of several faulty processes. Many
distributed systems use state machine replication to synchronize data among the replicas. Disk
mirroring (BITTON; GRAY, 1988) is another example of high availability technique. Mirroring
data is referred to as storage replication. Disk mirroring is the replication of logical storage
device volumes onto separate physical storage devices in real-time. From a DBMS perspective,
it is important to note that an event in which a failed disk in a redundant array is automatically
repaired cannot be considered a media failure (SAUER et al., 2017). For this reason, replication

is not covered in this work.

2.3 In-memory database overview

This section very briefly discusses the architectural choices and implementation
techniques for MMDBs. The purpose of this section is to provide minimal knowledge about
MMDB design for the next sections. MMDBs avoid the traditional design of disk-resident
databases for performance reasons. The design approaches for MMDBs are diverse. The
fact that the database resides in volatile storage influences the design approaches adopted by
MMDBs, such as query processing, concurrency control, recovery after crashes, data storage,
and indexing. In addition, this section highlights the core hardware technologies that boosted

MMDBs (ZHANG et al., 2015; FAERBER et al., 2017).

2.3.1 Data storage

Disk-resident databases use a buffer pool to access records. The buffer pool handles
pages from secondary storage to main memory, and vice versa. The buffer pool is an shared

array of page frames, whose pages are the same size as the database pages (e.g., 8KB or larger
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is typical). Figure 9 depicts a buffer pool schema. Most buffer pool implementations use a
hash table to access pages in the buffer and map them to their location on disk. When a page is
requested, the storage manager looks for the page in the hash table. If the page is not in buffer, the
storage engine performs disk I/O to bring the page into memory. When the page is in the buffer,
the system must still perform an indirect action to access the data. The buffer pool indirection
consists of two basic steps: (i) accessing the page in the main memory, and (ii) calculating the

offset within the page to reach the record (HELLERSTEIN et al., 2007; FAERBER et al., 2017).

Figure 9 — Buffer pool schema.
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Buffer pool with page frames
Source: Faerber et al. (2017).

MMDBs avoid the page-based indirection through a buffer pool. MMDB are not
dependent on disk logical layout (e.g., page size). Thereby, they can store data in any format
in order to achieve high I/O rates. MMDBs commonly use pointers for direct access to records
in memory. Pointers can save space for large values that appear several times in a database
since the data can be stored just once and referenced by memory pointers. Moreover, avoiding
page indirection, the system needs fewer CPU cycles to access the data in memory (LAR-
SON; LEVANDOSKI, 2016; HAZENBERG; HEMMINGA, 2011; PUCHERAL et al., 1990;
FAERBER et al., 2017).

Physical pointers, instead of buffer pool indirection, can improve access to records
in memory in order of magnitude for MMDBs. The work (LEHMAN et al., 1992) evidenced this
improvement. This work compares IBM Starburst’s memory-resident storage component with
its default disk-oriented storage component. The results showed that the in-memory component
can perform significantly better than the disk-oriented component, even when both systems have
all data cached in memory. In many cases, the experiments showed that the buffer pool manager
was responsible for about 40% of the total execution time of a query.

Some MMDBs physically partition the database (e.g., H-Store, VoltDB, and Calvin
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(THOMSON et al., 2012)). In partitioned systems, a transaction is performed serially in a
partition by a single-thread execution engine and has exclusive access to the data at this partition.
Besides, it enables a transaction to use the available resources alone in its partitions while it
is performing (e.g., a CPU core). A database can be partitioned on different machines. Thus,
the database can be larger than the memory available of a single node. On the other hand,
no-partitioned in-memory systems (e.g., Hekaton, SAP HANA, MemSQL (CHEN et al., 2016),
and Oracle TimesTen) can access any record in the database. This approach prevents the balance
of partitions accessed frequently (TAFT et al., 2014; FAERBER et al., 2017).

Figure 10 is an example of partitioning tables. Each partition can reside in different
sites creating a distributed database. Multiple queries can run in parallel at different partitions
because each site operates independently. For example, table A is divided exclusively into parts
A’, A” and A’ which are stored in partitions X, Y and Z, respectively. While one query is
scanning A’ in partition X, another one can scan A” in partition Y at the same time. A query
that needs to scan table A entirely needs to acquire exclusive access to partitions X, Y, and Z.
The database design must consider concurrent query access to different partitions (VOLDB

DOCUMENTATION, 2020).

Figure 10 — Partitioning table scheme.
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Source: VolDB Documentation (2020).

While disk-resident databases typically implement in-place updating, many MMDBs
choose multi-versioning of data (e.g., Hekaton, HyPer, and SAP HANA). In multi-versioning,
the updated version of the data is written to a different location from the previous version
of the data (shadow version). Multi-versioning leads to the easier implementation of non-
blocking concurrency control protocols. Blocking protocols have more context switch than

non-blocking protocols. The context switching is a source of overhead for MMDBs. Session
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2.3.2 explains MMDB concurrency control in more detail. Another advantage of multi-versioning
is to enable snapshots. Snapshot is equivalent to a materialized database state in an instant of
time. Snapshots are useful for durability and recovery purposes. MMDB can generate snapshots
by an asynchronized consistent checkpoint, i.e., the system does not need to pause transaction
processing to create a snapshot (CHEN et al., 2011a; MALVIYA et al., 2014; NEUMANN et al.,
2015). Session 2.5.3 discusses checkpoint techniques for MMDBs.

Figure 11 illustrates a data multi-versioning scheme. This example represents a
simple bank account table containing six versions of records. The table has the user-defined
columns Name, City, and Quantity. In addition to the table fields, a version record also includes
the Link (Pointer) field from a hash index and a header that defines version’s valid time by
the Begin and End fields. Hash bucket J contains four records, but only two records are valid
versions. John’s current version (John, Londom, 130) has a valid time from 30 to infinity. This
version was created by a transaction that committed at time 30 and has no end time, i.e., it is still
valid. John’s oldest version (John, London, 100) was valid from time 10 to time 20 when John’s
account was updated. The obsolete versions should be discarded by a garbage collector. Usually,

the checkpoint component acts as a garbage collector (DIACONU et al., 2013).

Figure 11 — Data multi-versioning scheme.
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Source: Diaconu et al. (2013).

An organizational choice is whether the database is row or column-oriented (ABADI

et al., 2008). The row format employs the N-ary Storage Model (NSM) whose attribute values for
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a single tuple are stored contiguously. NSM is a good choice for Online Transaction Processing
(OLTP) workloads. OLTP transaction queries tend to handle an individual entity at a time
and most (if not all) of its attributes. In the example in Figure 12, all tuple attributes with 1D
101 are stored one after another, followed by all tuple attributes with ID 102 (COPELAND;
KHOSHAFIAN, 1985; ARULRAI et al., 2016a).

Figure 12 — OLTP-oriented N-ary Storage Model.

| ID | IMAGE-ID | NAME I PRICE I DATA |
101 201 ITEM-101 10 DATA-101
102 202 ITEM-102 20 DATA-102
103 203 ITEM-103 30 DATA-103
104 204 ITEM-104 40 DATA-104

Source: Arulraj et al. (2016a).

The columnar format uses the Decomposition Storage Model (DSM) whose tuples’
values for a single attribute are stored contiguously. DSM is employed in on-line Online
Transaction Processing (OLAP) systems. OLAP queries tend to operate multiple entities at
the same time. Besides, they typically access only a subset of the attributes for each entity.
Figure 13 shows an example of DSM storage layout. The DBMS stores all the values of the first
attribute (ID) contiguously, followed by those that belong to the second attribute (IMAGE-ID)
(COPELAND; KHOSHAFIAN, 1985; ARULRAIJ et al., 2016a).

Figure 13 — OLAP-oriented Decomposition Storage Model.

| o | ivagew | wname | price | pata |
101 201 ITEM-101 10 DATA-101
102 202 ITEM-102 20 DATA-102
103 203 ITEM-103 30 DATA-103
104 204 ITEM-104 40 DATA-104

Source: Arulraj et al. (2016a).

OLTP and OLAP workloads are executed in different databases: transactional
database and data warehouse, respectively. However, some systems need to transform the
most up-to-date data into critical insights. These systems should use the Flexible Storage Model
(FSM) that generalizes the NSM and DSM models and can support Transaction/Analytical
Processing (HTAP) workloads. FSM stores the frequently accessed data in an NSM layout.
When a particular item of data becomes little (if ever) accessed, the system reorganizes that data

into a DSM layout. However, synchronizing data from NSM to DSM can add overhead to the
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system (COPELAND; KHOSHAFIAN, 1985; ARULRAI et al., 2016a). SAP HANA explores a
tuple propagation schema from row to columnar storage to support HTAP (SIKKA et al., 2012).
HyPer uses a virtual memory schema to perform OLTP and OLAP transactions on the same

database (FUNKE et al., 2014).

2.3.2 Concurrency control

Management database concurrency control is an extremely important performance
topic that has been researched since the early days of relational databases (e.g., (GRAY et al.,
1975), (BERNSTEIN et al., 1987), (GRAY; REUTER, 1993), (BERNSTEIN; GOODMAN,
1981), (WEIKUM; VOSSEN, 2002), (HOLANDA et al., 2008), (MONTEIRO et al., 2009), (YU
et al., 2014), and (BAILIS et al., 2014)). Several researches compared the tradeoffs between
pessimistic and optimistic concurrency control protocols, such as (CAREY; STONEBRAKER,
1984), (AGRAWAL; DEWITT, 1985), (TAY et al., 1985), (AGRAWAL et al., 1987), and
(FRANASZEK; ROBINSON, 1985). Pessimistic Concurrency Control (PCC) assumes that con-
currency conflicts will occur frequently and tries to avoid them during the performing, blocking,
and aborting transactions (WEIKUM; VOSSEN, 2002). Optimistic Concurrency Control (OCC)
assumes that multiple transactions can be completed without concurrency conflicts until the
commitment when a validation step checks conflicts. If conflicts happened, transactions can be
aborted. This method does not handle locks (KUNG; ROBINSON, 1981).

For performance reasons, MMDBs avoid implementing a lock manager. Lock
manager is a component to manage the transaction locking requests. Before accessing the data,
the transaction must exchange messages with the lock manager to lock/unlock that data. This
indirection is a common approach for disk-resident databases since secondary storage I/Os are
the major source of overhead (BERNSTEIN et al., 1987; WEIKUM; VOSSEN, 2002). However,
the lock manager mechanism is a performance bottleneck for MMDBs. A PCC approach
for MMDBs is to embed metadata into records to control access to them (HAZENBERG:;
HEMMINGA, 2011; ZHANG et al., 2015). Garcia-Molina e Salem (1992) propose a "lock bit"
added to each object to indicate whether the object is blocked or not. In work (REN et al., 2012),
the authors suggest integer counters preceding the record value, which represents the number of
transactions requesting locks on the record.

Many MMDBs implement Multi-Version Concurrency Control (MVCC). In MVCC,

reader transactions do not have to block data, since writer transactions perform their modifications
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on different versions of the data rather than readers. However, MVCC has the overhead of creating
new data versions during updates and periodically removing obsolete versions. Some MMDBs
implement an optimistic MVCC, such as Hekaton and HyPer. An optimistic MVCC is cheaper
than handling locks. In addition, it allows the scalability of cores, since transactions can perform
unlocked until the commitment without context switch (NEUMANN et al., 2015; LOMET et
al., 2012; FAERBER et al., 2017). Agrawal et al. (AGRAWAL et al., 1987) suggest that an
optimistic concurrency control is a good approach when conflict rates are low. However, it
degrades the system performance when many transactions need to roll back and restart due to
high conflict rates. SAP HANA is an example of MMDB that implements a pessimist MVCC.
SAP HANA uses MVCC to ensure consistent read operations. However, it uses exclusive write
locks at record-level. A transaction must obtain a write lock on the record before updating it.
Another transaction that needs to update that record has to wait until the lock is released (LEE et
al., 2013; ZHANG et al., 2015).

H-Store, VoltDB, and Calvin are examples of MMDBs that implement the partition-
ing approach. In this method, a transaction is performed serially in a partition, i.e., a transaction
performs exclusively on the necessary partitions. Each partition is assigned to a different core.
Thus, transactions can be performed in parallel on different partitions. A transaction can only
start to perform if all necessary partitions are available. Otherwise, the transaction will be aborted
and restarted as soon as its partitions are available. This approach avoids complex concurrency
protocols to support concurrent thread updates (KALLMAN et al., 2008; THOMSON et al.,
2012; STONEBRAKER; WEISBERG, 2013).

2.3.3 Indexing

Although in-memory systems have high throughput rates compared with disk-based
systems, they still need efficient indexing to speed up data retrieval in databases. Indexes allow
the system to find data quickly, without scanning the entire database (Guo; Hu, 2010). MMDB
indexes were designed to care about memory and cache utilization rather than secondary memory
access, as in disk-based databases. Besides, MMDBs do not implement buffer-pool indirection
(as discussed in Section 2.3.1). Therefore, indexes can store direct pointers to records, instead
of primary keys (AILAMAKI et al., 1999). Figure 14(a) presents a disk-based clustered index,
whose indexes point to pages that store records. On the other hand, Figure 14(b) shows a MMDB

indexing approach whose indexes have pointers directly to records (FAERBER et al., 2017).
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Figure 14 —Differences in disk-based and in-memory index organization.
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Source: Faerber et al. (2017).

Rosenblum e al. (1995) showed that ignoring disk I/O, the main memory can stall
the processor for over 50% of the execution time due to cache misses. For this reason, MMDB
indexing research tries to optimize cache line usage. The cache line can be considered the unit of
transfer between memory and processor. Height Optimized Trie (HOT) (BINNA ez al., 2018),
Cache Sensitive Search Trees (CSS™-Trees) (RAO; ROSS, 2000), Cache Sensitive B*-Trees
(CSB™-Trees) (RAO; ROSS, 2000), Prefetching B*-Trees (pB™-Trees) (CHEN et al., 2001),
Fast Architecture Sensitive Tree (FAST) (KIM et al., 2010), and Adaptive Radix Tree (ART)
(LEIS et al., 2013) are indexing techniques for cache efficiency. Hash indexes also can be further
optimized for better cache utilization (FAN et al., 2013).

Currently, it is common that multi-core machines have more than one thousand cores.
MMDBs can run on CPUs with a staggering amount of parallelism (TAN ez al., 2015). Some
index strategies consider multi-core parallelism. Physiological Partitioning (PLP) design applies
logical-only partitioning and uses Multi-rooted B -Tree (MRBTree) index to ensure latch-free
accesses to indexes on the database partitions (PANDIS et al., 2011). Bw-tree (LEVANDOSKI
et al., 2013b) and Mass-Tree (MAO et al., 2012) are concurrent indexing techniques that apply
latch-free by atomic CPU primitives operations to update index state. Examples of other indexing
techniques for MMDBs: Optimistic Lock Coupling (OLC) (LEIS et al., 2019; ROSENBLUM,;
OUSTERHOUT, 1992), T-Tree (LEHMAN; CAREY, 1986), A-Tree (CUI et al., 2003), and
BD-Tree(CUI et al., 2004).

2.3.4 Query processing

MMDBs avoid the traditional iterator model (Volcano-style processing) (GRAEFE;
MCKENNA, 1993). This model is commonly implemented in disk-resident databases since

it facilitates the combination of arbitrary operators. Furthermore, it generates a huge number
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of function calls (e.g., next()) which results in evicting the register contents. However, the
indirection from next() functions and poor code locality from iterator generic nature can add
overhead to MMDBs (HAZENBERG; HEMMINGA, 2011; ZHANG et al., 2015; FAERBER et
al., 2017). MMDBs compile queries directly to machine code to avoid interpretation and parsing
overhead. Compiled code can make better use of memory and CPU. On the other hand, it needs
to know all transactions in advance (DIACONU et al., 2013; KEMPER; NEUMANN, 2011;
MENON et al., 2017). For example, a transaction must be a single stored procedure in VoltDB
(MALVIYA et al., 2014; STONEBRAKER; WEISBERG, 2013).

2.3.5 Durability and recovery

Although MMDBs store the database in the main memory, the database must also be
written in stable storage for persistence and recovery purposes. Durability and recovery activities
are the only reason that in-memory systems access secondary memory since memory RAM is
volatile. MMDBs avoid implementing ARIES-style recovery for performance reasons. They try
to reduce log amount by performing a redo-only logical log, i.e., the log file stores only redo
operations at a higher level. Commonly, MMDBs generate snapshots periodically to speed up the
restart process. MMDBs restore by loading the last snapshot and then replaying the log forward
from the checkpoint record. Section 2.5 explains in more detail the main memory database

system recovery.

2.4 Core technologies for in-memory systems

In-memory database systems have been studied since the 1980s. However, the high
price and limitations of the hardware in that period made MMDBs infeasible. The emergence
of new technologies boosted interests in MMDBs. Hardware/architecture solutions have been
increasingly exploited for performance gain. These improvements offer promising alternatives
for in-memory systems to reach their full potential (TAN et al., 2015; ZHANG et al., 2015).

This section presents the core technologies that leverage MMDBs.

2.4.1 Non-uniform memory access

The CPU speed grew faster than the main memory speed in the last decades (NY-
BERG et al., 1994). Non-Uniform Memory Access (NUMA) architecture allows addressing the
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data starvation problem in modern CPUs. In a NUMA system, each processor can access a local
main memory with minimal latency, and a remote main memory with longer latency, as shown
in Figure 15. In addition to improving the main memory bandwidth, this technique can increase
the total memory size of the system. NUMA allows creating memory domains by clustering

multiple memory controllers in one node (MAAS et al., 2013; LEIS et al., 2014).

Figure 15 - NUMA topology.
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Source: Zhang et al. (2015).

In the context of DBMS research, NUMA-awareness cares about minimizing the
accesses to remote NUMA domains by data partitions (e.g., (BORAL et al., 1990), (DEWITT et
al., 1990), (ALBUTIU et al., 2012), (MAAS et al., 2013), and (LEIS et al., 2014)); managing
system memory accesses on latency-sensitive workloads (e.g., OLTP workloads) since NUMA
has heterogeneous access latency (e.g., (POROBIC et al., 2012), (POROBIC et al., 2014));
and transferring the data across NUMA domains efficiently, i.e., data shuffling (e.g., (LI et al.,
2013)).

2.4.2 Hardware transactional memory

Transactional Memory (TM) provides a concurrency control method analogous to
atomic database transactions. Although TM simplifies the implementation of DBMSs, it never
took hold. Recently, Hardware Transactional Memory (HTM) has attracted new attention in
database researches. The basic idea of HTM is to use the CPU cache as a local transaction buffer
and provide isolation. In addition, transaction conflicts are detected by cache coherency. This
mechanism leads to a very low-overhead transaction performing. However, HTM has drawbacks:
transaction size limited to cache size, unexpected transaction abort due to false conflicts; and
transaction duration limit due to events that can abort the transaction, such as context switches,
interrupts or page faults (HERLIHY; MOSS, 1993; KARNAGEL et al., 2014; LEIS et al.,
2014; MAKRESHANSKI et al., 2015). HyPeR (LEIS et al., 2014) and DBX (WANG et al.,
2014) databases explore HTM to achieve concurrency. The works (KARNAGEL et al., 2014),
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(MAKRESHANSKI et al., 2015), and (WANG et al., 2014) improve in-memory database index

performance with HTM.

2.4.3 Non-volatile memory

Advanced Non-Volatile Memory (NVM) technologies include Phase-Change Mem-
ory (PCM) (RAOUX et al., 2008), Memristors (STRUKOV et al., 2008), and Spin-Transfer
Torque Magnetic RAM (STTMRAM) (DRISKILL-SMITH, 2010). NVM is an emerging technol-
ogy that promises the best properties from hard disks and DRAM: byte addressability, persistence
with high performance, and large storage capacity. However, NVM has disadvantages, such as
limited endurance, write/read asymmetry, and uncertainty of ordering and atomicity (DEBRA-
BANT et al., 2014; ARULRAI et al., 2015; ARULRAJ; PAVLO, 2017). Although there are
many researches that describe the DBMS architecture affected by NVM (e.g., (RENEN et al.,
2019), (RENEN et al., 2018), (OUKID et al., 2017), (ARULRAJ; PAVLO, 2017), (HARRIS,
2016), (ARULRAJ et al., 2016b), (GARG et al., 2015), (ARULRAJ et al., 2015) (SCHWALB et
al., 2015), (ZHANG et al., 2015), (CHEN et al., 2011b)), it is not clear how best to design a
DBMS through NVM.

The existing architectures for disk and memory-oriented DBMSs are inappropriate
for NVM. Disk and memory-oriented systems have an architecture whose design is based on the
propagation of transaction updates from memory to secondary storage for durability purposes.
The byte-addressable, low latency and durability features of NVM can remove that propagation
costs (DEBRABANT et al., 2014; ARULRAIJ et al., 2015; ARULRAJ; PAVLO, 2017). Section

2.5.5 very briefly discusses the recovery in NVM-resident database systems.

2.4.4 Single instruction multiple data

Single Instruction Multiple Data (SIMD) is an instruction set available on current
processors. These instructions provide an easier alternative to achieve data-level parallelism in
order to speed up the processing free from concurrency issues. A single SIMD instruction is
performed in parallel on several data points. Each instruction operates multiple data objects.
However, SIMD limits the maximum parallelism allowed and has constraints on data structures
to operate (WILLHALM et al., 2009; NEUMANN, 2011). An efficient MMDB design should
consider data-level parallelism. SIMD instructions can speed up expensive database operations

(e.g., join and sort) (CHHUGANI et al., 2008; NEUMANN, 2011). SAP HANA implements a
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vector schema by SIMD to speed up dictionary decompression during scans (WILLHALM et al.,
2013). SIMD can improve vector-style computation commonly applied in Big Data analytics

(RAMAN et al., 2008; MUHLBAUER et al., 2013).

2.4.5 Remote direct memory access

Remote Direct Memory Access (RDMA) network allows a machine to read/write
from/to a pre-registered memory region of another machine, without involving the kernel and
CPU on the remote side. In contrast to traditional design, in an RDMA network, a server does not
coordinate a request from the client. A client can access the server’s memory directly, without
any server actuation. RDMA has zero CPU overhead compared to Ethernet message passing.
However, RDMA has limits in synchronizing multiple accesses and inefficient coordination of
access to remote memory by different machines. Besides, RDMA can not easily connect with
the traditional Ethernet directly. With less CPU overhead, a database server can rely on wimpier
cores and achieve the same or better performance (MITCHELL et al., 2013). FaRM implements
lock-free reads over RDMA (DRAGOJEVIC et al., 2014). Hyper can generate backup files in
stable storage via RDMA to relieve the server CPU of the data transmission task (KEMPER;
NEUMANN, 2011).

2.5 In-memory database recovery

Recovery activities (logging, checkpoint, and restart) are the only way to recover
an MMDB to the last consistent state before a crash. Systems can keep database copies for
higher availability. However, high-availability infrastructures are not immune to some sources
of failures that can cause multiple and shared failures. Moreover, hardware improvements
can lead to a significant cost to the database infrastructure. Thus, recovery techniques are
necessary to avoid failures and repair failed systems as quickly as possible. We briefly covered
the disk-based database recovery approaches in Section 2.1, in which we discussed key database
recovery concepts. Throughout this section, we will highlight how logging, checkpoint, and
restart (recovery) processes are handled on MMDBs. Logging stores update records to stable
storage (non-volatile memory) during transaction processing. Checkpoint creates a backup
database (snapshot) from the main memory to stable storage. After a system failure occurs, the

restart reloads the snapshot from the secondary storage into the main memory and then replays
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the log file from the checkpoint record. In general, MMDB durability and recovery seem like
Disk-Based Database System (DBDS). However, these systems are very different in several
details. For example, ARIES-style recovery protocols are avoided in MMDBs for performance

reasons (JAGADISH et al., 1993; GRUENWALD et al., 1996).

2.5.1 Features of crash recovery in MMDB

The crash of MMDBs can be categorized in transaction and system failures. The
transaction crash in MMDBs is similar to the transaction crash in disk-resident databases. When
transaction updates do not reach their goal or violate any database integrity rule (e.g., duplication
of the primary key), the transaction must be aborted and rolled back, as if it had not started.
During transaction rollback, all effects of this transaction must be removed from the database.
However, in many MMDBs, transactions do not update the database before the commitment.
Each transaction performs updates locally and other transactions can see its updates only when
it commits. Therefore, the system should only discard the updates of aborted transactions. For
example, in systems that implement multi-versing storage, when a transaction is in the process
of updating its versions of data, only it can access them. Only after the commitment, the data
versions become the current database versions visible for all transactions. On the other hand, if
the transaction aborts, it is necessary to only discard its data versions. Transaction failure does
not affect the running of the system nor the transactions not involved in this failure. In addition,
there is no loss of memory or media (EICH, 1986; Tang Yanjun; Luo Wen-hua, 2010).

When a system crash occurs in an MMDB, the system stops running and, conse-
quently, the database in the memory is lost. The MMDB recovery after a system failure is
quite different from the disk-resident database. The recovery process must perform two tasks:
(i) reloading the database from the snapshot archive on secondary memory and (ii) replay the
log actions also from secondary memory. After the restart, the system is recovered to the last
consistent state before the failure. Most MMDBs perform redo-only logging. Thus, these systems
do not undo transaction updates. There is not a media failure in MMDBs since the primary
database resides on the main memory. The media to which the checkpoint and log files are
written can fail, but this would not necessarily make the system stop running. This way, the
system will no longer have guarantees of recovery from failures. However, if the system fails
along with the media, assuming there are multiple checkpoints and log devices after the media

is replaced, the failure can be treated as a system failure (EICH, 1986; LI; EICH, 1993; Tang
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Yanjun; Luo Wen-hua, 2010).

2.5.2 Logging

Since the main memory is volatile, transaction modification actions must be stored
on a log archive on stable storage during a transaction commitment. The need for a log on
secondary memory can reduce the response time since the transactions must wait for a write
to secondary storage before committing. Consequently, the log threatens system performance
due to the secondary storage 1/0 (GARCIA-MOLINA; SALEM, 1992). Typically, in traditional
disk-based databases, logging is not the main overhead problem since transaction processing is
the main I/O overhead. However, logging may cause high I/O overhead depending on factors
such as database size, memory available, and number and type of data updated by transactions.
On the other hand, in an MMDB, commonly logging is the source of secondary memory I/Os
during transaction processing (YAO et al., 2016).

Logging in MMDBs is optimized to interfere as little as possible in the database
transaction processing. MMDBs avoid physical logging because more log items are needed to
record modifications. These systems try to reduce log volume. They prefer to perform logical
logging, which generally stores fewer items on a log than physical logging. Moreover, MMDBs
do not store before images of updates. They produce only the REDO log to reduce data flushed
to secondary storage. Therefore, transactions must write log records only at the commitment. If
the system fails, any update of uncommitted transactions will not persist. MMDBs often run
OLTP workloads with short transactions. Each transaction can maintain an undo log locally in
memory for aborting, if necessary. After the commitment, the undo log is discarded. Besides,
most MMDBs prefer Solid-State Drive (SSD) as the log device to increase I/0 performance.
Several systems also avoid logging indexes. After a crash, indexes can be rebuilt in parallel to
recovery (MALVIYA et al., 2014; WU et al., 2017; ZHENG et al., 2014). For this reason, this
work does not discuss index recovery.

To further minimizing the log traffic, some systems use a transaction-level (coarse-
grained) logging technique called command logging (or transaction logging). In command
logging, the transaction’s logic is written to the log rather than the transaction’s operations
(operation logging). Each transaction must be a predefined stored procedure. The log records the
stored procedure identifier of a transaction and its corresponding query parameters. Command

logging is very lightweight, and it needs only one log record to store an entire transaction. This



56

technique generates a low overhead to transaction processing. However, it can slow down the
recovery process because it needs to perform the transactions again (MALVIYA et al., 2014;
WU et al., 2017).

MMDBs can use the group commit and pre-commit techniques to improve secondary
memory access for writing log records. In group commit (HAGMANN, 1987; DEWITT et al.,
1984), the log records of several transactions performing at the same period are accumulated
(e.g., up to the size of a page), and all records are written together in a single I/O operation to log
file. This technique relieves the log bottleneck because it reduces the number I/Os to secondary
storage since a single I/O flushes multiple transaction commit. Under the pre-commit technique
(DEWITT et al., 1984; GARCIA-MOLINA; SALEM, 1992), a transaction releases its locks
as soon as its log records are sent to secondary memory. The transaction does not wait for the
confirmation of writing log records to stable storage. Thus, a transaction can escape from the
overhead of flushing log records. However, the transaction can lose the durability guarantee

when failures happen.

2.5.3 Checkpoint

MMDB checkpoint is very different from the checkpoint in disk-resident database
systems. The checkpoint process of some MMDBs propagates asynchronously transaction
updates from the log file to a checkpoint archive in order to reduce recovery time and free up
log space. The checkpoint materializes logical operations from the log file to the checkpoint
archive. Instead of propagating log records, most MMDBs produce a consistent checkpoint
commonly called snapshot. A snapshot is equivalent to a materialized database state in a specific
instant of time. As soon as a checkpoint is performed, the checkpoint record is stored on the
log. Checkpoints reduce recovery time since loading materialized data from the snapshot into
memory is less costly than performing logical log operations. Moreover, in OLTP environments,
commonly several log records can update the same data item (e.g., frequently updated tuples)
(EICH, 1986; GARCIA-MOLINA; SALEM, 1992; DIACONU et al., 2013; STONEBRAKER;
WEISBERG, 2013).

Similar to logging, the checkpoint algorithm should not reduce significantly the
transaction processing performance. Fuzzy checkpoint seems to be the best approach to databases.
It does not pause the transaction processing and flushes less data than propagating log records or

creating a snapshot. Yet, a fuzzy checkpoint depends on log records to undo and redo transactions
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to restore the database after a failure. However, most MMDBs record only the REDO log. Several
MMDBs prefer to perform an asynchronous transaction-consistent checkpoint. This technique
creates a copy of the database state at system runtime without pausing transaction processing
(SALEM; GARCIA-MOLINA, 1989; LIEDES; WOLSKI, 2006; REN et al., 2016).

Many MMDBs perform the Copy-on-Update (COU) snapshot algorithm (EICH,
1986; DEWITT et al., 1984). At the checkpoint’s beginning, the system is put into COU mode.
Then, the checkpoint scans all records in the database at the system runtime and copies them
to a snapshot archive in the main memory. A bit-array is used to identify when a record was
inserted, removed, or updated since the snapshot’s beginning. The checkpoint skips inserted
records. Before an update or delete, the original content of a record is copied to a shadow table
so that the checkpoint can read the old version later. The old version is deleted as soon as it
is scanned. A process serializes the snapshot from the memory to secondary storage until the
checkpoint ends. COU has two overhead sources: locking and bulk bit-array resetting. COU
must acquire locks to isolate the thread that writes the snapshot to the memory and the thread
that flushes the snapshot to the disk. Moreover, COU must reset the bit-array before starting a
new checkpoint period (CHEN et al., 2011a; MALVIYA et al., 2014). COU has many variants,
such as in (SALLES et al., 2009), (LIEDES; WOLSKI, 2006), and (FORK, 2020).

The COU technique may produce a consistent checkpoint during transaction pro-
cessing. However, it can generate a memory usage overhead because it may potentially need
an amount of memory twice the size of the database. The checkpoint can be considered as the
most recent database backup because it brings to secondary memory the newer database copy.
Thereby, the checkpoint eliminates the need for log entries before the last checkpoint record
(CHEN et al., 2011a; MALVIYA et al., 2014). There are also other proposed snapshot algorithms
such as Naive (BRONEVETSKY et al., 2006; SCHROEDER; GIBSON, 2007), Zigzag (CHEN
et al., 2011a), PingPong (CHEN et al., 2011a), Hourglass (LI ef al., 2018b; LI et al., 2018a), and
Piggyback (LI et al., 2018b; LI et al., 2018a).

2.5.4 Restart

Whenever a system crash occurs in an MMDB, the primary copy of the database
is lost. In this case, the MMDB recovers the database by loading the last valid checkpoint.
Thereafter, the recovery manager starts to execute the actions recorded in the logical log file

forward from checkpoint record. The recovery component activities are briefly illustrated in
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Figure 16. All update actions of the committed transactions are flushed to the log file on
secondary memory by the Logger component. Periodically, the Checkpoint component produces
a persistent file (snapshot) that reflects a consistent state of the database. After a failure, the
Restorer component loads the snapshot into memory and then replay the log file. After the
recovery process has finished, the database is available for new transactions (GRUENWALD;

EICH, 1991; GRUENWALD:; EICH, 1994; WU et al., 2017; FAERBER et al., 2017).

Figure 16 — MMDB recovery component architecture.
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Usually, MMDBs implements a simple algorithm to reload the snapshot called
ordered reload. The ordered reload schema reloads the items in the same order in which they
were written physically on the secondary memory. This schema can provide the fastest database
reload. However, the system must load the entire snapshot archive into the main memory before
starting the redo phase or bringing the database online (if there are no log records). It is possible
that there are no records to replay in the log file, i.e., the snapshot is equal to the last database state
before the system stops running. Before an intentional shutdown, the system stops the transaction
processing and, then, performs a checkpoint to speed up the next system restart. However, this
event can not be classified as a failure (GRUENWALD; EICH, 1991; GRUENWALD; EICH,
1994).

Several systems attempt to parallelize recovery as much as possible to achieve
more and better performance. For example, Hekaton maintains multiple log storage devices to
maximize I/O bandwidth during recovery (DIACONU et al., 2013). SilioR implements a highly
parallel log replay schema that prevents unnecessary allocations, copies, and work (ZHENG
et al.,2014). PACMAN (implemented in Peloton) enables parallel replay of transaction-level
log records. It uses a graph of execution constraints among transactions to find parallelization
opportunities (WU et al., 2017). RAMCloud (ONGARO et al., 2011) uses a log-structured
approach (similar to log-structured file systems (ROSENBLUM; OUSTERHOUT, 1992)) to
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allow fetching log and backup segments in parallel.

Many systems do not need the entire database to start running. According to the
80-20 rule, 80% of accesses to databases correspond to 20% of the items. For example, in OLTP
workloads, generally few records are frequently accessed. When it is not necessary to load the
entire database or the main memory is not large enough to fit the entire database, a partial load
can be performed (LEVANDOSKI et al., 2013a). For instance, the Anti-caching (DEBRABANT
et al., 2013) from H-Store and Siberia (ELDAWY et al., 2014; LEVANDOSKI et al., 2013a;
ALEXIOU et al., 2013) from Hekaton allow a database more extensive than available memory.

Achieving full performance in MMDBs for both recovery and transaction processing
is a trade-off. Most MMDBs prefer to prioritize transaction processing over failure recovery.
Most MMDBs perform a logical transaction-level logging and an asynchronous transaction-
consistent checkpoint. These recovery techniques are very lightweight for transaction processing
compared to ARIES-style techniques. On the other hand, they cause the MMDB recovery
process to become slower than the ARIES recovery. With the advent of high-availability
infrastructure, recovery speeds have become secondary in importance to run-time performance
for most MMDBs. The reason for this is because high available infrastructure can continue to
service transactions while a failed database is recovering. For example, database replicas can
service transactions while the system is recovering after a failure (WU et al., 2017; FAERBER

et al.,2017; MALVIYA et al., 2014).

2.5.5 Database recovery in NVM-resident database systems

Recovery and logging processes in DBMSs running in NVM are quite different from
those processes used in disk and main memory-resident DBMSs. The latter two systems propa-
gate transaction updates from main memory to secondary storage for guaranteeing durability.
Besides, the data are maintained in two copies (the database and the log) to ensure database
recovery after a failure. Data propagation to secondary memory and duplication strategies
employed in disk and main memory DBMSs would cause unnecessary performance degradation
for databases stored in NVM (ARULRAIJ et al., 2016b; ARULRAIJ; PAVLO, 2017).

Write-Behind Logging (WBL) (ARULRALJ et al., 2016b) is a well-known recovery
technique for DBMSs running in NVM. WBL enables the system to recover almost instanta-
neously from system failures. The main idea of the WBL is to store in the log which parts of

the database were updated instead of how they were updated. The system writes changes to the
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database before storing them in the log. Thus, the log is always slightly behind the contents of
the database (ARULRAIJ et al., 2016b; ARULRAIJ; PAVLO, 2017).

A Dirty Tuple Table (DTT) is used to track transaction updates. Each DTT entry has
the transaction ID, the table modified, and a meta-data based on the write operation (insert, delete
or update). The system uses the DTT information to abort a transaction, if necessary. Unlike
the log and database that are stored in the NVM, the DTT is written to main memory. WBL
uses a group commit interval to track the active transactions. All transactions committed before
the current group commit interval are safely persisted on durable storage. When committing a
group of transactions, the DBMS persists the changes contained in DTT and then records the
final timestamp of the group commit interval in the log. In the case of a long-running transaction
T consuming more time than the group commit interval, the system can also log T’s commit
timestamp (ARULRAI et al., 2016b; ARULRAJ; PAVLO, 2017).

When a system failure occurs, the DBMS ignores the effects of transactions that fall
within the last group commit interval. As WBL was designed for multi-versing storage, ignoring
an update only consists of not validating the updated version. Nevertheless, the authors also
discuss how to adapt WBL for a single-version system. It is not necessary to redo transactions
since the effects of all committed transactions are persisted (ARULRAJ et al., 2016b; ARULRALI;
PAVLO, 2017).

The WBL technique does not need to periodically generate checkpoints to speed
up recovery. This is because all transaction updates executed before the current group commit
interval have already been persisted. Therefore, the log records stored before the current group
commit interval can be removed safely. This allows the log file to be truncated to free up storage
space (ARULRAIJ et al., 2016b; ARULRAIJ; PAVLO, 2017).

In the context of database recovery, we can also mention some researches such as
ETERNAL (GOMES et al., 2019), NVRAM Group Commit (PELLEY er al., 2013), Editable
Atomic Writes (EAW) (COBURN et al., 2013), NV-Logging (HUANG et al., 2014), Fast
Optimistic Engine for Data Unification Services (FOEDUS) (KIMURA, 2015), REWIND
(CHATZISTERGIOU et al., 2015), JUSTDO logging IZRAELEVITZ et al., 2016), and Hyrise-
NV (SCHWALB et al., 2016b). Other works related to database recovery in NVM are: Schwalb
et al. (2016a), Arulraj et al. (2015), Pelley et al. (2013), Huang et al. (2014), Wang e Johnson
(2014), Gao et al. (2011), and Agrawal e Jagadish (1989).
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3 RELATED WORK

3.1 Log-structured recovery techniques

Although ARIES is a well-established recovery approach, recent hardware improve-
ments have spurred the development of new software architectures that can better exploit modern
hardware (GRAEFE; KUNO, 2012; SAUER, 2019). For example, flash storage promises higher
performance than magnetic disks. However, it also presents its problems, such as limited en-
durance and write/read asymmetry (CAPPELLETTI et al., 2013; BEZ et al., 2003). The failure
of individual pages in storage is described in (GRAEFE; KUNO, 2012) as the fourth class of
database failures: single-page failure. This type of failure is not part of any of the traditional
database failure classes. At worst, it could be considered a media failure, although only indi-
vidual pages fail, not the entire device. The techniques presented here introduced the usage of
log-structured file and write-optimized B-trees in the recovery process.

The Log-Structured Merge tree (LSM-tree) (O’NEIL et al., 1996) is a disk-based
data structure that provides low-cost indexing for a file that has a high rate of record insertions
and deletions over an extended period. LSM-tree stores the data in a buffer in memory before
writing it to secondary memory. The method of buffering avoids multiple I/Os in secondary
memory for frequently referenced pages. This approach is not suitable for writing log records
since they require immediate and atomic persistence during commit processing. LSM-trees are
typically used to store keys and values in the application domain, i.e., to store and retrieve user
data. Recently, LSM-trees have been widely adopted in No-SQL databases (O’NEIL et al., 1996;
CHANG et al., 2008).

Single-page repair (GRAEFE; KUNO, 2012) handles the recovery of individual
pages (after single-page failure) instead of recovering the whole media device. This technique is
executed during system performing without aborting the transaction, the access to the affected
data is just delayed. Single-page repair uses an index data structure to identify the LSN of the
most recent update of each page since the PageLLSN field of a failed page cannot be accessed. A
B-tree maps each database page to its most recent log record and its most recent backup page.
This allows the history of updates from an individual page.

Single-pass restore (SAUER et al., 2015) allows the backup restoration and log
replay in a single operation after a media failure. During log archiving process, it applies run

generation logic. Thus, the log file is partitioned, and the log records in each partition (run) are
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sorted primarily by page ID rather than by LSN. During media restoration, the system merges
page images from backups and partitions in the log archive. The process is illustrated in Figure
17. The number of partitions can be reduced by intermediate merges in order to speed up the

restoration.

Figure 17 —Illustration of single-pass restore.
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Instant restart (GRAEFE et al., 2015; GRAEFE et al., 2016) is a technique that
enables new transaction performing immediately after the analysis phase, and concurrent to
redo and undo phases after a system failure. In addition to identifying dirty pages and active
transactions at the crash time, the analysis phase identifies transaction locks. Then, the lock
manager holds these locks. The analysis also registers the pages that require redo actions. After
the analysis, the system can perform new transactions during the redo and undo phases. The
main idea of instant restart is to recover the database incrementally and on-demand. Transactions
that do not require registered pages or do not conflict with locks acquired in the analysis can
run. When a transaction requires a registered page that has not yet been recovered, a single-page
repair is performed. A transaction in conflict with the locks acquired in the analysis phase must
wait or abort.

Instant Restore (SAUER et al., 2017; SAUER, 2017; SAUER, 2019) technique
allows transaction processing during the recovery process after a media failure. This technique
was implemented in Zero Storage Manager (SAUER, 2022; SAUER, 2017), which is a fork of
Shore-MT (JOHNSON et al., 2009; SHORE-MT, 2021), an experimental test-bed library that
can be used as a storage engine. The Instant Restore log file data structure is a partitioned B-tree
(GRAEFE, 2003). During normal transaction processing, log records are stored in a B-tree

partition at commit time. Only the records of a run generation (e.g. a group commit) are stored
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in a partition. Before committing, records are sorted primarily by page ID and secondarily by
LSN in each partition. The partitions are implemented by a flat-file index (Figure 18). Each
partition is a file whose log records are stored contiguously. Index information is appended in
each file as a list of (pagelD, offset) pairs. This index allows the offset to the first update record
of a page within a partition, given the page ID. The B-tree search key is the page ID that maps
all partitions that contains log records that updated a page ID. In Figure 18, the index partition

maps update records of pages A and B.

Figure 18 — Flat-file format of the
partitioned log index.
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After a media failure, the Instant Restore recovery process loads pages incrementally
from a backup device. While a set of pages is loaded, the log records of that set are probed in the
log archive. After the pages are restored, they are available for new transactions. The approach
is also able to recover pages on-demand for new transactions. The Instant Restore technique
is illustrated in Figure 19, which shows a segment consisting the two pages (A and B). During
recovery, these two pages are restored by loading them from the backup and fetching them on
the indexed log partitions. The partition index may search for multiple partitions to restore a
page. Thus, partitions must be merged periodically to provide acceptable read performance
during recovery, as the number of partitions increases with the number of log records generated

(SAUER et al., 2017; SAUER, 2017; SAUER, 2019).

Figure 19 —Illustration of instant restore.
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3.2 MMDB recovery strategies

MMDBs are implemented in a variety of ways, as discussed in section 2.3. MMDBs
trend to store only records in memory and avoid page-based indirection by a buffer pool (LAR-
SON; LEVANDOSKI, 2016; FAERBER et al., 2017). Some systems prefer multi-versioning of
data instead of in-place updating (MALVIYA et al., 2014; NEUMANN et al., 2015). Indexes
usually store direct pointers to records and try to optimize CPU cache efficiency as well as multi-
core parallelism (AILAMAKI et al., 1999; FAERBER et al., 2017). MMDBs avoid to implement
a lock manager because its indirection in handling the locks is a source of overhead. Instead,
they prefer to embed metadata into records to control access to them (GARCIA-MOLINA;
SALEM, 1992). Some systems use a multi-version concurrency control variant (CUI ez al.,
2003; LEE et al., 2013), while others use partitioned serial execution (THOMSON et al., 2012;
STONEBRAKER; WEISBERG, 2013).

Recovery strategies should follow the architectural choice of the database system.
This section provides examples of recovery techniques used in modern MMDBs. These tech-
niques are a representative sample of the different MMDBs recovery implementations. The
recovery techniques presented here are implemented similarly in other types of MMDBs. Table
1 provides a summary comparing the recovery approaches discussed. This table shows important
features that influence the recovery mechanism employed for each MMDB: concurrence control
(cf. Section 2.3.2), logging (cf. Section 2.5.2), checkpoint (cf. Section 2.5.3), and instant
recovery (cf. Section 3.1). For each system, we overview the general features of the MMDB and,
then, discuss in-depth the methods of logging, checkpoint, and recovery.

Most MMDBs implements a offline recovery, i.e., the database is only available for
new transactions after the full recovery process is completed. These systems prefer to adopt a
offline recovery approach because it leads a better performance during transaction processing,
as discussed in Section 2.5.4. Moreover, the systems can use some high availability strategy to
maintain the database operational in the face of failures. In the recovery approaches covered
in this section, only FineLine implements an instant recovery approach (discussed in Section
3.1) that allows the system to perform transactions during recovery. The only way for the other

systems to be available during recovery is to adopt some high availability strategy.



Table 1 — Some modern MMDBs and its main recovery features.

MMDB

Concurrence Control

Loging

Checkpoint

Instant Recovery

Hekaton

Freedman et al. (2014)
Diaconu et al. (2013)
Larson et al. (2013)

optimistic MVCC

operation logging

delta and data files

no

VoltDB
Malviya et al. (2014)
Stonebraker e Weisberg (2013)

serial execution in partitions

command logging

snapshot

no

HyPer

Funke e al. (2014)
Kemper e Neumann (2011)
Miihe et al. (2011)

serial execution in partitions
for OLTP, virtual snapshot
for OLAP

command logging

snapshot

no

SAP HANA
Farber et al. (2012)
Farber et al. (2011)
Sikka et al. (2012)

MVCC, 2PC

operation logging

snapshot

no

SiloR
Zheng et al. (2014)

optimistic MVCC

value logging

"fuzzy" snapshot

no

TimesTen
TimesTen (2020)
Labhiri et al. (2013)
Team (1999)

MVCC, 2PL

value logging

"fuzzy" checkpoint,
snapshot

no

PACMAN
Wu et al. (2017)

serial execution in partitions

command logging

no

Adaptive Logging
Yao et al. (2016)

serial execution in partitions

command logging,
ARIES logging

snapshot

no

FineLine

Sauer (2019)
Sauer et al. (2018)
Sauer (2017)

physiological
logging

yes

<9
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3.2.1 Hekaton

Hekaton is an in-memory engine of Microsoft SQL Server. A SQL Server database
can have both disk-based tables (regular tables) and in-memory tables (Hekaton tables). A regular
table can become a Hekaton table simply by declaring the first one as a table memory-optimized.
A Hekaton table is entirely stored in the main memory and is durable. The in-memory and regular
tables are both handled by Transact-SQL (T-SQL). A transaction can update both in-memory and
disk-based tables. However, a stored procedure that accesses only in-memory tables is compiled
in the machine code. Hekaton transactions can access any database table. The engine uses
an optimistic multi-version concurrency control and lock-free (latch-free) structures to prevent
concurrency among threads. Hekaton uses logs and checkpoints to ensure transaction durability
and recovery after a failure (DIACONU et al., 2013; FREEDMAN et al., 2014; LARSON et al.,
2013).

The log in Hekaton is logical and redo-only. A transaction generates log records
only at the commit time since Hekaton does not implement WAL protocol. The log records
contain logical information about inserted and deleted versions which are sufficient to restore the
database. The system writes to the log the versions created and keys of deleted versions when the
transaction commits. The commit processing uses group commit, i.e., it tries to group multiple
log records from different transactions performing in the same period into one I/O (DIACONU
etal., 2013).

The checkpoint should occur incrementally and periodically during the system
execution. The checkpoint is stored in two types of files: (i) data file, which stores new versions
from insertions and updates; and (ii) delta file, which contains information about which of the
versions have been deleted. Data and delta files are append-only. A data file is strictly read-only.
The checkpoint process appends new versions to data files and IDs of removed versions to delta
files (DIACONU et al., 2013).

After a failure, the Hekaton recovery mechanism locates the most recent checkpoint
file that tracks all data and delta files. Delta files filter rows of removed versions. Thus, the
recovery process can reload only the current versions into memory. The data/delta files pair
represents the unit of work for recovery and leads to a recovery process highly parallelizable.
Hekaton manages one thread per core to replay the transactions saved in the checkpoint files
parallel. When the checkpoint process is completed, the log is replayed from the last checkpoint
record (DIACONU et al., 2013).
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Data files can degrade recovery performance in proportion to the number of versions
deleted considering the fact that the recovery manager must read all data and delta files. Thus,
adjacent data files are merged to prevent this inconvenience. Data files are merged in a new data
file when their active content drops below a threshold. The new delta file generated from those
data files is empty because all deleted versions are dropped after the merge (DIACONU et al.,
2013).

3.2.2 VoltDB

VoItDB is an OLTP MMDB designed from H-Store (KALLMAN et al., 2008)
(academic version). VoltDB partitions data to allow the storage of databases larger than the
memory available of a single node. For high availability and fault-tolerance, it can be replicated
across several nodes. Each partition is assigned to one site, and each node can run multiple sites.
A transaction in VoltDB is performed serially in a partition, i.e., a transaction runs exclusively
on the necessary partitions. Each node has an initiator responsible for sending transactions to
the partitions/replicas. A transaction must be a single stored procedure (MALVIYA et al., 2014;
STONEBRAKER; WEISBERG, 2013).

VoltDB implements command logging and asynchronous transaction-consistent
checkpoint to recover the database from a failure. Indexes are not flushed to the log file. A
single-partition transaction writes records to the log file of its site. A distributed transaction
needs multiple partitions and, consequently, it is performed in multiple sites. One of these sites is
chosen to coordinate the other sites. Only the coordinator site of the distributed transaction stores
log records. Messages exchanged between the coordinator and the other sites are also logged.
Replicas of the coordinator also record log records (MALVIYA et al., 2014; STONEBRAKER;
WEISBERG, 2013).

When a crash occurs, the recovery manager starts loading the latest database snapshot
from secondary storage to main memory. Next, a thread copies the log content of each node
into memory. The node’s initiator processes the log entries and dispatches the corresponding
transaction to the appropriate sites. This recovery schema can work even if the site topology
changes. For example, when a site can not restart, the number of execution sites will change.
Thus, if a site 1s removed, the initiator can send the transactions of the removed site to a new site
for a given partition-id. Indexes are rebuilt in parallel with snapshot reloading before log replay

(MALVIYA et al., 2014; STONEBRAKER; WEISBERG, 2013).
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3.2.3 Hybrid OLTP&OLAP High Performance (HyPer)

HyPer is an MMDB that can handle both OLTP and OLAP workloads simultaneously
on the same database. In HyPer, OLAP queries can run on the most recent transactional database
state. HyPer isolates OLTP and OLAP tasks from each other to accommodate both on the same
database. It separates the data between the most immutable data and the most recently updated
data. HyPer creates a virtual memory snapshot duplicating the OLTP process to execute a session
of OLAP queries. In Unix, for example, the fork() system call can create a child process from
a parent process. The OLAP (child process) uses a copy of the address space from the OLTP
(parent process), as exemplified on the left of Figure 20. HyPer supports multiple OLAP sessions
(one session per core) (FAERBER et al., 2017; FUNKE et al., 2014).

Figure 20 —HyPer’s virtual memory schema to support OLTP and OLAP
transactions performing in the same database.
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Source: Funke et al. (2014).

Initially, OLTP and OLAP processes share the same virtual memory. When an object
is updated, the copy-on-update schema replicates the modified virtual memory page. Thereafter,
after an update, it is created a new version of the data page accessible only by OLTP transactions.
The old version is handled only by the OLAP thread. The remaining versions which were not
updated after the OLAP session starts are still shared by the OLTP and OLAP processes. Figure

20 shows an example of this schema. The items a, a’, and a” represent prior versions of item
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a’”’ (current version). Only OLTP transactions can access a””’. Each of the pages of the three
old versions can be accessed only by their corresponding OLAP session. Each snapshot will
be deleted after its session queries are finished. The OLTP transactions are executed serially.
However, multiple read-only threads can run in parallel by multiple cores (one thread per core)
(FUNKE et al., 2014; KEMPER; NEUMANN, 2011; MUHE et al., 2011).

The OLTP process must create updated pages in a separate copy (Delta). Periodically
and asynchronously, the system merges delta and main stores. This approach allows for updating
OLAP sessions with the most up-to-date data. However, it requires an extra reorganization
effort in the merge process. Another problem is the storage overhead from OLAP sessions when
the number of updated pages increases. Moreover, OLAP queries can make secondary storage
accesses to allocate temporary data structures when the main memory is low (FUNKE et al.,
2014; KEMPER; NEUMANN, 2011; MUHE et al., 2011).

HyPer employs redo-only command logging (on the bottom of Figure 20) to achieve
the durability of transactions. HyPer maintains an undo log in volatile memory to undo trans-
actions, if necessary. The undo log records of a transaction can be overwritten as soon as it
is committed. The virtual memory snapshots can be used to create database backups on sec-
ondary storage (on the right of Figure 20). After a failure, the recovery process starts writing
the youngest fully written snapshot archive on the secondary storage into the main memory.
Next, the log is replayed forward from the checkpoint record (FUNKE et al., 2014; KEMPER;
NEUMANN, 2011; MUHE et al., 2011).

3.2.4 SAP HANA

SAP HANA is an MMDB that has multiple data processing engines within the same
system to provide the classical relational processing (both transactional and analytical), and text
processing and graph processing for the management of semi-structured data and unstructured
data. SAP HANA can support different query languages. SAP HANA implements a unified table
structure (Figure 21) that propagates tuples for three stages of representation within a controlled
life cycle management process: optimized storage to write OLTP transactions, and a highly
compressed structure to efficiently answer OLAP queries. The common default setup has three
representations for tuples in a table: L1-delta, L2-delta, and Main store. L.1-delta has the row
logical format and is optimized for fast insertion, update, deletion, and record projection. L2-

delta is an intermediate structure organized in column-store format and use dictionary encoding
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for better memory usage. This dictionary is unsorted and needs secondary index structures for
a better access performance. The main store implements a columnar store format in a sorted
dictionary that can be highest comprised in several compression approaches (FARBER et al.,

2012; FARBER et al., 2011; FAERBER et al., 2017; SIKKA et al., 2012).

Figure 21 — Unified table hybrid store.
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SAP HANA was implemented for OLAP workloads originally. This kind of workload
is very appropriated for range queries, but it makes update operations prohibitively expensive
because a large number of entries need to be updated. To avoid this problem, only the delta
part handles modification operations (L1-delta for update/insert/delete; or L2-delta for bulk
load operations). The system merges delta into the main storage periodically: first L.1-to-L2-
delta merge; and later an L2-delta-to-main merge. Both merge operations are asynchronously
propagated through the storage, do not affect persistent storage directly, and do not interfere with
system restart (FARBER et al., 2012; SIKKA et al., 2012).

The persistence in SAP HANA is a combination of REDO log and save pointing
(snapshot). The UNDO log is not performed. The REDO log stores logical operations from
L1-delta and L2-delta transactions. Modifications during the merge process are not logged, but
the merge event is written on the log. Changes are persisted periodically in the savepoint of
L2-delta and main store. After the savepoint, the REDO log can be truncated. Figure 21 outlines
some of the details of SAP HANA persistence. After a crash, the system loads the savepoint and
perform REDO log actions (FARBER et al., 2012; SIKKA et al., 2012).
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3.2.5 SiloR

SiloR (ZHENG et al., 2014) added a concurrent recovery schema in Silo (TU et al.,
2013). Silo is a high-performance MMDB which implemented logging but did not consider
recovery, log truncation, or checkpoints. Silo implements an optimistic concurrency control
to serialize transactions. The system uses an epoch schema in which the transactions read a
global number E and embed it in the transaction ID. A designated thread advances E periodically
(every 40 ms). Threads use E during the commit procedure to compute the new transaction ID.
The epoch approach impacts the way SiloR does logging and recovery and is the key to correct
replay. Silo assigns a core for each thread: workers (that carry out client requests), logger, and
checkpointers (ZHENG et al., 2014).

SiloR logs transaction output keys and values, rather than operations or store pro-
cedures IDs and their parameters. The system stores its log in a collection of files in a single
directory. A log file has log buffers concatenated from several threads. The epochs can be
store on log out of order since a thread does not need to wait for a prior thread that delays
its release. The value logging allows recovery parallelism, but it logs a large amount of data
and, consequently, might slow transaction execution. On the other hand, operation logging and
command logging techniques require that the recovery manager replays transactions in their
original serial order, which is hard to parallel. SiloR uses a separate thread to maintain an epoch
file that contains the epoch C whose transactions executed prior are persistent. Thus, the system
knows that all transactions in epochs less than or equal to epoch C are durably stored in log
(ZHENG et al., 2014).

In SiloR, checkpoint uses multiple threads and multiple media (one thread per
media). The checkpoint manager assigns different slices of the database to different checkpointer
threads. Each checkpointer writes records from its slice to the secondary storage as long as the
transactions commit. However, as concurrent transactions continue to modify the database during
the checkpoint process, it is possible that the checkpointers will not see all new modifications.
Thus, SiloR performs a "fuzzy" checkpoint, i.e, the checkpoint is not consistent. After a failure,
SiloR starts recovery by loading the most recent checkpoint. The checkpoint records a table
on n media, and each media has m files per table. Thus, n x m threads are necessary to load
the checkpoint in memory. The recovery threads can restore the database in parallel since the
checkpoint stores different key ranges (ZHENG et al., 2014).

After the checkpoint is finished, the system recovery starts to process the log. First,
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the system identifies the epoch C, i.e., the number of the latest persistent epoch. This is necessary
to correctness since group commit could not have finished for those later epochs. If log records
after the epoch C are processed, the database can stay in an inconsistent state. In contrast to
checkpoint files, log files are not organized. The log files can be processed in any order. At the
end of log processing, each key is associated with a value of the last modification from its most
recent persistent epoch. Then, the log replays in reverse order to avoid overwriting some value
and, consequently, use the CPU more efficiently. This SiloR’s log property allows parallelism

and prevents unnecessary allocations, copies, and work (ZHENG et al., 2014).

3.2.6 TimesTen

Oracle TimesTen In-Memory Database (TimesTen) is an OLTP in-memory database
system, but it can also operate OLAP workloads by synchronizing data into a standby instance.
In addition, the storage manager can support columnar compression using dictionary-based
encoding to reduce memory usage. TimesTen can be used as a standard in-memory database or a
cache of critical performance subsets of an Oracle database. Client applications can read/write
the cache tables and the synchronization of data between cache and database is performed
automatically. TimesTen can also be scaled-out to a grid of interconnected hosts that work
together to provide fast access, fault tolerance, and high availability. TimesTen uses MVCC for
read-write concurrency and record-level locking for write-write concurrency (HU et al., 2019;
TIMESTEN, 2020; LAHIRI et al., 2013; TEAM, 1999).

TimesTen recovery process starts by loading the most recent checkpoint file and the
transaction log. During transaction processing, log records are first written to an in-memory
log buffer whose contents are flushed to the log file on secondary memory. The transaction
log is used to undo transactions that are rolled back. Transaction log records are written to
secondary storage asynchronously or synchronously. In the asynchronous mode, the transactions
use pre-commit, i.e., a transaction does not wait for the confirmation of writing log records to
durable storage. This technique provides very low response times and very high throughput,
but it loses the guarantees of consistency in the event of failure. In the asynchronous mode, the
transactions use group commit, i.e., a transaction must wait for the log record to be written to
secondary storage. This approach avoids data loss when a failure occurs, but it reduces system
performance (TIMESTEN, 2020; LAHIRI et al., 2013; TEAM, 1999).

TimesTen supports two types of checkpoint techniques: non-blocking (or fuzzy)
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checkpoint, and blocking checkpoint. Fuzzy checkpoint does not obtain locks and therefore
does not pause transaction processing. It is generated in the background automatically. In this
approach, transactions may modify the data during the checkpoint process. As a result, the
generated checkpoint file can store both committed and uncommitted transactions. Blocking
checkpoint creates a transaction-consistent checkpoint file (snapshot) by an application call.
This technique acquires an exclusive database lock. Thus, new transactions cannot be executed
until the checkpoint process ends, and, consequently, the performance of the system is degraded
(TIMESTEN, 2020; LAHIRI et al., 2013; TEAM, 1999).

Data replication in TimesTen uses the transaction log to copy data from a master
database to a subscriber database. This approach is also used when TimesTen is an Oracle
database cache. In TimesTen grid database, each host maintains its own checkpoint and transac-
tion log files. For that reason, each host is durable and recoverable independently (TIMESTEN,
2020; LAHIRI et al., 2013; TEAM, 1999).

3.2.7 PACMAN

PACMAN (WU et al., 2017) is a recovery mechanism designed for transaction-level
logging. It tries to parallelize the recovery and minimizes the runtime overhead for transaction
processing. This mechanism was implemented in Peloton (PAVLO et al., 2017; PELOTON,
2019), an MMDB optimized for high-performance transaction processing. PACMAN was
designed based on two prerequisites: (i) the DBMS must utilize command logging, and (ii) the
DBMS must replay re-executing transactions to recover the database. PACMAN mechanism
parallels the log replay by static and dynamic analysis (WU et al., 2017).

At static analysis, PACMAN identifies opportunities for parallel execution when
the stored procedures are compiled. In the first stage, the flow dependency of each stored
procedure is identified (the execution ordering between operations) and data dependency (if
operations could potentially conflict). Thus, a stored procedure is divided into smaller pieces (set
of operations) that are organized in a graph (local dependency graph). The graph has constraints
of execution among the pieces and possible paralleling opportunities into a store procedure. Next,
the local dependency graphs are integrated into a global graph. This graph represents the order
of execution among all stored procedures (WU et al., 2017).

After a failure, PACMAN uses the global graph to generate schedules. Each schedule

allows the stored procedure pieces to execute in parallel following the global dependency
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constraints. PACMAN dynamically analyzes the schedules for a higher degree of parallelism.
First, the mechanism enables intra-batch parallel executions by the availability of the runtime
procedure parameter values. Second, it allows inter-batch parallel executions in which different
log batches are replayed in parallel by applying a pipelined execution optimization (WU et al.,
2017).

3.2.8 Adaptive Logging

Adaptive Logging (YAO et al., 2016) was designed for logging and recovery in
distributed MMDBs. It implements a distributed adaptive command logging method on H-Store.
This logging method allows tuning the trade-off between transaction processing and recovery
by user parameters. Before the recovery process starts, the system scans the log and generates
a dependency graph. The dependency graph links transactions that read/write the same record.
While replaying the log, transactions without dependency relationship can process concurrently,
and the others one must wait until all their dependent transactions finish.

The system employs an online approach to use either command logging or ARIES
logging. The dependency between transactions can lead to a few transactions to block the
processing of many others. The adaptive logging approach identifies the bottlenecks dynamically
using a cost model. A transaction identified as a bottleneck is materialized in the ARIES log.
Thus, transactions depending on that bottleneck do not have to wait so long. The cost model uses
a budget given by a user. The adaptive logging can spend the same 1/Os than ARIES logging if

all transactions are identified as bottlenecks (YAO et al., 2016).

3.2.9 FineLine

FineLine (SAUER, 2017; SAUER et al., 2018; SAUER, 2019) is an in-memory
system that uses a log-structured data structure as the only way to provide persistence. This
approach uses a partitioned B-tree as log file structure and implements the same recovery strategy
as Instant Restore (see Section 3.1 for more details), except that the former only uses the log file
to recover the data, it does not need a backup device. Thus, after a system failure, the system
performs an instant recovery schema, i.e., transactions can be performed during the recovery
process. FineLine in-memory data structures are key-value stores. Although the system does
not specify any concurrency control schema, the authors suggest that the system can support

two-phase locking or optimistic concurrency control approaches.
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FineLine persists any data structure that can be organized into a node identified by a
unique ID. A node is a single record, which is a form of physical log record. The log is redo-only.
Transaction update records are sorted and stored in log partitions at commit time. Undo log
records are not persisted, but an undo log is maintained in memory only for transaction abort.
The undo log records for a transaction are removed after the transaction is finished. Checkpoints
are not implemented. However, partitions are merged periodically in order to reduce the number
of partitions and, consequently, to deliver acceptable read performance during recovery. Figure
22 illustrates the FineLine propagation schema. After a system failure, the recovery manager
redoes pages incrementally by traversing the indexed log and searching records in partitions.
New transactions can run as soon as their necessary pages are restored. When a transaction
requires tuples not yet loaded into memory, these pages can be restored on-demand (SAUER,

2017; SAUER et al., 2018; SAUER, 2019).

Figure 22 — FineLine propagation schema.
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4 INSTANT RECOVERY

MMDBs provide very high IOPS given that the primary database is handled in
volatile storage. However, the database residing in a volatile memory makes these systems much
more sensitive to system failures than conventional disk-resident database systems. The recovery
mechanism is responsible for restoring the database to the most recent consistent state before a
system failure has occurred. In this way, after a system crash, the recovery manager loads the last
valid checkpoint (a prior database backup copy) and then starts to execute all actions recorded in
the log file forward from the checkpoint record (MOHAN et al., 1992; GRUENWALD et al.,
1996; MALVIYA et al., 2014).

Accordingly, the recovery process for most MMDBs is performed offline, meaning
that the database and its applications only become available for new transactions after the full
recovery process is completed. One may claim that systems can keep database replicas for
high availability. In fact, with the advent of high-availability infrastructure, recovery speed has
become secondary in importance to runtime performance for most MMDBs (WU et al., 2017;
FAERBER et al., 2017; MALVIYA et al., 2014). Nevertheless, replication is not immune to
human errors and unpredictable defects in software and firmware that are a source of failures
and can cause multiple and shared problems (SAUER et al., 2017; TAN et al., 2015).

In this sense, this thesis proposes an instant recovery mechanism for MMDBs. This
mechanism allows MMDBs to schedule new transactions immediately after the failure during
the recovery process, giving the impression that the system was instantly restored. The main
idea of instant recovery is to organize the log file in a way that enables efficient on-demand and
incremental recovery of individual database tuples.

It is important to note that the default recovery strategy implemented by most
MMDBs has two deficiencies that make instant recovery impossible. First, the recovery process
uses a sequential log file. The recovery in the sequential log is not incremental and requires full
recovery before any tuple can be accessed. This scenario does not allow the system to execute
an on-demand transaction during recovery, which means that new transactions can only start
executing after the recovery process has finished. The second problem is the random access
pattern in the sequential log for restoring tuples individually. The sequential log has efficient
record writes, but it has inefficient reads for individual log records. A full log scan must be done
to restore a given tuple individually (SAUER et al., 2017; MALVIYA et al., 2014).

The instant recovery mechanism presented in this work builds the log file as an index
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structure. This log organization enables an efficient restoration of a tuple. A single fetch on
the indexed log can restore one tuple. Thus, the system can use the indexed log to recover a
database by restoring tuple by tuple incrementally. This mechanism naturally supports database
availability because a new transaction can access a tuple immediately after the tuple is restored,
i.e., transactions do not have to wait for a full recovery to access restored tuples. We have
empirically evaluated the proposed instant recovery mechanism in order to show its efficiency
and suitability to be implemented in MMDBs. The workload used for the experiments belongs
to Memtier benchmark.

The primary purpose of the instant recovery mechanism is to efficiently restore the
database incrementally and on-demand, assuring high transaction throughput rates during both
the recovery process and normal transaction processing. Downtime after a system failure is
expected to be minimal. To achieve this goal, the instant recovery uses an index structure as
log file, called indexed log (SAUER et al., 2017, MAGALHAES et al., 2021; MAGALHAES,
2021).

The indexed log allows retrieving only the log records to redo a given tuple. There-
fore, the restore latency of a transaction depends only on the tuples needed to start processing.
Restore latency is defined as the additional delay imposed by the system to retrieve the data
necessary for a single transaction to begin executing. Most MMDBs recovery mechanisms need
to scan the entire log file to redo a single tuple, i.e., the restore latency for a transaction is the full
recovery time (SAUER et al., 2017; MAGALHAES er al., 2021; MAGALHAES, 2021).

This chapter details the proposed instant recovery mechanism denoted Main Mem-
ory Database Instant RECovery with Tuple consistent checkpoint (MM-DIRECT). First,
the anatomy of MM-DIRECT is presented and discussed. Second, the data structure used to
implement the log file is detailed. Thereafter, the logging technique to provide instant recovery
is discussed. Next, the recovery algorithm based on the proposed logging technique is detailed.

Finally, the Tuple proposed Consistent Checkpoint technique is described.

4.1 The anatomy of MM-DIRECT

Although modern hardware has offered promising alternatives for MMDBs to reach
their full potential, this work does not require many technology improvements. The proposed
instant recovery for MMDBs requires a simple system containing a memory hierarchy composed

of two levels: a main memory (for the database) and a persistent-memory level (for the log
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files). Thus, the proposed mechanism can be deployed in any database system architecture. The
mechanism does not require any others technologies, such as NVRAM.

Figure 23 shows the main components of MM-DIRECT. The Logger flushes transac-
tion write operations into the sequential log file using the write-ahead log approach. The Indexer
component is responsible for inserting log records from the sequential log file into the indexed
log file asynchronous to transaction commitment. Thus, transaction execution is not impacted by
the process of inserting records in the indexed log file. In turn, Restorer restores tuples, after a
failure, by redoing operations from the indexed log file. The Scheduler component requests the
Restorer to restore tuples required for new transactions in an on-demand way. Checkpointer
periodically reduces the number of log records in the indexed log. By doing this, MM-DIRECT

minimizes recovery time.

Figure 23 — MMDB instant recovery architecture.

® Checkpointer

Logger

\

The following sections describe the components and their interactions in more detail.

Restored

Restorer Scheduler

1

4.2 Log files structure

MM-DIRECT works with a sequential log file and an indexed log file. These two log
structures are logical (WU et al., 2017; ZHENG et al., 2014), i.e., their records contain higher
level operations to describe database updates. The structures are illustrated in Figure 24. During
the processing of a transaction, log records are generated for each update action and kept in a
local thread, i.e., the transaction performs updates locally in the memory, and other transactions
can see its updates only when it commits. During a transaction commit, the log records are
flushed to the sequential log file. LSN orders the log records, i.e., the log records are written
sequentially in the same order in which the respective update action was performed. This log
organization ensures consistent database recovery.

It is a matter of fact that a sequential log does not provide the necessary support
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for on-demand recovery. Accordingly, after a failure, new transactions should wait for full
database recovery to be executed. In order to overcome such a limitation, MM-DIRECT utilizes
an indexed log file, which is structured as a B -tree. The database’s tuple IDs are used as search
keys. This way, log records for a given tuple T are stored in a list pointed by a single entry of a
leaf node. Thus, a leaf node search key value K (a tuple ID) points to a list of log records for
a tuple 7 with ID = K. The records are copied to the indexed log in the same format that they
were stored in the sequential log. A single index seek operation in the BT -tree can locate all
the records required to restore 7. LSN is responsible for representing the temporal order of log
records belonging to a tuple 7. The indexed log loses the global LSN order, but it maintains a
local LSN order in each B -tree leaf node. Log records for a tuple in a leaf node are still sorted
by LSN. This log organization ensures the consistent recovery of each tuple. In this way, the
BT -tree allows to recovery each tuple individually.

To illustrate how both log files are built, consider Figure 24. In Figure 24 (a), log
records generated by transactions Tx1, Tx2 and Tx3 are stored in the sequential log file. On
the other hand, Figure 24 (b) illustrates the assemblage of the indexed log file. Log records
for transactions Tx1, Tx2 and Tx3 are grouped in the B -tree leaf nodes by the tuple IDs. For
instance, log records with LSN 12 and 15 belonging to Tx3 and Tx2, respectively, contain write
operations of write executed on Tp2.

Figure 24 — Sequential log (a), and indexed log (b).
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The Fineline recovery mechanism (discussed in Section 3.2.9) supports only parti-
tioned B-tree indexed log. On the other hand, MM-DIRECT is implemented to support different
index structures, such as B*-tree and Hash table (LITWIN, 1980). B-tree and Hash structures

have their trade-offs. A hash table can access a key in &'(1), which is faster access than a



80

tree index seek operation (&'(log,,)). However, tree algorithms can locate key value ranges in
O '(log, ), whereas hash may degrade to a full table scan (&'(n)) in such cases. Besides, hash
indexes have constant overheads (e.g. overflow buckets), which is not a factor in theta notation,
but it still exists. A tree structure is generally easier to maintain and to scale (OLSON et al.,
1999; YADAVA, 2007; LEHMAN; CAREY, 1986). Although these two index structures are
possible to perform the instant recovery proposed in this work, the tree proved to be more viable

for recovering databases than the hash, as shown in the experiments in the Section 5.6.

4.3 Logging mechanism

Writing records to a sequential log file is potentially faster than doing so to an
indexed log file. This is because the former has a sequential pattern, while the latter has a random
pattern. As already mentioned, sequential reads from the sequential log do not allow efficient
recovery of a given tuple. On the other hand, the indexed log allows recovery on-demand due to
its random reads. The primary purpose of the proposed instant recovery is to restore the database
efficiently, without degrading transaction throughput provided by the system (SAUER et al.,
2017; MAGALHAES et al., 2021; MAGALHAES, 2021). Therefore, the logging technique
proposed in this work writes log records to the sequential log at commit time and writes these
records to the indexed log in the background. In addition, only the indexed log is used to recover
the database. We are assuming that both log files are stored on different media (e.g., different
disks) for fault tolerance purposes.

During normal transaction processing, transaction update records are appended to
the sequential log file at the commitment by the Logger component. The Indexer component
is a thread that monitors entries in the sequential log and inserts them in the indexed log. The
indexing process is asynchronous to the transaction commit; i.e., a transaction should not wait
for the insertion in the indexed log to commit. Such an asynchronous indexing process avoids a
negative impact on transaction processing.

The indexed log uses an in-memory buffering mechanism to achieve write rates
similar to the sequential log. Writing database log records through a buffer mechanism is inade-
quate because log records require immediate and atomic persistence during commit processing.
However, in MM-DIRECT, this requirement is met for each log record through the sequential log
before that record is inserted into the indexed log. Therefore, the indexed log can use a buffer

method without worrying about possible recovery inconsistency. The indexed log buffering
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mechanism is responsible for mitigating the record writing rate difference between the indexed
log file and the sequential log file. As a consequence, the log tail increase smoothly. In this work,
we refer to log tail as the number of records in the sequential log that have not yet been stored in
the indexed log. The experiments presented in Section 5.4 evidence the benefits of the indexed
log buffer.

Log records could be removed from the sequential log after they are inserted in the
indexed log. Nonetheless, the sequential log is kept to assure that the B™-tree log can be rebuilt
from scratch in an index corruption event. After a failure, in the case of index corruption, a tree
rebuild is performed from the last checkpoint. Section 4.6 discusses the checkpoint process and
indexed log rebuilding in detail. This process will delay the start of the recovery. In addition,
the system can also employ an indexed log replication to avoid downtime in case of log file
corruption.

Algorithm 1 shows the pseudocode of the record insertion algorithm in the indexed
log. The Indexer thread monitors new entries in the sequential log through a pointer P. Pointer P
represents the LSN of the last record in the sequential log inserted into the indexed log (B -tree).
As soon as the Indexer notices that there are records after the pointer P, it triggers insertion
operations for new log records into the BT -tree. In other words, new log records appended
to the sequential log file are added to the indexed log by a B -tree insertion operation (line 4
Algorithm 1). The insertion complexity on BT -tree is &(nlogn). Recall that each leaf node key
K of indexed log B -tree points to a list L of log records of write operations on a tuple with an
ID equal to K (see Section 4.2). Therefore, the B -tree insertion operation has been extended
to append a record to L. It is important to emphasize that the code between lines 5 and 9 in
algorithm 1 handles the log records responsible for generating checkpoints. The checkpoint
technique will be discussed in Sections 4.6 and 4.7.

To illustrate how the proposed logging mechanism works, Figure 25 represents
Figure 24 after inserting new log records. In this example, the transaction Tx4 generates new
update log records whose LSNs are 21, 22 and 23. As soon as these records are inserted in the
sequential log file, the Indexer component identifies these new update records and copies them to
the indexed log. It is important to highlight that the records were stored in the leaf nodes of the
B -tree that map the tuples that these records have modified. Besides, the records were stored
in the same order as they were entered in the sequential log in order to preserve the recovery

consistency.
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Algoritmo 1: Record insertion in the indexed log

1: procedure LoGRECORDINSERTION(lastRecordIndexed)
for each record forward from lastRecordIndexed in log do
if record.type is an update record then
treelnsertion(record)

ID « record.tuplelD
treeDeletion(ID)
treelnsertion(record)

end if
10: end for
11: end procedure

2
3
4
5: else if record.type is a tuple checkpoint record then
6
7
8
9
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Figure 25 — Sequential log (a), and indexed log (b) after record insertion.

4.4 Recovery procedure

Whenever a system failure occurs, the recovery manager is initialized at system

restart. Initially, the recovery manager checks if all records in the sequential log have been

inserted into the indexed log file. This check is necessary because some records might not have

been inserted into the BT -tree before a failure. This is because the indexed log file insertion

process runs asynchronously to the sequential log file insertion process. Thus, before starting

the recovery process, the Indexer component must insert those records into the indexed log file

to ensure recovery consistency. Due to the buffering mechanism implemented in the indexed

log (see Section 4.3), the log tail does not grow very large. Thus, the number of records in the

sequential log to be inserted into the indexed log before starting the recovery should not be too
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large.

Immediately after the aforementioned recovery action, the Restorer component
triggers incremental recovery by traversing the B™-tree. Each visit to an entry in the B -tree
leaf node retrieves the log records to redo a tuple completely. As soon as a tuple is restored into
memory, it is set as restored in the Restored Tuple Log component. Restored Tuple Log is an
in-memory data structure (see Figure 23). Such an in-memory structure does not consume large
main-memory space. Each database tuple needs a pair of variables to identify whether or not
the tuple has been loaded: a 4-byte variable to store the tuple id, and a 1-byte variable to store
a boolean variable. In this way, for instance, only 5 megabytes are needed to map 1 million
database tuples. After visiting all B'-tree leaf nodes, all database tuples are restored, and the
recovery process finishes.

Algorithm 2 describes the incremental instant recovery process. The algorithm
starts traversing the indexed log. Recall that the BT -tree stores data pointers at the leaf nodes.
Moreover, the leaf nodes are structured as a linked list; i.e., each node points to its linked
neighbor. Thus, B*-tree traversal can be done in &'(n). For each search key K in a given leaf
node, the system checks if an entry in Restored Tuple Log (Figure 23) for a tuple T with ID equal
to K exists. In case T’s ID is not in the Restored Tuple Log, all log records stored associated

with K are redone and an entry for 7”’s ID is included in the Restored Tuple Log.

Algoritmo 2: Incremental instant recovery

1: procedure INCREMENTALRECOVERY
2 for each leaf Node in Tree do

3: for each key in leaf Node do

4 if tuple[key.value] is not restored then
5: recordsList « key.redcordsList

6: for each record in redcordsList do
7: reapply record

8 end for

9: set tuple[key.value] as restored

10: end if

11: end for

12: end for

13: end procedure

Recovery by an indexed log supports availability naturally since tuples can be
accessed by transactions immediately after being restored to memory. However, transactions can

request tuples that have not yet been restored to memory. Thus, in parallel to the recovery process,
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the Scheduler component schedules read and write operations. Such an ability is supported by
the following process. As soon as the Scheduler receives an operation on a tuple 7', it reads the
Restored Tuple Log to identify if 7" has been already restored. If the answer is affirmative, the
database operation on 7 is scheduled. Otherwise, the Scheduler requests the Restorer to redo T
on-demand. This can be done by an index seek operation to look up for a search key value in the
indexed log file equal to 7’s ID.

Algorithm 3 formalizes the on-demand recovery action. When the Scheduler thread
identifies the need for on-demand recovery of a tuple, this thread sends the tuple key value to
the Restorer thread. Restorer then performs a B -tree search using that key value. If the search
operation returns a key, the system redoes the log records stored in the returned key. After the
tuple is restored to memory, it is set as restored. Even if a tuple is not found in the indexed log, it
is set as restored. This prevents accessing the tree in secondary memory on the next request to

the tuple, since it is known that the tuple is not in the tree.

Algoritmo 3: On-demand instant recovery
1: procedure ONDEMANDRECOVERY(keyV alue)
2 key « treeSearch(keyValue)
3 if key is not null then
4 recordsList < key.redcordsList
5 for each record in redcordsList do
6
7
8

reapply record
end for
end if
9: set tuple[keyV alue] as restored
10: end procedure

This recovery mechanism is idempotent since the indexed log does not lose the LSN
order of each tuple in each leaf node of the B*-tree, even in the face of successive failures.
This LSN order on each B -tree leaf node ensures consistent recovery. During the recovery
process, the Scheduler thread monitors all requests to the data. The Scheduler ensures that any
access to a tuple is made only after it has been completely restored to memory. Thus, a tuple’s
update records are flushed to the sequential log only after the tuple is restored. Besides, only the
Indexer thread is responsible to copy records from the sequential log to the indexed log. Both
the Scheduler and the Indexer use only one thread to avoid simultaneous access to data and,
consequently, a possible inconsistency in database recovery. Thus, as tuple access and tuple

insertion in the indexed log are centralized by the Scheduler and Indexer, respectively, the LSN
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order is maintained in each leaf node of the BT -tree, even if successive failures occur.

4.5 Recovery consistency

In MM-DIRECT, as previously mentioned, the Restored Tuple Log prevents the
Restorer from loading a previously restored tuple into memory. However, there may still be an
inconsistency in the database recovery due to the fact that the Restorer and Scheduler components
access the Restored Tuple Log simultaneously. For example, the Scheduler can identify the
need to restore a tuple 7" while the Restorer is currently recovering ¢. Thus, the Restorer may
load tuple ¢ into memory more than once. As a consequence, the second restoration of ¢ may
overwrite changes on ¢ executed after the first restoration and before the second one.

To illustrate the aforementioned problem, consider a bank account database recovery
scenario. Suppose the system is recovering an account C. In the meanwhile, the Restorer receives
an on-demand recovery request from a transaction 77 with a deposit operation in C. As soon as C
is recovered for the first time by the Restorer, it is visible to new transactions. While the Restorer
is recovering C to attend 77’s request, another transaction 7, executes a write operation on C and
commits. In such a scenario, changes executed by 7> on C might be overwritten by the Restorer.

Thus, additional measures are needed to avoid recovery inconsistency. One option
would be to hold locks to protect reads and updates in the Restored Tuple Log. However, handling
locks should be avoided in MMDBs, as discussed in Session 2.3.2.

MM-DIRECT ensures recovery consistency through an atomic operation to load the
data into memory. This operation is a set of steps performed atomically; i.e., the steps of different
operations are not performed concurrently. First, the operation checks whether the tuple is in
memory. Then, the tuple is loaded into memory only if it is not already in memory. Therefore,
the Restorer component does not have to worry about restoring a tuple more than once. These

steps are described in Algorithm 4.

Algoritmo 4: Tuple loading
1. procedure LOADTUPLEATOMICALLY(key, value)

2 if key is in memory then
3: loadTuple(key, value)
4: end if

5: end procedure
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4.6 Tuple consistent checkpoint

The indexed log is a growing file. The more records stored in the log the more
records to redo during database recovery, consequently increasing database recovery time.

MM-DIRECT implements a novel checkpoint strategy - the Tuple Consistent Check-
point (TuCC) - to overcome such a negative side-effect. The TuCC should be performed
periodically in order to reduce the number of records in the indexed log file. Thus, the recovery
process is significantly accelerated. Although this technique directly handles the sequential log,
as displayed in Figure 23, its goal is to reduce the number of records in the indexed log file.

Algorithm 5 formalizes the checkpoint process implemented by MM-DIRECT. 1t is
possible to observe that the TuCC generation process scans the entire database at system runtime
to obtain all the database tuples. For each tuple, the TuCC generates a new log record using the
tuple contents and then flushes the record into the sequential log. Such a record is similar to the
one generated by an update operation. Nonetheless, a log record generated by the checkpoint is

not identified as a normal update record. It is marked with a different log record type attribute.

Algoritmo S: TuCC generation

1. procedure CHECKPOINT

2 for each tuple in database do

3 create tupleCheckpointRecord using tuple
4 tflush tupleCheckpointRecord to log

5 end for

6: end procedure

The tuple checkpoint record reflects the state of the tuple at the time its log record
was flushed. In other words, records inserted into the log before a tuple checkpoint record are no
longer needed to redo that tuple. Therefore, whenever the Indexer finds a tuple checkpoint record
R for a tuple 7, all records on BT -tree node N related to T are removed before storing R in N.

Algorithm 1 - between lines 5 and 9 - shows how MM-DIRECT inserts a tuple
checkpoint record in the indexed log. Observe that if the Indexer finds a tuple checkpoint record,
the tuple ID value stored in the record is retrieved. This ID value is used in a B -tree key delete
operation that removes all log records related to this ID. Then the tuple checkpoint record is
added to B -tree in an insert operation.

The TuCC is consistent because all log records before a tuple checkpoint record for

a given tuple can be discarded. Thus, this technique leads to faster database recovery. In addition,
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in contrast to other checkpoint techniques (such as Fuzzy and Snapshot), the TuCC does not lose
any changes made if the checkpoint process is interrupted. This is possible since this technique
handles each leaf node individually in the tree, i.e., the checkpoint of one tuple does not interfere
with the others. During the checkpoint process, each checkpoint in a tuple only reflects the state
of that tuple. Only the full checkpoint reflects the state of the entire database, as all database

tuples have been flushed.

4.7 Checkpointing most frequently used tuples

In Algorithm 5, the entire database should be read to generate a checkpoint, even
non-updated tuples. Such an technique may cause an unnecessary effort to perform a checkpoint
in several non-updated or low-frequency updated tuples. Thus, MM-DIRECT implements another
checkpoint technique, which is applied for the most frequently used (MFU) tuples, denoted
Tuple Consistent Checkpoint for MFU tuples (TuCC-MFU).

Algorithm 6 describes the TuCC-MFU technique. During normal transaction pro-
cessing, the system stores tuple access information by a simple method: it uses an access counter
for each tuple. Therefore, the tuple access information is a set S of tuples (tuplelD, counter),
where tuplelD is the tuple ID, and the counter contains the number of accesses to that tuple.
The set S should not be a source of memory overhead, as it should not need a lot of memory
space. Each tuple of S needs two long integer variables. Each variable needs 4 bytes. Thus, for
instance, only 8 megabytes are needed to map 1 million database tuples. In addition, after each
checkpoint, S can be cleared.

TuCC-MFU uses tuple access information (set ) to identify MFU tuples. Before
starting a checkpoint process, the system sorts the set S in descending order by the counter value.
Then, the system creates a set of MFU tuples by the first k pairs in the set S. The value of k
is given by the database administrator (DBA). Finally, the system creates and flushes to the
sequential log a tuple checkpoint record for each MFU tuple. The Indexer inserts those records
into the indexed log in a similar way as discussed in Section 4.6. It is important to note that the
MFU tuples checkpoint can not be used as the starting point for rebuilding a corrupted indexed
log file since it does not reflect the state of all database tuples.

The TuCC-MFU process is potentially faster than TuCC. This is because the former
yields fewer log records than the latter. Nonetheless, after a failure, in an indexed log file

corruption event, the system can rebuild the BT -tree from the sequential log, as discussed in
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Algoritmo 6: TuCC generation for MFU tuples

1: procedure CHECKPOINTMFU(TUPLEACCESSINFORMATION, K)

2: taiSorted « sort(tupleAccessesInformation)
3: mfu <« 0

4 i< 0

5 for each tuplelD in taiSorted do

6: tuple < database|tuplelD]

7: add tuple to mfu

8: ie—i+1

9: if i == k then

10: break

11: end if

12: end for

13: for each tuple in mfu do

14: create tupleCheckpointRecord using tuple
15: flush tupleCheckpointRecord to log

16: end for

17: end procedure

Section 4.3. Since the TuCC process reflects the last database state, as discussed in Section
4.6, the indexed log file reconstruction can start from the log record generated by the last TuCC

process. The TuCC-MFU technique does not support such an indexed log rebuilding.

4.8 Qualitative comparative analysis

This section does a qualitative comparative analysis between MM-DIRECT and
the related works discussed in Section 3. The related works need to recover the database
completely so that new transactions can be executed, except Fineline which uses an instant
recovery mechanism. For this reason, we will only compare Fineline with MM-DIRECT.

MM-DIRECT implements a logical logging technique in which logical records are
flushed to a sequential log file at commitment. Besides, it implements an indexed log, through a
B -tree, in which record writes are asynchronous to commit time, i.e., updates to the indexed log
does not interfere in the transaction processing. In contrast to MM-DIRECT, Fineline (discussed
in Section 3.2.9) only implements a log file through a partitioned B-tree (indexed log). In
Fineline, physical log records are flushed to the indexed log at commit time, i.e., a transaction
must wait for updates to the indexed log to commit its writes. As discussed in Section 2.1.2,
logical logging tends to be faster than physical logging during transaction processing. Moreover,

as discussed in Section 4.3, record writes to a sequential log file is potentially faster than doing
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so to an indexed log file. Thus, the MM-DIRECT logging mechanism is much more lightweight
than the Fineline logging technique.

MM-DIRECT is enable to retrieve all log records to restore a given tuple by only
one search in the indexed log BT -tree. A B -tree leaf node points to a list that contains only
log records to restore a tuple completely. In Fineline, a indexed log BT -tree node points to all
partitions that contains the log records that updated a given page. Each partition can contains
update records of several pages. Thus, Fineline must traverse multiple partitions to restore a
page, i.e., it must access multiple files (flat-files). Besides, in each partition, the log records to
restore that page must be probed by a flat-file index. Thus, accessing log records in MM-DIRECT
is much simpler and potentially much faster than in Fineline.

The MM-DIRECT checkpoint technique reduces the number of log records in the
indexed log in order to accelerate the recovery process. On the other hand, Fineline implements
only a technique to merge partitions to provide acceptable read performance during recovery.
However, recovery time tends to increase as the number of log records increases. Thus, MM-
DIRECT checkpoint technique is effectively enable to reduce the recovery time, while the
Fineline does not implement checkpoints. A checkpoint in Fineline would be a very expensive

process, as the system would have to update multiple partitions for each page.
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S EVALUATION

In order to assess the potentials of the proposed mechanism for main memory
database system recovery, simulations over Memtier Benchmark (MEMTIER BENCHMARK,
2020) have been conducted, and the main results achieved so far are presented and discussed in
this section. In what follows, we first provide information on how the simulation prototype was

set up. Then, the empirical results are quantitatively presented and qualitatively discussed.

5.1 Evaluation setup

All experiments present in this thesis were executed with 4 worker threads on Intel
Core 17-9700k CPU 3.60GHz x 8, with 64GB RAM and 400GB SSD. The operating system was
Ubuntu Linux 18.04.2 LTS. Table 2 summarizes the system settings used in the experiments.

Table 2 — System components/settings
used for the experiments.

Processor Intel Core 17-9700k
CPU 3.60GHz x 8

Main memory 64GB RAM
Secondary Sotrage 400GB SSD
Operating system | Ubuntu Linux 18.04.2 LTS
Worker threads 4

Memtier Benchmark (MEMTIER BENCHMARK, 2020) was employed to simulate
workloads and the main memory database. Memtier is a high-throughput benchmarking tool for
Redis and it was developed by Redis Labs (REDIS LABS, 2020b). This tool has a command-line
interface that provides a set of customization and reporting features to generate various workload
patterns. It can launch multiple worker threads, with each thread driving a configurable number
of clients. The tool can control the ratio between read and write operations. Moreover, it offers
control over the pattern of keys used by the operations (e.g., random and sequential patterns).
Memtier provides options to set the number of total requests per client or the number of seconds
to run a test. The tool has many other configuration options to simulate custom workloads
(OUAKNINE et al., 2017; MEMTIER BENCHMARK, 2020; MAGALHAES et al., 2021).

All experiments performed in this thesis used the same workload which in turn
used 4 worker threads, with each thread driving 50 clients. Each client made 500, 000 requests.
The requests randomly accessed 20% of the database in the 5:5 ratio between read and write

operations. Furthermore, the experiments were performed on a database generated through 20
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runs of the workload described above. The resulting database contains 5x10° tuples, with a
62.7GB sequential log file, which correspond to 1.8x10° log records. Additionally, an indexed
log was generated along with this sequential log by using the recovery mechanism proposed in
this work.

In order to verify our hypotheses defined in Section 1.2.1, the experiments were
carried out in three following scenarios:

1. Standard recovery using sequential log (SRSL);
2. Instant recovery using asynchronous indexed log record insertion (IRAIL);
3. Instant recovery using synchronous indexed log record insertion (IRSIL).

The SRSL scenario reproduces the traditional MMDB recovery process discussed in
Section 2.5. In this scenario, during the transaction processing, transaction update records are
written to a sequential log file at the transaction commit. The recovery manager recovers the
database by scanning the entire log file to reapply record actions. Transactions can be scheduled
only after the recovery has been completed.

The IRAIL scenario represents the MMDB instant recovery mechanism proposed in
this work. IRAIL uses a sequential log file and an indexed log file. In IRAIL, transaction update
records are written in the sequential log at transaction commit time. Records are written from
the sequential log to the indexed log asynchronously. Thus, a transaction does not need to wait
for the indexed log record insertion. After a system failure, the Restorer traverses the indexed
log (B*-tree) to recover the database. Transactions can be scheduled during the recovery process
execution.

IRSIL is a scenario derived from IRAIL. The IRSIL scenario has been created to
measure the indexed log record insertion overhead during transaction processing. In IRSIL,
transaction update records are only written to the indexed log at transaction commit, i.e., a
transaction waits for the insertion of the records into the indexed log to finalize the commit
operation. Recovery in IRSIL is similar to the recovery process in IRAIL.

A prototype has been developed to evaluate the feasibility of the recovery mechanism
proposed in this work. The evaluation prototype has been implemented in Redis (REmote
DIctionary Server) 5.0.7 (REDIS, 2020; REDIS LABS, 2020b)'. Redis is an open-source
in-memory key-value data store that can be used as a database, cache, and message broker. Redis

achieves very high IOPS delivering sub-millisecond response times for real-time applications,

' The prototype can be downloaded at: https://drive.google.com/drive/folders/1LTbtY3600kWIpxZBM-
hc1BPvIjICuy2F?usp=sharing
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such as Gaming, Ad-Tech, Financial Services, Healthcare, and 10T. Redis has a wide variety of
data structures: strings, lists, sets, sorted sets, hashes, and bitmaps. These structures have some
shared commands (SET, INCR, DEL, TYPE, RENAME, and others). Redis is written in ANSI
C and works in most Portable Operating System Interface (POSIX) systems like Linux.

Redis ensures database persistence by means of a recovery strategy similar to the
one implemented by modern MMDBs (see Section 2.5). The logging technique is logical
and implements a sequential log file, denoted append-only file (AOF). Periodically, database
snapshots are flushed to the secondary storage as a binary dump, called Redis Database Backup
(RDB). Besides, Redis can rewrite the AOF in the background when it gets too big. The
implemented prototype utilizes Redis AOF to represent the sequential log file required by MM-
DIRECT. However, RDB and AOF rewrite Redis operations have been disabled in order to
capture the scenario of the recovery process on very large log files. To build the indexed log file
MM-DIRECT utilizes Berkeley DB 4.8 B*-tree library (OLSON et al., 1999; YADAVA, 2007;
BERKELEY DB DOCUMENTATION, 2020).

Finally, the experiments have been classified into six groups: recovery, checkpoint,
log files” write bandwidth, different index structures, system overhead, and scalability experi-

ments.

5.2 Recovery experiments

The key goal of the first group of experiments is to compare the proposed instant
recovery mechanism to the traditional MMDB recovery. Thus, transaction throughput during
the recovery process, database recovery time, and logging overhead were measured. In this
sense, for each metric, a workload is submitted to the prototype. After 10 minutes (600 seconds)
the database system (Redis) is shut down, simulating a system failure. At database restart,
MM-DIRECT is triggered, and the workload is submitted again. Figure 26 depicts the results of
recovery experiments. The vertical dashed red line indicates the crash time. The other vertical
dashed lines indicate the final recovery time of the three scenarios described in Section 5.1:
SRSL (yellow line), IRAIL (blue line), and IRSIL (green line).

In Figure 26, one may observe that MM-DIRECT (IRAIL scenario) has executed
the submitted workload faster than the conventional main memory recovery mechanism (SRSL
scenario). Such a result shows that MM-DIRECT provides high data availability during the

database recovery procedure which is a consequence of the use of the proposed instant recovery
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mechanism, supported by the use of an indexed log file. On the other hand, although in SRSL the
database was restored before the IRAIL scenario, SRSL presented long downtime after failures.
This result was already expected because recovery in SRSL deals with a sequential log, which
is potentially faster than manipulating an indexed log (in IRAIL). Sequential access pattern in

sequential files can read records faster than the random pattern in indexed log files.

Figure 26 — Transaction throughput during the recovery process.
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The experiments also reveal that the MM-DIRECT mechanism does not overload
transaction throughput during normal databases system function (in the absence of system
failures). Observe that in Figure 26 transaction throughput in IRAIL scenario is similar to the one
provided by MMDB standard recovery mechanism (SRSL scenario). This result was expected
as well because MM-DIRECT and standard recovery strategy flush log records to secondary
memory in a similar manner. One may claim that MM-DIRECT needs to insert additional records
into the indexed log, which could negatively impact MMDB throughput. However, record
insertion into an indexed log file occurs asynchronously to the transaction commit. Observe
that in IRSIL scenario, insertion into indexed log file is executed synchronously to transaction
commit according to write-ahead-log approach. In such a case, a transaction must wait for
indexed log insertion to commit.

There are additional data on the experiments, which are not depicted in Figure 26.
MM-DIRECT recovered 411,750 tuples incrementally and 88,250 tuples on demand. Tuples
restored in an on-demand way represent 88% of data accessed by the workload during the
database recovery. Before starting the recovery process, MM-DIRECT presented a very short

downtime of 0.0079 seconds, spent to insert 3,022 records into the indexed log file. These
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records were not inserted before the last crash because inserts to the indexed log are performed
asynchronously to the transaction commit. There were few records to be inserted in the indexed
log because the log tail does not grow much due to the indexed log buffer mechanism, as
discussed in Sections 4.3 and 4.4. In addition, Berkeley DB itself uses a recovery mechanism
internally whose runtime has been added to MM-DIRECT downtime. However, Berkeley DB
didn’t spend a lot of time during its recovery because it probably handled few records.

The results presented in Figure 26 confirm our hypotheses: (H1) an indexed log is
quite efficient to support MMDB instant recovery, and (H2) an asynchronous insertion of log
records into indexed log file avoids the decreasing of transaction throughput.

MM-DIRECT has been further evaluated in a scenario with successive failures.
Figure 27 brings the results of experiments conducted to compare the behavior of MM-DIRECT
(IRAIL scenario) and standard recovery (SRSL scenario) in the context of successive failures.
For each scenario, a workload was submitted at the database startup, and the system was shut
down six times to simulate successive failures. To stress MM-DIRECT recovery mechanism,
each shutdown has been induced after 6,000 seconds the database system has been started. At
each database restart, the workload was submitted again. That shutdown time was chosen to
ensure that each workload ran completely before each failure. Looking more closely at Figure 27,
one can observe that the results are similar to those observed in Figure 26. MM-DIRECT was the
fastest mechanism to finish each workload execution, maintaining high transaction throughput
rates. Furthermore, MM-DIRECT did not suffer from downtime after each failure. It is important

to clarify that downtime before each failure is due to the end of workload execution.

Figure 27 —Transaction throughput in the face of successive failures.
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Transaction latency is the time delay between the request and the effect of the
transaction change in the database system. As already mentioned, MM-DIRECT implements
on-demand recovery to support the execution of new transactions during the database restore.
For that reason, the latency of a transaction that requests on-demand recovery can be increased
by an additional time A, denoted restore latency. Recall that during on-demand recovery, the
Scheduler requests the Restorer to redo a given tuple 7', which demands an index seek operation
for looking up a search key value in the indexed log file equal to 7’s ID. Thus, restore latency
only affects transactions with on-demand recovery requests.

The next experiments investigate the impact of restore latency during the database
recovery. We have used the same experiments performed in Figure 26, but we measured
transaction latency instead of transaction throughput rate. We have observed recovery latency in
MM-DIRECT (IRAIL scenario) and default recovery (SRSL scenario). The results are shown in
Figures 28, 29, and 30.

Figure 28 depicts the time series of average latency of committed transactions before,
during and after the recovery process. Analyzing Figure 28, one may notice that before the
failure, the average transaction latency is quite similar (close to zero) for both scenarios. After
ten minutes of normal transaction processing, the database system was shut down to simulate
a system failure. The immediate effect is that the average transaction latency spikes up in the
scenario implementing MM-DIRECT (blue lines). The average transaction latency before failure
and after database recovery were 0.0898 and 0.0867 microseconds, respectively. The average
transaction latency during the recovery was 0.9908 microseconds. The highest average latency
was 2.4151 microseconds.

Observe that the highest average transaction latencies are concentrated at the begin-
ning of the recovery process. This delay occurs because data used by those transactions had to
be recovered on-demand, i.e., it was necessary to access the indexed log in secondary memory.
Once those data have been restored, subsequent accesses to them occur directly on the database
located in the main memory with lower latency than secondary memory. Therefore, average
latency gradually decreases until database recovery completes, when average latency becomes
similar to before the failure.

There is no transaction latency measurement during recovery in the standard re-
covery scenario (yellow lines) because there is no transaction processing. Recovery time can

be considered as part of the latency time of transactions executed after the failure, as these
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Figure 28 — Average transaction latency during instant recovery and
default recovery experiments.
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transactions must also wait for the database downtime to start executing. However, this downtime
was not added to the transaction latency values in the graph so as not to make it difficult to see
the measured latency values. In this experiment, the database recovery time (1342.26 seconds)
corresponded to a very long wait time for transactions to start executing.

The average transaction latency throughout the default recovery scenario was 0.0957
microseconds. Besides, the average transaction latency before failure and after database recovery
were 0.0952 and 0.0958 microseconds, respectively.

Figure 29 is a scatterplot graph of each transaction latency value measured during
the instant recovery scenario experiment. Most of the orange dots have higher latency values
than the blue dots. Such behavior occurs because the transactions represented by orange dots
have to restore latency, i.e., they request on-demand recovery. Those latencies had maximum and
minimum values of 2,869 and 43 microseconds, respectively. Transactions represented by the
blue dots did not require restore latency, i.e., they access data directly from the memory. Those
latencies had maximum and minimum values of 717 and 0 microseconds, respectively.

Although it is not visible in Figure 29, only 88,250 transactions (0.078% of the
submitted workload) had their data recovered by the on-demand technique (orange dots). The
remaining transactions (over 113 million, that is, 99,92%) accessed data that had been previously
loaded into the memory (blue dots). To overcome this problem, Figure 30 is a boxplot that allows
to better observe the dispersion and distribution of the transaction latency values. The boxplot
only registers the latency values of transactions that were during the recovery.

Figure 30 (a) shows that most latency values are close to zero and the outliers have
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Figure 29 —Transaction latency scatterplot graph during instant recovery
experiment.
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very high values. However, the quartiles can not be observed. To solve this problem, Figure 30
(b) makes a close-up representation of Figure 30 (a) to allow the visualization of the quartiles.
Looking carefully at Figure 30 (b), one may see that actually most latency values are close to 1
microsecond instead of zero, as previously thought in Figure 30 (a). That value is closer to the
average transaction latency during recovery (0.9908 microseconds). In addition, values higher
than 2 microseconds are considered outliers. Consequently, all restore latency values have been
considered outliers since the lowest was 43 microseconds.

Figure 30 — Dispersion and distribution of transaction latency during the instant
recovery process.
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The results of the restore latency experiment indicate that some transactions had a
high latency rate due to restore latency, a side-effect of the on-demand recovery implemented by
MM-DIRECT. Nonetheless, we have noted that the amount of transactions with restore latency

tends to be small (0.078% of the transactions). Furthermore, those transactions were responsible
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for requesting on-demand recovery of 88% of the data accessed by the workload.

5.3 Checkpoint experiments

Next, we evaluate the proposed checkpoint technique. The experiments performed in
this section measured checkpoint efficiency and overhead (provoked by checkpoint generation).
Five experiments have been performed using different checkpoints: TuCC, TuCC-MFU, TUCC
with interruption, TuCC-MFU with interruption, and no checkpoint. Interruption means a system
failure during the checkpoint generation process.

For the experiments, a workload is submitted during normal system processing, and
after 4,500 seconds, the system is shut down to simulate a failure. This timeframe was chosen
to assure that at least one checkpoint had been produced before the failure. At the database
restart, the workload is submitted again, as soon as the recovery process is triggered. Transaction
throughput was measured during the experiments to evaluate the impact of the checkpoint
technique on system performance. Additionally, recovery time for each checkpoint technique
has been quantified.

As mentioned in Section 5.1, the utilized database was generated by running the
workload 20 times. Therefore, there already exists a 62.7GB sequential log file, which corre-
sponds to 1.8x10° log record. The indexed log file was generated along with the sequential log
using the recovery mechanism proposed in this work. In this way, TuCC generation has been
executed on that initial log file. For that reason, in the experiments, we considered the TuCC
generation process to have begun at time zero (see Figure 31). The TuCC-MFU execution started
later than TuCC, but before the system failure with enough time to run completely. This start
time was chosen so that too many log records were not generated after the checkpoint ended,
and consequently the work performed by just one checkpoint execution could be observed after
the failure. Interrupted checkpoint experiments were started too close to system failure so that
they could not run completely. Consequently, they were stopped by the system failure.

Figures 31, 32, and 33 bring the results of the checkpoint experiments. The vertical
dashed lines indicate the final recovery time of the experiments, which are represented by the
colors. The blue part represents the experiment with a TuCC execution that started at time zero.
The green part represents the experiment with a TuCC-MFU execution that started after 3,500
seconds of transaction processing. The orange and purple parts represent TuCC and TuCC-MFU

checkpoints, respectively, which started after 4,200 seconds of transaction processing and were
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interrupted by a system failure. The yellow part represents the experiment without checkpoints.

Figure 31 compares TuCC checkpoint, TuCC-MFU checkpoint, and no-checkpoint.
The transaction throughput rates are similar in the three experiments, i.e., the checkpoint genera-
tion process does not interfere in transaction throughput rates. As expected, the database recovery
process is faster with the proposed checkpoint techniques. This happens because there are fewer
log records to process during recovery. TuCC-MFU was the most efficient checkpoint technique
because it supports a faster database recovery. It is important to remember that TuCC-MFU
only checkpoints the most used tuples, whereas TuCC checkpoints all tuples in the database,

including he tuples that were not updated.

Figure 31 — Checkpoint experiments.
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It is important to emphasize that even if TuCC and TuCC-MFU checkpoint processes
are interrupted, they yield a consistent database state. Figure 32 compares TuCC without
interruption (blue line), TuCC with interruption (orange line), and no-checkpoint (yellow line).

The blue and yellow line experiments in Figure 32 are the same blue and yellow
line experiments shown in Figure 31. The orange line checkpoint experiment could not run
completely because it was stopped by the system failure. The Figure 32 results show that
although the TuCC process had been interrupted by the system failure, it assures a faster database
recovery than when there is no checkpoint. However, as the TuCC process was interrupted, it
could not checkpoint all necessary tuples. Consequently, it could not deliver a database recovery
as fast as TuCC without interruption.

Figure 33 compares TuCC-MFU without interruption (green), TuCC-MFU with

interruption (purple line), and no-checkpoint (yellow line). The green and yellow line experiments
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Figure 32 — Interrupted TuCC checkpoint experiment.
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in Figure 33 are the same green and yellow line experiments shown in Figure 31. Same as in
the orange line (Figure 32), the purple line experiment checkpoint could not run completely
because it was stopped by the system failure. The experiments’ results shown in Figure 33
for TuCC-MFU with interruption presents a similar behavior as the results depicted in Figure
32 for TuCC with interruption. The interrupted TuCC-MFU processing experiment had faster
recovery than the no-checkpoint experiment, but it could not checkpoint all necessary tuples and,

consequently, it had a slower recovery than the TuCC-MFU without interruption.

Figure 33 — Interrupted TuCC-MFU checkpoint experiment.
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5.4 Log files’ write bandwidth experiments

Asynchronous insertion of records in the indexed log is the key to MM-DIRECT
achieving a high transaction throughput rate even during database recovery, as it is shown in
Section 5.2. The sequential log write operation is potentially faster than the indexed log write
operation, as discussed in Section 4.3. In other words, the number of write operations executed
per second (write bandwidth) in a sequential log file is much higher than in the proposed indexed
log file, with a B™-tree structure. In this sense, the experiments presented in this section measure
and compare write bandwidth in the sequential log file and the indexed log file.

In this section experiment, the workload was submitted during normal system pro-
cessing of the MM-DIRECT (IRAIL scenario). No system failures were simulated in this
experiment, as we want to observe the impact of log file write bandwidth on transaction process-
ing only. In this way, first, the database was loaded entirely into memory, and then the workload
was triggered to, from that moment on, start measuring the rate of writing to the log files.

In Figure 34, the orange and blue lines represent the write bandwidth in the sequential
log and in the indexed log, respectively. Observe that both bandwidths are quite similar. Such a
surprising result is a consequence of the buffer mechanism implemented by MM-DIRECT (see
Section 4.3). Thus, the proposed buffer mechanism mitigates the problem of a potential low
write bandwidth in the indexed log file. Furthermore, the two lines of Figure 34 tend downwards,
1.e., the number of writes decreases with time. This is due to the behavior of the benchmark that

performed more writes at the beginning of the experiments.

Figure 34 — Write bandwidth in sequential and in indexed log files.
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It is important to note that the indexed log behavior shown in this section experiments

avoids a long log tail and, consequently, a downtime after a system failure. A short log tail means
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that few records must be inserted into the indexed log before the recovery process begins, as
discussed in Section 4.4. Thus, very little time must be spent before the instant recovery begins,

1.e., downtime is insignificant, as shown in Section 5.2 experiment results.

5.5 CPU and memory overhead experiments

Since the disk I/O is not the main source of overhead for MMDBs, CPU and memory
usage can become a bottleneck for these systems. Thus, this section investigates the CPU and
memory overheads imposed by MM-DIRECT recovery mechanism compared to the Standard
Recovery mechanism. The experiments used 7op (NORDBY et al., ; PALAKOLLU, 2021), a
program that gives continual reports about the state of the Linux system, including a list of the
processes using the CPU and memory.

This section’s experiments are similar to the previous section’s experiment (Section
5.4), in which no system failure was triggered, only transaction processing was observed.
However, the CPU and memory usage of the database system is measured rather than the log
file write bandwidth. The experiments were performed both in MM-DIRECT (IRAIL scenario)
and in Standard Recovery (SRSL scenario). In each experiment, first, the database was loaded
entirely into memory, and then the workload was triggered to start measuring the CPU and
memory usage.

Figure 35 represents the average CPU usage (in percentage) over small time intervals.
One may observe that MM-DIRECT (blue line) uses more CPU than default recovery (yellow
line). This is comprehensible as MM-DIRECT handles two log files while standard recovery
only handles one log file. These results refer to the CPU usage in relation to the power of 1 core.
For example, if the CPU usage was over 100%, it would mean that more than one core was busy.
That way, the system would be overloaded, i.e., there would be more work to be put into a core
than is physically manageable. These results show that the MM-DIRECT recovery mechanism
does not impose an overhead on the system.

Figure 36 represents the average memory usage (in megabytes) over small time
intervals. The results show that MM-DIRECT (blue line) needs a little more memory than default
recover (yellow line). This is explained by the fact that MM-DIRECT handles two log files.

However, MM-DIRECT performing does not impose any memory overhead on the system.
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Figure 35 — Average CPU usage over small time intervals.
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Figure 36 — Average memory usage over small time intervals.
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5.6 Recovery experiments using different index data structures

The MM-DIRECT indexed log structure was designed as a B*-tree, but it is enable
to support other indexes structures, such as Hash table. B*-tree and Hash indexes have their
trade-offs, as discussed in Section 4.2. Thus, this section compares and analyzes the behavior
of the MM-DIRECT recovery mechanism using those index structures. The experiments were
performed using two indexed log files: one with B*-tree, and another with Hash. We performed
an experiment for each indexed log file using MM-DIRECT (IRAIL scenario), similarly to the
experiments in Figure 26. A workload was submitted for each experiment during normal system
processing and the system was shut down after 600 seconds to simulate a failure. At the database
restart, as soon as the recovery process was been triggered, the workload was submitted again.
Transaction throughput was measured during the experiments. In addition, the recovery time,
workload execution time, and the number of tuples recovered incrementally and on-demand were

measured.
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The B"-tree indexed log file used in this experiment was the same used in the
previous section experiments. Although the Hash indexed log can be constructed during normal
database processing, similar to how the B*-tree indexed log was generated, the Hash was
constructed from the B*-tree. In this way, the Hash and the B -tree should map to the same log
records, i.e., they are equivalent. The Hash indexed log file was generated by that BT -tree file, in
which each Hash bucket with search key k contains the same log records, in the same order, as
the B -tree leaf node whose search key is k. In this way, a search using a key k will return the
same result on both the Hash and the B -tree.

Figure 37 shows the results of the experiment in this section. The green line ex-
periment performed the MM-DIRECT recovery mechanism using Hash indexed log. The blue
line is the same blue line experiment shown in Figure 26 that represents the MM-DIRECT
recovery mechanism using B*-tree indexed log. Looking at Figure 37, one may observe that
B -tree and Hash provided a similar transaction throughput. However, B -tree recovered the
database and ran the workload faster than Hash. These results occurred because incremental
recovery accounted for most of the effort expended to recover the database in these experiments.
Incremental recovery is done by traversing the index data structure. Traversing a BT -tree is
potentially faster than a Hash. The Hash recovered 84% of the database tuples incrementally.
The B -tree recovered 85% of the database tuples incrementally.

Figure 37 — Transaction throughput during the instant recovery process through a
B -tree and a Hash table.
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5.7 Scalability experiments

We ran further experiments in which the proposed recovery strategy deals with
different numbers of worker threads. The goal is to observe the behavior and performance
of MM-DIRECT when the number of threads used increases. Four tests were performed with
different numbers of worker threads: 4, 5, 6, and 8. The experiments used the same workload
configuration as previous experiments, except they may use a different number of threads.
However, as the number of worker threads increases, the number of clients increases, and
consequently the number of requests increases. In this way, the workload increases as the number
of threads grow. In these experiments, we measured the transaction throughput, recovery time,
and CPU and memory usage in order to analyze the scalability of MM-DIRECT.

Figure 38 presents the average transaction throughput obtained during the full test in
each experiment. The results show that the transaction throughput grows with the number of
threads used, i.e., the system does not overload even if the workload increases. This experiments

show that MM-DIRECT is able to effectively provide high transaction throughput rates.

Figure 38 — Average transaction throughput experiments
using different worker threads.
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Figure 39 presents the average latency obtained during the recovery process in each
experiment. The latency was measured only during the recovery process because of the restore
latency. The restore latency is the main source of latency and occurs only during the recovery
process, as discussed in Section 5.2. On the other hand, the latency is close to zero during
normal transaction processing. Figure 39 shows that the average latency values are close in all

experiments.
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Figure 39 — Average latency experiments using different
worker threads.

Figures 40 and 41 results show that the recovery time and full workload execution
time, respectively, in the experiments are close. These results were already expected since the
system transaction throughput increased in each experiment, as shown in Figure 38 experiments.
Besides, the increase in worker threads did not influence the latency of the system, as shown in
Figure 39 experiments.

Figures 42 and 43 show average CPU and memory usages of the database system,
respectively, obtained during the full test in each experiment. One may observe that the proposed
recovery mechanism does not overload the CPU and memory of the system in any of the
experiments.

Figure 40 — Recovery time experiments using different
worker threads.
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Figure 41 — Workload runtime experiments using different
worker threads.
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Figure 42 — Average CPU experiments usage using different
worker threads.
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Figure 43 — Average memory experiments usage using dif-
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6 FUTURE WORKS
6.1 Usage of different workloads

Running different workloads on database systems can result in different system
performance behaviors (POSS et al., 2007; LO et al., 1998; OH; LEE, 2004). Writes to the
indexed log during database running and reads from the indexed log during database recovery
can also influence system performance.

We intend to submit different workload patterns on the system during normal

database running and during database recovery to evaluate the system performance.

6.2 Usage of other data structures to implement the log file

The indexed log for database instant recovery mechanism proposed in this work was
designed to use a BT -tree. However, the mechanism supports different index data structures,
such as: Hash table.

We intend to evaluate the performance on the system using different indexed log
data structures on different workload patterns. In this way, perhaps we may be able to identify
whether a particular indexed log data structure is more appropriate for a particular workload

pattern.

6.3 Log file partitioning

The log file corruption event can be caused due to multiple reasons, include: viruses
or other malicious software, terminating system abnormally, input-output configuration problem,
and hard drive issues (SCHUSTER, 2007; WINTER, 2018). The absence or corruption of the
indexed log file makes the instant recovery proposed in this work impossible.

The indexed log proposed in this work is implemented through a B-tree in a single
file. We plan to partition the indexed log file in multiple files in order to reduce the impact of a
log file corruption. By partitioning the log into multiple files, not all files should be corrupted if

a log file corruption event happens.
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6.4 Parallel database recovery

The instant recovery mechanism proposed in this thesis uses only one thread to
recover the data. In order to speed up recovery, a parallel recovery should be developed. For
instance, indexed log partitioning could facilitate the development of a parallel database recovery
mechanism. In this mechanism, different threads should load the data into memory in parallel
from different log partitions. Each partition should be assigned to a thread (DIACONU et al.,
2013; ZHENG et al., 2014; ROSENBLUM; OUSTERHOUT, 1992).

6.5 Intelligent checkpoint

In the current MM-DIRECT implementation, the DBA is responsible for choosing
which checkpoint technique should be applied. For that the DBA should have in mind that TuCC-
MFU has faster process execution and, on the other hand, TuCC allows faster reconstruction of a
corrupted indexed log file. A future improvement in MM-DIRECT should implement a machine
learning technique to chose the best checkpoint technique, for a given workload and database

cardinality.
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7 CONCLUSION

This thesis proposed an instant recovery mechanism for MMDBs. The mechanism
allows new transactions to run concurrently to the recovery process. The mechanism takes
benefit of using a log file with a B -tree structure. Thus the recovery mechanism is able to seek
tuples directly on the log file to rebuild the database in an on-demand and incremental fashion.
New transactions are scheduled as soon as required tuples are restored into the MMDB.

The results show that instant recovery reduces the perceived time to repair the
database, seeing that transactions can be performed since the system is restarted. In other words,
it can effectively deliver tuples that new transactions need during the recovery process. The
experiments also analyzed the impact of using a log indexed structure on transaction throughput
rates in an OLTP workload benchmark. We believe that adding a checkpoint module to the
prototype developed in this work will increase system availability and provide faster database

recovery.
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