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Abstract Indexes are special purpose data structures,

designed to facilitate and speed up the access to the

contents of a file. Indexing has been actively and exten-

sively investigated in DBMSes equipped with Hard Disk

Drives (HDDs). In the recent years, Solid State Drives

(SSDs), based on NAND flash technology, started re-

placing magnetic disks due to their appealing charac-

teristics: high throughput/low latency, shock resistance,

absence of mechanical parts, low power consumption.

However, treating SSDs as simply another category of

block devices ignores their idiosyncrasies, like erase-

before-write, wear-out and asymmetric read/write, and

may lead to poor performance. These peculiarities of

SSDs dictate the refactoring or even the reinvention of

the indexing techniques that have been designed pri-

marily for HDDs. In this work, we present a concise
overview of the SSD technology and the challenges it

poses. We broadly survey 62 flash-aware indexes for

various data types, analyze the main techniques they

employ, and comment on their main advantages and

disadvantages, aiming to provide a systematic and valu-

able resource for researchers working on algorithm de-

sign and index development for SSDs. Additionally, we

discuss future trends and new lines of research related

to this field.
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1 Introduction

Since its introduction, flash memory was successfully

applied in various cases, ranging from embedded sys-

tems of limited resources to large scale data centers.

This was a natural consequence of its appealing fea-

tures: high read/write speeds, low power consumption,

small physical size, shock resistance, and absence of any

mechanical parts. Thus, NAND flash based solid state

drives (SSDs) are gradually replacing their magnetic

counterparts in personal as well as enterprise comput-

ing systems.

This evolution also reached DBMSes, creating in-

teresting lines of research in various topics for many

researchers. Since the efficient access to the contents of

a file is of great importance, the study of indexing was

no exception; indexes are special purpose data struc-

tures, designed to speed up data retrieval. Indexing was

extensively investigated in the context of (magnetic)

hard disc drives (HDDs). There exist numerous pro-

posals, the majority of which are based on the popular

B-trees [9], R-trees [56], Linear [102] and Extendible

Hashing [44]. The direct usage of these data structures

on flash memory will lead to poor performance due to

several remarkable properties that differentiate it from

the magnetic disc. Namely:

1. Asymmetric read/write latencies: reads are faster

than writes;

2. Erase-before-write: one can write to (“program”) a

page only after erasing the block (a set of pages) it
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Table 1 Flash-aware Indexes

Index Category Index Name

FTL-Based B-trees BFTL [153,155], IBSF [88,89], RBFTL [156], Lazy-Update B+tree [118], MB-tree [126],
FD-tree [99,100], WOBF [51], FlashB-tree [73], FB-tree [75], TNC [59], uB+tree [145],

FD+tree & FD+FC [143], PIO B-tree [127,129], Bw-tree [93,94], AB-tree [64], AS B-tree
[125], BF-tree [7], Bloom tree [66], BSMVBT [34], HybridB tree [68], WPCB-tree [61]

Raw Flash B-Trees Wandering tree [13,43], µ-tree [91], µ*-tree [77], B+tree(ST) [116], F-tree [19], IPL B+tree
[113], d-IPL B+tree [111,112], LA-tree [2], AD-tree [45], LSB+tree [71,72], LSB-tree [79]

Skip Lists FlashSkipList [146], Write-Optimized Skip List [11]

FTL-Based Hash Indexes LS Linear Hash [98], HashTree [38], SAL-hashing [67,161], BBF [21], BloomFlash [41],
FBF [103]

Raw Flash Hash Indexes MicroHash [101], DiskTrie [35], MLDH [162], SA Extendible Hash [149], h-hash [80],
PBFilter [165]

FTL-Based PAM Indexes F-KDB [95], GFFM [46], xBR+-tree [132], eFind xBR+-tree [27]

Raw Flash PAM Indexes MicroGF [101]

FTL-Based SAM Indexes RFTL [154], LCR-tree [104], Flash-aware aR-tree [121], FOR-tree [65,150]

Generic Frameworks FAST [134,135], eFind [25,26]

FTL-Based Inverted Indexes Hybrid Merge [97], MFIS [76]

Raw Flash Inverted Indexes Microsearch [140,141], Flashsearch [22]

belongs. This means that in-place updates, a stan-

dard feature of all HDD indexes, triggers a number

of reads and writes in flash devices;

3. Limited life cycle: every flash cell exhibits a high

bit error rate (wear-out) after a certain number of

program/erase cycles have been performed. Conse-

quently, the uneven writing of the pages may render

whole areas completely unreliable or unavailable.

To hide or even alleviate some of these peculiarities,

SSDs provide a sophisticated firmware, known as Flash

Translation Layer (FTL), which runs on the device con-

troller. FTL employs an out-of-place policy, using log-

ical address mapping, and takes care of wear levelling,

space reclamation, and bad block management. Thus,

SSDs operate as block devices through FTL. However,

traditional indexes will still perform poorly if they are

directly coded to SSDs. For example, B-trees during

updates generate small random writes, which may lead

to long write times.

The latter, and many others, are due to the intrinsic

SSD internals, which cannot be described adequately by

a model, like, e.g. the successful I/O model of HDDs [1]

and, therefore, should be considered during the index

design; otherwise, the performance will be rather unsat-

isfactory. For instance, a robust algorithm design should

not mix reads and writes or should batch (parallelize)

I/O operations. All these are general indications, de-

ducted through extensive experimental analysis of the

flash devices, since manufactures avoid unveiling their

design details.

During the last years, many researchers have pro-

posed flash efficient access methods. The vast major-

ity of these works concern one- and multi-dimensional

data, mainly adapting B-trees and R-trees, respectively.

Moreover, there exist a few solutions dealing with the

problems of set membership and document indexing.

Table 1 summarizes the surveyed indexes, categorized

as variants of their HDD-resident counterparts, when

applied. The indexes either use FTL, and so they are

characterized as FTL-based, or directly handle NAND

flash memories and thus they are indicated as raw flash.

Most of the works either attempt to postpone the in-

dividual write operations, by maintaining in-memory

write buffers, or apply logging techniques to restrain

small random writes, or strive to exploit the internal
parallelism of SSDs.

In the sequel, we present a concise but broad overvi-

ew of flash aware indexes. The contributions of this

work can be summarized as follows:

– We give an overview of the flash memory and NAND

flash SSD technologies as well as the challenges they

present to algorithm and data structure design;

– We broadly survey 62 flash-aware indexes for vari-

ous data types;

– We summarize the main index design techniques

employed;

– We discuss future trends and identify new and sig-

nificant lines of research.

We aspire that this work will provide a system-

atic guide for researchers who work on or are inter-

esting in algorithm design and index development on

SSDs. The remainder of this paper is organized as fol-

lows. Section 2 provides the necessary background in-

formation on flash memory and flash-based solid state
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drives. Section 3 discusses the main design techniques

employed in flash-aware indexes. One-dimensional in-

dexes are presented in Section 4, Section 5 summarizes

multi-dimensional indexes, whereas Section 6 deals with

generic frameworks. Section 7 covers inverted indexes,

whilst future trends and interesting lines of research

are briefed in Section 8. Finally, Section 9 concludes

our work.

2 Background

In this section we review NVM technologies, emphasiz-

ing on flash memories and solid state drives based on

NAND flash chips. Understanding the basic functional-

ity, as well as the weaknesses of the medium and how

they are tackled, gives the first insights in its appropri-

ate usage for efficient data manipulation.

2.1 Non-volatile Memories

Flash Memory. NAND flash has been introduced in

1999 by Toshiba as non-volatile storage technology. Fla-

sh cells store information by trapping electrical charges.

The first NAND cells could use only a single voltage

threshold storing one bit (SLC). Since then, MLC (multi

level) and TLC (triple level) cells were developed, which

are able to store two and three bits per cell, respec-

tively, exploiting multiple voltage thresholds, 3 for MLC

and 7 for TLC [109]. Recently, products that use QLC

(quadruple level) NAND flash chips were introduced to

the market. QLC cells can store four bits per cell using
sixteen different charge levels (15 thresholds). QLC de-

vices are slower and less durable than MLC and TLC.

However, they provide higher capacities targeting to

read intensive applications. Another method to increase

flash storage density is to stack flash cells in layers, one

over the other. This type of memory is called 3D NAND

or vertical NAND (V-NAND). Today, up to 64-Layer

chips are widely available, while some products based

on TLC 96-Layer NAND have been recently introduced.

Two or more NAND flash memory chips (dies) can

be gathered into the same IC package. Fig. 1 depicts a

typical NAND flash package containing two dies. Dies

within a package operate independently of each other,

i.e. they are able to execute different commands (e.g.

read, program, erase) at the same time. They are fur-

ther decomposed into planes which are assembled by

several blocks (e.g. 2048 blocks) and registers. The same

operation can be performed by multiple planes of the

same die concurrently [30,62]. Blocks are the smallest

erasable units in NAND flash, whereas pages are the

Flash PkgFlash Pkg

Die 0 Die 1

Plane 0Plane 0 Plane 1Plane 1

Block pBlock p

Page qPage q

Data Registe RegisteData Registeisterrr

Cache RegistergistCache RegistergisterCache Registererer

ECCECCECCECCECC

MetadataMetadataMetadatadataMetadataMetadata

Fig. 1 The anatomy of a flash package

smallest programmable ones. Each page has a data re-

gion and an additional area for error correction data

and metadata [108] and may comprise a few sectors.

Page and block sizes are usually unknown. However,

typical values are 2–16KB and 128–512KB, respectively.

Continuous program/erase (PE) operations cause

flash cells to gradually lose their capability to retain

electric charge (wearing-out). Thus, every flash cell may

undergo a certain number of PE cycles before it starts

to present high bit error rate. The lifespan of SLC

NAND is around 105 PE cycles, for MLC NAND is

around 104, whereas for TLC is 103. QLC is expected

to have 102 hopefully 103 PE cycles.

NAND flash memories are prone to different types of

errors, like failure to reset all the cells of an erase block

during an erase operation, charge retention errors, and

read or write disturbance errors [20,107,115,137]. The

most important reasons causing increased error rates

are wearing-out, aging, and exposure to high tempera-

tures [107,137]. Latest storage systems utilized sophis-

ticated error correction codes (ECC), such as BCH and

LDPC, to decrease bit errors [109]. However, when a

block presents an unrecoverable error [137], or its error

rate exceeds the average [20], it is marked as bad and

it is not used anymore.

Another type of flash memory is NOR, which was

introduced by Intel in 1998. NOR flash supports reads

and writes at byte level. However, erases are performed

at block level. It enables in-place execution of machine

code (XIP), avoiding prior copy of the program code to

RAM. NOR is usually used for storing small amounts

of hot data or code in embedded systems.

Other non-volatile memories. The emergence of new

non-volatile memory (NVM) technologies is promising

to change memory hierarchy in the future computer sys-

tems. 3DXPoint, Phase Change Memory (PCM), Re-
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Fig. 2 Overview of the architecture of a solid-state drive

sistive RAM (ReRAM), Magneto-resistive RAM (M-

RAM) and Spin transfer Torque RAM (STT-RAM) are

non-volatile memory technologies at different stages of

development, which promise very low read and write

latencies similar to DRAM’s, high density, low power

consumption and high endurance [110]. Several stud-

ies propose different approaches for integrating the up-

coming NVMs into the memory hierarchy [110]. How-

ever, their integration into the memory system dictates

changes to both hardware and software [85]. For exam-

ple, data consistency guarantees after a power failure

are required in case that NVMs will be adopted as main

memory instead of DRAM, or as low-cost extension of

DRAM [28,158].

3DXPoint in one of the most promising NVMs to-

day. Intel and Micron announced 3D XPoint in 2015,

and Intel started to ship block devices (Optane SSDs)

based on 3D XPoint in 2017. Its architecture is based on

stackable arrays of 3DXPoint memory cells. 3DXPoint

supports bit addressability and allows in-place writes.

It provides better performance and greater endurance

than NAND flash (up to 103 times), while its density

is 10 times higher than that of DRAM [108]. 3DXPoint

SSDs provide 10 times lower latency compared to their

NAND flash counterparts, while they can achieve high

performance (IOPS) even at small queue depths [58,

84]. On the contrary, the efficiency of flash-based SSDs

is tightly coupled with high queue depths.

2.2 Solid State Drive Technology

Solid State Drives (SSDs) are met in the most consumer

computer systems that are sold today, while they are

gradually replacing HDDs in big data centers. SSDs

employ non-volatile memories (usually NAND flash)

to store data, instead of spinning magnetic-plates that

HDDs use.

SSD Architecture. Uncovering an SSD device (Fig. 2),

we can see roughly a number of NAND Flash memory

chips, controllers for the flash and the interconnection

interface, and an embedded CPU.

The most important component of an SSD is cer-

tainly the flash memory. Each drive incorporates from

a small number up to tens of IC packages, reaching stor-

age capacities of tens of terabytes. Two or more NAND

chips (dies) are connected to a flash controller by a com-

munication bus, which is called channel. All commands

(I/O or control) are transmitted through the channels,

which are 8 or 16 bits wide. Low-end devices incorpo-

rate 4 to 10 channels, while enterprise ones use many

more. The flash controller pipelines data and commands

to the NAND chips, translates CPU commands to low

level flash commands, and manages error correction.

The existence of multiple communication channels and

the interleaving of operations within each channel al-

lows the execution of many I/O commands simultane-

ously, which is known as the internal parallelization of

SSDs.

The embedded CPU is an essential part for each

SSD, because along with static RAM (SRAM) provides

the execution environment for the firmware that con-

trols the operation of the device. A multi-core embed-

ded processor (e.g. 32-bit ARM) provides the required

processing capacity. A noteworthy amount of DRAM,

varying from several MBs to a few GBs, is also incor-

porated into the SSDs, storing metadata, such as the

physical-to-virtual address mapping table, or tempo-

rary user data. In some cases, consecutive update opera-

tions to the same flash page are performed into DRAM,

preserving medium’s endurance and saving bandwidth.

The Host Interface Controller interconnects the device

with the host system [109]. All incoming or outgoing

data are gotten through this controller. The entry level

consumer devices use the SATA interface, while the

more advanced and the enterprise ones use faster in-

terfaces such as PCIe and SAS.

Storage Protocols. Storage protocols determine the con-

nection and communication of the storage devices with

the host system. Both consumer and enterprise SSDs

relied for a long time to the SATA protocol, while SAS

used to hold also a share to the enterprise market [32].

However, the advancement of SSDs made SATA and

SAS inadequate to support their high efficiency as they

have been developed for magnetic disks [139]. There-

fore, SSDs for the PCIe bus were introduced.

The first SSD devices for the PCIe bus used to em-

ploy proprietary protocols or AHCI. However, the de-

mand for interoperability between different platforms

and manufacturers led to the introduction of the NVMe

standard. NVMe is designed to exploit the internal par-

allelism of modern SSDs, aiming for high delivery capa-
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bility and low latency. It targets to the high demand-

ing applications with even real-time data processing

requirements. To achieve these goals, NVMe supports

up to 64K I/O queues with up to 64K commands per

queue, message signaled interrupts (MSI-X), and a min-

imal instruction set of 13 commands [152]. Each appli-

cation has its own submission and completion queue

which both run into the same CPU core. On the oppo-

site, the legacy SATA and SAS protocols support only

single queues with up to 32 and 256 commands, respec-

tively. NVMe enables hosts to fully utilize the NVM

technologies providing outstanding performance. As a

result, NVMe storage devices can get over 1M IOPS,

while the SATA ones cannot exceed 200K IOPs.

The NVMe protocol has contributed to the accep-

tance of SSDs in the enterprise storage systems. Two

interesting works that study the performance of NVMe

drives are [139,160]. They show that NVMe enhances

performance and improves scalability [139], reducing

the overhead of system’s software up to four times [160].

Flash Translation Layer. In the previous sections we

analyzed the features of NAND memory and presented

the architecture of SSD devices, which aspire to obscure

the idiosyncrasies of flash, providing a standard inter-

face with the host system. To achieve this, SSDs run

sophisticated firmware code which is known as Flash

Translation Layer (FTL). The main functions of FTL

are address mapping, wear levelling, garbage collection,

and bad block management.

FTL implements an out-of-place update policy, since

flash cells cannot be updated in-place. It marks old

pages as invalid and writes the updated data into clean

locations. It hides the complexity of programming the

flash cells, maintaining a logical to physical address

mapping mechanism. Three different mapping meth-

ods have been proposed which are distinguished, based

on the mapping granularity, into page-level, block-level

and hybrid [87].

Out-of-place updates leave flash pages invalidated,

thus FTL initiates a garbage collection procedure to re-

claim free space for incoming data [37]. Garbage collec-

tion is invoked when the drive is idle or runs out of free

pages. It exploits the utilization index ( invalid pages
total pages ) to

select the proper blocks [87]. In the sequel, it copies any

valid pages of the candidate blocks into new positions,

and performs the erasure.

Continuous erase operations wear flash memory cells.

Therefore, FTL provides a wear-levelling mechanism to

protect them from premature aging. It distributes the

erasures uniformly across all medium, utilizing an era-

sure counter for each erase block.

However, SSDs contain bad blocks, which occurred

during operation, or even pre-existed as a result of the

manufacturing process. FTL handles defective blocks

through address mapping [32,120]. Thus, when a block

is recognized as faulty, its valid data (if any) are copied

to another functional block. Then, it is marked as bad,

prohibiting its use in the future.

3 Design Considerations

The I/O Behavior of Flash Devices. Algorithm and da-

ta structure developers utilize theoretical models to pre-

dict the efficiency of their designs. The external memory

model [1], also known as I/O model, is the most widely

used for the analysis of algorithms and data structures

which operate on magnetic disks. The I/O model adopts

uniform costs for both reads and writes, and measures

the performance based on the number of I/O operations

executed. The emergence of flash non-volatile memory

motivated researchers to study the efficiency of exter-

nal memory algorithms and data structures on this new

medium. However, as mentioned, flash memory exhibits

intrinsic features that also affect the performance char-

acteristics of SSDs, rendering the HDD models unsuit-

able for the flash-based devices. Thus, several studies

tried to elucidate the factors that influence the effi-

ciency of SSDs, since manufactures avoid disclosing the

details of their designs.

Early proposals of SSD theoretical models are de-

scribed in [4,5,130]. In particular, [5] presents a rather

simplistic model which adopts different costs for reads

and writes, whereas the approach in [130] requires bit

level access to flash pages. [4] presents two distinct mod-

els which assume different block sizes for reads and

writes. When these models are applied, they may result

in limited deductions, since they are confined to count-

ing the numbers of read and write operations, overlook-

ing the ability of SSD devices to serve multiple concur-

rent I/O [122], as well as the effects of internal pro-

cesses, like garbage collection and wear-levelling, run

by proprietary FTL firmware. Thus, they do not pro-

vide solid design guidelines.

For these reasons, a number of works tried to un-

cover the internals of SSDs through careful experimen-

tation. Some of them utilized real devices [30,31], whe-

reas others employed simulation [3,18] to investigate

methods for better utilization. In all these approaches,

SSD internal parallelism was acknowledged as the most

important factor for their ability to deliver high IOPS

and throughput.

As mentioned in Section 2, the SSD internal par-

allelization stems from the presence of multiple flash

chips, controllers and communication channels in each
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device. Specifically, four different types of parallelism

are described in the literature: channel, package, die

and plane level parallelism. Channel level parallelism

is exploited when several I/O requests are issued si-

multaneously to different channels. The package level

parallelism results from attaching more than one pack-

ages to the same channel. The I/O commands are in-

terleaved in the channels, allowing packages to oper-

ate independently from each other. The die-level par-

allelism is based on the ability of the dies (within a

package) to perform I/O operations independently. Fi-

nally, plane level parallelism refers to the execution of

the same command on multiple planes of the same die.

The efficient utilization of all parallel units is tightly

associated with good performance.

However, the internal parallelization of SSDs can-

not be effectively exploited in all cases [30]. Actually,

access conflicts to the same resources between consec-

utive I/O operations may prevent the full utilization

of parallelism [30,50]. Once such a conflict occurs, then

the first I/O command will block all the following, forc-

ing them to wait for the same parallel units. [50] dis-

tinguishes three different types of conflicts (read-read,

read-write, and write-write), which prevent the fully

fledged utilization of SSD parallelism. Moreover, any

benefits that may arise from the internal paralleliza-

tion are highly depended on the firmware code (FTL)

as well. FTL maps physical block addresses (PBA) of

flash pages to logical ones (LBA) viewed by the operat-

ing system, using a mapping table. The fragmentation

of this table is correlated with low performance: high

volumes of random write operations may fragment the

mapping table; in contrast, sequential entries lead to a

more organized and thus faster mapping table [81].

Furthermore, the experimental evaluation of SSD

devices has provided very interesting conclusions about

their efficiency [30,31]. We may sum up them as follows:

– Parallelizing data access provides significant perfor-

mance gains; however, these gains are highly depen-

dent on the I/O pattern.

– Parallel random writes may perform even better

than reads, when the SSD has no write history. This

happens because conflicts are avoided and, thus,

the internal parallelism is more efficiently exploited.

However, in the long run (steady state) triggered

garbage collection may lower performance.

– Small random writes can also benefit from the large

capacities of DRAM that equips contemporary SSDs.

– Mixing reads and writes leads to unpredictable per-

formance degradation, which is exaggerated when

the reads are random. Indeed, in [50] the authors

provide a generic solution for minimizing the in-

terference between reads and writes, introducing a

host-side I/O scheduler that detects conflicts among

I/O operations and resolves them by separating op-

erations in different batches.

– Regarding read performance, [30] suggests to issue

random reads as quick as possible to utilize bet-

ter parallel resources, since random reads can be as

efficient as the sequential ones with the right paral-

lelization of I/O.

– With respect to data management systems, [30] rec-

ommends either parallelizing small random reads

(e.g., in indexing) or using pre-fetching (that is, se-

quential reads).

Additionally, based on our experience in the develop-

ment of flash-aware indexes for flash storages [46,47,

132,131], we recommend the utilization of large batches

of parallel I/Os to ensure that the internal parallelism is

fully exploited. With this type of I/O, adequate work-

load supply in all parallel units of the device is achieved.

The latter is congruent with [30].

Indexing Design Techniques. The above discussion sug-

gests that software programs should carefully consider

the way they compose and issue I/O requests to achieve

the maximum performance gains. In the sequel, we over-

view how this is accomplished in the case of flash-aware

indexes.

Based on the type of flash memory device they em-

ploy, the proposed methods can be categorized into two

broad groups: FTL-based indexes exploit the block de-

vice character of SSDs, while the raw flash ones are

optimized for small, raw flash memories. The indexes

of the first group rely on the FTL firmware. Thus, their

design must comply with the performance behavior of

SSDs, determined by the specific (usually unknown)

FTL algorithms they employ; otherwise, the indexes

may suffer degraded performance, as indicated in the

above discussion. On the contrary, the indexes of the

second group handle directly the NAND flash memo-

ries. This surely provides more flexibility. However, they

have to tackle burdens like wear levelling, garbage col-

lection, page allocation, limited main memory resources

etc. In both categories, one can discern the following

techniques, used either stand-alone or in combination:

In-memory Write Buffer. An area of the main mem-

ory is reserved for buffering the update operations,

using usually the so called index units, i.e. special

log entries that fully describe the operations. When

the buffer overflows, some or all of the entries are

grouped together, employing various policies, and

batch-committed to the index. Delaying updates in

such a way reduces the number of page writes while

saving block erases, since it increases the number
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of updates executed per page write. Buffering intro-

duces main memory overheads and may cause data

loses in case of power failures.

IU-Logging. Index Unit Logging (IU-Logging) may re-

serve one or multiple buffer areas in flash memory,

complementary to an in-memory write buffer. Peri-

odically, buffered pages are appended to the end of

the file or to the flash-resident buffers. Since log en-

tries are associated with certain index constructions,

such as tree nodes, an in-memory table performs

the mapping during query executions. IU-Logging

trades-off reads for writes, trying to exploit the asym-

metry between them. It constitutes one of the earli-

est techniques employed. However, stand-alone can

be considered outdated, since saving reads has been

proven to be also beneficial for index performance.

It also reserves an amount of main memory for the

mapping table.

In-memory Read Buffers. They are used for buffering

read requests. Their purpose is two-fold: on one hand,

batch read operations are enabled, on the other,

they limit read-write mingling, exploiting the best

I/O performance of contemporary SSDs.

Structural Modification. Certain index building eleme-

nts, like tree nodes, are modified to delay or even

eliminate costly structural changes that result in

a number of small, random accesses. For example,

“fat” leaves or overflow nodes are used in the case

of B-tree-like indexes to postpone node splitting; or

tree nodes are allowed to underflow, thus node merg-

ing or item redistribution is eliminated.

Since parallel I/O deploys most of the flash devices full

potential, the usage of both read and write buffers must

be considered mandatory.

4 One-dimensional Indexes

4.1 B-tree Indexes

B-trees are generalization of Binary Search Trees (BST)

[9]. With the exception of the root, every node can store

at least m and at most M linearly ordered keys and at

leastm+1 and at mostM+1 pointers (please cf. Fig. 3).

The root can accommodate at least 1 and at most M

linearly ordered keys and at least 2 and at most M + 1

pointers. Each key is an upper bound for the elements

of the subtree pointed by the respective pointer. All

leaves are at the same level (have equal depths); this

guarantees that the length of all paths from the root to

any leaf is logarithmic to the number of nodes. Searches

are processed top-down, starting from the root node

and following proper pointers, until the key sought is

found or declared missing.

Due to its usability, a number of B-tree variations

were introduced. Among them, one of particular inter-

est for the area of SSDs is the Log-Structured Merge-tree

(LSM-tree) [119,142], since it is used in log-structured

file systems for SSDs. An LSM-tree consists of a number

of levels, each one implemented as a B+tree, where in-

ternal nodes only store keys, whereas key-record pairs

reside into leaves. Every B+tree leaf node maintains

a pointer to its right sibling [36]. The top level of a

LSM-tree is kept always in main memory. The sizes

of B+trees are geometrically increasing. Update opera-

tions are always inserted (“logged”) as entries in the top

level. Whenever a level overflows, it is merged with the

next level in one pass, during which insertion/deletion

entries referring to the same keys are cancelled out. If

the next level also overflows, the procedure is repeated,

until no overflow takes place. Search starts from the top

level and visits each level, until either the item is found

or all levels are exhaustively investigated. In [144] three

merge policies for LSM-trees located in SSD devices are

presented. According to the first policy, termed Round-

Robin, each time a level overflows the next δ percent

of its entries are chosen for merging. ChooseBest, the

second alternative policy, chooses for merging a contin-

uous δ fraction of the entries, having the least num-

ber of overlaps with pages of next level. Finally, the

Mixed policy defines for each level a threshold. When

the number of its entries drops below that threshold, a

full merge is conducted, else ChooseBest is employed.

Mixed has been proven to be the best policy against

the full merge of LSM-trees.

Adapting B-trees for the Flash Memory. When a B-tree

must be stored in a flash device, one has to deal with the

peculiarities of the storage medium, i.e., out-of-place

updates, asymmetric read/write times and wear-off. For

example, naively programming a B+tree on a raw flash

device, like the one used in embedded systems, will face

the following problem: just one update in the right-most

leaf results in updating all tree nodes. This happens

since modifying the leaf in question dictates modifying

both its father and its sibling to the left (since all leaves

are forming a linked list). These nodes, on the turn, will

modify their fathers and the sibling leaf node to the

left, and so on, all the way up to the root. This effect

is time consuming and devastating, in the long run, for

the device life-cycle.

Things are better in flash devices with an FTL, since

the mapping of logical to physical pages confines the de-

scribed write propagation effect. However, still one has

to address the large number of frequent (small) random

writes of the original B-tree insertion and deletion al-

gorithms. Small random writes, apart from being slow
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Fig. 3 BFTL: B-tree and its actual representation; sub-
scripts denote page ids, × indicates delete IU

compared to reads or batch writes, they quickly deplete

free space, since they are served by out-of-place writes.

Thus, they cause frequent garbage collection (i.e. space

reclamation), as well as endurance degradation due to

the induced recurring block erases.

In the sequel, we present flash-aware versions of the

original B-tree. There are two broad categories of ap-

proaches: the first one refers to devices equipped with

an FTL, whereas the latter concerns raw flash with-

out such functionality. In both categories, there exist

schemes that mainly employ the techniques of buffer-

ing, either in main memory or in flash, IU-logging, and

original B-tree node structure modification, or a combi-

nation of the previous, aiming to delay updates, turning

small random writes into sequential or massive ones.

4.1.1 FTL-based Indexes

BFTL. Wu et al. [153,155] were the first researchers

that introduced a B-tree variant especially designed

for SSDs, named BFTL. BFTL employs log-structured

nodes and a main memory write buffer, called reserva-

tion buffer. Each operation is described in the form of

index units (IUs), i.e. records with necessary informa-

tion like the type of operation, the key and the node

involved. IUs are accommodated into the reservation

buffer. When the reservation buffer overflows, it is re-

organized: all IUs belonging to same node are clustered

together and gathered into pages using the approxima-

tion algorithm First-Fit. Then, these pages are flushed

to the flash memory device.

The packing procedure may result in writing IUs

belonging to different nodes into the same page. Thus,

the original B-tree nodes may be scattered into several

physical pages (Fig. 3). Therefore, they must be recon-

structed before accessing them. The necessary mapping

between nodes and the corresponding pages where their

index units reside in is stored in an auxiliary data struc-

ture, called node translation table (NTT). Each entry of

the NTT corresponds to one tree node and is mapped to

a list of physical pages where its items belong to. Since

the NTT is memory-resident, the scheme depends on

main memory, which means potential data lost in case

of power failure. Also, the NTT and the tree nodes

must be reorganized when page list lengths exceed a

pre-defined threshold c.

A search operation costs h ∗ c reads, where h is the

B-tree height, and 2( 1
M−1 +Ñsplit+Ñmerge/rotate) amor-

tized writes per insertion/deletion, where Ñ denotes

the amortized number of respective structural opera-

tions per insertion/deletion. Space complexity is not

analyzed, but from the discussion it can deduced that

is upper-bounded by n ∗ c+B, n the number of nodes

and B the size of the reservation buffer. The authors

presented experiments with SSD, comparing their ap-

proach with B-trees, where it is shown that increased

reads are traded-off for small random writes. In a nut-

shell, nowadays this is completely inadequate with mod-

ern SSDs which exhibit far more complex performance

characteristics.

IBSF. [88,89] tries to improve BFTL by employing an

improved buffer management policy, termed IBSF, while

avoiding the distribution of node contents into several

pages. Thus, an in-memory buffer for logging operations

in the form of IUs is employed, as in BFTL. Addition-

ally, each node occupies one page on SSD and, poten-

tially, a number of IUs into the write buffer. When an

IU is inserted into the buffer, it is checked whether it

invalidates an IU concerning the same key. This way,

only the latest IUs are kept into the buffer, delaying

its overflow. When finally the buffer overflows, then the

first IU is chosen (FIFO policy), whereas the remain-

ing IUs of the same node are collected. This set of en-

tries is merged with the node contents of the respective

SSD page and, after eliminating redundant entries, the

new node is flushed to the SSD device. In compari-

son to BFTL, IBSF succeeds in reducing the number

of reads and writes. Specifically, searching is accom-

plished with h reads, while 1
niu

(Ñsplit + Ñmerge/rotate)

amortized writes are necessary per insertion/deletion,

where 1 ≤ niu ≤ B is the average number of IUs in-

volved in a commit operation. However, since each node

is stored in only one page, frequent garbage collection

activation may be caused due to occurring page writes.

RBFTL. RBFTL was introduced in [156] as a reliable

version of IBSF. Specifically, it uses (alternatively) two

small NOR flash devices for backing-up the IUs, be-

fore they are inserted into the in-memory buffer. As a

last step, it writes the dirty record to NAND flash us-

ing FTL. When the buffer overflows, RBFTL commits

all its IUs to the SSD, employing repeatedly the IBSF

policy. Additionally, it logs into the NOR flash in use

the beginning and the ending of the flushing process.

Whenever a crash takes place, the IUs or the records are
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Fig. 4 MB-tree leaf configuration: there are two entries since
all keys in P2, upper bounded by 88, are smaller that those
in P1, bounded by 189

restored into the flash according to the NOR flash logs.

When the NOR device in use overflows, the other one

replaces it, while the former is erased synchronously.

In this way, the slow erase speed of NORs do not de-

grade the index performance. RBFTL is evaluated only

experimentally against standard B-tree and found to

have better performance, at the expense of using extra

NOR flash memories.

Lazy-Update B+tree. Lazy-Update B+tree [118] follows

the approach of employing read and write buffers. In-

side the write buffer, the updates are grouped together

if they refer to the same leaf node, while opposite oper-

ations concerning the same key are cancelled out. When

the write buffer overflows, a group of nodes are commit-

ted according to two alternative polices: i) biggest group

size, which aims to increase the number of groups inside

the buffer, and ii) minimum ratio of gain to group size,

where gain is defined as the number of leaves updated

if the group is committed – this policy tries to mini-

mize the cost of eviction. The former has the least cost

in terms of computation time and page reads. The lat-

ter may increase the number of reads, since it involves

accesses to leaf nodes for size computations. However,

it achieves the best performance, while it may save

page writes. Simulations conducted with respect to the

B+tree proved update time gains, while the access per-

formance is not degraded.

MB-tree. [126] presents MB-tree. It employs a write

buffer, termed Batch Process Buffer (BPB), to delay

updates and an LRU read buffer. When the write buffer

overflows, the leaf node with the most updates is chosen

as victim. Since this may involve many reads, MB-tree

employs the approximate method Unique Path Search

(UPS), which restricts the calculations along one path

only: each time, it chooses the child node covering the

greatest number of PBP entries. Additionally, the sche-

me utilizes big leaf nodes to delay splitting, while upper

levels are kept as in the standard B-tree. Each leaf (Fig.

4) comprises several pages and one head page (LNH) for

facilitating the search among the pages. LNH contains

entries consisting of page ids and key values, sorted on

key values. In this way, it builds increasing ranges of

values covered by page ids, likewise to the index nodes
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Fig. 5 A two-level FD-tree. Pointers between levels represent
fences

in a B-tree. Whenever a batch of updates are applied

to a big leaf, deletions are performed first, whereas the

best fit policy is employed for the insertions. In case a

big leaf overflows, the keys are split evenly in two leaves,

and the number of pages per leaf is adjusted/decided

dynamically according to the LNH structure. The per-

formance of the index is evaluated both theoretically

and experimentally. Using a rather simplistic analy-

sis, it is found that, in worst case, a search operation

needs 2 + dlogM
2∗n
M∗nl e reads, nl the number of leaves,

and an update operation requires 3/nflushed writes and

(nl + dlogM
2∗n
M∗nl e)/nflushed reads, nflushed the number

of PBP entries flushed due to an overflow. Experimen-

tal comparisons with BFTL, B+tree(ST) (described be-

low), and B-tree show the good performance of the

scheme in all cases except searching, where the B-tree

prevails. Buffer flushes and LNH maintenance incur ex-

tra CPU and I/O costs, which are tried to be amortized

to delayed (buffered) updates.

FD-tree, FD+tree/FD+FC, and BSMVBT. FD-tree is

a two-part index [99,100] (Fig. 5). The top part con-

sists of a main memory B+tree, termed the Head tree.

The bottom part comprises L − 1 sequential, sorted

files (sorted runs-levels) of exponentially increasing size,

which are stored in flash disk, according to the logarith-

mic method [12]. That is, their sizes are exponentially

increasing from level to level. Between adjacent files,

fences (i.e., pointers) are inserted to speedup search-

ing, employing the algorithmic paradigm of fractional

cascading [29,106]. The fences permit the continuation

of the search in the next level, without the need of scan-

ning or binary searching the file from scratch.

The search operation starts at the Head tree and, if

necessary, continues in the sorted files, following proper

fences. Regarding updates, deletions are handled by

inserting appropriate deletion records to the bottom

part when they are not (physically) served by the up-

per B+tree. Insertions are handled by the Head tree.

When it overflows, recursive merging of adjacent lev-

els is conducted according to the logarithmic method.

These merges are using only sequential reads and writes,
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and are performed in a multi-pass way. So, random

writes are confined to the upper part only; the vast

majority of them is transformed into sequential reads

and writes, which are issued in batches. The authors

provided theoretical analysis, which, however, neither

includes the cost of wear levelling, nor discusses perfor-

mance in the presence of deletions. Specifically, an FD-

tree indexing n records supports searches in O(logk n)

random reads, k the logarithmic size ratio between ad-

jacent levels, and inserts in O( k
f−k logk n) sequential

reads and writes, f the number of entries in a page; k

can be determined according to the percentage of in-

sertions and deletions in the workload. The FD-tree

is compared with B+tree, BFTL, and LSM-tree and

found to have the best overall performance. Its search

times are comparable or worse than those of B+tree,

since the fences result in smaller fanouts and thus in-

creased height. The multi-pass merge procedure may

incur an increasing number of writes compared to a

single-pass solution. Finally, the insertion behavior is

similar to that of LSM-tree, since they both limit sig-

nificantly the need for random writes.

[143] introduces an improvement of FD-tree, the

FD+tree and its concurrent version FD+FC. Addition-

ally to FD-tree invariants, the FD+tree dictates that:

i) the bottom level has enough items so that it cannot

be accommodated at a higher level, ii) some levels con-

taining only fences can be skipped, and iii) the number

of stored entries can be at most twice the number of live

(not deleted) entries; the opposite case is considered as

an index underflow. A merge operation can be triggered

by either a level overflow or an index underflow. After

calculating which levels must be replaced, the merge

procedure scans the levels in parallel and produces the

new runs in one pass. Since the upper levels may contain

only fences, some of them are skipped to reduce lookup

time. It is proven that an FD+tree with n records sup-

ports searching in O(logγ
n
κ0β

) I/Os (worst case), where

γ is the logarithmic size ratio between adjacent levels,

κ0 is the size of level 0, β is the block size, whereas in-

sertions or deletions are supported in O( γ
β−γ logγ

n
κ0β

)

I/Os (amortized case).

The concurrent version FD+FC, during merging,

reads one block from each to-be-replaced old level in

main memory and transfers keys to the bottom-most

new level. Old level transferred blocks are reclaimed.

The new modifications are accommodated to the new

top level and, thus, search is conducted in either the

old structure (if the key sought is greater than the first

key of the old top level), or the new structure (since

the keys have already been transferred there). FD+FC

is experimentally evaluated against 2 simpler versions

of concurrent FD+trees (FD+XM and FB+DS).

Bulk Split Multiversion tree (BSMVBT) [34] consti-

tutes the multiversion (partial persistent [42]) variant of

FD-tree. In particular, the B+tree root is replaced by

a TMVBT [57], a transactional multiversion B+tree.

The bottom level runs are sorted in (key, timestamp)

order. During the merging of adjacent levels, when en-

tries with the same key are met, the higher level entry

is removed and the other is copied with its “dead flag”

set to the dead flag value of the purged entry. When

the number of dead entries exceeds a certain thresh-

old, a new root tree is build containing all “live” en-

tries. BSMVBT was experimentally evaluated against

TMVBT and was found better in case of insert-only

and insert/delete workloads.

WOBF. Write Optimized B-tree layer (WOBF) [51]

uses an in-memory buffer to accommodate updates and

a node translation table to map nodes to pages con-

taining IUs, like BFTL. When IUs are inserted into the

buffer, redundant entries referring to the same key are

cancelled out or deletions are grouped by node id as bit

maps. Thus, WOBF adopts the IBSF policies. In case

of buffer overflow, all IUs are sorted by node id, packed

in a number of pages and flushed to flash memory. This

way, WOBF tries to reduce the scattering of node con-

tents into as few pages as possible. The performance

of WOBF was experimentally evaluated against BFTL

and IBSF, and was found to be more efficient. How-

ever, WOBF also inherits the disadvantages of these

two schemes, like noteworthy usage of main memory

and increased number of reads.

FlashB-tree. [73] introduced Flash B-tree, a scheme in

which the nodes are switching between non-clustered

and clustered mode of operation, using an algorithm

which counts the number of reads and writes and mod-

ifies properly a counter. Each read operation decreases

the counter by the read cost, while a write operation

increases it by the write cost. Whenever the counter

reaches the predefined thresholds, the respective switch

is made. In the non-clustered mode, NTT is activated

to describe the logical nodes. This way, some nodes are

similar to the ones in BFTL, i.e. scattered into a num-

ber of physical pages, whereas some are clustered in one

page, as IBSF dictates. This dual mode of operation is

also reflected to the buffer replacement policy. So, in

the clustered mode, the LRU IU is chosen and commit-

ted along with all IUs belonging to the same node in

one page. On the contrary, in the clustered mode all

IUs are packed and flushed to the SSD. Additionally,

to save one write during spitting, the modify-two-nodes

policy is followed: the left sibling node is not altered.
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The lazy-coalesce policy is also employed during dele-

tion and, thus, the underflow operations of merging and

borrowing are not executed. Simulations showed that

Flash B-tree combines the best of BFTL and IBSF.

FB-tree. [75] introduced FB-tree, which follows the pa-

radigm of write-optimized B-trees [53], employing di-

rect storage management and buffering, aiming at large

flushes to SSD. In particular, every time a node is up-

dated, it is written out-of-place. For this reason, the

nodes do not contain extra space for new keys, as the

node can grow or shrink when it is rewritten. Thus,

space is allocated in multiples of the sector size. The

explicit flash storage manager stores the tree nodes ac-

cording to the best fit policy and their current size,

employing a bit map structure and a list of max holes.

The buffer manager uses the clock version of the LRU

policy, and, upon overflow, it collects dirty and clean

pages. The number of dirty pages gathered are above a

threshold to maximize the write size. When a node re-

sides in the buffer, it holds a pointer to its father. Also,

a node cannot be evicted unless it is not referenced by

any child and its reference counter is below a thresh-

old. Notice that reads and writes add different amounts

to the counter. The experimental evaluation studied the

effect of various scheme parameters. On the other hand,

only favorable comparison with B+tree is provided.

TNC. TNC (Tree Node Cache) [59] is a flash aware

B+tree designed for the Unsorted Block Image File

System (UBIFS) [136], as an improvement of Wander-

ing tree. It uses an in-memory buffer to cache parts

of the structure according to the following two rules:

i) if a node is in flash, then so do its children, ii) if

a node is in main memory, its children may or may

not be in main memory. Thus, a node may reside in

main memory only if its father is in the buffer. Dur-

ing tree operations, the whole path is read into main

memory and changes are executed therein. When the

buffer is full, TCN searches for and evicts, as needed,

clean nodes with all of their children in flash memory.

In case of dirty nodes, it chooses the ones with clean

children. For recovery, the technique of journaling is

employed. The author presented experimental results

for TCN performance; however, no comparison against

other structures is cited.

uB+tree. Based on the assumption that writes are k

times slower than reads, [145] introduces the unbal-

anced B+tree (uB+tree). As its name suggests, this

index saves writes by not performing balancing oper-

ations unless it is absolutely necessary. Namely, when

a leaf node overflows, instead of splitting, it acquires

an overflow node. Each overflow node is maintained for

k = (cost of write/cost of read) reads; due to the asym-

metry between writes and reads, each newly allocated

overflow node has an “unexpended” gain of k. Then it is

inserted as a normal independent node. Thus, insertions

can occur even when search or delete operations are ex-

ecuted. During the update operations, redistributions

between a node and its overflow are executed whenever

possible to postpone splitting and, thus, an additional

write to their father is spared. The author also presents

the cases where overflow nodes are also allocated to

internal nodes, and when expended gain is examined

not locally but globally. Assuming that writes are five

times slower than reads, through simulation it is shown

that the uB+tree outperforms the B+tree, whereas the

various uB+tree versions are more or less equivalent

in terms of performance. uB+tree saves writes w.r.t.

standard B+tree, however it does not capitalize on the

internal parallelism of modern SSDs.

PIO B-tree. PIO B-tree [127,129] tries to exploit the

internal parallelism of the flash devices. Specifically, it

uses Psync I/O to deliver a set of I/Os to the flash mem-

ory and waits until the requests are completely pro-

cessed. So, Psync I/O works like the parallel version of

standard sync I/O. Based on Psync, a set of search re-

quests can be served concurrently, using the multi-path

search algorithm (MP-search), which descends the tree

index nodes like a parallel DFS; at each level, a prede-

fined maximum number of outstanding I/Os are gen-

erated to limit main memory needs. Updates are also

executed in groups. Firstly, they are buffered, sorted

by key, in an in-memory array. When it is decided,

they are executed in batch, descending and ascend-

ing the tree, like MP-search does. Additionally, PIO

B-tree leaves are “fat”, comprising of multiple pages.

Updates are appended to the end of the tree, to save

I/Os (only one is needed). When a leaf overflows, oper-

ations referred to the same keys are cancelled out and

splitting or merging/redistribution is conducted in case

of overflow or underflow, respectively. Lastly, the sizes

of leaves, nodes, and buffers are determined by a cost

model, to capitalize on striping. The authors show that

the average cost of search is h− 1 + tL, tL the time to

read a fat leaf of size L, while the insert operations de-

mand
∑h−2
l=bηc

1
G(l)−

1/M ′(η%1)

G(logM′ (µ−B)−1) + 1
G(h−1) reads and

1
G(h−1) writes, where η = logM ′

n
L(µ−b) − 1, M ′ the av-

erage number of entries in a node, µ the available main

memory, and G(i) the average number of update oper-

ations reading the same node at level i. Experiments

conducted on SSDs show the superiority of PIO B-tree

over BFTL, FD-tree, and B+tree. It should be noticed

that Psync is a proposal for requesting outstanding ran-
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Fig. 6 An AB-tree node

dom I/Os all at once and, to the best of our knowledge,

it is not included as a system call in OS kernels.

Bw-tree. Bw-tree [93,94] is designed for multi-core sys-

tems equipped with large DRAM and SSD. It is a latch

free B+tree, which employs the Compare and Swap

(CAS) operation. It uses the techniques of logging –

to by-pass the FTL – and buffering. Bw-tree is built

with logical ids in main memory. To this end, it uses

an in-memory mapping table for mapping node ids to

pages either in memory or in flash. All operations are

executed as delta entries, which always are the head of

the respective formed chain of records in the mapping

table. Periodically, the lists are consolidated for per-

formance reasons. Also, they are regularly flushed to

flash memory. So, one can say that Bw-tree follows an

approach that resembles BFTL, enabling it to handle

multi-threading and concurrency control. However, it

does not exploit the internal parallelism. Bw-tree is ex-

perimentally compared with BerkeleyDB and skip list.

AB-tree. In [64], the B-tree variant Adaptive Batched

tree (AB-tree) was introduced. Each node consists of

a number of buckets, separated by key values as de-

picted in Fig. 6. Every bucket has a data part and a

buffer part for storing item operations. A new item or

a delete/update entry is always inserted in the proper

bucket of the root node. When a bucket overflows, a
pushed-down operation migrates entries in the associ-

ated lower level (child) node, in the proper part. Dur-

ing push-downs, deletion entries eliminate the index

entries with the same key. A search operation is con-

ducted top-down, starting from the root, checking in

every visited bucket both the data and the buffer part.

The data/buffer ratio is independently and dynami-

cally adjusted for each bucket after push-downs, ac-

cording to the workload. A search costs, on average,∑h
l=1

M ′l−1

Nl
l reads, Nl the number of entries in the l-th

level, while the worst-case average cost of an insertion is

h/sn, sn the average size of a node. AB-tree was evalu-

ated against B+tree, BFTL, and FD-tree and found to

have the best overall performance, with search being its

weakest operation. The latter is due to big node sizes:

while a big node can be efficiently read with massive

I/O operations, it incurs increased search cost.

AS B-tree. Always Sequential B-tree (AS B-tree) [125]

follows an append-to-the-end technique, combined with

buffering: an updated or newly inserted B-tree node is

always placed at the end of file. Thus, the nodes are

placed in sequential (logical) pages. Particularly, up-

dated/inserted nodes are firstly placed into a write buf-

fer. When the write buffer overflows, all nodes are se-

quentially appended to the flash resident file. Since the

(logical) pages containing the nodes are not overwrit-

ten, but each node is written to a new place, the AS

B-tree maintains a mapping table, that maps node ids

to logical pages. To collect the invalidated pages, the in-

dex is written to several subfiles of fixed size. These sub-

files are periodically garbage collected, since the active

nodes are mainly located in the most recent generated

ones. AS B-tree successfully employs sequential writes;

however, it suffers from increased time and space over-

head to handle the structure allocation. Experiments

conducted against B+tree, BFTL, LA-tree (described

below), and FD-tree showed that AS B-tree has favor-

able performance in search oriented workloads.

BF-tree. Bloom Filter tree (BF-tree) [7] is an approxi-

mate tree index, which aims to minimize size demands,

sacrificing search accuracy. Essentially, it is a B+tree

with leaf nodes associated with a set of consecutive

pages and a key range. This means that the data must

be ordered or partitioned on key. Each leaf node com-

prises a number of Bloom Filters [16] (BFs), each one

indexing a page or a page range. Thus, searching for

a key in a BF-tree is conducted in two parts. The first

part involves the same steps as searching in a B-tree and

leads to a leaf. Inside the leaf all BFs are prompted for

key membership and thus the result has false positive

probability. It may also involve reading several pages.

The insertion procedure is very costly, since adding a
new key in a BF may violate the desired false positive

probability pfp. In this case, the leaf node is split. This

means that every key belonging to the leaf key range

must be probed for membership in order to gather the

true members of the leaf and build two new leaf struc-

tures. On the other hand, bulk-loading the entire index

is simple; after scanning the pages, the leaf nodes are

formed and then a B+tree is built on top of them. For

this reason, BF-tree is mainly used as a bulk-loaded in-

dex, tolerating a small percent of updates. The search

cost is estimated as h random reads and pfp ∗ npl se-

quential reads, npl the number of pages per leaf node.

BF-tree was experimentally investigated against stan-

dard B+tree, FD-tree, and in-memory hashing, exhibit-

ing significant space savings, especially when it indexes

non-unique attributes, competing them in several cases.

Bloom tree. Bloom tree [66] is also a probabilistic index,

introduced to optimize both reads and writes. Specif-

ically, as depicted in Fig. 7, it is a B+tree variant,
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Fig. 7 A Bloom tree instance: the three types of leaves are
depicted

with three types of leaves, namely, regular, overflow and

bloom filter. Each (regular) leaf node, when overflows,

turns into an overflow leaf, consisting of at most three

overflow pages. This way, the scheme defers node split-

ting. When an overflow leaf exceeds its size limit, it is

converted into a Bloom Filter leaf, which is a tree of

height one. The root in these trees comprises a num-

ber of Bloom Filters (BFs), which guide the search to

their more than three overflow child nodes, with the

exception of one child which has empty BF and is char-

acterized as active; the others are termed as solid. A

BF is rebuilt only after a predefined number of dele-

tions is performed to its child node. New insertions to a

Bloom Filter leaf are always accommodated into the ac-

tive leaf. When the active leaf becomes full, it acquires a

BF in the root and it is turned into a solid one. If there

is no space for new active leaf, then the solid leaf with

the least number of entries is turned active and its BF

is erased. When no solid leaf can be switched to active,

the Bloom Filter leaf overflows; it is turned into a set

of d normal nodes, which are inserted into the parent

node. Thus, 2∗d−4 writes are saved w.r.t. the standard

B+tree. Bloom tree also uses an in-memory write buffer

to group updates. A search operation starts from the

root, and depending on the type of leaf it ends, it will

employ one, at most 3, or at most pfp∗d+2 extra reads,

respectively. The performance of the Bloom Tree was

compared against B+tree, B+tree(ST) (presented be-

low), FD-tree, and MB-tree, and experiments exhibited

the behaviour of the index in various test cases.

HybridB tree. HybridB tree [68] is a B+tree which tries

to capitalize on the advantages of both HDDs and SSDs

in hybrid systems. Specifically, since internal nodes are

updated less frequently, each of them is stored in one

page of a SSD device. The leaves are huge and con-

stitute a height-one tree of several pages, distributed

among SSD and HDD (Fig. 8): the leaf-head page is lo-

cated in SSD, and directs requests to several lower leaf-

key1 key2 key3 … 
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leaf 
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Fig. 8 HybridB tree leaf types

leaf nodes. A leaf-leaf node is stored either on HDD,

when it is not full (its state is characterized as change),

or on SSD when it is full (and thus it is in solid state).

Updates and deletes to a solid leaf are accommodated

by the associated leaf-log pages, stored to HDD (if nec-

essary, a solid node acquires a leaf-log). An update does

not change the state of a leaf-node, while a deletion

changes a solid node into an after-solid one. After-solid

nodes continue to reside in the SSD. When a solid leaf,

not having an associated leaf-log, receives an insertion

request, it is split. When a leaf-log overflows, or it is

full and its solid leaf must accommodate an insertion, a

sync operation merges it with its solid-leaf, taking care

of various cases of state combinations. A search opera-

tion costs at most h SSD reads and one HDD read, an

insertion needs additionally at most 3 SSD writes and 2

HDD writes, and a deletion incurs one extra HDD write.

HybridB tree was experimentally compared against a

B+tree fully located on HDD, and a hybrid B+tree

with internal nodes on SSD and leaves on HDD, and

has been proven to achieve the best performance.

WPCB-tree. The Write Pattern Converter B-tree [61]

(WPCB-tree) follows the approach of converting ran-

dom write patterns into sequential ones with little main

memory. Specifically, it employs a flash-resident buffer,

termed Transit Buffer Manager (TBM), for accommo-

dating updated pages – each page stores only one node.

All page nodes with the same logical block number

(LBN) are written to the same buffer block. A small

in-memory summary table associates the LBNs of the

buffer blocks with the logical page numbers (LPNs)

of pages they contain. When TBM overflows, a victim

block with the smallest number of node pages is greedily

selected. Then, its pages are sorted according to LPNs,

taking care that only the latest version of each page

is included, and, then, are sequentially written to the

data part of the SSD. The same procedure is followed

whenever a TBM block overflows. To save writes, leaves
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with contiguous order of insertion are not split, while

node underflows do not trigger merging operations. The

WPCB-tree restricts the danger of data loss in case of

a power failure, since the usage of main memory is very

limited. However, TBM blocks may wear-off rapidly.

The authors provide a rather simplistic and not so use-

ful cost analysis of the various operations. Specifically, a

search operation needs h reads, an insertion costs addi-

tionally 1 sequential write, 3∗nsp writes, nsp the average

number of split operations per insertion, and nb block

merge operations, while a deletion requires 1 sequential

write and nb block merge operations. Using simulation,

it is found that the WPCB-tree performs better than

the B-tree, the d-IPL, and the µ∗-tree (both described

in next subsection).

Discussion. BFTL trades reads for writes by scattering

nodes to a number of pages. This is no longer adequate

with contemporary SSDs, where the performance gap

between reads and writes is narrowing. It also incurs

increased main and secondary memory overhead due to

the auxiliary information maintained. IBSF tries to de-

lay buffer overflow and spares reads by dispensing with

NTT. However, its performance still depends heavily on

main memory. RBFTL expands IBSF approach, but at

the expense of employing two extra NORs for crash re-

covery, additionally to main memory. WOBF combines

the NTT of BFTL with the improved write buffer man-

agement of IBSF. While it partly lessens the scattering

of tree nodes into several pages, nonetheless it suffers

from increased RAM and read operations usage. Flash

B-tree switches between BFTL and IBSF, depending

on the current workload; therefore, it also inherits their

common disadvantages, i.e. main memory dependence

and increased read operations. Bw-tree is a latch-free

B+tree which employs the CAS operation. In order to

deal with small writes, it uses the techniques of logging

and buffering. It successfully supports multi-threading

and concurrency control, howbeit it ignores the paral-

lelization capabilities of SSDs by-passing the FTL.

Lazy-Update B+tree aims to control both writes

and reads by grouping buffered updates w.r.t. the leaf

involved. This however may be costly both in CPU and

I/O time. MB-tree delays tree reconstruction with fat

leaves and buffering. Fat leaves require an additional

auxiliary page node, and thus extra CPU and I/O op-

erations for searching and maintenance. uB+tree spares

writes by not performing balancing operations. Instead,

overflow nodes are used, which are turned into nor-

mal ones when they are read k times, k the cost ra-

tio between a write and a read operation. So, uB+tree

does not exploit the internal parallelism of SSDs. PIO

B+tree adopts the modern approach of utilizing the in-

ternal parallelism of SSDs, by buffering the issued op-

erations and executing them in batches with mass I/O

requests. Additionally, it employs the technique of fat

leaves where the various IUs are attached. One issue of

this solution is that depends on Psync I/O which is not

supported by OS kernels.

FD-tree transforms small random writes into se-

quential reads and writes, issued in batches, by employ-

ing the logarithmic method and the fractional cascading

technique. Due to increased height, its search time may

be worst than that of B-trees. Also, the excess number

of writes harm the lifespan of SSDs. FD+FC, based on

FD+tree – a modified version of FD-tree which employs

single pass level merging –, supports concurrency at the

expense of increased space allocation during reorgani-

zations. BSTMVBT changes FD-tree to a multi-version

index. Despite being experimentally evaluated against

the HDD-oriented TMVBT, it is not clear whether it

can be utilized on real systems. AS B-tree also turns

random writes into sequential ones by buffering new

or updated nodes and then committing them into con-

tiguous LBAs at the end of the file. It follows that AS

B-Tree is highly dependent on main memory, while it

needs constant reorganization to reclaim invalid pages

and achieve acceptable space overheads, which may dam-

age the device endurance.

BF-tree is a probabilistic B-tree variant, using bloom

filters for key membership inside the pages of each leaf

node. In this manner it spares space, while demon-

strates good searching behavior. Since insertion is very

costly, it must be used as a bulk-loading index, toler-

ating a moderate number of updates. BF-tree also as-

sumes that data are organized on keys. As SSDs cost

decreases while their capacity increases, index size may

no longer be an issue. Bloom tree is another proba-

bilistic index which uses three types of leaves (one fat)

to delay splits and thus spares writes. In order to save

reads, it uses BFs to guide the search inside the fat

leaves. Nevertheless, it does not fully capitalize on the

internal parallelization of SSDs.

AB-tree enhances standard B-tree nodes with buck-

ets serving as storage structures for items and buffers

for operations. In this way, insert, delete and update

operations can be processed in batches, turning small

random reads and writes into sequential ones. Addition-

ally, each bucket can adapt to workload by adjusting

the size of its two parts. While AB-tree uses the inter-

nal parallelization of SSDs, the big size of nodes cause

increased CPU time which may be comparable to I/O

time. In order to use memory frugally, WPCB-tree uti-

lizes a designated part of SSD as buffer area, where the

updated nodes are temporarily accommodated. In case

of overflow, involved nodes are sequentially written to
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Fig. 9 µ-tree height increase due to splits, after an insertion.
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the data part. WPCB-tree has low risk of data loss, at

the expense of increased number of writes. Additionally,

it may wear off the buffer area.

FB-tree employs the approach of write-optimized

trees in conjunction with direct storage management

and in-memory buffering for grouping writes. Since it

applies excessively the out-place policy for accommo-

dating updated nodes, it may shorten the lifetime of the

underlying SSD. TNC relies on the UBIFS file system to

maintain a B+tree on SSD, keeping sub-paths involved

in update operations in main memory cache. TNC is

not evaluated against other indexes. HybridB tree is a

B+tree for hybrid systems, storing the internal nodes

on SSD and the pages of fat leaves either on SSD, when

there are full, or on HDD, otherwise. Deletions on SSD

pages are accommodated by logging them on an associ-

ated HDD page. So, the tree nodes are moving between

HDD and SSD. Essentially, HDD acts as a buffer mech-

anism for limiting the random writes to SSD, prolong-

ing, thus, its lifespan. Nonetheless, this is based on the

inferior write performance of HDDs.

Table 2 summarizes the design methods employed,

the cost analysis and the experimental evaluation of the

FTL-based B-trees against other indexes.

4.1.2 Raw Flash Indexes

Wandering tree. Wandering tree [13,43] was introduced

as a B+tree variation suitable for log-structured file sys-

tems, like the JFFS3 and the logFS. Its design is quite

simple; instead of using in-place updates, every updated

node is stored in a new location. Since the respective

pointer in the father node changes, the father node is

also modified and stored in a new free page, and so

on, until the procedure finally modifies the root node.

Thus, every update operation generates O(h) writes,

including those the balancing operations may cause,

producing O(h) dirty pages. So, Wandering tree may

frequently trigger space reclamation and wear-leveling.

µ-tree and µ∗-tree. In [91] µ-tree was introduced as a

flash-aware version of B+trees. It is based on the fol-

lowing idea: when an update takes place, all updated

nodes along the path are stored in a single page, where

the leaf occupies half of the space, whereas the other

half is shared among the remaining nodes. As a result,

a node has varying fanout which depends on the tree

height and its level. Additionally, all nodes at the same

level have the same fanout, whereas the root size is

same to that of its children. The search process basi-

cally follows that of B+trees. During an insertion, a new

page is allocated to store the updated path. In case the

tree height increases by one, node sizes are halved (Fig.

9). Deletions are implemented as opposite to insertion

procedures, without any sharing/merging policies of the

original B+tree. Additionally, µ-tree employs separate

read and write caches. The first operates as an LRU,

whereas the second acts according to the allocation or-

der. When the write cache overflows, all its contents

are flushed. Due to its design, the µ-tree height is up-

per bounded and so do the number of entries indexed.

Also, µ-tree undergoes a remarkable number of splits.

Since this index pertains to raw flash, recycling must

be explicitly implemented. Notably, it occupies more

space than a B+tree due to the strict page structure.

All experimental results against the original B+tree are

based on simulation.

µ*-tree [77] constitutes a dynamically adaptive ver-

sion of µ-tree, which tries to minimize the number of

pages, postponing the height growth. Except leaf nodes,

which occupy p1 of a page, nodes at every level i have

the same size pi = (1−p1)/h−1. After an update, if the

root is full or the number of node splits is greater than a

threshold, the leaf size is updated – either is decreased

(during insertion), or increased (during deletion), or re-

stored otherwise to max (insertion) or min (deletion)

value, whereas the height increases or decreases by 1, re-

spectively – and used afterwards for future operations.

As a result, nodes can split into k parts to adapt to the

new size. The maximum height of a µ*-tree storing n

records is deW−1(
log p1+logM−logn

elog(1−p1)+logM
) ∗ elog(1−p1)+logMe+ 1,

W−1() the Lambert W Function, while the average cost

of an update is
nu+

(nu−e)n
eMp1

nu
, nu the number of update

operations and e the number of pages allocated. Using

simulation for MLC flash, µ*-tree is found to perform

better than µ-tree, B+tree and BFTL, while its size

and height are bigger than those of a B+tree.

B+tree(ST). Self-tuning B+tree (B+tree(ST)) [116] ai-

ms to locally employ IU-logging, adapting thus to work-

load, as its name suggests. Namely, a node is either a

“normal” B-tree node, stored in one page, or a “logged”

one, following the approach of BFTL. The first cate-

gory corresponds to read-intensive nodes, whereas the

second to write-intensive ones. The mode of each node is
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Table 2 FTL-Based B-trees design techniques and performance; Big O notation is omitted, – denotes lack of cost analysis

Index Search Insertion/Deletion Space Experimental Evaluation

Buffering & IU-Logging

BFTL [153,155] h ∗ c 2( 1
M−1

+Ñsplit+Ñmerge/rotate) n ∗ c+B B-tree

WOBF [51] – – – BFTL, IBSF

Flash B-tree [73] [h, h ∗ c] 1
niu

(2
3
∗ Ñsplit) n+B BFTL, IBSF

Node Modification
uB+tree [145] – – – B+tree

BF-tree [7] h+ pfp ∗ npl – n ∗ npl B+tree, FD-tree, hashing

Buffering

IBSF [88,89] h 1
niu

(Ñsplit + Ñmerge/rotate) n+B BFTL

RBFTL [156] – – – B-tree

Lazy-Update B+tree [118] – – – B+tree

FD-tree [99,100] logk n
k

f−k logk n c ∗ n B+tree, BFTL, LSM-tree

FD+tree, FD+FC [143] logγ
n
κ0β

γ
β−γ logγ

n
κ0β

c ∗ n FD+XM [143]

TNC [59] – – – –

AS B-tree [125] – – – B+tree, BFTL, LA-tree

BSMVBT [34] – – – TMVBT [57]

WPCB-tree [61] h 1 + 3 ∗ nsp + nb/1 + nb n+B B-tree, the d-IPL, µ∗-tree

Buffering & Node Modification
MB-tree [126] 2+dlogM

2∗n
M∗nl

e (3+nl+ dlogM
2∗n
M∗nl

e)/nflushed n+B BFTL, B+tree(ST), B-tree

FB-tree [75] – – – B+tree

PIO B-tree [127,129] h− 1 + tL
∑h−2

l=bηc
1

G(l)
−

1/M ′(η%1)

G(logM′ (µ−B)−1)

+ 1
G(h−1)

, 1
G(h−1)

n+ µ BFTL, FD-tree, B+tree

Bw-tree [93,94] – – – BerkeleyDB, Skip List

AB-tree [64] h/sn
∑h

l=1
M ′l−1

Nl
l n B+tree, BFTL, FD-tree

Bloom tree [66] h+ pfp ∗ d+ 2 h n+B B+tree, B+tree(ST),
FD-tree, MB-tree

Hybrid
HybridB tree [68] h+ 1 +3 +2/ +0 +1/ +3 +4 n B+tree, Hybrid B+tree

decided constantly and independently with a 3-competi-

tive on-line algorithm, by counting the number of reads

and writes and comparing the accumulated difference

between serving costs in either mode to the total cost

for transition between the two modes. Also, its size is

determined by the ratio utility (log # entries) to cost

(amortized read/write), which is maximized when a

node fits in exactly one page. Its performance was found

experimentally to be better than B+tree and BFTL.

The switching is conducted with some delay and, thus,

the query patterns are not fully exploited. Also, fre-

quent query pattern changes lead to frequent node swi-

tches, and so to increased maintenance cost, as well.

F-tree. F-tree [19] is a B+tree with LZO compressed

nodes, root excepted. Namely, when compression gen-

erates a node that occupies half page, the second half is

left with 1s, so that the next node update can be written

there without erase. This operation is called semi-write

and assumes that the underlying flash device supports

turning 1s into 0s for “free”. The main disadvantage

of this method is its dependence on semi-write; even

if supported, it involves complicated programming, as

the authors noted. For this reason, the comparison with

B+tree was conducted with simulation.

IPL B+tree and d-IPL B+tree. According to In-Page

Logging (IPL) scheme [90], every page is associated

with a smaller logging area, and both are co-located in

the same block, contrastingly to the usual logging pol-

icy of sequential appending. Thus, a block is divided

into a sequence of pages, followed by the sequence of

respective log areas (Fig. 10), each occupying a sector.

So, IPL scheme depends on the capability of partial
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Fig. 10 IPL block organization

writing or partial programming a page with a number

of independent sector writes. The total space of log ar-

eas is fixed. Every change related to a page is stored

as a log entry in its log area. When a log area over-

flows, it is flushed to the corresponding block area in

the flash memory. In case a block runs out of free log

areas, all pages are read, merged with their log entries

and then they are written to a new “fresh” block. Thus,

IPL scheme follows the technique of replacing expensive

writes with increased number of reads. [70,69], aiming

to exploit the multiple channels of modern SSDs, pro-

posed extending IPL in the following way: m blocks are

grouped together, each having k log pages. Writes are

executed in a round-robin fashion within a group. Data

are stored from top to bottom and logs from bottom to

top. The parameters m and k are adjusted according

to workloads, taking larger values when the writes and

the file sizes are increasing.

Based on the IPL scheme, [112,113] introduced IPL

B+ tree, which is just a B+tree where every node is

associated with a log area, both located in the same

block. So, as it was noted above, the number of writes

decreases at the expense of increased number of read op-

erations. The authors employed an LRU policy to buffer

the nodes and their respective log areas. Compared with

B+tree, BFTL, and µ-tree, IPL B+tree clearly prevails

only against B+tree. Further, node splits cause frequent

log overflows, since they must be represented by many

log entries as there is no guarantee that sibling nodes re-

side in the same block. Also, in case the flash memory

demands the pages of a block to be written consecu-

tively, all free data pages are invalided as soon as the

first log area is flushed, leading to under-utilized blocks.

Dynamic In-Page Logging B+tree (d-IPL B+tree)

[111] aims to tackle the weaknesses of IPL B+tree. In

particular, the log area has variable size and is dynam-

ically placed, based on the contiguous page write rule.

Also, sibling nodes are stored in the same block: after

a split, the new node is stored as ghost, i.e., as a series

of log entries in the same block log area. When a split

causes a block overflow, firstly the block is preemptively

split, after applying all changes to the involved nodes,

and then node splitting is carried out. In each result-
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Fig. 11 LA-tree configuration

ing block, the log area occupies half the available space.

Thus, the layout can be adjusted since new nodes are

accommodated as ghosts. In case a log area overflows,

the block is re-written, after computing the new ver-

sions of the stored nodes. Additionally, node merging is

not executed when underflow takes place. By simulation

against IPL B+tree and BFTL, d-IPL B+tree found to

outperform its opponents, while improving block uti-

lization. However, the scheme still suffers from frequent

flash memory reorganization and increased number of

reads and erases.

LA-tree. Lazy Adaptive tree (LA-tree) [2] is a B+tree,

augmented with flash-resident buffers to hold updates.

These buffers are associated with nodes at every k-th

level, starting from the root (Fig. 11). Update opera-

tions are served by appending appropriate log records to

the root buffer. When a buffer overflows, or when buffer

flushing is beneficial for look-ups, then its contents are

sorted and recursively batch-appended to lower level

buffers, using the B+tree infrastructure for distributing

them at proper descendants. The cost of emptying an
non-leaf subtree buffer is linear in the size of the buffer,

while a leaf subtree buffer needs nsl+h+ 8B
M writes, and

linear in the number of subtree nodes nsn and the size

of buffer B number of reads. Searches are performed in

a top-down fashion. Since the buffers hold items that

did not yet find their way to the leaves, they must be

checked during descending. LA-tree employs adaptive

buffering ; i.e., it uses an online algorithm, based on sky

rental, which decides the optimal size independently for

each buffer, relying on the difference between scanning

and flushing of past look-ups. Most of the main mem-

ory is used for buffers, which, when flushed, are linked

together. Since LA-tree is designed for raw flash de-

vices, it implements out-of-place writes with a proper

NTT. The storage management procedure employs two

equally sized partitions. Whenever the current parti-

tion is filled, the index is moved to the other partition

and the former is erased. Overall, the scheme trades-

off reduced update time for increased look-up time. It

also assumes byte addressable raw flash. The experi-
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Fig. 12 AD-tree layout. Ellipses indicate a page. All nodes
inside rectangles are placed in the same hot buffer

ments show performance gains over B+tree, BFTL, IPL

B+tree and B+tree(ST).

AD-tree. Adaptive Durable B+tree (AD-tree) [45] is

a B+tree variant, designed for raw MLC flashes with

partial programming constraints – block pages should

be written sequentially. The nodes of the AD-tree are

stored in areas of the flash, characterized as cold-node

and hot-node buffers. Specifically, one buffer is reserved

for cold pages. Initially, all nodes are considered cold

and are placed according to level-order traversal. The

hot-node buffers are dynamic allocated for pages with

updates. Sibling nodes are placed in the same page, so

they can absorb split or merge operations. On the other

hand, nodes with fathers in the same page are placed in

the same buffer (Fig. 12). Pages inside buffers are writ-

ten in an append fashion, while (live) links are main-

tained between valid pages to facilitate node traver-

sals. The authors propose two kind of reorganizations,

local and global. The local one compacts a hot buffer

when it becomes full, in order to speed up search among

live pages. Periodically, when in at least 50% of the

hot buffers the ratio of live pages linked by live links

to fanout (termed block filled factor – BFF ) equals or

exceeds 100%, global reorganization takes place: cold

pages, in the beginning of hot buffers, are moved to

the cold buffer and hot pages are compacted to new

(hot) blocks. Additionally, when reorganization takes

place, the fanout is adjusted based on the block erase

count (update intensive adjustment) or the response

time (query intensive adjustment) since last reorgani-

zation. Experiments conducted on a emulator showed

performance improvements against the LA-tree and the

B+tree. The authors do not provide cost analysis. Also,

the various reorganizations cause write overheads.

LSB+tree. [71,72] uses the In-Page Logging (IPL) sche-

me to design the Lazy Split B+tree (LSB+tree). The

index utilizes a read/write buffer. The nodes of the

LSB+tree are fat. They consist of a base node and at

most k overflow ones. The latter are stored in the buffer

and contain the changes the node undergoes (this fea-

ture attributes the qualification lazy). During a split,

the modify-two-nodes policy is employed. Additionally,

no merging or borrowing is executed in case of an un-

derflow (lazy coalesce policy). A buffer entry (termed

buffer unit) is categorized as clean, when it is a copy of

the original node, as semi-clean, when it includes the

original node plus the IUs, and dirty, if it comprises

IUs only. A clean buffer entry can only become semi-

clean. A semi-clean can turn into clean (full commit) or

dirty (clean-part only commit). Also, the buffer is di-

vided into two parts: the hot area, where hits occur, and

the cold one, which consists of two lists, a clean/semi-

clean and a dirty. During evictions, clean and semi-clean

parts have the highest priority to get flushed; otherwise,

a dirty entry according to minimum write criterion is

chosen. When the buffer overflows, a number of entries

are chosen to be flushed with minimum write criterion.

A search for a key costs 2h reads, while the amortized

cost of an insertion is 1
n (

nlg+nsp
nlgp

+ nsp), n the number

of keys, nlg the number of log entries, nlgp the number

of log entries per log page, and nsp the number of split

operations. The LSB+tree is compared with simulation

against the B+tree, the BFTL, and the IPL B+tree,

and was found to be both time and space efficient.

LSB-tree. Log-structured B-tree (LSB-tree) [79] stores

each leaf in one page and associates it with a log node,

stored in a page in the log area. The log node holds

the updates of its leaf. LSB-tree does not employ in-

memory write buffer, and thus, each modified node is

written directly to flash. The mapping of leaves to log

pages is carried out with an in-memory table, which

has the size of a page. When a log node overflows, ei-

ther it is merged with its leaf node, and the proper
adjustments (like splitting) are made to the tree, or it

is switched to a normal leaf, if its values are superset (in

this case, the old leaf is invalidated) or smaller/bigger

than those stored in the respected leaf (then, the respec-

tive entry in the association table is deleted). In case

of mapping table overflow, the LRU entry is merged

with its leaf. The OpenSSD platform was used to ex-

perimentally compare the approach with µ-tree, and it

was found that LSB-tree is a winner, with the exception

of writes where both indexes behave similarly.

Discussion. Wandering tree adopts the very simple pol-

icy of rewriting all nodes along the insertion/deletion

paths. Thus, a lot of writes and erasures are caused,

leading to an increased need for space reclamation and

diminished flash memory endurance. µ-tree resolves the

problem of path re-writing by storing all updated nodes

in a single page, using nodes of varying fan-out. On the

other hand, it suffers from an increased number of splits

(and so page writes), while small leaf sizes cause space
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Table 3 Raw flash B-trees design techniques and performance; Big O notation is omitted, – denotes lack of cost analysis

Index Search Insertion/Deletion Space Experimental Evaluation

Buffering & IU-Logging
B+tree(ST) [116] – – – B+tree, BFTL

Node Modification
Wandering tree [13,43] h h n –

µ-tree [91] − log
√

2
M
−

(

√
log2

√
2
M
− 2 log n

2
)

– d n
M/2
e B+tree

µ*-tree [77] deW−1(
log p1+logM−logn

elog(1−p1)+logM
)∗

elog(1−p1)+logMe+ 1

nu+
(nu−e)n
eMp1

nu
– B+tree, BFTL

F-tree [19] – – – B+tree

LSB-tree [79] h+ 1 – n+nlp µ-tree

Buffering
IPL B+tree [112,113] – – – B+tree, BFTL, µ-tree

d-IPL B+tree [111] – – – IPL B+tree, BFTL

LA-tree [2] h (nsl+h+ 8B
M

)+(nsn+B) – B+tree, BFTL, IPL
B+tree, B+tree(ST)

Buffering & Node Modification
AD-tree [45] – – – LA-tree, B+tree

LSB+tree [90] 2h 1
n

(
nlg+nsp
nlgp

+ nsp) n+B B+tree, BFTL, IPL
B+tree

overheads compared to B+tree. µ∗-tree tries to allevi-

ate the shortcomings of µ-tree by adopting a dynamic

layout scheme for pages that adjusts to workloads. Yet,

this scheme still shows considerable number of writes

due to node splits, space overheads, while the maxi-

mum number of entries that can be indexed, though

improved compared to µ-tree, is upper bounded due to

the restricted maximum height of the proposal.

IPL B+tree follows the approach of in-page logging

to reduce the number of writes by increasing the num-

ber of reads. However, it addresses node splits poorly,

while it shows space utilization problems. d-IPL B+tree

attempts to deal with these drawbacks by employing

a dynamic allocation scheme for log areas and apply-

ing extra procedures for block splitting and cleansing.

Nonetheless, extra writing operations still occur due to

reorganizations, while, as IPL B+tree does, it depends

its operation on the capacity of partial programming.

LSB+tree also uses the in-page logging scheme and

an elaborate buffer organization, jointly with (in mem-

ory) fat nodes, modify-two-nodes, and lazy coalesce poli-

cies. Due to the IPL scheme, the index, although im-

proved, exhibits similar weaknesses to IPL B+tree.

LA-tree exploits the idea of attaching flash-resident

buffers to tree nodes in order to minimize flash accesses.

Since insert/delete operations find their way to the leaf

level through repeated buffer emptyings and writings,

write amplification and increased number of reads are

not avoided. Additionally, LA-tree is designed mainly

for byte-addressable raw flash memories.

LSB-tree also minimizes the need for main memory

by storing all updates concerning a leaf to a dedicated

log page. In this way, changes to leaves are postponed

until the log page overflows, while the index can easily

cope with power failures. However, the log page rewrit-

ing contributes to an increased number of writes.

The nodes of B+tree(ST) [116] are either in read-

intensive or in write-intensive mode. In the first case,

they are normal B+tree nodes, while in the second

one they use the technique of IU-logging with NTT.

B+tree(ST) adapts to workloads with some delay and

a switching cost. Its demands on main memory may be

prohibitive for embedded systems.

AD-tree is designed for MLC flash memories. It uses

two kind of flash-resident buffers, cold and hot, to aid

wear-leveling while contains the adverse effects of node

splits and merges by placing sibling nodes in the same

page. The design achieves to prolong the life of the MLC

flashes, and is adaptable to workloads, however at the

cost of write amplification. F-tree uses compression to

create free space inside nodes in order to spare one erase

before write. Howbeit, it is highly dependent on the

semi-write operation which is not generally supported

by flash memories.

The design methods employed, the cost analysis and

the experimental evaluation of the raw flash B-trees are

presented in Table 3.
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4.2 Skip Lists

Skip list [123] is a probabilistic structure consisting of

a logarithmic number of sorted linked lists, with high

probability, called levels. The base level is just a sorted

list of all keys. Each key in the i-th level is included

in the level-(i+1) list with probability p. So, the keys

of a list are samples (pivots) of those in the immedi-

ate lower level, partitioning it into a number of disjoint

ranges. Each node of a list (termed level node) has two

pointers, one to the next node at its level and one to

the node containing its instance at the immediate lower

level. A search operation starts from the highest level,

following at each level pointers to the right while it finds

smaller keys, and then descends to the next lower level.

Alternatively, a skip list can be implemented using one

node per key, termed skip list node, which has multiple

right pointers, one per level it participates. This way,

keys are stored only once.

Similarly to B-trees, one has to deal with small ran-

dom writes when s/he accommodates skip lists in flash

memory. There exist two SSD proposals for skip lists:

the FlashSkipList and the Write-Optimized skip list.

Both are using flash-resident write buffers whose con-

tents are batch distributed to lower level. In Flash-

SkipList, a write buffer is dynamically associated with

a skip list node at a certain level, based on its key

distribution. Quite the opposite, the Write-Optimized

skip list allocates buffer space inside level nodes. Flash-

SkipList is mainly experimentally evaluated, whereas

Write-Optimized skip list is only (thoroughly) theoret-

ically investigated, thus its practicality is left untested.

FlashSkipList. [146] introduces FlashSkipList (Fig. 13).

It comprises three components: an in-memory write

buffer, several flash-resident write buffers, termed write

components, and a flash-resident read component, which

is basically a modified skip list. The in-memory write

buffer is organized as a linked list of page-sized nodes.

When it receives an incoming operation, it appends the

respective IU at the end of the last node. When the

write-buffer overflows, its contents are flushed and ap-

pended at the write component of the upper level, if

any; otherwise, they are used to create its write com-

ponent. Each write component is associated with a level

and the range interval of a node of the read component.

It is implemented as a linked list of pages, with upper

bounded length, containing IU entries. The contents of

a write component are distributed (pushed-down and

appended) to the next level write components, using the

read component infrastructure, when either its length

reaches the upper bound or, upon serving a search oper-

ation, a two-competitive on-line algorithm decides that

21 
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76 12, 7, 2 

1,5,7,19 44,49 53,67,71 80,92 23,31,36 

Fig. 13 A FlashSkipList; the write component (buffer) is
associated with skip list node of 38 at second level. The search
path of 45 is indicated

the distribution is more beneficial for the index per-

formance. As noted, the read component is a modified

skip-list that guides the various operations. In particu-

lar, it indexes chunks of items. Each chunk is essentially

a fat leaf which consists of a number of consecutive

(logical) pages, stores sorted items within a continuous

range of values and is associated with a read compo-

nent (skip list) node. Due to chunks, the skeleton skip

list is kept small so that its maintenance cost is low.

A skip list node may be associated with a number of

write buffers, each at a different level, whilst its key

value is set equal to the upper bound of the range of its

associated chunk.

Searching is conducted top-down, starting from the

highest level, as in the standard skip list. Additionally,

at each level, the pertinent write components, if any,

are queried. In the end, the procedure will end up in

a chuck, which is also searched, using binary search.

As pointed out, search operations may cause a num-

ber of write components to be reorganized. When a

bottom level buffer is pushed-down, then its elements

are merged into the respective chunks. In this work,

only search time is theoretically analyzed, found to be

log n
sch
∗ src + log sch, sch the maximum size of a chunk

and src the maximum size of a write component. Pa-

rameters that affect the read component, like sch and p,

are only experimentally evaluated. Under various work-

loads, simulations showed that the FlashSkipList out-

performs BFTL, FlashDB, LA-Tree, and FD-Tree. Gen-

erally, FlashSkipList reduces the number of random

writes, trading them with batch reads and writes. How-

ever, random writes are still used for the maintenance

of the read component.

Write-Optimized Skip List. [11] proposed write-optimi-

zed skip list for block devices, i.e. it is suitable for

both HDDs and SSDs. Thus, the level nodes (Fig.14)

have size which is a multiple of page size B. Level-0

nodes constitute the structure leaves. Each level node

is partially filled with pivots, while it contains a write
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Fig. 14 A write-optimized skip list; each level node contains
a write buffer (drawn with thinner contour)

buffer of Θ(B) size. The smallest pivot in a level node

is called leader. Every pivot has a pointer to the child

level node that contains its copy. All keys in a write

buffer are bigger than the leader of their level node

and smaller than the leader of the next level node. The

height (that is, the number of levels) of a key is de-

termined by a hash function (meaning that even if the

key is deleted and re-inserted, it will have the same

height), by flipping a biased coin, the first time with

probability 1/B1−ε, 0 < ε < 1, and then with proba-

bility 1/Bε. This guarantees that free space will be left

for buffers in each level node. The highest level node is

called root and stores −∞. It is proven that the height

of the structure is O(logBε n), in expectation and with

high probability, the space complexity is O(n/B) pages,

both in expectation and with high probability, while a

level node occupies O(1) pages with high probability.

Searching is conducted by descending the appropri-

ate path, from root level to level-0. Since the buffers

contain elements that have not yet reached the bottom

level, all nodes along the search path must be cached

in-memory for proper processing, in O(logBε n) I/Os in

expectation and with high probability. That calls for

main memory with size greater than B logBε n. Inser-

tions and deletions are served by inserting a proper

entry in the root buffer. When a buffer overflows, its

elements are distributed among the children buffers,

while themselves become pivots at the level node in

question, pointing to the child node where their copy

is forwarded. Additionally, if the height of the node is

lower than the element’s height, then the node is split

and the element becomes the leader of the new node.

If the flushed entry refers to a deletion, then the cor-

responding pivot is deleted and if it is also the leader,

then the node is merged with its left sibling node. When

elements are flushed to the leaf level, then the leaf el-

ements are reorganized in O(B) groups, each of them

starting with a father pivot element and stored in a

page. It is proven that an insert or delete operation

needs O(logBε n/B
1−ε) amortized accesses in expecta-

tion and with high probability, given that Ω(1) levels

are constantly residing in main memory. The authors

did not provide any experimental evaluation of their

proposal. Write-optimized skip list poses certain de-

mands on the size of the main memory, and the multiple

copies of the pivot keys (and their downward pointers)

contribute to increased space overhead. Also, the com-

plicated insertion/deletion algorithm incurs increased

batch read/write costs and may deteriorate the SSDs

lifespan.

4.3 Hash-Based Indexes

Hash-based indexes manipulate a set of data buckets.

The buckets are organized with a table, usually termed

as directory. The mapping of keys to buckets (i.e., the

computation of the pertinent index) is done by a hash

function, which ideally should distribute the keys with

equal probability. For this reason, searching is quite

fast. Due to its utilization in DBMSes, hash-based in-

dexing was also considered when flash devices are used

as secondary storage. Most proposals basically are adap-

tations of Linear Hashing, Extendible Hashing and Blo-

om Filters.

In Linear Hashing [102] the table is dynamic. It is

expanded one bucket at a time, whenever the load fac-

tor exceeds a threshold. Additionally, the bucket pointed

by a split pointer is split; split pointer advances in a

linear order. When a bucket gets full, it acquires an

overflow area. A search operation costs O(1) accesses

on the average case. On the other hand, Extendible

hashing does not use overflow buckets [44]; it always

splits the overflowed bucket and, if necessary, doubles

the hash table. Due to the last action, several directory

entries may refer to the same bucket. For this reason,

each bucket has a local depth (minimum number of com-

mon prefix bits of stored keys), whereas the directory
has a global depth (minimum number of common pre-

fix bits necessary to differentiate the buckets). When a

bucket with local depth equal to global depth overflows,

the directory is doubled. Extendible hashing guarantees

O(1) worst case access time; however, its directory size

is super-linear.

Bloom Filter [16] is a probabilistic data structure

that answers set membership queries with a false posi-

tive probability pfp. Specifically, it is a bit array of m

bits. When an item must be inserted or searched, k dif-

ferent hash functions are employed, each mapping the

key to one array position, which, in case of an insertion

is set to value 1. Parameters pfp,m and k are related

through a formula. Bloom Filters are very space and

time efficient indexes.

Challenges in flash-aware hash indexes design. Flash-

aware hash-based schemes have to deal with in-place

updates and small random writes. Buffering log records

and massively committing them, techniques extensively
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used for tree indexes, usually have poor results, since

the hash functions randomize the key distribution. The-

refore, some approaches capitalize on in-memory buffer-

ing to pre-build or store index parts. Others serve up-

dates by adding appropriate IUs to log areas inside or

associated with buckets. Also, most schemes try to de-

fer the expensive rebuilding operations, like e.g. bucket

splitting, using chains of overflow buckets, especially in

write-intensive workloads.

4.3.1 FTL-based Indexes

LS Linear Hash. Lazy-Split (LS) Linear Hash [98] con-

stitutes a flash-aware variation of Linear Hashing. Its

main objective is to trade reads for writes. For this

reason, firstly, deletions are executed by inserting an

appropriate deletion record, and filtering is conducted

during search; thus, index shrinking is avoided. Sec-

ondly, bucket splitting, after adding a new bucket due

to the increased load factor, is deferred until the search-

ing performance falls below a threshold. Then, the first

max((b−1)−2blog(b−1)c, 2blog(b−1)c−1) of the b buckets

are batched split; this happens to at most half of them.

Lazy-Split Linear Hash does not buffer insertions; thus,

every such operation leads to a page update. Due to

delayed splittings, a search operation may involve sev-

eral buckets and their overflow areas in case the hash

function directs it to an unsplit bucket. The authors

do not provide any details about the parameter that

triggers batched splits and, thus, adapts the index to

workloads. Also, there is no cost analysis for neither

update operations nor space allocation. The scheme is

only compared with simulation aganist standard Linear

Hashing (termed Eager-Splitting in the paper).

HashTree. In [38] a hybrid scheme, called HashTree,

was presented. It consists of two parts, one stored in

main memory and one in flash memory. Namely, a linear

hashing table and write buffers for each table bucket are

maintained into RAM. The items of each table bucket

are flash-resident, accommodated either in an overflow

page and/or an FTree. FTree is an FD-tree variant with

variable but upper bounded logarithmic size ratio f ,

and a critical depth d, which is the maximum depth

value with accepted performance. FTree increases its

logarithmic size ratio when the critical depth is reached

and f did not reach its maximum value; otherwise, a

new level is generated.

When the write buffer overflows, the items of the

biggest bucket buffer are chosen for flushing. The com-

mit procedure first tries to insert them into the over-

flow page. If this is impossible, then the overflow entries

along with the committed ones are used to build an
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Fig. 15 SAL-hashing: (a) Groups of four consecutive pages;
(b) Log area organization

FTree from scratch, if such structure does not exist, so

that all entries are accommodated to only one level of

minimum depth. Otherwise, the items are recursively

merged-inserted into the corresponding FTree, start-

ing from the second level. If during this procedure a

new level is about to created, the depth of the FTree

is checked. If it is already greater than or reaches d,

and the FTree belongs to the next-to-be-split bucket,

then the procedure stops and the bucket is split. Oth-

erwise, in case f can be increased, the FTree is rebuild.

HashTree was experimentally compared with BFTL and

FD-tree, and found to prevail. Although hashing dis-

tributes the items in a number of smaller FD-trees, still

the scheme suffers from a large number of sequential

reads and writes.

SAL-hashing. SAL-hashing [161,67] is a flash-aware li-

near hashing scheme, which adapts to access patterns,

exploiting additionally the internal parallelism of mod-

ern SSDs to batch commit a number of small writes.

The buckets of Linear Hashing are organized into groups

(i.e., fixed sized collections of g consecutive buckets) to

group small writes (Fig. 15(a)) into course-grained ones.

Each group is either an empty-group (newly added), or

a split-group (it was split), or a lazy-split-group (split

is deferred). The groups are classified into sets. This

permits to apply different split policies to each set and

thus adapting it to access patterns. To this end, a set is

categorized as being either a lazy-split-set (consisting

of one lazy-split-group and one or more empty-groups;

no keys are distributed to the newly added groups) or

a split-set (consisting of one split-group). When a lazy-

split-set splits, the keys of the lazy-split-group are dis-

tributed among the group members and, thus, it is split

into a number of split-sets (i.e., split-groups). With each

set, a flash-resident log area is associated. The log area

consists of a log-head page, holding a number of Bloom

Filters indexing the log pages (Fig. 15(b)).

Insertions, deletions, and updates are handled by in-

serting a pertinent log entry to an in-memory log buffer.

The log buffer is organized as a collection of sub-buffers,

each accommodating logs belonging to a specific set.

Each sub-buffer comprises a number of hash structures
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to speedup look-ups. Every time the log-buffer over-

flows, the log entries of the maximum sized sub-buffer

are batch flushed and appended to the corresponding

log area, and the associated BFs are appropriately up-

dated. The log area is merged with the main buckets,

along with the entries (if any) of the respective sub-

buffer, when it is full or whenever a ski-rental based

online algorithm decides it is time to be merged for per-

formance reasons. When the load factor of the scheme

exceeds an upper bound, then a new group is added,

becoming a member of a lazy-split-set. A search opera-

tion involves looking, first the log buffer, then the pages

in the pertinent set’s log area – in reverse order since

pages at the back contain the most recent log entries –,

and last, if necessary, the bucket itself.

The authors analyzed both theoretically and exper-

imentally the effect of the various SAL-hashing param-

eters. In the worst case, the update cost is (r+4)∗gn
B∗sp−2∗gn ∗

(2 + g
n + pu ∗ g), r the record size, gn the number of

groups, B the buffer size, sp the page size, and pu a

probability parameter related with whether a record re-

sides in a log area. A search operation involves, in the

average worst case, 2 + nlp ∗ pfp reads, pfp the false

positive probability and nlp the number of pages in

the log area. Experiments were conducted against Bw∆-

tree (a Bw-tree implementation), LS Linear Hash, and

standard linear and extendible hashing, showing that

SAL-hashing is update efficient and achieves compati-

ble search performance with extendible hashing.
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Fig. 16 A BBF instance

BBF and BloomFlash. Buffered Bloom Filter (BBF)

[21] and BloomFlash [41] are two similar approaches for

accommodating Bloom Filters in SSDs (Fig. 16). Given

the maximum number of keys that will ever be inserted

and the length of the standard BF array BFA, they

partition BFA into nsbf independent sub Bloom Filters

(SBFs), each fitting in exactly one page. All SBFs are

stored in consecutive (logical) pages. In this setup, the

keys are mapped to the SBF they belong by a hash

function h. Assuming that h assigns keys to SBFs with

equal probability, it is proven that the false positive

probability of each SBF is the same as if the keys are

accommodated in a BF of nsbf times bigger size. So, a

search operation requires one page read, whereas an in-

sertion causes only one page write, instead of k page ac-

cesses in the case of a single BF. To reduce the number

of writes, an in-memory sub-buffer is associated with

each SBF [21]. Thus, an insertion is firstly accommo-

dated in the respective sub-buffer. In case of sub-buffer

overflow, buffered bit changes are committed to the re-

spective page. The same approach is followed to batch

search requests; in order to limit the delay, buffers are

flushed after a predefined time period whether they are

full or not. [41] reserves one in-memory buffer for all

SBFs and considers two alternative flushing policies :

i) the SBF containing the largest number of updates is

selected as victim, and ii) SBFs are updated in sequen-

tial order, one at a time. Their performance depends

on the workloads and the underlying SSD. In both ap-

proaches, I/O cost is amortized to the maximum num-

ber of buffered operations. BBF and BloomFlash are

experimentally evaluated against standard BF.

FBF. In [103] Forest-structured Bloom Filter (FBF) is

proposed, based on BBF and BloomFlash. Specifically,

FBF is a dynamic tree-structured collection of indepen-

dent sub Bloom Filters (SBF). FBF’s initial set up is

the same as the one of a BBF/BloomFlash, that is a

series of page-sized SBF, consisting the level one layer.

Every group of δ consecutive SBFs are stored in one

block, taking up λ blocks. When the level one layer

reaches its limits with respect to false positive proba-

bility, b new child structures are introduced per block,

adding thus a new second level. As soon as the capac-

ity of the second level layer with respect to false pos-

itive probability is reached, then a new third layer is

added, in the same way (i.e., each 2-level layer block

acquires b children), and so on. Buffering is employed

only to the last level and in case of an overflow, the

dirtiest block is flushed. Consequently, searching, after

has failed in buffer area, proceeds level by level. To

this end, two extra hash functions are employed; the

first function decides which block is pertinent, and the

second one returns the relevant SBF inside the block.

Insertions are allowed only at the last level. FBF was ex-

perimentally investigated against the BBF/BloomFlash

approach and a dynamic version of standard BF, which,

every time BF reaches its capacity, it is flushed, and a

new BF is initialized, producing thus a chain of flash-

resident BFs. Despite the fact that FBF demands a

logarithmic number of page accesses in the worst case,

it was found to outperform the other approaches.

4.3.2 Raw Flash Indexes

MicroHash. MicroHash [101] is a specialized hash-based

index, designed for time-stamped sensor data. The data

are circularly stored in a very small sized raw flash.

Therefore, no deletions are executed. Since the flash
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pages are circularly reclaimed, this also acts as a free

provision for wear levelling.

Thus, the indexed space is divided into a number

of buckets, each representing a continuous range of val-

ues, initially of equal size. The number of ranges (buck-

ets) is determined by the fact that the directory (hash

table) must reside in one page. Each bucket is con-

nected to a list of index pages, in newest-to-oldest order.

An index page comprises index records which point to

the data pages where the corresponding measurements

(data records) reside.

The data are maintained in an one-page write buffer.

When the buffer overflows, before flushing it to flash

device, the scheme creates index records which are as-

sociated with the proper buckets and stored into in-

dex pages. When the length of a bucket list exceeds

an upper bound, then the least recently used bucket is

written to flash memory, and the bucket is divided into

two buckets of half range. Since the write operation is

costly, the entries of the initial list are not distributed

between the two buckets. On the contrary, they stay

linked to the old bucket, which from now on will be

associated with values of finer granularity. MicroHash

can support two kind of queries: equality by value and

timestamp-based equality, and range search by query-

ing the directory and properly scanning the linked lists.

The authors provided a number of experimental evalu-

ations as well as design alternatives, like data or index

compression, elf-like chaining [39].

DiskTrie. DiskTrie [35] discusses the case of storing

static LPC-Tries [6] in NOR and NAND flash devices.

LPC-trie is a static trie structure where both path and

level compression are employed: the former removes all

nodes with only one child, whereas the latter replaces

complete subtrees of level i by a single node with fanout

2i. Firstly, the index is built in main memory, and then

it is flushed to flash memory. The internal nodes are

stored in NOR flash memory, to exploit byte level ad-

dressability. The placement is conducted by a lineariza-

tion procedure which puts sibling nodes in consecu-

tive locations. The leaves, which contain the data, are

stored sequentially in the NAND flash memory, after

they are lexicographically sorted. The authors treated

the time and space performance of the index only theo-

retically, while they discussed the necessary alterations

when only NAND flash is available. Specifically, stor-

age is linear in the number n of strings, while a search

operation needs log∗ n disk accesses.

Multilevel Dynamic Hash. [162] applies the logarith-

mic method to dynamize a static hash table. The ap-

proach is called Multilevel Dynamic Hash (MLDH) and

consists of an in-memory, bucket-sized index and a se-

ries of static hash tables Hi, where i is the level num-

ber (Fig. 17). Each Hi consists of 2i buckets. When

the load factor of the in-memory bucket reaches the

predefined upper limit, it is flushed to NAND flash.

Specifically, it is merged with the first k hash tables

H0, H1, . . . ,Hk−1, Hk with consecutive level numbers,

such that Hi 6= ∅ and Hk+1 = ∅, to produce Hk+1.

During the merge operation, the buckets of each Hi

are increasingly read in k dedicated in-memory read

buffers Mi. The buckets of Hk+1 are constructed in

2k+1 rounds, in increasing order. Before starting the

construction of the l-th bucket, from each Mi all keys

that do not share the first i bits with l are removed, and

the next bucket from Hi is fetched into Mi. So, the main

memory demands are not negligible. When items with

same key are met during merge, the one from the low-

est level is maintained. Deletions are handled by insert-

ing proper deletions records. When bucket utilization

falls below a predefined threshold, then reorganization

is employed. MLDH exhibits O(log n) search time and

O(n log n) construction time, n the number of keys. It

was experimentally compared with the static hashing

scheme on a NAND flash simulator, suggesting caching

top level hash tables in main memory for sparing flash

writes.

SA Extendible Hash. Self-adaptive (SA) Extendible Ha-

sh was proposed in [149] as a flash-aware variation of

the standard scheme. Each bucket, located in a block, is

divided into a data and log area, without strict size lim-

itations, contrary to the IPL proposal [90]. An update

operation is executed by writing proper log entries in

the respective block log area. When a bucket overflows,

it is either merged or split, if the ratio of the number of

log entries to the number of data entries exceeds or not

a threshold SM. A merge operation, after cancelling out

entries concerning the same keys, writes the (cleaned)

data back to the erased block. The split operation is

executed as in the standard extendible hash index, af-

ter merging the data with the log entries. Thus, merges

produce bigger data regions, whereas splits extend the
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Fig. 18 h-hash overflow: merge-split and directory doubling

log area size. The value of the SM parameter is dynam-

ically changed after each merge or split, independently

for each bucket. It was found by simulation, that SA

Extendible Hash saves some erase operations in com-

parison with the standard version.

h-Hash Index. [80] introduced the structure of Hybrid

Hash (h-Hash), an extendible hashing variant, where

each bucket is chained with an upper-bounded number

of overflow pages. An insertion or a deletion operation

is served by writing proper log entries. A bucket over-

flows when the maximum number of overflow pages are

allocated and all are full, the main bucket included. In

that case, based on whether the ratio number of up-

dates to the number of deletes exceeds or not a thresh-

old, the bucket is merged (i.e., log entries are applied to

the data) or it is split after applying merging (Fig. 18).

As a result, an insertion costs
npb
2 + 2 reads, 3 writes

and 2
npb

block erasures in the worst case, npb the size of

bucket, and a search needs
npb
2 reads on average. The

authors implemented h-Hash as a block mapping algo-

rithm of FTL in OpenSSD platform, and investigated

parameters like the merge ratio and the maximum num-

ber of overflow pages. They also compared h-hash with

the standard Extendible Hashing, MLDH and LS linear

hash, and found that it achieves the best overall per-

formance. Only its searching performance is worse than

that of standard extendible hashing due to the overflow

page chains.

PBFilter. PBFilter [165] aims to transform updates into

append-only operations, so that writes are performed

sequentially. In particular, it employs a sequential or-

ganization (Fig. 19): each inserted record is appended

to the end of the record area (RA), whereas an inser-

tion index is added at the end of the key area (KA).

A deletion appends a proper deletion record at the

end of the deletion area (DA). Thus, after searching

(scanning) the key and the deletion area, one can find

where the record with a certain key resides, if it ex-

ists. To speed-up searching, a vertically Bloom Filter

(VBFA) is build, in an incremental way, to find out the
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Fig. 19 The PBFilter organization

best number of partitions with minimum memory de-

mands. As an improvement, k mini Bloom Filters are

also suggested. The authors provided only theoretical

analysis of their proposal against BFTL, B-tree and

hash index as implemented in SkimpyStash [40]. So, a

search operation, on average, needs R1 + R2 + dpfp ∗
NKA ∗ dM1/Me/2e + R3 reads, where R1 = b(NFB −
Pf )/NFBc∗d(NFB/L1) mod s)/2e, R2 the average num-

ber of partitions involved, R3 = dN/(Sp ∗ 8 ∗M2)/2e ∗
average number of BF activations, NKA the number of

index key pages, M1 the number of keys related with

one BF, M the number of IUs in one page, NFB the

number of pages for storing BFs, Pf the number of par-

titions, Sp the page size, pfp the false positive probabil-

ity. Additionally, inserting N keys causes NKA + NFB +

NE writes, NE the total number of page erasures.

4.3.3 Discussion

LS Linear Hash delays bucket splitting until the search

efficiency falls below a predefined level. Then, it exe-

cutes splits in batches. So, writes are traded for reads.

However, the discussion lacks details about tuning its

parameters and the analysis is incomplete. HashTree

uses linear hashing to distribute items into a number of

FD-trees of bounded height. Thus, it transforms ran-

dom writes into sequential ones. Although the involved

trees are of smaller size, still the scheme exhibits consid-

erable number of reads and writes. SAL-hashing groups

buckets and uses log areas and fine-grained deferred

splitting to modify linear hashing so that it can capital-

ize on the excellent performance of massive I/O writes.

Although it introduces an online algorithm to merge

log areas back to buckets, the scheme still has increased

search times, while the extra write operations may af-

fect the device lifespan. BBF and BloomFlash are BF

variants that localize reads and writes by employing a

number of SBFs and buffering updates so that they in-

volve one page read and write, amortized over a number

of operations. The main disadvantage in both designs

is the assumed knowledge of the maximum number of

keys that may be stored. FBF proposes the dynamiza-
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Table 4 Hash indexes design methods and performance: Big O notation is omitted, – denotes lack of cost analysis

Index Search Insertion/Deletion Space Experimental Evaluation

FTL
Delayed Modification

LS Linear Hash [98] – – – linear hash

Buffering & Bucket Modification
HashTree [38] – – – BFTL, FD-tree

SAL-hashing [161,67] 2 + nlp ∗ pfp (r+4)∗gn
B∗sp−2∗gn

∗(2+ g
n

+pu∗g) n Bw∆-tree, LS Linear
Hash, Linear &

Extendible Hashing

Buffering
BBF[21], BloomFlash [41] 1/B 1/B n+B standard BF

FBF [103] logb n 1/B n+B BBF, BloomFlash, linear
BF

RAW FLASH
IU-Logging

SA Extendible Hash [149] – – – extendible hash

Buffering & Chaining
MicroHash [101] – – – ELC [39]

h-Hash [80]
npb
2

(
npb
2

+ 2) + 3 + ( 2
npb

) – extendible hash, MLDH,
LS linear hash

Buffering
DiskTrie [35] log∗ n – n+ n –

MLDH [162] logn logn n+B static hashing

PBFilter [165] R1 + R2 + dpfp ∗NKA ∗
dM1/Me/2e+ R3

(NKA + NFB + NE)/N N+NFB –

tion of BBF and BloomFlash by organizing them in a

number of hierarchical levels of consecutive blocks of

several one page sized SBFs. When a level reaches its

capacity w.r.t performance, then another one is gener-

ated: each block acquires b children blocks.

MicroHash is a specialized hash-based index for stor-

ing and searching time-stamped data in wireless sensor

nodes of limited hardware. Thus, it can not be used as a

general purpose data structure, since it lacks scalability.

Disktrie considers storing compressed tries in NOR and

NAND flash devices. It only applies to static collections

of strings, it depends on main memory for building the

index, while its applicability is not experimentally eval-

uated. MLDH employs the logarithmic technique, i.e. it

maintains a series of increasing sized static hash tables

to deliver worst case logarithmic search and amortized

insertion/deletion times. Therefore, it uses an increased

number of (sequential) reads and writes to deal with

small random writes. SA Extendible Hash follows the

approach of storing data and IUs in the same bucket.

For this reason, it introduces, complementary to split,

the merge operation. Which of split or merge will be

executed in a bucket is decided dynamically and inde-

pendently; however, both they cause block erasures. All

IUs are immediately stored into the pertinent log area, a

fact that increases the write amplification while trigger-

ing frequent block erasures. h-Hash also uses merging

and splitting to reorganize locally the buckets of an ex-

tendible hashing scheme in conjunction with overflow

buckets which delay the split operations but increase

search time. Since it immediately writes a new entry to

a flash page, h-hash incurs frequent writes and erasures.

PBFilter uses BFs in order to build a purely sequen-

tial structure, mainly designed for indexing small data

sets in embedded systems. PBFilter is only theoretically

evaluated against other indexes.

Table 4 summarizes the design methods employed

and the performance characteristics of the flash-aware

hash indexes discussed.

5 Multidimensional Indexes

Multidimensional indexes refer to data structures de-

signed to enable searches in high-dimensional spaces.

The origins of multidimensional indexing are located in

the management of objects with spatial features (spa-

tial data management). Multidimensional access meth-

ods are distinguished into two major classes: point ac-

cess methods (PAMs) manipulate multidimensional data

points, whereas spatial access methods (SAMs) deal

with more complex geometrical objects, like segments,

rectangles etc. [49]. In the sequel, we present several
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works concerning flash-aware spatial access methods

that fall in the aforementioned classes.

5.1 Point Access Methods

PAMs have been designed to enable spatial searches

for multidimensional points. K-D-B-tree, Grid File and

XBR+-tree are the secondary storage PAMs that at-

tracted the interest of researchers to study their effi-

ciency in flash SSDs. K-D-B-tree [124] is an extended

B-tree to support high dimensional data, which retains

its balance while adapting well to the shape of data.

Grid File [117] is a multidimensional hashing structure

that partitions space using an orthogonal grid. Finally,

the XBR+-tree [133] is a balanced index belonging to

the Quadtree family [48].

5.1.1 FTL-based Indexes

F-KDB. F-KDB [95] is a flash aware variant of K-D-

B-tree that aims to avoid random writes applying a

logging method. It represents K-D-B-tree as a set of

log-records that are held in an in-memory buffer. Two

different data structures are used to represent points

and regions, respectively. Each flash page may contain

records that belong to different nodes. Therefore, an

NTT is used to associate each tree node with the flash

pages that store its entries. An on-line algorithm de-

cides when a node will be merged into a new flash page

to improve read performance. The cost of a search op-

eration is h ∗ c, where h is the height of the tree and c

is the maximum page list length in the NTT. Similarly,

the cost of inserting a new record is Ñsplit + 2/nlog.
Ñsplit is the number of node splits during the oper-

ation and nlog is the number of logging records in a

flash page. F-KDB, contrary to almost all other studies

[26,65,134,154], does not exploit any batch write tech-

nique to persist the contents of the in-memory buffer;

it simply flushes a single page each time. However, this

approach does not exploit the high throughput of mod-

ern SSDs efficiently and imposes interleaving of read

and write operations that, as we earlier discussed, de-

grades performance. F-KDB outperforms K-D-B-tree in

all test cases. However, the evaluation was performed

with datasets of small size only.

GFFM and LB-Grid. GFFM, a first study on the per-

formance of the two-level Grid File in flash-based stor-

age, is presented in [46]. A buffering strategy that evicts

the coldest pages first is adopted. The dirty evicted

pages are gathered into a write buffer. The buffer is

persisted to the SSD at once, reducing the interleav-

ing between read and write operations and exploiting

the internal parallelism of contemporary SSDs. GFFM

outperforms R*-tree in different experimental scenarios

with varying insert/search ratios. Moreover, increasing

the size of write buffer, and consequently the number

of outstanding I/O operations, leads to remarkable per-

formance gains. The authors do not discuss the cost of

read and update operations. However, it is easily de-

duce that the cost of a read operation remains 2.

The LB-Grid [47] is another Grid File variant. It ex-

ploits IU-logging to reduce small random writes at the

buckets’ level. It exploits a memory resident data struc-

ture (BTT ) to associate data buckets with their corre-

sponding flash pages. LB-Grid alleviates the increased

reading cost of logging with efficient algorithms for sin-

gle point retrieval, range, kNN, and group point queries,

which exploit the high IOPS, the internal parallelism

and the efficiency of the NVMe protocol. The proposed

query algorithms are also adapted for the GFFM. Ex-

tensive experiments on three different devices (2 NVMe,

1 SATA) are presented using one real dataset 500M

points and two synthetic of 50M points each, evaluat-

ing LB-Grid against GFFM, R*-Tree and FAST R-Tree

(described below). The average cost of a single point

search in LB-Grid is 1+c/$ reads, c the average length

of pages’ lists in the BTT and $ the average gain due

to SSD’s internal parallelism. Regarding to the average

insertion cost, it demands 1 +Sr ∗Psm ∗$−1 reads and

Sw ∗ Psm ∗ $−1 writes, Sr, Sw the average number of

page reads and writes, respectively, caused by splits,

and Psm the probability an insert operation to trigger

a split. The authors also describe the cost of range,

kNN and group point queries. LB-Grid outperforms its

competitors in all update intensive workloads, while it

presents adequate performance in the read dominated

ones. On the other hand, GFFM achieves significant

performance gains utilizing the proposed flash efficient

query algorithms.

xBR+-tree. In [132], three flash efficient XBR+-tree al-

gorithms for spatial query processing are presented. In

particular, point location, window, and distance range

queries are studied. The authors aim to accelerate query

performance by exploiting the internal parallelization

of SSDs. Thus, they partition query space into frag-

ments that are submitted at once to the flash device.

This way, they achieve a high number of outstand-

ing I/O operations that maximizes SSD efficiency. The

procedure of partitioning query space and composing

batch queries is recursively repeated from the root to

the tree leaves. The amount of available main mem-

ory is also considered during segmentation. The pro-

posed algorithms achieve remarkable performance gains

over the original ones, even if the later are assisted by



28 Athanasios Fevgas et al.

LRU buffering. The greatest improvement is observed

in experiments that utilize large datasets. Additionally,

[131] presents algorithms for bulk-loading and bulk-

insertions that outperform the previous HDD based

proposals by a significant margin. On the other hand,

comparison with other spatial indexes, flash oriented

or not, is not provided. An initial effort to integrate

XBR+-tree into the eFind generic framework (§6) is

discussed in [27]. So, eFind XBR+-tree outperforms an

implementation that employs the FAST generic frame-

work. However, it is not evaluated aganist the original

XBR+-tree.

5.1.2 Raw-Flash Indexes

MicroGF. MicroGF [101] is the multidimensional gen-

eralization of MicroHash, bearing a resemblance with

the Grid File. Namely, in two dimensions, the direc-

tory represents a grid of n2 square cells, each associ-

ated with the address of the latest index page belong-

ing to this region. All index pages, related to a cell,

are forming a chain. Inside the index page, each record

(and thus the cell) is divided into four equal quadrants.

Each quadrant maintains up to K records. During an

insertion, if the write buffer overflows, then the rele-

vant index records are created and grouped into index

pages, which are associated with the pertinent grid cell.

In case a quadrant overflows, then the records are of-

floaded to a neighboring empty quadrant, termed bor-

rowing. When a borrowing quadrant overflows or there

is no such quadrant, then the original quadrant is fur-

ther divided into four sub-quadrants, and the new index

record is inserted into the index page, if there is enough

space. Otherwise, it is inserted into a new index page,
which is linked to the respective cell as the newest one.

MicroGF can serve range queries. Specifically, af-

ter locating the pertinent grid cell, the respective index

pages are scanned and, for each index record, the over-

lapping quadrants are checked, along with their borrow-

ing quadrant and their sub-quadrants. The scheme is

experimentally evaluated against the original one-level

Grid File and Quadtree for 2-dimensional point sets

under the specifications of the sensor employed. The

experiments were conducted through a simulation en-

vironment for wireless sensor applications. The authors

consider the one-level Grid File [117] in their analy-

sis and experimentation. However, a two-level approach

[60] would be more appropriate.

5.2 Spatial Access methods

R-tree [56] and its variants are the most popular SAMs,

utilized in a wide range of data management applica-

tions such as spatial, temporal and multimedia databases

[105]. R-trees are general-purpose height-balanced trees

similar to B+trees. Namely, R-tree leaves store mini-

mum bounding rectangles (MBRs) of geometric objects

(one MBR for each object), along with a pointer to the

address where the object actually resides. Each internal

node entry is a pair (pointer to a subtree T , MBR of

T ). The MBR of a tree T is defined as the MBR that

encloses all the MBRs stored in it. Similarly to B-trees,

each R-tree node accommodates at least m and at most

M entries, where m ≤M/2.

The searching procedure starts from the root and

moves towards the leaves, and may follow several paths.

Thus, the cost of retrieving even a few objects may be

linear in size of data in the worst case. Several variants

of R-tree have been introduced aiming to enhance its

performance; one of the most prominent and efficient is

the R*-tree [10]. The R*-tree exploits several heuristics

to enhance query performance, such as re-insertion of

data, MBR adjusting and optimizations for node splits.

5.2.1 FTL-based Indexes

RFTL. RFTL [154] is a flash efficient R-tree implemen-

tation equivalent to BFTL [153,155]. All node updates

are kept into an in-memory (reservation) buffer in the

form of index units (IUs). Once the reservation buffer

gets full, the IUs are packed into groups, using a First

Fit policy: the IUs of a certain node are stored to the

same flash page. Please note that each node can oc-

cupy only one physical page; however, one page may

contain IUs of several nodes. A NTT is used to asso-

ciate each tree node with its corresponding pages into

the flash storage. This approach aims to reduce slow

random write operations with a penalty of extra reads.

To keep balance between the two, a compaction process

is introduced. The threshold of 4 pages that is used in

the presented experiments may not be efficient for the

present day devices, which are characterized by high

bandwidth and IOPS. The effects of spatial locality of

inserted objects to the efficiency of the compaction pro-

cess has been also studied. The cost of search operation

is h ∗ c reads, h the height of the tree and c the size of

biggest list in the NTT. An insertion needs 2
M−1 +Ñsplit

writes, in the amortized case, Ñsplit the amortized num-

ber of splits per insertion. Like in BFTL, we deduce that

the space complexity is bounded by n ∗ c+B, where n

is the number of nodes and B the size of the reservation

buffer. Through experimentation, it is found that the

spatial locality of inserted objects influences the com-

paction efficiency. The experimental results show that

RFTL reduces the number of page writes, and the ex-

ecution time as well, compared to the original R-tree.
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RFTL targets to alleviate the wide gap between read

and writes speeds of the first SSDs, neglecting the per-

formance of search queries.

LCR-tree. LCR-tree [104] aims to optimize both reads

and writes. It uses logging to convert random writes

into sequential ones. However, it retains the original

R-tree structure in the disk as is, while it exploits a

supplementary log section, which stores all the deltas.

Whenever the log area overflows, a merge process is ini-

tiated, merging the R-tree with the deltas. Contrary to

RFTL, LCR-tree compacts all log records for a partic-

ular node into a single page in the flash memory. This

way, it guarantees only one additional page read to re-

trieve a tree node, with the penalty of re-writing the

log page (in a new position) in each node update. The

LCR-tree maintains an in-memory buffer for the log

records, and an index table associating each tree node

with its respective log page. The insert operation up-

dates the log records of the affected existing nodes, and

stores the new added nodes as deltas in the log section.

LCR-tree presents better performance than the R-tree

and RFTL in mixed search/insert workloads. An addi-

tional advantage of this proposal is that it can be used

as is with any R-tree variant. LCR-tree does not exploit

any particular policy for flushing updates in the SSD,

neither exploits any of SSDs’ high performance assets

during read operations.

Flash-aware aR-tree. [121] presents a flash-aware vari-

ant of Aggregated R-tree (aR-tree) that is based on

RFTL. The proposed index, similar to RFTL, employs

the concepts of index units, reservation buffer and node
translation table. However, the aggregated values are

stored separately from the R-tree nodes, since they are

updated more frequently. The aggregated values for a

certain node may span to several physical pages. To

this end, an index table is maintained to facilitate the

matching of R-tree nodes with their respective aggre-

gated values. Therefore, the retrieval of a node along

with its aggregated values requires scanning of the reser-

vation and the index table and fetching all the corre-

sponding pages. The authors provide the cost for read-

ing and updating the aggregated values. Particularly,

a search operation costs 2 ∗ h ∗ (c + 1) reads, where h

is the height of the tree and c is the number of flash

pages accommodating aggregated values of a particular

node. Similarly, the amortized number of the necessary

writes per update is 2∗h
r , with r denoting the number

of records that fit in a flash page. The evaluation of

the proposed index is performed against an aR-tree im-

plementation (RFTL-aRtree) which is directly derived

by RFTL (the aggregated values are stored inside the

index units). The presented experimental results show

that the proposed aR-tree variant reduces writes and

achieves better execution times.

FOR-tree. FOR-tree (OR-tree) [65,150] proposes an un-

balanced structure for the R-tree, aiming to reduce the

costly small random writes which are dictated by node

splits. To achieve this, they attach one or more over-

flow nodes to the R-tree leaves. An Overflow Node Ta-

ble keeps the association between the primary nodes

and their overflow counterparts. An access counter for

each leaf is also stored in it. When the number of over-

flow nodes increases, and thus the number of page reads

conducted during searching also rises, a merging back

operation takes place. The merging process for a specific

leaf node is controlled by a formula that takes into ac-

count the number of accesses to the node and the costs

of reading and writing a flash page. A buffering mech-

anism suitable for the unbalanced structure of FOR-

tree is also proposed aiming to further reduce random

writes. Thus, an in-memory write buffer holds all the

updates to nodes (primary and overflow) using a hash

table. The nodes are clustered according to increas-

ing IDs, composing flushing units. The coldest flushing

units (i.e. no recent updates) with the most in-memory

updates are persisted first. The evaluation includes ex-

periments using both simulation (Flash-DBSim) and

real SSDs, and shows that FOR-tree achieves better

performance than R-tree and FAST R-tree.

5.2.2 Discussion

The first flash efficient multidimensional indexes aimed

to reduce the increased cost of random writes by in-

troducing extra reads. For this reason, early works like

RFTL, Flash aR-Tree and F-KDB utilized various IU-

logging methods to improve performance of the R-Tree,

the Aggregated R-Tree and the KDB-Tree, respectively.

A recent work that also exploits IU-logging to main-

tain updates in data buckets, is LB-Grid. In different

direction, FOR-Tree uses overflow nodes to reduce the

small random writes imposed by the re-balancing op-

erations. In almost all cases we discuss, index updates

are persisted in batches, turning small random writes

onto sequential ones. At the same time the mingling of

reads and write is avoided. As the gap between read

and write speeds is reduced, researchers target to the

reads’ efficiency exploiting appropriate buffering poli-

cies. FOR-Tree, LB-Grid, eFind and GFFM are rep-

resentative examples. The high IOPS of modern PCIe

SSDs and the efficiency of NVMe protocol made the

batch processing of spatial queries possible. XBR+-Tree

and LB-Grid are two such works that achieve signifi-

cant performance gains during the execution of range,
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Table 5 Multidimensional indexes performance: Big O notation is omitted, – denotes lack of cost analysis

Index Search Insertion/Deletion Space Experimental Evaluation

FTL
Buffering & IU-Logging

F-KDB [95] h ∗ c Ñsplit + 2/nlog – KDB-Tree

LB-Grid [47] 1 + L/$ (1 + Sr ∗ Psm ∗$−1) + (Sw ∗ Psm ∗
$−1)

– GFFM, R*Tree, FAST-RTree

RFTL [154] h ∗ c 2∗n
M−1

+ Ñsplit n∗c+B R-Tree

LCR-tree [104] – – – RFTL, R-Tree

Flash aR-tree [121] - - – RFTL-aRtree

Buffering
GFFM [46] 2 – – R*Tree

XBR+-tree [132,
131]

– – – –

Buffering & Node Modification
FOR-tree [150,65] – – – R-Tree, FAST-RTree

Raw Flash
Buffering & Node Modification

MicroGF [101] – – – Qaudtree, Grid File

kNN (LB-Grid) and group point queries. Table 5 reca-

pitulates the design methods employed and the perfor-

mance characteristics of the flash-aware spatial indexes

presented.

6 Generic Frameworks

The next works, FAST and eFind, can be categorized

as generic frameworks for database indexes. They aim

to provide all required functionality that can turn any

existing index into a flash efficient one. They are both

designed for SSDs equipped with a FTL and apply the

techniques of buffering and logging.

FAST. The FAST generic framework [134,135] has been

successfully tested with both one- (B-tree) and multi-

dimensional (R-tree) indexes. Although that it exploits

logging, it logs the result of an operation rather than

the operation itself, contrary to what RFTL does. This

enables FAST to exploit the original search and update

algorithms of the underlying indexes. The updates are

performed in-memory and maintained with the help of

a hash table, termed tree modifications table (TMT).

Moreover, the updates are audited into a sequential

written log held in flash, to facilitate recovery after a

system crash. The update operations in the TMT are

grouped in flush units and flushed periodically. Two dif-

ferent flushing policies are demonstrated; the first pro-

motes flushing of the nodes with the larger number of

updates, whereas the other gives an advantage to the

least recently updated nodes that contain the most up-

dates.

Several performance parameters were studied dur-

ing the evaluation, such as memory size, log size and

number of updates. FAST R-tree achieved to initiate

less erase operations compared to RFTL in all exam-

ined cases.

In [23,24] Linear R-Tree, Quadratic R-Tree, R*-

Tree, and their FAST versions were studied, on both

HDDs and SDDs. Specifically, the authors compared

the performance of index construction and range queries,

changing parameters like page size, buffer size, flushing

unit size, etc. The experiments were conducted on a

local machine, as well as on Azure1 cloud infrastruc-

ture. They found that: i) FAST versions exhibit faster

construction times, ii) query performance depends on

the selectivity and the device employed, iii) page sizes

should be decided based on query selectivity, iv) indexes

have different behavior on different devices, and v) on

some cases, query performance on HDDs is better than

on SSDs, by increasing the page size.

eFind. Another generic framework similar to FAST is

eFind [25,26]. The authors are motivated by five design

goals; four of them are based to well-known charac-

teristics of flash-based storages, while the fifth is more

generic. Specifically, they suggest one to: i) avoid ran-

dom writes, ii) favor of sequential writes, iii) reduce the

random reads with in-memory buffers, iv) prevent in-

terleaving of reads and writes, and v) protect the data

from system crashes.

The eFind framework is composed of three compo-

nents that control buffering, page flushing and logging.

1 https://azure.microsoft.com/en-us/
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Fig. 20 eFind: (a) The underling R-tree; five new entries E15-E20 are inserted to the tree, leading to the introduction of node
N1 and updates to nodes L2 and I1. (b) The applied updates are represented in the write buffer table. (c) The read buffer
table holds recently fetched nodes

The proposed buffering policy uses separate buffers for

reading and writing. The write buffer stores node mod-

ifications to the underlying tree index (Fig. 20), while

the read buffer accommodates frequently accessed no-

des, giving higher priority to the nodes of the highest

levels. The buffering algorithms are developed around

two hashing tables, one for each buffer. Any particu-

lar record in the hash tables represents an index page.

The reconstruction of an existing spatial object may

involve gathering data from the two buffers and the

SSD. The contents of the write buffer are persisted in

batches of nodes (flushing units), sorted by index page

IDs. The authors evaluate five different policies, consid-

ering the recency of the modifications, the node height

(upper level nodes have higher priority), and the geo-

metric characteristics of the applied operations. A log

file is held in the SSD to provide recovery of the index

after a system crash. The cost of the search operation

is depended on the respective cost of the underlying in-

dex, since eFind does not modify it. eFind is evaluated

against FAST, achieving better performance in index

construction. Regarding the flushing operation, eFind

works better with large page sizes.

7 Inverted Indexes

The inverted index (alternatively inverted file, or post-

ings file) is the most wide-accepted structure for index-

ing text documents [166]. Its principle is quite simple:

for each term (word), a list of document identifiers con-

taining it, termed posting list, is maintained. Inverted

indexes have been thoroughly investigated in the con-

text of HDD-based systems. During the last years, few

works dealt with the subject of building and on-line

maintaining such structures in flash devices. Buffering

in main memory is the common technique one can dis-

cern in these approaches, combined with well-established

HDD-based methods.

7.1 FTL-based Approaches

Hybrid Merge. [97] introduced a hybrid method for on-

line inverted index maintenance, aiming to reduce writes

and avoid random accesses. The main index resides in

RAM and when it overflows, it is split into two parts.

The first one includes the long posting lists, whereas

the latter accommodates the short ones. The long lists

are merged immediately (each posting list is stored as

a separate file) with the respective lists in SSD. The

short inverted file is stored separately without merging,

since their scattering does not affect the performance.

Moreover, the method provides the option of selective

flushing, which flushes a certain amount Pf of data in

SSD. If the aggregate size of short terms is at least Pf ,

then they are flushed, in increasing sizes. Otherwise,

long posting lists are flushed and merged to flash mem-

ory, in decreasing size, until reaching the Pf bound.

The authors experimentally evaluated their approaches

against no merge (NM) – a new inverted index is built

for new terms and flushed – , logarithmic merge (LM)

and geometric partitioning (GP) policies, all used for

HDD-based systems. It is proven that Hybrid Merge

is slightly worst in maintenance cost than NM, while

it has the same or better query performance compared

with LM and GP policies.

MFIS. Multipath Flash In-place Strategy (MFIS) [76]

uses Psync I/O to parallelize the read/write operations.

Additionally, the posting lists are stored non-contigu-

ously to exploit the parallelism of the modern SSDs.

When the in-memory inverted index overflows, then

three actions are performed: i) the new terms are copied
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Fig. 21 Microsearch: new page head creation

to the output buffers, ii) the last block (pages) of the

old terms are read in parallel with Psync to the input

buffers, until the input buffers are full, and merged with

in memory postings into output buffers, and iii) the old

blocks are re-written to same (logical) addresses, while

the new blocks are appended to the end of the file by

using Psync. During query processing, all postings of a

term are parallel read using Psync I/O. MFIS is thor-

oughly compared with various strategies and found to

prevail.

7.2 Raw Flash Approaches

Microsearch. Microsearch proposal [140,141] concerns

building an inverted index for the constraint environ-

ment of a mote. This method maps multiple terms into

the same inverted index slot. As a result, the gener-

ated index is less accurate but of smaller size. The flash

memory is written cyclically. Microsearch employs an

in-memory write-buffer, where the terms of each newly

added document are inserted. When the buffer over-

flows, the terms are grouped together according to the

slot they belong and the largest group is flushed. Specif-

ically, they are either added to the newest (head) page

of the posting list, or stored in a new page, which be-

comes the new head (Fig. 21). Thus, the posting lists

are reverse pointed, forming essentially a stack of pages

which may contain multiple terms. The queries are an-

swered by employing a two-stage document-at-a-time

style, reserving one-page size buffer for each term. First,

data are loaded for the in-memory write buffer and then

for the flash pages. During the first stage, document

frequencies (DF) are accumulated. The second stage

calculates term frequency/inverse document frequency

(TF/IDF) scores. This approach capitalizes on the fact

that the documents are stored in increasing addresses

during insertions, so when posting pages are loaded,

the addresses are decreasing. It is proven that inserting

D documents requires D∗m
x reads and bD∗mE′ c writes,

m the average number of terms per document, x the

number of terms flushed per overflow, and E′ the num-

Table 6 Flash-aware Inverted Indexes

Technique Index

FTL

Buffering & Merging Hybrid Merge [97]

Buffering & In-Place Merging MFIS [76]

Raw Flash

Buffering & term grouping Microsearch [140,141],
Flashsearch [22]

ber of terms stored per page. Also, a query involving t

terms requires at most 2∗D∗m
E′∗H reads, H the number of

main directory slots. Experimental analysis for various

system parameters is also provided.

Flashsearch. In [22] the authors propose two solutions

for maintaining inverted indexes in mobile devices. Both

solutions operate by organizing the entries of the main

directory into groups. The first one creates a stack (re-

verse list) of pages which contain documents belonging

to the same group. In addition, each inverted list main-

tains its own in-memory buffer for receiving new post-

ings. When the buffer becomes full, it is flushed to flash

memory. In case the memory is limited, the method

employs an LRU policy for accommodating buffers to

groups. On the other hand, the second solution dictates

the usage of a common cache for all groups. When the

cache becomes full, the entries belonging to the same

group are linked together and then flushed; in this way,

a page can contain terms from different groups. The

evaluation of these solutions with simulation indicated

that the former is better for high query loads, whereas

the latter is recommended for low query loads since in-

volves reading more pages to locate the pertinent data.

7.3 Discussion

Table 6 sums up the works presented above. Both Hy-

brid Merge and MFIS deal with maintaining a grow-

ing inverted index in SSD. The first employs differ-

ent policies posting lists depending on their length: the

short ones are treated with NM, while the long ones

with immediate merge – please note that both of them

are considered extreme cases for HDD storage. In this

way, they restrict the expensive w.r.t. writes merging

method to the subset of terms that they are frequently

appeared in queries to the detriment of less occurring.

MFIS also employs a not so popular technique, i.e.,

non contiguous in-place updates. For this, it capital-

izes on the internal parallelization of modern SSDs by

issuing massive I/Os with large granularity. However, it

is based on Psync I/O which, as discussed earlier, is not
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supported by OS kernels. In a nutshell, Hybrid Merge

and MFIS do not avoid write amplification. Microhash

and Flashsearch are designed for resource-constrained

devices and follow the same approach of mapping more

than one terms to each directory entry. This translates

to increased number of reads for serving user queries.

8 Indexing and New SSD Technologies

Nowadays, there is an increasing demand for high per-

formance storage services. Emerging technologies like

NVMe, 3DXPoint and other non-volatile memories are

for storage such a big advent as many-cores were for

CPUs. However, the difficulty of getting the maximum

performance benefits out of these contemporary devices,

results in wasting valuable resources [114]. The soft-

ware I/O stack imposes significant overhead to data

access, rendering new programming frameworks imper-

ative. Moreover, host software is unaware of SSD in-

ternals, since they are well hidden behind a block de-

vice interface. This leads to unpredictable latencies and

waste of resources. On the other hand, SSD controllers

comprise CPUs and DRAM, which are closer to the

data than the host CPU itself. These facts have recently

created new lines of research in the area of data man-

agement. The first results are promising, disclosing new

challenges to be dealt with, as well as the weaknesses

of the current technology.

8.1 Fast NVMe Devices and Programming

Frameworks

As SSDs are becoming increasingly faster, software turns

into a bottleneck. The I/O stack was designed on the

assumption that the CPU can smoothly process all data

from many I/O devices, a fact that does not longer hold.

Up to now, Linux AIO has been successfully uti-

lized to accelerate the performance of one- and -multi

dimensional indexes [128,47] exploiting the high band-

width and the internal parallelism of SSDs. However,

the advances in non-volatile memories (e.g. 3DXPoint,

Z-NAND) enabled a new class of storage devices that

provide high IOPS in small queue depths and ultra low

latency2. The authors in [86] categorize this new device

family as Fast NVMe Devices (FNDs). According to

[86] AIO is not adequate to exploit the full performance

benefit of FNDs. Therefore, new programming frame-

works are needed to enable user programs to directly

access storage. The Storage Performance Development

2 7µs for 3DXPoint, 12µs for Z-NAND, >70µs for com-
modity NAND SSDs.

Kit (SPDK) is such a framework [164]. It provides a

user-space driver that eliminates redundant data copies

inside operating system’s I/O stack and facilitates high

parallel access to NVMe SSDs. Thus, it achieves 6 to

10 times better CPU utilization compared to the NVMe

kernel space driver [164]. Recently, SPDK has been suc-

cessfully used to enhance the performance of a key-value

store [86]. Another similar framework for user-space

I/O is NVMeDirect [82], aiming to avoid the overhead

of kernel I/O by exploiting the standard NVMe inter-

face. Its performance is comparable with that of SPDK.

Summarizing the above, we believe that FNDs and

new programming models can be a point of departure

for future research in data indexing. Specifically, most

works so far focus on exploiting the high bandwidth and

internal parallelism of SSDs, or to alleviate the differ-

ence between read and write speeds. To achieve these

goals, they usually group I/O operations issuing them

into batches. However, the performance characteristics

of FNDs render, in some cases, these strategies obso-

lete, providing a stepping stone for new research. From

a different point of view, FNDs can also be exploited

in hybrid (FND/SSD) storage configurations, just as

SSDs/HDDs have been previously used [68].

8.2 Open-channel Architecture

The increasing adoption of SSDs in the enterprise data

centers has introduced demands for high resource uti-

lization and predictable latency [14,17,78,151]. Althou-

gh NAND flash solid state drives provide high per-

formance surpassing their predecessors, the spinning

disks, they exhibit unpredictable latencies. This short-

coming originates from the way raw NAND flash is

managed by FTL. Internal operations like garbage col-

lection may charge a certain workload with extra la-

tency. Similar delays are also introduced by I/O colli-

sions on flash chips, since writes are slower than reads.

These issues are aggravated as the capacities of SSDs

are becoming larger and many different applications

submit I/O requests to the same device. Furthermore,

today’s SSDs have been designed as general purpose

devices, which is sub-optimal for certain applications.

In detail, some recent works [138,151] have shown that

flash-based key-values stores underutilize or even mis-

use standard NVMe SSDs. The complete isolation of

SSDs’ internal from the host applications leads to ineffi-

ciencies like redundant mapping, double garbage collec-

tion and superfluous over-provisioning [138]. Therefore,

a new class of SSDs, referred to as open-channel (OC)

SSDs, is anticipated to overcome these limitations. OC

SSDs expose their resources directly to the host, en-

abling applications to control the placement of data.
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A first considerable effort to develop OC SSDs has

been made by Baidu3 aiming to accelerate the perfor-

mance of a modified Level-DB key-value store [151]. So,

3000 devices have been deployed, each one incorporat-

ing 44 channels accessible as independent block devices.

DIDACache [138] is another OC SSD prototype for key-

value stores. It is accompanied by a programming li-

brary which gives access to drive’s data. The authors

demonstrated a key-value caching mechanism based on

Twitter’s Fatcache. A more generic cross-vendor im-

plementation for OC SSDs was proposed in [14,52]. It

comprises the minimal FTL firmware code, running on

the SSD controller, and the LightNVM kernel subsys-

tem in the host. The minimal FTL enables access to

SSD resources, whilst the host subsystem controls data

placement, I/O scheduling and garbage collection. Cur-

rently, few products4 are available in the market, but

more are expected to launch in the near future.

All studies until now, handle SSDs as black boxes,

relying on assumptions about their performance. So,

they achieved limited results, since these devices ex-

hibit diverse performance characteristics. OC technol-

ogy enables the development of new, more efficient data

structures that have full control of the internal paral-

lelism, data placement and garbage collection. Hence,

OC architecture can also be the staring point for new,

simple yet powerful computational models. However,

the required hardware platforms are rare and of con-

siderable cost. Fortunately, an OC SSD simulator has

been introduced recently [96], providing a great oppor-

tunity for researchers that seek to exploit OC SSDs in

data indexing, beyond accelerating key-value stores.

8.3 In-Storage Processing

In-storage processing [83], near-data processing [8,54],

in-storage computing [74,147,148] and active SSDs [33,

92] are alternative terms used to describe recent re-

search efforts to move computation closer to the data,

inside the storage devices.

Accelerating query performance involves reducing

the overhead of moving data from persistent storage to

main memory [32]. An intuitive way to achieve this is to

aggregate or filter the data locally, inside the SSD. As

mentioned, modern SSDs incorporate embedded pro-

cessors (e.g. ARM) to execute FTL and to control raw

flash operations. Moreover, their internal bandwidth is

much higher than that of host interface. Thus, the SSD

controller is located close to data and can access it re-

ally fast. Local processing inside the SSD improves per-

3 Baidu Inc. is the largest Internet search engine in China
4 https://openchannelssd.readthedocs.io/en/latest/hardware/

formance and energy consumption since the transfer of

high volumes of data is avoided[148].

An external sorting algorithm, implemented on the

Openssd5 platform, is demonstrated in [92]. The host

CPU is used to perform partial sorts, which are stored

in the SSD, whereas the embedded CPU assumes to

merge the final result. The SSDs’ computing capabil-

ities are used to accelerate the performance of search

engines in [147,148]. The authors seek to determine

which search engine operations can be offloaded to SSD

for execution. Particularly, they study list intersection,

ranked intersection, ranked union, difference and ranked

difference operations using Apache Lucene6 as testbed.

A generic programming framework for developing near-

data processing applications is presented in [54]. The

framework is built around a commercial enterprise SSD

by Samsung. The platform achieved significant perfor-

mance gain during queries’ evaluation in MariaDB. In

a slightly different direction, the processing capabili-

ties of flash memory controllers (FMC) are examined

in [33,83]. A new architecture, based on stream pro-

cessors placed inside each flash memory controller, is

studied. The proposed system succeeded to accelerate

the performance of database scans and joins in simu-

lated experiments.

In-storage processing is a quite interesting research

field. It has been successfully utilized to enhance the

performance of databases queries. However, it requires

access to special hardware prototype platforms. To the

best of our knowledge, only one public available plat-

form exists (Openssd). The rest of the examined proto-

types in the literature are coming from SSD manufac-

turers and they are not widely accessible.

8.4 NVM as Main Memory

These days Optane DC memory, the first product based

on NVM, is becoming widely available to the market.

It was developed with 3DXPoint memory and is packed

in DIMM modules like DRAM. It can be alternatively

configured either as volatile memory extending the ca-

pacity of DRAM, or as persistent main memory. NVMs

bring a new era in computing, providing high capacities

and extremely low latency. However, the integration of

NVMs into current computer systems introduces chal-

lenges that have to be addressed.

[157] proposes different methods to deploy the ad-

vantages of NVMs. Briefly, NVMs can be used either as

secondary storage attached to DRAM bus, or as per-

sistent main memory. A straightforward method to use

5 http://www.openssd.io
6 https://lucene.apache.org/
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NVMs as storage devices is through a file system. Tradi-

tional files systems, designed mainly for spinning disks,

are unsuitable for NVMs. For this reason, new NVM-

aware file systems [159] have been introduced, or the

old ones have been properly modified (e.g. ext4-DAX).

Using NVMs as a storage medium does not take full ad-

vantage of them. However, exploiting them as persistent

main memory requires redesigning of all well-know data

structures to keep data consistency in a system crash;

recovering is not an easy procedure, since contemporary

CPUs reorder commands to improve performance. NV-

Tree is representative example of a high efficient B+tree

for NVMs [163]. The authors in [157] describe an inter-

esting alternative to port legacy applications to NMVs,

employing the Direct Access (DAX) mechanism.

Another aspect is the design of comprehensive NVM

cost models. Recent research efforts [15,63,55] study

the lower bounds of fundamental problems, such as

sorting, graph traversal, sparse matrix operations, etc.,

taking into account the asymmetric reading and writing

cost of NVMs.

9 Conclusions

During the last years, the market share of flash-based

secondary storage devices has increased at very high

rates. This can be attributed to the appealing proper-

ties of the flash technology: high throughput, low ac-

cess latencies, shock resistance, small and low power

consumption to name a few. However, a number of

medium peculiarities, like erase-before-write, asymmet-

ric read/write latencies and wear-out, prevent its use as

direct substitute (either blocked or “raw”) of the mag-

netic disk. Actually, the lack of a realistic flash model,

like, e.g. the very successful I/O model of HDDs, greatly

complicates the design and analysis of efficient flash-

aware indexes and algorithms.

In this survey, we concisely and critically reviewed a

broad range of indexes on raw and block flash devices,

describing various employed techniques, like buffering

of updates or logging, either in main or in the flash

memory, utilization of fat or overflow nodes. All these

paradigms strive to achieve some goals, such as small

random writes restriction, internal parallelization ex-

ploitation, and read/write mixing prevention. The ple-

thora of proposals reveals that these are not easily at-

tained objectives, often obstructed by the lack of com-

plete knowledge about the device internals.

In our opinion, large batches of parallel I/Os must

be utilized to ensure that SSDs internal parallelism and

NVMe protocol are fully exploited. With this type of

I/O, there is adequate workload supply in all parallel

levels of the device. In-memory buffering can be seen

as a prerequisite for batched I/O; it also accelerates

the performance of data structures, since it reduces the

number of accesses to the secondary storage. All pro-

posed methods so far (e.g., logging, overflow nodes) ex-

ploit in-memory buffers and, more or less, use batch

write or/and read operations. Early works (e.g., BFTL,

RFTL, LCR-tree) used batch writes to alleviate the dif-

ference between reads and writes, whereas more recent

ones target to the SSD internal parallelization.

The merits of batched I/O can be summarised as

follows: The large batches of writes exploit the inter-

nal SSD parallelism and the potentials of NVMe pro-

tocol in a more efficient way, thus better performance

is achieved. They also eliminate small random write

operations that may cause frequent garbage collection

operations and fragmentation of the FTL mapping ta-

ble; this is high dependent on the mapping algorithm of

FTL which is proprietary. The large batches of random

reads also exploit the internal SSD parallelism and the

efficiency of NVMe protocol. Additionally, they do not

differ much, in terms of performance, from the sequen-

tial ones. Using large I/O batches, besides accelerating

the performance of reads and writes, results also in the

separation of reads and writes, restraining the interfer-

ence between them.

Finally, we saw that new programming frameworks,

recent architecture proposals like Open-Channel, ari-

sen computing paradigms and upcoming NVMs bring

new challenges in the design and deployment of efficient

index structures.
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