3778

IEEE TRANSACTIONS ON CLOUD COMPUTING, VOL. 11, NO. 4, OCTOBER-DECEMBER 2023

Improving LSM-Tree Based Key-Value Stores
With Fine-Grained Compaction Mechanism

Hui Sun"”?, Guanzhong Chen

Abstract—ILSM-tree-based key-value stores (KV stores) render
high-performance read/write services to data-intensive applica-
tions. KV stores employ an SSTable-based Coarse-Grained Com-
paction (CGC) mechanism, which involves a huge amount of data
that do not need to be updated, thereby bringing a high write
amplification (WA) and long tail latency. To address this issue, we
propose a Fine-Grained Compaction (FGC) mechanism anchored
on a Log-Structured patched-Merge tree (LSpM-tree) - a new data
organization that averts rewriting irrelevant data into disks amid
compaction. A cluster, the basic unit in FGC, encloses several
patches and a redirection table, where each patch has an array
of KV regions. We devise three compaction modes powered by the
LSpM-tree, and we implement a high-performance key-value store,
named FGKYV. The extensive experiments show that FGKV im-
proves the random-write throughput by up to 121%,36.8 %, 38.6 %,
and 15.2% compared with LevelDB, RocksDB, LDC, and ALDC,
respectively. FGKYV lowers the WA of the alternative KV stores
by up to 50%. FGKYV boosts read performance by up to 122%,
51.4%, 96.6 %, and 368 %, respectively, and FGKYV curbs the 99th
percentile latency of LevelDB, RocksDB, LDC, and ALDC by up
to 78.2%, 77.6 %, 78.3%, and 73.1% under YCSB A, respectively.
Moreover, FGKY is readily extended to the other KV stores.

Index Terms—LSM-tree, key-value stores, fine-grained compac-
tion, KV region, write amplification.

I. INTRODUCTION

OG-STRUCTURED merge trees (LSM-trees) [1], [2] are
L the backbone index structures for persistent key-value
stores that handle write-intensive workloads. LSM-tree based
Key value stores (KV stores) are popularly deployed as a
technological underpinning for Big Data and cloud computing
applications, including real-time data processing, search engine,
graph database, and online transaction processing (OLTP) [3],
[41, [5], [6], [7]. KV stores are often utilized in cloud computing
because they provide a scalable, reliable, and efficient approach
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to data storage and retrieval, which guarantee high performance,
availability, and secure data services in cloud computing sys-
tems [3], [5], [6], [8]. To achieve high write performance,
key-value pairs (KV pairs) are processed in batch and converted
into ordered ones in memory before being written into disks.
Thus, LSM-tree transfers random writes into sequential ones,
providing high performance and space utilization compared with
B+ or B-trees [1], [9], [10]. Various KV stores, including but not
limit to LevelDB [11], RocksDB [3], Cassandra [8], HBase [12],
Dynamo [13], and cLSM [14], are employed in large-scale
storage systems. In many applications, there are increasingly
high proportion of write operations [15], [16]. The performance
of write requests like continuous or burst random writes [17],
[18] play a vital role in data storage systems. For this reason, in
this study, we aim to optimize the random-write performance of
KV stores.

An LSM-tree keeps multiple levels of KV pairs with inclusive
key ranges in the disk (Section II). Once level 7 reaches its
size limit, KV pairs at level ¢+ merge with that at level ¢ + 1 in
the merge-sort manner - a process is known as compaction.! The
compaction procedure guarantees KV pairs to be unique and
ordered in each level in LSM-tree, thereby balancing the read
performance in KV stores. However, the compaction procedure
may inevitably result in severe write amplification (WA), which
surges to 10750 times in the worse case [19], [20]. A plethora of
prior solutions were proposed to reduce WA in KV stores [17],
[21], [22], [23], [24], [25], [26]. For example, WiscKey [21]
was designed with a key-value separation mechanism to re-
duce the frequent large-size value movement in compaction.
dCompaction [23] delays compaction until enough data are
accumulated. PebblesDB [17] directly writes data into a lower
level, avoiding multiple merge-sorts and data rewrites in the
same level. Nevertheless, many of these techniques utilize lazy
compaction to accumulate data volume, which not only degrades
read performance but also causes high tail latency.

In a modern LSM-tree architecture in a diversity of industrial
systems such as LevelDB and RocksDB, sorted string tables
(SSTables) are the basic units, which are also used in com-
paction. We name, throughout this paper, the SSTable-based
compaction as a Coarse-Grained Compaction (CGC) mecha-
nism. In CGC, SSTables at level ¢ + 1 that overlaps a key range
of a compacted SSTable at level ¢ are loaded into memory
for merge-sort operations. The newly generated SSTables are

'In this study, levels 7 and i 4+ 1 involved in a compaction procedure are
denoted as upper and lower levels, respectively.
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rewritten into level ¢ + 1. Nevertheless, a majority of KV pairs
in SSTables at level ¢ + 1 are not updated, resulting in an
excessive amounts of unnecessary rewritten data: an enlarged
WA is a direct consequence. Moreover, compaction enclosing
large amounts of data will block user requests, resulting in long
tail latency.

We study data granularity and the SSTable-block data layout
in a popular KV store - LevelDB that is outlined in Fig. 1(b).
We reckon that the CGC mechanism in traditional KV stores
causes severe WA and long tail latency. In Fig. 3, we investigate
the proportion of blocks that need to be updated to the total
amount of blocks involved in compaction under random-write
workload with 40 GB data volume in LevelDB. When a KV pair
is larger than 2 KB, there are merely 10%~30% of blocks that
ought to be rewritten. Since more than 70% of blocks rewritten
in compaction are worthless, the CGC mechanism leads to a
high WA.

To address the problems in CGC and to balance write and
read performance, we propose a novel data organization - a Log-
Structured patched-Merge tree or LSpM-tree, which inherits the
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advantages of disk sequential writes in LSM-tree. In LSpM-tree,
aclusteris abasicunit which is referred to as a setof KV pairsina
key range at one level (Section ITI-A). A cluster includes multiple
partitions named region. Each compaction selects a portion
of the regions in the cluster, followed by sequentially writing
merged key-value pairs to a disk file named a patch. Afterward,
the patch is stored in the cluster. Therefore, LSpM-tree can
reduce WA while also providing much higher throughput than
in-place trees, e.g., B-trees. B-trees require in-place updates that
require an abundance of random disk I/O operations [21], [24],
[27], [28], [29].

In LSpM-tree, a compaction procedure rewrites only the data
that needs to be rewritten in the cluster in a patch-like man-
ner, which reduces WA. Clusters also allow LSpM-tree to find
keys efficiently using a built-in redirection table. We design a
fine-grained compaction mechanism, named FGC, in KV stores
anchored on the LSpM-tree. We design three compaction modes
- patch, patch™, and cluster modes - for the three types of
access granularity in a cluster. Each compaction task in FGKV
is merely conducted in a specified compaction mode: FGKV
executes compaction mode according to a compaction task type,
achieving good trade-off among WA, throughput, and space con-
sumption. FGKV consists of the Compaction Advisor module,
Granularity Manager module, Merger module and Cluster Man-
ager module. The Compaction Advisor module change gears
among the three compaction modes. The Granularity Manager
module is responsible for region partitioning and compaction
procedure control. The Merger module performs the merge-sort
operations, and produces patches. The Cluster Manager module
transfers cluster metadata and data of hit regions to the Com-
paction Advisor and Merger modules, respectively. The Cluster
Manager also assembles produced patches into a cluster.

Our contributions are summarized as follows.

> We propose a new data organization, called LSpM-tree, in

which regions and patches enable compaction procedures
to access data at a fine granularity. A redirection table is
engaged to ensure data consistency for compaction and
efficient point look-ups.

> Based on access granularity in LSpM-tree, we propose the

Fine-Grained Compaction (FGC) mechanism, including
three compaction modes - patch compaction, patch™ com-
paction, and cluster compaction.

> We design a LSpM-tree-based KV store named FGKV

that consists of four modules. The Compaction Advisor is
responsible for preprocessing compaction. The Granularity
Manager sends control signals and processes intermediate
results of CGC. The Merger conducts merge-sort opera-
tions to originate compaction results. The Cluster Manager
module oversees data in a LSpM-tree.

> We implement FGKV based on LevelDB. Evaluation re-

sults show that FGKV outperforms the CGC-mechanism
KV stores (e.g., LevelDB and RocksDB) in YCSB, while
achieving 121% higher throughput than these KV stores in
random writes. FGKV exhibits the lowest 99th percentile
latency under the mixed read/write workloads in YCSB.

The rest of this paper is organized as follows. In Section II,
we introduce the LSM-tree and LevelDB, which highlights the
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motivation of our work. We elaborate on the design issues of
FGKY in Section III. In Section IV, we present the system im-
plementation. Section V describes an experimental environment,
followed by thorough comparisons between our approach and
the alternative KV stores in Sections VI and VII. We discuss on
the crash consistency, memory overhead, and comparison with
B-tree issues of FGKYV in Section VIII. Prior studies that are
related to this work are summarized in Section IX. Finally, we
draw a conclusion in Section X.

II. BACKGROUND AND MOTIVATION

In this section, we first introduce the background of LSM-
tree and LevelDB. Then, we articulate the CGC mechanism in
LevelDB to clarify our research motivation.

A. LSM-Tree and LevelDB

LSM-tree-based key value stores or KV stores have gained
popularity in cloud computing, and many researchers have en-
hanced the performance and reliability of KV stores by opti-
mizing data structures, algorithms, and architectures [30], [31].
LSM-tree, a persistent data structure, converts a significant num-
ber of random-write operations into sequential ones to leverage
the high-sequential write performance of disks [3], [5], [6],
[8], [30], [31] - enabling cloud computing systems to fullest
potential. Because of high write performance coupled with low
storage consumption, LSM-tree and its variants - including
LevelDB [11], RocksDB [3], and Cassandra [8] - have been
widely used in the academia and industry.

A traditional LSM-tree (see Fig. 1(a)) consists of multiple
components Cy ~ C}. The Cj resides in memory, and the other
components are located in a disk. A large number of write
operations are batched in Cy of memory. When Cj, is full, Cj is
merged with C in the disk, and the result is written into C. By
the same token, a full C; performs a merge-sort operation with
C5. Such a process is referred to as compaction, which leads
to WA. In KV stores, term WA is defined as a ratio between
the amount of data written into an underlying storage device
and the amount of data requested by users. The compaction
with large WA blocks I/Os and wastes bandwidth, deteriorating
system throughput. Fig. 1(b) shows a modern LSM-tree structure
adopted by LevelDB, which is a popular high-performance KV
store inspired by BigTable [32]. In LevelDB, each component
of LSM-tree is referred to as a level. Each level is divided
into multiple fixed-size SSTables. Except level 0, key ranges
of SSTables in a level are non-overlapping.

After being initially written into a disk’s log, a new KV pair
is inserted into a MemTable in memory according to the order
of keys. In case of the full MemTable, LevelDB creates a new
MemTable to handle the subsequent writes. In the background,
the previous MemTable is converted into immutable MemTable
and awaits the flush to level 0. When level ¢ is filled with
KV pairs, a compaction procedure selects SSTables with an
overlapping key range as in the adjacent levels (levels 7 and
1 + 1) in merge-sort operations.

In Fig. 1(b), for instance, the key range of SSTable 7)o at
level 1 overlaps with those of Ths and Th3 at level 2, and
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the KV pairs are involved in compaction. All KV pairs of
SSTables 775, 152 and Th3 are read to memory and performed
merge-sorting operation; afterward, newly produced SSTables
Tsy4,To5, and Thg are stored at level 2. The compaction procedure
intends to write one SSTable, but three SSTables are written
into the underlying disk. Thus, the WA is measured as WA =
S’L.ZE(T24 + T25 + TQG)/SiZG(le). And if the new SSTables
written back triggers a compaction at level 2, WA will increase
further. In the LSM-tree, data size grows exponentially between
two adjacent levels (e.g., levels 7 and ¢ + 1 from the upper level
(level 7) to the lower level (level 7 + 1) by an amplification
factor (AF, usually 10). If an SSTable moves from level ¢ to
level j (j > 7) through multiple compaction procedures, the
average WA factor is AF x (j — 7). A large WA, undoubtedly,
consumes I/O bandwidth and greatly reduces the throughput
in applications [17], [33]. The main reason behind high WAs
is that the compaction procedure is obliged to retrieve all KV
pairs in SSTables with overlapping key ranges in a lower level
into memory and write the KV pairs back to the same level
after merge-sort operations. To mitigate a high WA, we strive to
reduce the amount of lower-level compaction data.

B. Motivation

Let us take LevelDB as an example. The compaction proce-
dure selects SSTables with overlapping key ranges at adjacent
two levels (e.g., levels 2 and ¢ + 1. As mentioned in Section II-A,
the data size of two adjacent levels exponentially surges. For the
same key range, the amount of data at level ¢ 4 1 is r times that
of level 7. Under update-intensive workloads, there are merely
a small portion of KV pairs in » SSTables at level ¢ + 1 being
updated.

In CGC, KV pairs that do not require an update are forced
to be part of a compaction operation because these KV pairs -
residing in the compacted SSTables - are merely rewritten back
into the same level. In Fig. 2(a), the CGC mechanism involves
a large number of KV pairs that are unnecessary to be updated
in merge-sort and rewrite operations. Moreover, the unwanted
updates of KV pairs push up WAs, CPU cost, and I/O bandwidth
usage, thereby degrading the overall system performance.

To further explore data rewrites in CGC, we delve into the
data selection and rewrite operations, and preliminary results
verify our speculations. In LevelDB, an SSTable is composed
of data blocks, and a block is the smallest unit for read and
write. We treat a block as a basic statistical unit in the test,
and our primary focus is the relationship between hit blocks and
all blocks in compaction. Hit blocks are defined as blocks that
contain KV pairs to be updated in compaction.

Table I presents the notation and symbols used throughout this
paper. To simplify the analysis, in this section, the SSTable size
S is an integer multiple of block size B; meanwhile, block size
B is an integer multiple of key-value pair size K. Let us consider
ablock in S;: when a KV pair in S, is within its key range, this

2Symbol ris the amplification factor. For instance, in a stable state [34], when
an SSTables at level ¢ is involved in compaction, the number of SSTables at level
% + 1 should be r.
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TABLE I
NOTATION AND DESCRIPTION IN CGC

Notation | Description

K The size of a KV pair

B The size of a block

S The size of an SSTable

Su A set of compacted SSTables at level 1

S A set of compacted SSTables at level i + 1
Ry The ratio of hit blocks in S

n; Number of SSTables in S,,

Ngw Number of KV pairs in Sy,

Np; Number of blocks in S

Shnew A set of new SSTables after compaction

r Ratio of the number of SSTables in S; to that in Sy,

block is considered as a hit block; otherwise, the block is marked
as a non-hit block.

When block size B is larger than KV-pairsize K (B > K), the
number of blocks in an SSTable is measured as %. The number
of KV pairs in a block is £. If the number of SSTables in 3, s
‘n;’ involved in compaction, there will be (n; x ) SSTables in
S;. Thus, we have

NKu =n; X

—. 1
% 1
where N, denotes the number of KV pairs in an upper level.
And the number of lower-level blocks (Npg;) is

NBl—n,XTXB. (2)
In the worst case, each key-value pair at the upper level hits a
block at the lower level individually. Therefore, a non-hit block
only exists when the number of blocks at the lower level in
the compaction is greater than the number of key-value pairs
at the upper level (Np; > Ni,,). We can deduce that the fine-
grained compaction has a significant performance optimization
only when 7 is larger than %. Hence, the block hit ratio (Rp)
can be expressed as

S
Ngu n; X B

R p— p—
"~ N

= (3
S
ngxrx-g Kr

Ry, depends on three parameters: block size B, KV-pair size K,
and SSTable number ratio r. B is generally a constant, and R},
relies on K and r. Note that % is 1 when K is larger than B
because each block is comprised of at least one key-value pair.
And (3) is rewritten as R, = }

Ry, refers to the proportion of blocks in CGC to be updated to
the number of blocks that actually participate in the compaction:
the CGC procedure rewrites (1 — Rj) extra data that have no
need to be updated. This problem motivates us to propose an
approach to reducing the volume of rewritten data, which in
turn can suppress WA. The degree of WA reduced is inversely
correlated with Ry, the larger Ry,. The more blocks are hit, and
the less amount of compaction data can be reduced (which can
be simply regarded as WA). Conversely, a smaller R, means
that there are more blocks that do not need to be updated, so the
greater the WA can be reduced. After quantifying rewritten data
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in CGC and weighing in on CGC’s WA measures, we draw the
following conclusions.

(1) When 7 is smaller than or equal to % (B > K), Ry, goes
up as the SSTable ratio () increases; R, drops as the KV-pair
size (K) is enlarged. The rationale behind this trend is justified
as follows. The compaction procedure selects SSTables at level
7 4+ 1 according to the key range of the SSTable at level ¢ in this
procedure. Generally, the key range of SSTables at level 7 + 1 is
larger than that at level ¢; then, the blocks at the beginning and
end of the SSTables at level 7 are not hit. In case of a small r, the
proportion of non-hit blocks cannot be ignored. As 7 expands,
the volume of these non-hit blocks becomes small, enlarging
the Ry, value. The larger the KV pair size (K) is, the smaller the
number of KV pairs in each SSTable becomes. Generally, few
blocks at level 7 + 1 will be hit; thus, R;, becomes small as K
increases.

(2) Whenr > %, Ry, decreases as the SSTable ratio (7) or the
KV pair size (K) increases. We present the reason as follows.
When r is larger than %, the number of KV pairs involved in the
compaction at the level 7 is smaller than the number of blocks
at level 7 + 1. In the worst case, it is guaranteed that not all the
blocks at level 7 + 1 cannot be hit. Then, the hit ratio (R},) of the
blocks at level 7 + 1 must be less than 1. According to (3), Ry
heavily depends on K and . When the KV pair size is fixed (),
Ry, is shrinking as the ratio of the number of compacted SSTables
between levels ¢ and ¢ 4 1 climbs up: the WA significantly scales
down. Similarly, with a constant r, the larger the key pair size
(K) is, the smaller the R;, becomes; then, the WA reduces to a
greater extent.

To verify above arguments and speculations, we employ
LevelDB-1.20 as a KV-store testbed. YCSB is applied to gen-
erate 40 GB random-write workloads with different KV sizes —
128 B, 256 B, 512 B, 640 B, 768 B, 1 KB, 2 KB, 4 KB, 8 KB,
and 16 KB. In this test, we set the size of an SSTable and a
block to 4 MB and 4 KB, respectively. We plot the results in
Fig. 3.

Observation 1: With small-size KV pairs such as 128 B and
256 B, raising r value leads to a continuously growing block
hit ratio Ry, Fig. 3 presents the change of r over the interval
between 1 and 10. Given small-size KV pairs, % is larger than
10 (e.g., when K = 256 Bytes, % = 16). Thus, Fig. 3 reveals
that » is smaller than %, and conclusion 1 is held. We also
find that R}, goes up with an increasing 7, which concurs with
conclusion 1.

Observation 2: We find that the block hit ratio (R}, ) generally
increases and then decreases under workloads with medium-size
KV pairs (e.g., 512 Bytes, 1 KB, and 2 KB). For medium-sized
KV pairs, a K of 512 Bytes gives rise to the % value of 8.
Given K = 512 Bytes, Ry, rises and then declines according
to conclusion 1 and 2. In Fig. 3, R; gradually climbs up as r
increases from 1 to 8, but Ry, falls after » exceeds 8. Similarly,
if K =1 KB, Ry, rises gradually as r increases to 4 from 1; then
Ry, drops as  becomes larger than 4.

Observation 3: When KV-pair size is smaller than or equal
to 4 KB (K < 4 KB), the distinction between each tested item
is apparent. With the same r, R}, obviously decreases with an
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TABLE II
THE IMPACT OF DECREASING THE SSTABLE SIZE ON PERFORMANCE OF
LEVELDB
KV size 1 KB 4 KB
SSTable size 4 MB 4 KB 4 MB 41KB
Random write throughput | 33.7 MB/s 0.2 MB/s | 33.5MB/s 0.5 MB/s
Total write data volume 2.08 GB 1.6 GB 2.13 GB 1.05 GB
Numbers of SSTables 95 101021 96 82751
Random read throughput | 1344 MB/s | 48 MB/s | 5249 MB/s | 10.2 MB/s

increment of KV size K. This also fits the conclusions 1 and 2,
i.e., under what circumstances the larger the K, the lower the
block hit ratio Rj,.

Observation 4: The results are largely similar for the case of
large-scale KV pairs (K > B), and the change of KV size rarely
impacts block hit ratio (R},), which drops with arising value of r.
When K > B, the conditions in conclusion 2 above are met, and
r must be greater than £, so according to the variant Rj, = %
of (3), in the case of K > B, R will only decrease with the
increase of r, and the change of K has little effect on Ry,.

We observe from the preliminary observations that a large
portion of irrelevant data passively involved in merge-sort and
are rewritten back to the same level in CGC. Consequently,
unnecessary data rewrites prolong compaction time, leading to
a high WA and long tail latency. Under some workload condi-
tions with a large data skew, the above procedure is repeatedly
processing data multiple times before moving KV pairs to level
1 + 1, which experience degraded KV-store performance. Resiz-
ing the size of an SSTable to that of a block of a given data volume
ultimately slashes the number of hit blocks without changing
the data organization and compaction process, but this approach
introduces serious performance issues. The low percentage of
data in the SSTable causes subpar metadata management and
intensive I/O access due to a huge number of small files on
disks. To explore the impact of decreasing the SSTable size on
performance, we conduct four tests using db_bench, setting the
SSTable size to 4 MB and 4 KB, and configuring 1-KB and
4-KB KV pairs in LevelDB. We set up 500 MB random-write
data coupled with 500 MB random-read data in workloads. The
tested results are summarized in Table II.

Notably, we configure 4-KB KV pairs and 4-KB SSTable in
LevelDB, where there is no overlapping key-ranges of two-level
SSTables in compaction at level k (k > 1). Only the metadata of
upper-level SSTables is shifted to the lower level (a.k.a trivial
move), and this trivial move reduces WA. The findings suggest
that shrinking the SSTable size to that of a block curbs WA at
the cost of sharply downgraded read/write performance. Thus,
without improving the LSM-tree structure and the compaction
process, it is unfeasible to simply cut down the SSTable size to
optimize the performance of modern KV stores.

In this study, we propose a novel Fine-Grained Compaction
(FGC) mechanism depicted in Fig. 2. When a compaction is
provoked, FGC selects data with a smaller granularity and only
updates (or rewrites) data that genuinely need an update (see the
dark area in Fig. 2(b)). Then, the amount of undesirable data
involved in compaction is trimmed (see the light-colored area
in Fig. 2(b)). In a modern LSM-tree-based production environ-
ment, there exists a wide range of KV-pair sizes in applications
(e.g., from 128 B to 256 KB [5], [14], [35], [36], [37], [38]). Our
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Fig. 4.  After the SSTable-block based FGC, the key range of the first block in
new SSTable SST), e is 1-30, which overlaps with the first three blocks in old
SSTable SSTold.

FGC based KV store FGKYV - offering impressive performance
improvement under real-world workloads [14], [35], [38] with
large-sized KV pairs — achieves superb read/write performance,
short tail latency, and low WA in these scenarios. A description
on the FGC mechanism is detailed in Section III.

III. DESIGN AND UNDERPINNINGS

Modern KV stores adopt the SSTable-block data organization
to manage data. At each level, there are multiple SSTables with
non-overlapping key ranges. The compaction procedure in CGC
only loads SSTables at level 7 + 1 that intersect with the picked
SSTables at level ¢ into the main memory. These compacted
SSTables are deleted after completing merge-sort operations,
and new SSTables are inserted into level 7 + 1. This data orga-
nization, which is relatively simple yet intuitive, well adapts to
the traditional compaction mode (coarse-grained compaction).
Nevertheless, the data organization is not expected to facilitate
the design of a fine-grained compaction mechanism. We present
three problems to be solved as follows.

Problem 1: Blocks are produced in a data-driven manner
anchored on the SSTable-block data organization. In FGC, the
key ranges of a block generated by compaction can be large and
may overlap with the key ranges of non-hit blocks, disturbing
the existing block settings. Fig. 4 illustrates that the key range
of the first block in the new SSTable S.ST,.., overlaps with first
three blocks in SST,;4. The second block of SST,;; does not
participate in compaction.

Problem 2: In FGC, only a portion of KV pairs in SSTable
SST,14 in Fig. 4 participates in merge-sort operations (the data
in hit blocks) with the rest KV pairs remaining in SST,;4.
Therefore, SST,;4 cannot be crossed out after compaction;
meanwhile some KV pairs in new SSTable SST,.,, come from
SSTy1q. After SST,, ., 1s entering to the same level, a key-range
conflict occurs.

Problem 3: Because SST,;4 has not yet been deleted - the data
of hit blocks still remains in it, rewritten data exists at the same
time as source data. This issue causes the same key corresponds
to multiple values, resulting in a serious data inconsistency
obstacle.

A. LSpM-Tree

The above problems prompt us to propose a new data storage
layout - the LSpM-tree organization - to facilitate the imple-
mentation of the FGC mechanism, which is aimed to not only
enhance random write throughput but also reduce WA and tail
latency. LSpM-tree is a variant of LSM-tree built on Clusters,
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Fig. 5. Layout of a cluster. KRR and KVR denote KR region and KV region,
respectively. In the redirection table, the two numbers in each entry represent
patch number and KV region number in the patch, respectively. KV regions are
sequentially stored in each patch. The dashed box denotes a region in the cluster,
including KR region and corresponding KV regions.

the basic unit of LSpM-tree. A cluster consists of KR regions,
KV regions, patches, and a redirection table. Fig. 5 depicts the
layout of a cluster. Based on the region-patch-cluster three-level
organizational structure of LSpM-tree, we can implement the
region-patch-cluster based FGC without worrying about the
SSTable-block-based FGC problems.

A cluster contains multiple partitions named region. Each
region contains a fixed key range called KR region. KV pairs
within the same KR region form a KV region and are stored
consecutively on disk. Data in the region granularity are han-
dled in compaction. Notably, regions that are elected by the
compaction procedure are referred to as hit regions, and their
KV regions are read into memory for merge-sort operations.
Then, the data enclosed to the same KR region is written to a
new KV region. A region stores data in a key-driven manner
- regardless of the number of KV pairs existing in a region,
new KV pairs can still be stored in it, as long as these new KV
pairs fall within its key range. Any changes of the K'V-region
size have zero effect on the KR region. Applying the idea of
separating KR region and KV region, we make data independent
of region settings - the underlying disk data cannot affect the
existing region settings. As the KV pairs are stashed in the same
region before and after compaction, we solve Problem 1 while
simplifying the complexity of data management in FGKV.

We design a sub-table file, named patch, in the cluster to
store compaction results. When clustery, at level = 4 1 is forged,
all the KV regions are orderly stored in the same physical file
(file 0). If clustery, is involved in compaction, the FGC procedure
first marks hit regions in this cluster, and accesses data of hit
regions in file 0 to perform merge-sort. Afterward, new KV
regions are generated according to the KR regions of hit regions,
and are registered in a new physical file (file 1). The data of file 1
derive from cluster, along with some KV pairs at level ¢. File 1 is
an update and addition to clustery, like a patch to clustery. Thus,
we refer such files to as patches. Each compaction is presumed
as a patch to clustery, and the updated data is stored in the latest
patch, which addresses Problem 2.

FGC only updates the data of hit regions into new patches,
which slash the amount of compaction data. After multiple FGC
procedures, however, data corresponding to the same region may
exist in multiple patches. The same key tends to have more
than one value in the old and new KV regions, resulting in
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Fig. 6.  Get and range queries in a cluster.

data inconsistency in Problem 3. Another problem is that read
operations must search a target key in each patch to find the
latest value, which degrades read performance. Thus we design
a redirection table in a cluster to tackle the above problems.
The redirection table labels the status and position of the latest
KV region corresponding to the KR region and converts the
relationship between the KR region and old KV region to that
between the KR region and the latest KV region, see Fig. 5. The
first entry in the redirection table denotes that the KV region
corresponding to KRR1 is located at position O in patch 0. The
second entry means that the KV region corresponding to KRR2
is updated to position O in patch 2 after two FGC procedures.
The rest entries have a similar process.

Notably, there is no entry (i.e., metadata of region) wasted.
This is because, when a delete operation hits one of the key-value
pairs, the amount of data in a region is reduced. When all KV
pairs in a region are deleted in the next compaction procedure,
FGKYV wipes out the redirection entry of this region during the
redirection phase. With a redirection table, multiple patches in a
cluster can be referred to as a single file externally. It means that
a put/get operation accesses a cluster as if it was a contiguously
stored file. User requests first access fixed KR regions whether
the KV regions change or wherever they are stored, and access
valid KV regions according to the relationship in the redirection
table.

B. Read Process Under Clusters

Get Operations: Initially, a Get operator checks the in-
memory memtable. If the key is not found, the operator searches
level by level. Amid this stage, in LSpM-tree, the operator
searches for a cluster where the key range contains the target key,
rely on its region redirection table to acquire the information of
the region where the target key is located, and then obtain the
corresponding patch according to the location information and
reads the KV region, see Fig. 6. Therefore, in each cluster, the
Get operation will access disk at most once.

Range Queries: Range queries need to get all KV pairs in a
givenrange. LSpM-tree first finds clusters in each level that inter-
sect the given range, and then accesses valid KV regions in those
clusters within the intersecting range. Because the regions in the
cluster are contiguous, performing arange query in a cluster only
requires sequentially accessing the region redirection table and
then reading valid KV regions from the corresponding patches,
without having to repeatedly read the data in every patch, see
Fig. 6.
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C. Compaction Modes in LSpM

LSpM-tree selects clusters (C)) at level 7+ 1 that have
overlapping key ranges with level-i clusters (C,,) that sparked
compaction. LSpM-tree renders three compaction execution
modes for each cluster in C; to choose (Section III-D
for a specific selection mechanism). The patch compaction
(Section III-C1) is a direct embodiment of FGC. The patch™
compaction (Section III-C2) is a variant with an early
garbage collection of patch compaction. The cluster compaction
(Section III-C3) performs major garbage collections and bal-
ances LSpM-tree. We introduce the three compaction modes
below.

1) Patch Compaction: The patch compaction mode is an
implementation of FGC, which is one of most important ap-
proaches to reducing WA. If a cluster C; of Cj to be performed
patch compaction, the FGC procedure marks hit regions for
it according to the keys of C), (see Fig. 7). Afterward, the
corresponding KV regions are extracted to memory to conduct
merge-sorting. The sorted KV pairs are built in new KV regions
according to the KR regions of hit regions. The new KV regions
constitute a patch as the up-to-the-minute patch in C;. Finally,
the region redirection table renews the mapping relationship be-
tween the hit regions and new KV regions. In the cluster included
in PC process in Fig. 8, four regions are marked as hit regions.
The valid data of hit regions are involved in merge-sorting and
then rewritten back to the same cluster after compaction. A new
file (patch 1) is generated as the compaction result.

2) Patch™ Compaction: The patch compaction mode re-
freshes the data of hit regions and rewrites them back to the
cluster, keeping the compacted KV regions as invalid in old
patches. Because a patch is the basic unit for creation and
deletion operations in LSpM-tree, those invalid KV regions still
remain on disks as garbage data - an enlarged space consump-
tion becomes inevitable. Meanwhile, as the number of patch
compaction surges, the proportion of invalid data in the old
patches increases. FGKV is still obliged to allocate memory
and disk space to store these patches for a handful of valid
KV regions. A large number of patches incurs extra overhead
on data management. As a solution to alleviate the side-effect
of patches, we design a patch™ compaction mode to squash
space consumption caused by the pafch compaction, aiming to
undertake part of garbage collection.

We introduce a threshold T, to represent the maximum pro-
portion of invalid data in a patch. The patch + compaction proce-
dure marks each patch whose proportion of invalid data is greater
than 7}, (e.g., 0.8) as a hit patch. Then, the remaining valid KV
regions in hit patches are also moved into memory to conduct
merge-sorting. The subsequent operations are identical to those
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Fig. 8. Compaction example in FGKV. The boxes with red bars denote hit
regions. The patch compaction (PC) generates a new patch. The patch +
compaction (P C) forges a new patch and removes hit patches that has few
valid data. The cluster compaction (CC) constructs new clusters and erases old
cluster.

in the patch compaction, except that the patch™ compaction
mode eradicates hit patches from the cluster to free up disk space
after compaction. The patch™ compaction concentrates a small
number of valid KV regions in multiple patches into one patch:
the number of patches drops sharply by the virtue of an early
garbage collection in the compaction where system resources
are conserved. In the P™ C process in Fig. 8, there are a lot of
invalid data in patch O, so it is marked as a hit patch. The rest
KV region (the region with red frame) in patch O is also involved
in compaction. Afterwards, patch 2 is generated, and patch O is
deleted.

Notably, the patch™ compaction will be executed only when
the proportion of invalid data of each patch exceeds 7}, in the
patch compaction. As the patch™ compaction slightly increases
the amount of rewritten data, it is prudent to make a good trade-
off between WA and space consumption. We delve in the impacts
of the patch™ compaction and T}, on the system performance
in Sections VII-B and VII-C.

3) Cluster Compaction: As the execution of patch com-
paction leads to garbage data in a cluster, we introduce patch™
compaction to perform partial garbage collection. patch™ com-
paction can only recycle patches with a high proportion of
garbage data, and patches that do not reach threshold 7}, will
not be reclaimed. With the operation of FGKYV, the garbage data
in such patches that do not meet the recycling requirements
can no longer be ignored. Another problem is that as FGKV
runs, the amount of data in each cluster grows, and an oversized
cluster sparks compaction and merges with lower-level clusters
— increasing the amount of compaction data accompanied by a
long tail latency. To mitigate the above two roadblocks, we bring
forth the cluster compaction mode to reallocate data in oversized
clusters while performing garbage collection in compaction to
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Fig. 9. Impacts of splitting and non-splitting method. A box represents a
region, and the red numbers are the KV pairs to be inserted.

avert such additional overhead. Notably, FGKV does not have a
cluster at each level. There is a large amount of data involved in
each compaction blocking the foreground thread for a long time
when we have one cluster per level. Besides, the generated patch
is bound to be large, which gives rise to a relatively large amount
of garbage data in the patch, but its proportion of the entire
patch has not yet reached the threshold. Therefore, FGKV does
not perform a patch™ compaction in this situation, and garbage
data are store on disks for a long time before being removed —
reducing disk utilization.

In addition, we introduce a threshold 7., to denote the
maximum size of a cluster. The cluster compaction mode is
invoked once the SizeRatio of a cluster exceeds threshold
T.s. SizeRatio is the ratio of the a cluster size to that of
its patch 0. All the regions in this cluster are marked as hit
regions, and all patches are marked as hit patches. After cluster
compaction, new clusters are built, and FGKV evenly partitions
data in a cluster according to a default KV region size (e.g.,
4 KB or 8 KB) instead of the key range. The reason is that
there are existing regions that have no data when the key range
is referred to as the basic to evenly divide the cluster under
skewed workloads (e.g., Zipfian distribution-based workloads).
Then, this scheme ensures that each region initially encompasses
approximately the same amount of data. The new KV regions
form new patches in the default patch size (4 MB). Each patch
is packaged into a new cluster as its patch 0. After a redirection
table for each new cluster is constructed, the compaction proce-
dure deletes all patches and the redirection table of the source
cluster. Then, garbage collection and reallocation of cluster
data are accomplished. In the CC process (see Fig. 8), new
clusters 1 and 2 are generated after a cluster compaction is per-
formed on the source cluster. The source cluster is subsequently
deleted.

4) Splitting: The key idea behind the FGC mechanism is to
only rewrite the hit regions of clusters to suppress the amount of
compaction data. Unfortunately, as the number of patch/patch™
compaction grows, another crucial problem is surfacing. In
Fig. 9(1), (2), and (3), compaction data volume increases as
the same region is repeatedly hit. After two rewrites issued to
region 35, the third compaction requires twice data volume to be
processed as the first compaction - such an expanded data volume
weakens the advantages of FGC. To address the aforementioned
problem, we fashion a splitting optimization: when the data
volume in a region after compaction reaches the threshold (e.g.,
four KV pairs in Fig. 9), the compaction procedure splits large
regions into multiple small ones (region 17 and region 35 in
Fig. 9(4) and (5)) that have independent KR region and KV
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region. Afterward, this procedure renews the change information
of the regions to the redirection table. The splitting method in
FGKYV warrants small data volume of hit regions, which fully
utilizes the advantages of the FGC.

D. Compaction Mode Selection

Patch compaction, being adept at reducing WA, may bring
forth spatial amplification. Prematurely, patch™ compaction
and cluster compaction tend to weaken the performance of
LSpM-tree. Thus, it is of paramount importance to elect a suit-
able compaction mode for each cluster, aiming to well balance
WA, read/write performance, and spatial amplification. When a
compaction is kick-started, a compaction task is partitioned into
multiple sub-tasks, each of which (C'T;) encompasses a cluster
(C}) of Cy and a portion of KV pairs of C', pertaining to key range
of C;. Given sub-task C'T;, LSpM-tree, according to following
steps, judiciously elects a compaction mode and sets the state
sets of C'T;.

Step 1: If the Size Ratio of C; in CT; is larger than threshold
T.s, LSpM-tree sets C'T; to the cluster mode. The metadata of
all regions of C; enter hit region set R. All patches of C; are
inserted into hit patch set P. Then, Step 4 is the next move;
otherwise, the procedure goes to Step 2.

Step 2: LSpM-tree gears sub-task C'T; to the patch mode,
marking hit regions that are added into R (see Fig. 7), set P to
empty. Then, the procedure goes to Step 3.

Step 3: With R, LSpM-tree obtains the proportion of invalid
data in each patch of C;. If the ratio of invalid data exceeds
threshold Tj,., LSpM-tree fixes up C'T; to the patch™ mode,
adding this patch to P. After processing all patches, LSpM-tree
incorporates the rest regions of patches in P to R. Step 4 will
be the next move.

Step 4: The compaction mode identifier of sub-task C'T;, the
hit region set R, and the hit patch set P are determined, and
compaction procedure is ready to perform compaction based on
the above.

IV. IMPLEMENTATION DETAILS

FGKYV is implemented based on LevelDB. The extension of
RocksDB is outside our radar because RocksDB is extended with
a handful of modules and functions compared with LevelDB.
We find that most additional components in RocksDB exceed
the scope of FGC. To avoid side impacts of irrelevant contents
on FGC, we implement FGC using the concise LevelDB (see
https://github.com/AHU-TACS/FGKV). FGKV implements the
APIs of LevelDB, entailing that FGKYV is readily applied to
the other KV storage systems as an underlying engine.

FGKYV is mainly composed of a compaction advisor, a gran-
ularity manager, a merger, and a cluster manager. Each module
completes a set of operations and communicates with the other
modules to jointly realize the FGC mechanism, see Fig. 10.
The compaction advisor divides a compaction task into multiple
sub-tasks and determines the compaction mode and state sets for
each sub-task. The granularity manager sends working signals
to other modules and completes region redirection and splitting
work. The output of granularity manager is the region update set
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Fig. 10.  Overall system design of FGKV.

RU ,which will serve as the basis for generating new KV regions.
The merger module performs the actual merge-sort operations,
then it writes the sorted KV pairs to each new KV region
and assembles them into patches according to the regulations
in set RU. The cluster manager module mainly manages the
organization and storage of data in the LSpM-tree. It needs to
update the region redirection table of each cluster involved in
compaction according to set RU to ensure data consistency in a
cluster.

A. FGC Workflow in FGKV

Fig. 10 depicts the FGC workflow orchestrating 11 steps: (1)
to partition the compaction task into multiple sub-tasks; (2) to
choose an appropriate compaction mode for each sub-task; (3)
to determine the hit regions and hit patches (obtaion set R and
set P); (4) to read valid data corresponding to the hit regions
to memory; (5) to perform the merge-sort operations; (6) to
collect metadata information of sorted KV pairs; @ to redirect
sorted KV pairs to the corresponding hit regions according to
the metadata in step (6); (8) to perform the splitting operations
(obtain set RU); (9) to generate new KV regions and assemble
them into patches; (10 to organize new patches into LSpM-tree;
() to update cluster metadata and redirection tables.

Algorithm 1 displays the compaction process in FGKV. We
set an identifier for each compaction sub-task. In the patch
compaction, FGKV decides whether the proportion of invalid
data in each patch exceeds threshold 77, followed by setting
compaction identifier to patch™ (Lines 8—14). After the merge-
sort operation, the compaction procedure regulates whether to
deposit the generated patches into current clusters or to encap-
sulate the patches into new clusters according to the compaction
identifier (Lines 19-20 and 23-25). Thereafter, the hit patches
(in the patcht compaction mode) or the source cluster (in the
cluster compaction mode) is deleted in the clear-up phase (Lines
21 and 26).

B. Bloom Filter in FGKV

Typically, LSM-trees use Bloom filters to avoid I/Os when
performing point queries for tuples that do not exist. We also
integrate the Bloom filter in FGKV. A cluster contains multiple
patches. Each patch only embraces the KV pairs involved in the
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Algorithm 1: Compaction Process in FGKV.

Input: Clusters triggered compaction: C,

1 C) < GetOwverlappedLowerClusters(Cy);

2 CT «+ PartitionCompactionTasks(Cly, Cj);
3 foreach CT; € CT do

4 if SizeRatio(CT;) > T.s then

5 L SetCompactionMode(CT;, CLUSTER);
6 else
7 | SetCompactionMode(CT;, PATCH);

8 R; + MarkHitRegions(CT;);
9 if compaction_mode == PATCH then

10 foreach patch; € CT; do

1 if InvalidDataRatio(patch;) > T;, then

12 R; < SelectLeftRegions(patchy);

13 P; < patchj;

14 L SetCompactionMode(CT;, PATCHT);

15 KVs + AccessValidKV Regions(CT;, R;);

16 SortedKV's <— MergeSort(KVs);

17 KV Meta + Collect KV MetaData(SortedKV's);
18 if compaction_mode! = CLUSTER then

/% Only patch/patchT compaction performs
splitting x/
19 RU + SplitRegion(CT;, KV Meta, R;);
20 BuildPatch(CT;, SortedKV's, RU);
21 RemovePatch(CT;, P;);
22 else
23 RU < DefineNewRegions(CT;, KV Meta);
24 foreach RU; € RU do
25 | BuildCluster(SortedKV's, RU;);
26 RemoveCluster(CTy;);

27 LogAndApply;

compaction. FGKYV builds a Bloom filter for each new patch
and adds a record to the corresponding Bloom filter to indicate
whether the key exists or not when the merged key-value pairs
are written into the patch. Thus, each cluster is comprised of
multiple Bloom filters, which exist in each patch file in the
cluster.

In FGKYV, newly generated patch files in each compaction
procedure only contains the KV pairs in the hit regions, and
these KV pairs have already been accessed. Therefore, FGKV
does not read data in the non-hit regions, and the data does
not exist in new patches. Thus, FGKV directly calculates
the hash value of each key in the new patch to generate a
Bloom filter that only targets the key-value pairs participat-
ing in the merge-sort. FGKV bypasses complex filter man-
agement operations. Consequently, there is no extra memory
space cost in FGKV to merge existing filters for building
filters.

In point queries, FGKV first determines which cluster’s key
range the target key is locate at each level. Then, the region redi-
rection table in the cluster is accessed to acquire the patch that
stores the valid KV region corresponding to the target key. After
achieving the patch information, FGKYV reads the Bloom filter of
the patch. When the filter indicates that the target key may exist
in the patch, FGKV accesses the valid KV region corresponding
to the target key. Therefore, FGKV provides high random-
write throughput while also allowing for high-throughput point
queries.
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TABLE III
CHARACTERISTICS OF WORKLOADS

Workload 1
Type Feature Key Size Value Size (1 KB)
]2“8 aGdB 100% writes 16 B 1x, 2x, 4x, 8x, 16x, 64x
Workload 2 (YCSB)
Type | Feature Key Size | Value Size Count
Load 100% writes
A 50% Reads, 50% Updates
B 95% Reads, 5% Updates
C 100% Reads
D 95% Reads, 5% Inserts 16 B 4 KB 5,000,000
E 95% Range Queries,
5% Inserts
F 50% Reads,
50% Read-Modify-Writes
Workload 3
Type | Feature Key Size | Value size Count
Splc Load+A+B+C+D+E+F
RU | Load+ROUI~RIUD 6B 4KB | 35000000

V. EXPERIMENTAL ENVIRONMENT

In this section, we introduce workloads, settings, and the
alternative KV stores examined in the experiments.

Workload Conditions: We apply YCSB [39] as a workload
generator, constructing a diversity of workload conditions listed
in Table III. All the YCSB workloads follow the Zipf distribution
with a Zipfian constant of 0.99 — a default setting in YCSB.
Workload 1 randomly writes 20-GB KV pairs under different
value sizes. Workload 2 includes typical YCSB workloads -
Load, A, B, C, D, E, and F to represent different application
scenarios. Workload 3 includes two workloads (Splc and RU)
with dynamical read/write ratios. Splc used in ALDC [40]
combines all above typical YCSB workloads. In the typical
YCSB workloads except for Load, data are initially loaded; then,
workloads are replayed based on the loaded data. For example,
YCSB B performs 5,000,000 read-write-mixed operations (95%
read 5% update) on the basis of Load 20 GB (Load+B). Likely,
Splc is Load+A+B+C+D+E+F. Inspired by Splc, we configure
workload RU. After loading 20-GB data, the update operations
are executed. Then, the read ratio gradually surges to 100% from
0% with an increment of 20% in each phase, which executes
5,000,000 operations.

Alternative KV Stores: We introduce the alternative KV stores
tested in our experiments. LevelDB [11] is a baseline solution
representing the classic CGC mechanism. RocksDB [3], a KV
store extended from LevelDB, adopts the CGC mechanism.
We opt for RocksDB-6.10.2 with levelled compaction mode.
LDC [25] slices SSTable at level ¢ that sparks compaction
according to the key ranges of SSTables at level ¢ + 1. The slices
are linked to the SSTables atlevel 7 + 1. It delays the compaction
procedure until the SSTables at level 7 + 1 have sufficient num-
ber of linked slices, reducing data rewrite frequency and WA.
ALDC [40] is an advanced version of LDC, which adaptively
adjusts the number of linked slices according to read/write ratios
in workloads.

Experiment Settings: We conduct extensive experiments on
a Linux server powered by Ubuntu 16.04, Intel Core i7-
10700@2.90 GHz, a Samsung 870 EVO 500 GB SSD, a SATA-
ST500LM021 500 GB HDD, and 16 GB DRAM. In Section VI,
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in all the tested KV stores, the MemTable, SSTable, and the
maximum number of open files are § MB, 4 MB, and 1,000,
respectively. The Bloom filter is configured to 10 bits. These
parameters are also the default parameter settings in LDC and
ALDC; therefore, these settings make it possible to explore the
advantages of the two KV stores. Unlike the default parameters
in LevelDB or RocksDB, the configuration parameters of Peb-
blesDB and Wisckey have been already tuned by the developers
(see also the extended experiments articulated in Section VII).
This setup aims to achieve the optimal performance of the two
KV stores in our experiments.

The default configuration — leveling merge policy with a size
ratio of 10 — of the tested KV stores are conducive to fair
comparison in performance evaluation: this methodology offers
three compelling benefits. First, each KV store runs in the same
environment, eliminating performance gap resulting from incon-
sistent parameter configurations in tested KV stores. Second,
when the I/O pattern of workloads dynamically changes, it is
likely that the current tuning parameters fail in achieving optimal
performance of the KV store under new workloads, entailing that
the parameters ought to be tuned again. Third, the tuned param-
eters of one KV store may not be suitable or effective for other
KV stores, and experimental results may not be credible because
each KV store enjoys its own optimal tuned parameter configu-
ration. In addition, the default parameters deployed in tested KV
stores is a viable method to assess the performance of tested KV
stores in a large body of works [17], [23], [25], [33], [40], [41],
[42]. Therefore, applying the default configuration of the tested
KV stores in this study is reasonable and justified. In addition,
we use 8-MB block_cache in memory in the experiment. We set
the data capacity at levels 0 and 1 to 10 MB. Afterward, the data
size atlevel 7 + 11is 10 times that of level 7 (z > 1). We configure
20 GB and 100 GB KV pairs in workloads. In FGKYV, the size of
an initial KV region is 4 KB. The KV region size dynamically
changes as the compaction is in full swing. To obtain accurate
WA, we turned off the compression function in all the KV
stores.

VI. PERFORMANCE EVALUATION

In this section, we present the performance of the evaluated
KV stores in terms of write performance and WA under random-
write and mixed read/write workloads. We conduct experiments
more than five times on write throughput and write amplification,
and three or more in the extended experiments. The average
values of these measures are reported as experimental results.
Error bars in the figures represent error ranges of the empirical
results. The notation ‘error ranges’ is the minimum/maximum
measure.

A. Performance Under Various Value Sizes

Fig. 11 unveils the random-write throughput and WA mea-
sures of the KV stores under Workload 1. The size of a key
(16 B) is smaller than that of a value. Thus, value size, by
default, is considered the KV-pair size. The results demonstrate

Authorized licensed use limited to: Auburn University. Downloaded on April 09,2024 at 20:10:21 UTC from IEEE Xplore. Restrictions apply.



3788

25 LevelDB
RocksDB|
. Loc
¥ 20 H=ALoc 8
1] FGKV ]
= I u 3
~ £ m £
=15F f H 5 n H =
3 i . 1l H u £ 0
o (] H u " H H
< u 1l w H © u
10 - B H = H H o = H
= ] H " u = = ] o
o u H u u H = u .
2 [l H ] Il H " n
< [ H ] H 0 = ] H
= 5 e u H o H > u
u H l H H u -
u H u H H u H
u H " ] H u H
0 L H l = H u 2

1K
(a) Write throughput

@

2KB 4K

w

8KB 16KB 64KB 1KB 2KB 4KB 8
(b) WA

x
@

16KB 64KB

Fig. 11.  Impact of different value sizes.

that when value size is large, FGKV has a clear edge over the
other KV stores in terms of random write throughput and WA.

Random Write Throughput: FGKV improves the random-
write throughput as the value size is enlarged, see Fig. 11(a).
We use error bars to show error ranges of the write throughput.
Given a small value size (e.g., 1 KB), the write throughput of
FGKV is 71.6%, 4.2%, and 4.3% higher than those of LevelDB,
RocksDB, and LDC, respectively, but FGKV’s throughput is
15.5% lower than ALDC. The write throughput of FGKYV is
greatly optimized as value size raises. When the value size leaps
to 4 KB, FGKYV delivers the highest write throughput compared
against the other KV stores. With the 16 KB value size, FGKV
revamps random write throughput by 121% and 22.2% com-
pared with LevelDB and ALDC, respectively. This is because
FGKY only reads/rewrites data of hit regions. The results plotted
in Fig. 11 validate our analysis articulated in Section II-B. A
large value size lowers the proportion of hit regions in FGKYV,
thereby cutting back on the amount of compaction data. FGKV
is a guaranteed winner in terms of write performance under
workloads with large-size KV pairs. The CGC (e.g., Level DB
and RocksDB) selects the same amount of compaction data re-
gardless of the K'V-pair size; therefore, the size of KV pairs rarely
affects the performance of CGC. When it comes to LDC and
ALDC, the number of linked slices largely impacts the amount of
compaction data, but the KV pair size rarely affects the number
of linked slices. LDC and ALDC share a similar random-write
performance.

Write Amplification (WA): Fig. 11(b) shows the WA of the
five KV stores under Workload 1. LDC utilizes the link-merge
operation to achieve an ideal compaction data ratio in LSM-tree,
implying that the ratio of data at levels ¢ and 7 + 1 involved
in compaction is 1:1. ALDC lifts the number of linked slices
under write-intensive workloads, where the ratio of two-level
data can reach 1.2:1. Thus, ALDC obtains the lowest WA.
LDC and ALDC, in contrast, are implemented using the lazy
compaction mechanism - a solution that manage data updatesin a
non-real-time fashion. The disadvantage is that the point look-up
operations require multiple reads to grab the target value. FGKV,
on the other hand, achieves real-time updates as well as reduces
WA. The point look-up operation merely accesses the latest KV
region to get the target value (see Section VI-B). FGKV has
a higher read performance than LDC and ALDC; thus, it is
acceptable that the WA of FGKYV is not on par with LDC/ALDC
in case of small value size.
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The average hit region ratio of FGKV declines as the value
size climbs, reducing the amount of compaction data. When the
value size is 1 KB, the WA of FGKV and ALDC is 33.1% and
54.3% lower than that of LevelDB, respectively. With 4 KB
value size, the WA of FGKV and ALDC reduces by 47.6% and
52.8%. FGKV not only achieves near ideal compaction data
ratio (1:1) but also exhibits a higher random-write throughput
than ALDC. We conclude that the LSpM-tree and cluster-based
FGC mechanism has a performance edge over the link-merge
mechanism in ALDC.

B. Performance Under YCSB

In this section, we study the throughput of KV stores under
Workload 2 (see Table III).

Among all the five tested KV stores, FGKV has the high-
est throughput under write-intensive workloads (e.g., Load,
A, and F), see Fig. 12(a). Under YCSB A, FGKV improves
the throughput by 106%, 79.5%, 40.7%, and 26.9% compared
with LevelDB, RocksDB, LDC, and ALDC, respectively. Under
the read-intensive workloads (e.g., B and D), FGKV keeps
its dominance with a performance improvement of 30% com-
pared with LevelDB. Under workload C, the throughput of
FGKV achieves 122%, 51.3%, 96.6%, and 368% improve-
ment over LevelDB, RocksDB, LDC, and ALDC, respectively.
The reason is three-fold. First, FGKV integrates all region
information of a cluster in a redirection table, which im-
proves data access efficiency. Second, FGKV quickly locates
the valid KV regions requested by point look-ups, and ac-
cesses KV pairs in this KV region. Third, The cluster size is
usually larger than the standard SSTable size, suggesting that
the frequency of invoking compaction is low under the read-
write-mixed workloads. Thus, FGKV achieves an optimized
performance.

Notably, the performance of ALDC is poor under YCSB B, C,
and D because these workloads perform a plethora of write oper-
ations followed a high read ratio, which makes ALDC unable to
adjust the number of linked slices in real-time. ALDC pushes up
performance under workloads with a frequent change of read-
write ratios. Thus, a single read-write-ratio workload cannot
confirm the advantages of ALDC. In Section VI-C, we dive
into the performance evaluation of KV stores under workloads
with frequently changing read-write ratios. The results plotted
in Fig. 12(a) unveil that for workload E, FGKV minimizes WA
while improving write performance and maintaining a high-level
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Fig. 13.  Performance under workloads with changing read-write ratios.

range query performance. Fig. 12(b) reveals the average CPU
cost of KV stores under Workload 2, where FGKV has lower
CPU cost than the other KV stores. FGKV curbs CPU costs of
LevelDB, RocksDB, LDC, and ALDC by up to 20%, 14.4%,
13.1%, and 16.5%, respectively.

C. Dynamically Changing Read-Write Ratios

We delve in the performance of the KV stores under workloads
with read-write ratios that are frequently changing. In a prior
work [40], workload Splc (see Table III) is a set of workloads
reflecting dynamic changes of read-write ratios. We employ
this workload to validate the adaptive adjustment approach of
ALDC, aiming to study the dynamic performance of the KV
stores.

In Fig. 13(a), under workload Splc, the read ratio varies with
a pattern 0%-50%-95%-100%-95% (Load-A-B-C-D). ALDC
achieves a high performance in these phases owing to ALDC’s
adaptive adjustment of the linked slices, improving the perfor-
mance by an average of 15% compared with the non-adaptive
counterpart - LDC. Likewise, FGKV maintains high throughput
performance under workload Splc while achieving the highest
throughput in the first five phases. Compared with ALDC in the
first five phases, FGKV boosts the throughput by 9.6%, 24.9%,
13.2%, 18.4%, and 86.5%, respectively. In phase E and F, FGKV
improves the performance of LevelDB by 4.0% and 4.3%.

Fig. 13(b) shows the performance of the five KV stores under
workload RU. It can be seen that ALDC gains a high perfor-
mance because its adaptive adjustment mechanism dynamically
varies the number of linked slices with read/write ratio. FGKV
takes the lead in the performance competition amid all the phases
owing to the LSpM-tree organization accompanied by the three
compaction modes. We find that FGK'V enhances the throughput
of LevelDB, RocksDB, LDC, and ALDC by an average of 113%,
40.5%, 27.4%, and 9.6%, respectively. We confirm that FGKV
achieves high performance under workloads with dynamically
changing read-write ratios.

D. Latency

In this section, we evaluate the average latency and tail la-
tency of the five KV stores under the widely used workload -
YCSB A. Fig. 14 illustrates that LDC and ALDC are capable
of lowering latency. This is because SSTables are sliced along
with compaction handled in a low-level driven manner, which
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shrinks the granularity of compaction, leading to low average
latency and tail latency.

The average latency and the tail latency in all the cases - P90,
P95, and P99 - of FGKYV are lower than those of the other four
KV stores. For example, FGKV shortens the average latency of
ALDC by 36.8% while reducing the tail latency of ALDC in P90,
P95, P99 by 30.1%, 12.9% and 73.1%, respectively. The reasons
behind the improvement offered by FGKV are three-fold. First,
FGKV’s fine-grained compaction mechanism curbs the amount
of compaction data. Second, the cluster compaction mode averts
large-size clusters. Meanwhile, the splitting method slashes data
volume in hit regions. Third, the redirection table enables FGKV
to obtain the location of a valid KV region in memory, thereby
only requesting one disk I/O to get the target KV pair. Thus,
FGKYV obviously slashes the tail latency under mixed read/write
workloads.

E. Long-Range Queries Performance

In Section VI-B, we employ YCSB-E (95% scan, 5% insert) to
explore the KV store performance. The scan operation initially
seeks a key, followed by randomly performing 1-100 Next()
operations. In this test, we gauge the performance of KV stores
under workloads with long-range queries. We use db_bench
to first load 20-GB data with 4-KB key-value pair, then scan
20-GB. The scan operation seeks a random key first and then
executes 1,000 Next() operations. A scan operation accesses
approximately 1,000 disk blocks under this workload. The tested
results are plotted in Fig. 15.

Fig. 15 reveals that LevelDB has the highest (155.4 ops/sec)
throughput, and FGKYV is a runner-up with a throughput of 129
ops/sec. FGKV has a 17% lower long-range-query throughput
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on HDD.

Impacts of different value sizes on random write performance based

than LevelDB but FGKYV has a throughput edge over RocksDB,
LDC, and ALDC by 16.2%, 10.6%, and 115.0%, respectively.
In FGKYV, the patch compaction scatters KV regions across
multiple patches; therefore, in polygons will have some impacts
on the performance of long-range queries, but the magnitude of
the impact is insignificant. Because the two KV pairs physically
adjacent in an SSTable may not be neighbor in the logical global
key orders. In the tested KV stores, the scan operation needs to
perform a Next() operation on the iterator at each level to obtain
the smallest key, so the non-adjacent blocks in FGKV do not
have as much impact on long range queries as expected. We
observe that RocksDB performs an excessive number of disk
I/Os and comparison operations of keys during a long-range
query. The capacity of a cluster in FGKV is larger than that
of an SSTable in RocksDB, eliminating a lot of disk I/Os to
read metadata. Besides, the number of SSTables at Level O of
RocksDB is more than that of FGKYV, which leads to more
comparisons in RocksDB. Therefore, FGKV has an edge in
terms of long-range query performance over RocksDB. LDC
and ALDC perform Next() operations on each linked slice; in
contrast, FGKV simply reads the region, including the latest data
once, according to the redirection table. Thus, FGKV maintains
its advantage over the two KV stores in the context of long-range
queries.

F. HDD-Based Random Write Performance

HDDs are widely deployed as storage devices for KV stores
under write-intensive workloads Workload 1. Thus, we study
the random-write performance of FGKV running on HDDs.
Fig. 16(a) and (b) show the throughput and WA of the five KV
stores. The random-write throughput of FGKV is much higher
than those of LevelDB and RocksDB. The WA measures of
LevelDB, RocksDB, LDC, and FGKV under HDDs share the
similar trend to that under SSDs.

Notably, the random-write throughput of ALDC drops sharply
as value size increases. The reason is that the compaction band-
width is reduced in low-speed storage devices. ALDC lowers the
number of linked slices, which frequently triggers compaction,
thereby increasing the amount of rewritten data and impairing
write throughput. Similarly, Fig. 16(b) reveals that a large value
size gives rise to the increasing WA of ALDC. In contrast, the
compaction data size of FGKV is determined by the workload
characteristics. The proportion of hit regions under the same
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workload is basically unchanged, so the compaction data size is
not nudged - a high robustness featured by FGKV.

VII. EXTENDED EXPERIMENTS

We study the impacts of critical parameters in FGKV on the
system performance. The findings obtained from the extended
experiments enable users to elect optimal parameter values to
find tune performance in various workloads.

A. Impact of Splitting Method

Section III-C4 demonstrates the splitting method of FGKV
affects compaction data size. We study the performance of non-
splitting FGKYV driven by a 20-GB random-write workload with
4-KB value size. Non-splitting-FGKV denotes FGKV’s variant
in which the splitting method is disabled.

In Fig. 17(a), compared with non-splitting-FGKV, FGKV
cuts back on WA by 21.7% while boosting the random-write
throughput from 18.08 MB/s to 19.23 MB/s. Because data in a
KV region is contiguous, the latency to sequentially access to
both small- and large-size KV regions is similar. Thus, FGKV
presents a higher degree of WA decrement than that of write
throughput increment. A lower WA can significantly extend
device lifetime. Thus, the findings prove that the splitting method
plays a critical role in FGKV.

B. Impact of Patch™ Compaction

Recall that we design the patch™ compaction in FGKV for
an early active garbage collection, which suppresses space
consumption of FGKV and the footprint cost of the cluster
management. We study the impact of patch™ compaction on the
performance as follows. Fig. 17(b) shows the space consumption
of KV stores under 20-GB random-write workloads with 1- and
4-KB values.

It is noteworthy that FGKV is equipped with the patch™
compaction mode, whereas FGKV- denotes a variant of FGKV
where the patch™ compaction mode is turned off. With a 1-KB
value, FGKV conserves space consumption by 59% compared
with FGKV-. FGKYV has a 10% higher space consumption than
LevelDB and RocksDB, but FGKV saves ALDC’s space con-
sumption by 5%. The patch™ compaction removes patches with
a high proportion of invalid data, achieving a high proportion
of valid KV regions in each patch. In Section VII-C, we study
the threshold of the proportion of invalid data 7;, in FGKV.
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Given a 4-KB value, FGKYV saves space consumption by 16.8%
compared with FGKV-, which has a lower reduction degree
than that of 1 KB. This is because a small value size leads to a
large proportion of hit regions, which easily sparks the patch™
compaction.

C. Impact of Invalid Data Ratio Threshold (T};)

Threshold T, affects the frequency of patch™ compaction
in FGKV. It is evident from Section VII-B that 1-KB value as
a more obvious impact on patch™ compaction compared with
4-KB value. To clearly illustrate the impact of T}, on FGKV, we
apply a 20-GB random-write workload with 1-KB value size in
a test.

We observe four phenomena from Fig. 18. First, the space
consumption goes up with an increasing 7;,.. Second, the rewrit-
ten data volume declines. Third, the write throughput increases.
Forth, the read throughput slightly drops. This is because a large
T, suppresses the frequency of patch™ compaction. Thus, the
average number of patches in a cluster hikes, and the proportion
of invalid data in each patch becomes high. A portion of invalid
data cannot be reclaimed in real-time, causing a large space
consumption, see Fig. 18(a). The patch™ compaction selects
the remaining valid data in hit patches, even though there are
non-hit regions. The patch™ compaction slightly enlarges com-
paction data volume compared with the patch compaction. With
a large Tj,., patches have more invalid KV regions reducing the
frequency of patch™ compaction. Meanwhile, a high-efficient
garbage collection is made by the virtue of switching patch
compaction to patch™ compaction. A large T}, threshold reduces
compaction data and achieves higher random write throughput.
In each cluster, valid data is distributed across multiple patches;
therefore, a large number of Get operations in a cluster must
access multiple patches, impacting read performance. Fig. 18(b)
reveals that an increasing 73, marginally decreases the read
throughput of FGKV.

By and large, optimal threshold T;, depends on multiple
factors. This threshold should be adjusted to meet application
requirements. A large T;, should be set under the requirement
of high-random-write throughput and low WA in applications.
In case of limited storage space or a stable read performance is
required, we can set up a low T5,..
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D. Impact of Cluster Size Threshold (T.s)

To study the impact of 7., on FGKYV, we employ a workload
with write-random 20-GB data volume and 4-KB value size.
As shown in Fig. 19, the random-write throughput of FGKV in-
creases and then decreases as 7., goes up, while the data volume
to be rewritten presents the converse trend. Recall that 7 s deter-
mines the frequency of the cluster compaction (Section III-C). A
large T implies that a cluster performs multiple patch/patch™
compactions before the cluster compaction, thereby reducing
compaction data. However, an oversized cluster invoking com-
paction leads to an increasing amount of compaction data, which
inflates WA. Thus, Fig. 19 shows that FGKYV achieves the highest
throughput as well as the smallest rewritten data volume when
T, reaches 12. Subsequently, increasing 1. degrades the write
performance of FGKV. When it comes to the point look-ups
performance, FGKV attains the latest location of valid KV
regions via the region redirection table and; then, the target KV
pair is accessed. Therefore, the cluster size has little impact on
the point look-up performance.

E. Comparing With PebblesDB and WiscKey

In modern big-data environments, frequent range query op-
erations are performed on databases for data analysis, where
the performance of scan operations is paramount and critical.
Therefore, KV stores are expected to maintain high perfor-
mance under a large number of range query operations. For this
reason, we compare FGKV with two leading-edge KV stores,
WiscKey [21] and PebblesDB [17], under random-write and
range-query workloads. We make use of db_bench to randomly
construct 5,000,000 write operations followed by performing
5,000,000 scan or mixed write-scan operations (50%-50% and
10%-90%). The KV pair size is 4 KB and the scan length is
1,000. Fig. 20(a) and (b) show the performance of the three KV
stores under a 100% random write and 100% scan workloads,
respectively. Fig. 20(c) sketches the throughput of the KV stores
under the mixed write-scan ratios of 50%-50% and 10%-90%,
respectively.

WiscKey deploys a key-value separation strategy, where only
merge-sort operations are performed on keys in compaction.
Thus, WiscKey has the highest performance under a random
write workload compared to the other two without key-value
separation; however, it achieves the lowest throughput under
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Performance of KV stores with compression module under 100-GB

workloads including scan operations. FGKV boosts the through-
put of PebblesDB and WiscKey by a factor of 2.3 and 7.6 under
a mixed workload of 50% random write and 50% range query.
FGKY optimizes the throughput of PebblesDB and WiscKey by
a factor of 3.0 and 8.2 when the scan ratio is raised to 50%. The
experimental results confirm that FGKV gains a good write/scan
balance while enhancing write performance; thus, FGKV is an
ideal choice under mixed write/scan workloads.

F. Impact of Large-Size Dataset and Compression

In this section, we make use of the fillrandom in db_bench
to generate a 100-GB dataset, where encompasses 25,000,000
4-KB-sized KV pairs. We issue a total of 25,000,000 readrandom
operations. We set the compression ratio to 0.5. Fig. 21(a)
sketches the throughput and WA of KV stores with compression
disabled. We evaluate the performance of FGKV when the
snappy compression is enabled under fillrandom in db_bench,
see Fig. 21(b). The bars in the figures represent the throughput,
and the lines capture the WA.

Large-Size Data Volume: The 100-GB data, in this test, cov-
ers levels 0-5 in the LSM-tree. Fig. 21(a) shows that FGKV
exhibits an advantage over the other KV stores in terms of
random write/read performance. For instance, the random write
performance of FGKV is 142.0%, 131.0%, 69.4%, and 44.0%
higher than those of LevelDB, RocksDB, LDC, and ALDC,
respectively. FGKV’s random read throughput is 44%, 27.8%,
190.0%, and 198.0% higher than those of LevelDB, RocksDB,
LDC, and ALDC, respectively. Meanwhile, the WA of FGKYV,
being 8.3, is the lowest among its peers: FGKV’s WA measure is
51.5%, 50.0%, 6.3%, and 12.7% smaller than those of Level DB,
RocksDB, LDC, and ALDC, respectively. Interestingly, ALDC
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performs compaction more frequently under the workloads with
high read ratios; thus, ALDC has higher WA than LDC under
this workload.

Compression Module: The compression module is often used
in modern KV stores to reduce the data volume written to disks
and curb WA. Notably, the compression module works out of
the box with FGKV. The snappy compression module has been
integrated into LevelDB and RocksDB with the compression-
module option to be turned on or off. In Level DB, RocksDB, and
FGKY, the snappy compression module compresses data blocks
governed by the compression algorithm. The compression pro-
cedure is invoked after a data block is originated; therefore, the
compression does not affect the compaction procedure. We turn
on the snappy compression and set the compression ratio to 0.5.
Fig. 21(b) reveals that compression-enabled FGKV outperforms
the other KV stores. After switching on the compression option,
FGKYV still maintains the highest performance among its peer
KV stores. We reckon that turning on compression has little
impact on the performance comparison of the KV stores; mean-
while, this strategy just cuts back the amount of data that the
system eventually writes to disk.

VIII. DISCUSSION

Crash Consistency: The FGKV system, in case of a crash,
recovers failures with a fresh restart. FGKV is derived from
LevelDB - a well designed system with a recovery mecha-
nism. To recover the system, we extend the original recover
mechanism using the following two operations in FGKV: (1)
associating each cluster with its patches and (2) rebuilding the
region redirection table for each cluster. In the first operation,
FGKY records new and deleted patch numbers of an associated
cluster in the Manifest after each compaction. In the latter one,
FGKYV associates the maximum keys of the hit regions in each
sub-compaction task with the newest patch number and the
KV region offset; meanwhile, <key, patch number, KV region
offset> is registered in Manifest. Thus, when the system restarts,
FGKYV traverses Manifest to apply the update information of the
current version, thereby recovering the crash.

Memory Overhead: The patch compaction causes invalid data
to remain on disks, so the problem of space amplification is not
a surprise. The patch™ compaction early gives rise to garbage
collection, achieving the proportion of valid data in patches. In
the experiment, we reckon that space consumption of FGKV
is around 10% larger than LevelDB and RocksDB, but FGKV
mostly improves the performance of KV stores in terms of write
throughput and WA.

A region redirection table in FGKV registers the location of
valid data in each region; thus, each region needs a redirection
entry. The format of one entry in the region redirection table
is <key><patch number><KYV region offset>. We set the key
size and the patch number to 16 B and 1 B. Notably, one byte
represents up to 256 patches, which is sufficient for a cluster.
The KV region offset is 8 Bytes. If there are D Bytes data being
inserted into FGKYV, the initial region size will be configured
to R Bytes. The space occupied by one redirection entry is
25 Bytes, and the memory overhead of the region redirection

Authorized licensed use limited to: Auburn University. Downloaded on April 09,2024 at 20:10:21 UTC from IEEE Xplore. Restrictions apply.



SUN et al.: IMPROVING LSM-TREE BASED KEY-VALUE STORES WITH FINE-GRAINED COMPACTION MECHANISM

TABLE IV
MEMORY OVERHEAD OF REDIRECTION TABLES

[ Data volume [10GB [20GB [ 30GB [ 40GB | 50GB |
[ Memory overhead | 74 MB | 136 MB | 172 MB | 183 MB | 191 MB |

table is measured as (% x 25) Bytes. The region redirection
table of FGKV in each cluster is stored on disk instead of
main memory. To mitigate memory overhead, the redirection
tables are loaded to memory when clusters are accessed. To
ensure read performance, we use the LRU algorithm to keep
the most recently accessed redirection tables in main memory,
where there are redirection tables for 1,000 clusters being stored
simultaneously.

We also conducted experiments to study the memory space oc-
cupied by the redirected tables in FGKV. We use the fillrandom
of db_bench randomly write 10 GB, 20 GB, 30 GB, 40 GB, and
50 GB data, and the KV pair size is 4 KB: the space occupied by
the redirection table has little to do with the KV pair size because
it only depends on the number of regions contained in each
cluster. The initial cluster size and region size are set to § MB
and 4 KB. The test results are listed as Table IV. After running
FGKYV for a period of time, we observe that the average size of
valid data in a cluster is approximately 20 MB. Given 4 KB re-
gions, a cluster requires around 5,200 region redirection entries,
which cost around 200 KB of main memory. If the redirection
table in memory reaches 1,000, the memory overhead becomes
200 MB which is smaller than the 16-GB memory in our tested
platform.

Comparison With B-Tree: The write amplification of LSM-
tree is gauged as O(T x L), where T' and L are the ratio of
data volume size between two adjacent levels and the number
of levels. Regardless of the changing size ratio, the compaction
procedure of FGKV only elects data in KV regions that ought
to be updated. When the number of levels in the LSpM-tree is
L, the write amplification is capped at O(L). As the size of key-
value pairs expands, B-tree lowers write amplification compared
with LSM-tree. However, the in-place update mode in B-tree
leads to numerous random-write operations, downgrading write
throughput [21], [24], [27], [28], [29]. B-tree is primarily appli-
cable to applications with small batches of random reads along
with update data. In addition, B-tree’s insertion and deletion
operations are complex, making it crucial to careful consider
tree balancing.

Various applications store and manage large-scale data in
cloud computing environments, where write/read throughput is
one of the critical performance metrics for storage engines. In
this context, LSM-tree is superior to B-tree by virtue of con-
verting random writes into sequential ones. LSM-tree becomes
a mainstream data structure in KV store systems. Moreover,
the valid data of B-tree are all stored in leaf nodes, and the
increment of the leaf nodes is linearly related to B-tree size.
When data volume becomes large, it is unlikely to write multiple
synchronized requests to a single leaf node with an increasing
number of leaf nodes. Thus, write operations issued to external
storage devices (SSD or HDD) become more discrete — affecting
system performance. B-tree structure brings out a large number
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of random I/Os, whereas LSpM-tree with the sequential-write
mode renders high-throughput capacity in HDDs thanks to be-
cause performance speedup of sequential writes over random
ones. Even though SSD bolsters the performance of B-tree, the
in-place update mode of B-tree inevitably causes the coexistence
of numerous invalid and valid pages in one physical block,
leading to hefty garbage collection and wear-leveling [43],
[44].

In contrast, LSM-tree and LSpM-tree eliminate in-place up-
dates on SSDs, and append writes enable LSM-tree and LSpM-
tree to curtail the overhead of garbage collection inside an SSD,
in which erasure count and WA are lowered [43], [44], [45].
Thus, LSM-tree or LSpM-tree is proved to be a better choice for
SSDs than B-tree.

IX. RELATED WORK

Tiering Compaction Policy: An important way to reduce
WA is to adopt a tiering compaction policy, which reduces the
frequency of compaction by allowing multiple sorted runs to
exist in one level. Inspired by skip-list [46], PebblesDB [17]
adopts a partitioned tiering design with vertical grouping [2].
It introduces the guard, and groups SSTables according to key
ranges. The SSTables in the same guard can have overlapping
key ranges, thereby reducing the the frequency of merge and
WA. LSpM-tree in FGKYV uses the leveling compaction policy. A
whole group is merged in the vertical grouping scheme, whereas
LSpM-tree orchestrates three granularities — region, patch, and
cluster — in the merge operation. Thus, LSpM-tree offers a good
trade-off in terms of WA, space amplification and the amount
of compacted data compare with vertical grouping scheme in
tiering compaction policy. In the vertical grouping scheme, each
group organizes multiple files logically. KV pairs in an SSTable
of a group are internally ordered; however, KV pairs remain
unordered within the group. A point lookup operation in a group
should access each SSTable continually until the targeted KV
pair is obtained. However each cluster in the LSpM-tree is a
logically single file and internally sorted. The region redirection
table ensures that required data are accessed at most once in a
cluster rather than look up each patch file as designed in vertical
grouping scheme. Therefore, the cluster outperforms the group
in terms of access performance and efficiency. In addition, some
recent works [27], [47], [48], [49] also adopt tiering compaction
policy to achieve better write performance.

Key-Value Separation: The key-value separation mechanism
is a prominent way of mitigating WA. WiscKey [21] stores
only keys and pointers of values in LSM-tree, and merge-sort
operations are performed on keys rather than moving values
amid compaction: WA is significantly reduced. HashKV [22]
uses hash-based data grouping to optimize key-value separa-
tion, thereby boosting read performance. Atlas [38] applies a
key-value separation mechanism in cloud storage. Keys and
metadata in LSM-tree are separately stored, keeping data and
implementing low-redundancy fault tolerance through erasure
code encoding. With the key-value separation mechanism, how-
ever, KV pairs are non-sequentially stored on disks, immensely
improving the write performance and reducing read performance
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such as range queries. Meanwhile, KV stores with the key-value
separation should incorporate garbage collection to conserve
space consumption.

Compaction Granularity: The compaction granularity was
also studied in VT-tree [24] and Spooky [50]. We present the
discrepancies between FGKV and the two KV stores.

First, VT-tree performs fine-grained compaction, but its com-
paction granularity is merely at the block level. FGKV elects
an appropriate compaction granularity among the region, patch,
and cluster, delivering a good trade-off among WA, space am-
plification, and garbage collection overhead. Second, VT-tree’s
stitching technology leads to complex Quotient filter manage-
ment. However, FGKYV directly calculates the hash value of each
key in the new patch to construct a Bloom filter that targets
the KV pairs participating in merge-sort. FGKV bypasses the
complex Bloom-filter management as devised in VT-tree. Third,
VT-tree merely employs the key-range overlap among blocks
as a criterion to select data in merge-sort, which is likely to
incorrectly elect some blocks and spark the superfluous sorting,
causing extra I/Os. FGKYV elects blocks involved in merge-sort
based on the key of each KV pair in compaction, reducing data
amount compared with VT-tree. Fourth, VT-tree frequently con-
ducts rewriting fragments to reclaim garbage data and; thus, the
foreground write throughput under update-intensive workloads
is downgraded. FGKV simultaneously undertakes garbage col-
lection and compaction. In addition, VT-tree’s large-scale data
causes high memory overhead because of secondary indexes
existing in memory. FGKYV simply stores the redirection tables
that are most frequently accessed into memory, so the footprint
is relatively small.

Previous research [45] has proposed a hybrid-merge strategy,
in which full merge and partial merge are alternately conducted
according to the amount of data in the two-adjacent layers to
attain high compaction performance. Spooky also features the
full- and partial-merge compaction modes. The partial merge
may lead to WA because the key range of compacted SSTables
does not perfectly match. Spooky divides data at the lowest
level evenly into several files, the key boundaries of which are
used to partition the upper-level files. Then, Spooky performs
a full merge at the upper levels, and one file is merged at a
time at lower levels. Nevertheless, there exist a handful of open
issues. At the lowest level, even though the key ranges of these
compacted SSTables have a perfect match, the file sizes at two
adjacent levels are inequal because data volume at level ¢ + 1 is
k times that of level 7. There will still be non-hit blocks within
the files involved in compaction, thereby incurring WA. FGKYV,
however, employs region for data selection granularity within
clusters: fewer regions that need to be updated in lower-level
clusters participate in compaction, cutting back the WA caused
by non-hit blocks in the Spooky case. FGKV has the advantage
over Spooky thanks to FGKV’s fine-grained compacted data
selection strategy offering lower WA, and FGKV embraces the
optimization methods to further gain the performance edge over
Spooky.

Filter Optimization: Bloom filters bolster the read perfor-
mance of LSM-tree, and a large body of prior studies improve
the query performance of KV stores through optimizing Bloom
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filters. For example, Monkey [51] unfolds thatitis notreasonable
to allocate memory space for Bloom filters at each level using
the same bits per key. Because there are an amount of data at
the lower levels of the LSM-tree, most memory is occupied for
the Bloom filters while saving a limited number of disk I/Os.
Monkey allocates customized memory sizes for the Bloom filter
at multiple levels, thereby achieving the lowest false positive rate
and improving query performance. In ElasticBF [28], smaller
Bloom filters are created for each SSTable, and the number of
Bloom filters loaded into memory can be dynamically adjusted
according to the access popularity of each SSTable, thereby
achieving better point-query performance. Range filters such
as SuRF [52] and Rosetta [53] were proposed to enhance range
queries by filtering out tables that do not contain any keys in the
requested range. SimDB [54] uses multiple levels of Cuckoo
filters [55] to optimize the performance of tiering merge policy.
Chucky [56] adopts Cuckoo filters, reducing filtering memory
I/Os with a low false rate.

Notably, there exist the other methods to balance WA, read
performance, and space amplification in LSM-tree.

For instance, Nova-LSM [31] separates storage from process-
ing and employs a divide-and-conquer approach to divide the key
range. Then, Nova-LSM focuses on data transmission, allocating
data to different nodes, and optimizing compaction at level 0. In
contrast, FGKV aims to revamp the compaction performance;
meanwhile, we design three compaction methods to select three-
granularity data in clusters to be involved in compaction, thereby
reducing WA. GearDB [57] proposes a novel gear compaction
algorithm and a new on-disk data layout to achieve both good
performance and high space utilization. SkipStore [58] employs
skip-tree, which slashes the number of data rewrites by allowing
KV pairs to skip several components and storing the KV pairs
in a target level. SifrDB [27], applying the split forest model,
inherits the advantages of the forest model (e.g., Cassandra [8]),
lowering the WA measures. SifrDB also adopts a parallel search
algorithm to enhance read performance. LSM-trie [36] uses a
prefix tree to organize keys and allows overlapping key ranges
in a partition to cut back on WA. TRIAD [42] reduces WA by
separating hot and cold data while deferring compaction at the
memory, disk, and log levels, respectively. The design primitives
of compaction strategies are classified into four categories [59],
namely, (1) the compaction trigger, (2) the data layout, (3)
the compaction granularity, and (4) the data movement policy.
The extensive experiments were performed to analyze multiple
compaction strategies in the prior studies, and the experimental
results illustrate how the LSM system navigates the compaction
design space.

A handful of studies [51], [60], [61] validated that tunning
parameters in RocksDB boost system performance. In contrast,
the focal point of FGKV is on optimizing compacted data
selection and compaction granularity rather than relying on a
parameter tuning method. The parameter tuning method, which
bolsters the performance of KV stores such as LevelDB and
RocksDB, overlooks performance bottlenecks and design issues
inside KV stores. The bottlenecks are alleviated by well-crafted
data structures, data selection algorithms in compaction [2],
[501, [59], [62]. To address this technological gap, our proposed
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FGKYV - focusing on compacted data selection algorithms and
data structures for compaction — is an integral technique that
cannot be replaced by parameter tuning methods. Our optimized
approach in FGKYV is complementary and orthogonal to the pa-
rameter tuning methods, and both FGKV and parameter tuning
have potential to revamp system performance.

X. CONCLUSION

The compaction procedure, implemented in traditional LSM-
Tree based Key-Value stores, reads data in a coarse-grained data
selection fashion (SSTable). This technique that is referred to
as coarse-grained compaction, which leads to high WA, low
throughput, and long tail latency. To tackle the problems of the
coarse-grained compaction, we designed a fine-grained com-
paction mechanism, in which only updated data are processed
by merge-sort operations, averting a large number of irrelevant
data to be rewritten in storage devices. We devised a novel data
organization (LSpM-tree) to favor the fine-grained compaction
mechanism, ensuring prominent random read performance and
low WA measures. We implemented the fine-grained com-
paction mechanism-based KV store - FGKV. The results unveil
that FGKV reduces WAs, improves read/write performance,
and cuts down long tail latency. In addition, FGKV is readily
extended to the other LSM-tree based KV stores to serve as
a versatile solution for applications in Big Data and cloud
computing systems.
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