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Abstract

LSM-tree-based key-value (KV) stores mainly employ
sorting-based operations (e.g., flush and compaction) to man-
age the KV pairs on disk. Through analysis and experiments
with RocksDB, we identify that the sorting operations cause
critical issues of operation coupling, including intertwined
resource consumption within an operation, interdependencies
and contention among operations. These coupling problems
lead to dependency in resource usage and are particularly
exacerbated on hybrid storage devices, causing significant
resource fragmentation and increased write stalls. Existing
approaches to mitigating write stalls rely on either fixed dif-
ferentiated data management or superficial scheduling of data
sorting operations, but they fail to fundamentally address the
resource usage dependency caused by operation coupling.

In this paper, we propose DecouKV, designed to allevi-
ate resource usage dependency and enhance resource utiliza-
tion on hybrid storage devices through operation decoupling.
Specifically, DecouKV decouples data sorting operations into
CPU-intensive index merge tasks and I/O-intensive data ap-
pend and data flush tasks by separating indexes from data files,
managing indexes with a mergeable skip list-based structure
and managing data with append-only files. Furthermore, we
propose an elastic scheme for tuning level capacity and intro-
duce a parameterized queue-based task scheduling strategy to
maximize resource utilization. We implement DecouKV and
conduct experimental evaluations. Compared to RocksDB, as
well as state-of-the-art systems such as MatrixKV, PrismDB,
SplitDB and ADOC, DecouKV improves CPU utilization
by 25.4%-32.3%, increases throughput by 2.3-4.9x, and
reduces tail latency by 74.3%—-91.4% under write-intensive
workloads. DecouKV also achieves a modest throughput
improvement of 1.2-2.3x under read-intensive workloads.

1 Introduction

Key-value (KV) stores manage data in the form of KV pairs,
enabling fast lookup, insertion, and deletion operations. As
a result, KV stores are widely used in distributed systems
[1,23], graph storage systems [5,18,31,51], and OLTP/OLAP
databases [3, 7,9, 15, 19, 24, 26, 36, 40, 52]. Modern KV

*Yongkun Li is the corresponding author.

stores typically employ the Log-Structured Merge-tree (LSM-
tree) [38], a sorting-based data structure, as their core storage
mechanism (e.g., LevelDB [22], RocksDB [20], Cassandra
[3], X-Engine [25]). KV pairs are first cached in memory, and
then persistently stored on disk through sorting-based flush
and compaction operations. By converting random writes
into sequential writes, LSM-tree-based KV stores are able to
provide efficient write operations and good scalability.

With the continuous advancement of hardware perfor-
mance, LSM-tree-based KV stores are increasingly deployed
on fast devices, such as NVMe SSDs [10, 32,45] and Per-
sistent Memory (PM) [17,29, 30, 47], also known as Non-
Volatile Memory (NVM). However, these high-performance
devices are often expensive [45], leading to the growing pop-
ularity of hybrid storage systems that combine fast devices
with slower but inexpensive devices such as SATA SSDs and
HDDs (e.g., [10,29,42,47]). In such solutions, the common
strategy is to store hot data on fast devices while storing large
volumes of cold data on slower devices (e.g., [10,29, 47]).
This approach delivers high performance with minimal use
of expensive fast devices, ensuring cost efficiency.

LSM-tree and its derivative optimizations [12, 17,29, 33,
35,47,49] primarily adopt a sorting-based multi-level tree
structure. These designs rely on heavyweight and unavoid-
able data sorting operations, such as flush and compaction, to
manage KV pairs. However, sorting-based KV stores suffer
from significant operation coupling issues, which manifest
in three main aspects: (i) both flush and compaction opera-
tions consume a certain amount of CPU and 1/O resources,
leading to intertwined resource consumption; (ii) a sorting
operation at a certain level can cause the size of the next
level to exceed its threshold and trigger a subsequent sorting
operation, resulting in interdependencies among operations;
(iii) concurrent two sorting operations compete for system
resources, leading to resource contention between these op-
erations. Operation coupling issues lead to severe resource
usage dependency, making it difficult to isolate CPU and
I/O resources and schedule them effectively. These issues
are exacerbated on hybrid storage devices due to the perfor-
mance disparity between fast and slow devices, which causes
fluctuating resource consumption. This results in alternating
performance bottlenecks over time and increased write stalls.

Recent related works propose two main strategies for miti-
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gating write stalls. The first strategy leverages the high band-
width of fast devices to perform differentiated data manage-
ment across fast and slow devices (e.g., [29,47]). However,
data management is predefined and fixed, which remains mis-
aligned with the fluctuating resource consumption on hybrid
storage devices, leading to resource underutilization. The sec-
ond strategy focuses on superficial scheduling of data sorting
operations (e.g., [4,48]), attempting to reduce latency fluctu-
ations by adjusting the frequency, timing, and placement of
sorting operations. Nevertheless, intertwined resource con-
sumption still persists. Superficial scheduling fails to identify
the resource-bound nature of sorting operations, and schedul-
ing sorting operations of the same resource-intensive can even
exacerbate resource bottlenecks.

To address these issues, we propose DecouKV, which miti-
gates resource usage dependency in sorting-based KV stores
on hybrid storage devices via operation decoupling. De-
couKV first decouples the indexes of KV pairs from data files,
as in data sorting operations, CPU resource consumption
primarily originates from index sorting, while I/O resource
consumption is primarily associated with data reading and
writing. This decoupling transforms data sorting operations
into CPU-intensive index merge tasks and I/O-intensive data
append and flush tasks by managing data with append-only
files (AOFs) and indexes using a mergeable skip list-based
structure called IndexTable, thereby reducing intertwined re-
source consumption. Additionally, DecouKYV introduces two
queues, the Index Merge Queue and the Data Flush Queue, to
manage IndexTables. By auto-tuning queue parameters, De-
couKV proactively schedules decoupled tasks. Specifically,
DecouKV minimizes competition between resource-intensive
tasks and optimizes resource utilization by coordinating tasks
with different resource demands. Finally, DecouKV relaxes
level amplification factor limit and uses elastic capacity to
reduce interdependencies among data sorting operations.

We implement DecouKV and compare its performance
against RocksDB, one of the most widely adopted systems in
the industry, as well as two state-of-the-art systems represent-
ing the two categories of optimization strategies mentioned
before: MatrixKV and ADOC. Experimental results show
that under write-intensive workloads, DecouKV improves
CPU utilization by 25.4%-32.3%, increases throughput by
2.3-4.9%, and reduces tail latency by 74.3%-91.4%. De-
couKV also achieves a modest throughput improvement of
1.2-2.3x, under read-intensive workloads. In summary, our
main contributions are summarized as follows.

* We analyze the data sorting operations of sorting-based
KV stores and identify operation coupling as the root
cause of resource usage dependency and resource frag-
mentation on hybrid storage devices.

* Based on the analysis above, we propose a decoupling
solution, decoupling data sorting operations into CPU-
intensive tasks and I/O-intensive tasks to reduce inter-
twined resource consumption within an operation.
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Figure 1: Architecture of LSM-tree.

Compaction

* We design an elastic strategy for tuning the level capacity
of LSM-trees, relaxing the level amplification factor to
reduce interdependencies among data sorting operations.

* We develop an efficient task scheduling strategy to mini-
mize competition between resource-intensive tasks and
optimize resource utilization by coordinating tasks with
different resource demands.

The source code of DecouKYV is available online [50].

2 Background and Motivation
2.1 KV Stores on Hybrid Storage Devices

Architecture of LSM-tree-based KV stores. As shown
in Figure 1, an LSM-tree consists of memory components
(MemTables) and disk components organized into Sorted
String Tables (SSTables) across multiple levels. Each level
has a fixed storage capacity, and the amplification factor be-
tween levels is typically set to 10. The system uses back-
ground flush and compaction operations, defined here as data
sorting operations, to manage data movement between com-
ponents. These operations are triggered when the component
capacity exceeds predefined thresholds. When the MemTable
reaches its capacity limit, a flush operation serializes the data
(generating metadata like Bloom filters and index blocks) and
persists it to disk as SSTables at level 0. When a specific level
reaches its capacity limit, the system performs compaction
operations, which involve data reading, merge sorting, and
data writing. These operations consume significant CPU and
I/0O resources, leading to resource competition and system
performance degradation.

Deployment of LSM-trees on hybrid storage devices. Re-
cently, LSM-tree-based KV stores have been extended to
cost-effective hybrid storage devices, which consist of fast
and slow devices. Fast devices, such as NVMe SSDs and
Persistent Memory (PM), typically provide high bandwidth
and low latency. Although Intel Optane DCPMM [2] has been
discontinued, the trend in hardware development continues to
prioritize performance improvements (like CXL SSDs [27]).
However, their high cost remains a significant barrier—for ex-
ample, the price of Intel Optane DCPMM per terabyte is more
than 10 times higher than that of SATA SSDs [45]. Mean-
while, slower devices such as traditional SSDs and HDDs
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Figure 2: Intertwined resource consumption within an operation.

remain indispensable due to their large capacity and lower
cost. Thus, hybrid storage devices become a popular solution
offering a balance between performance and cost.

In hybrid devices scenarios, a common approach is to store
hot data (e.g., MemTable and lower levels of the LSM-tree)
on fast devices (FDs) and cold data (e.g., higher levels) on
slow devices (SDs). For example, NoveLSM [29] uses PM
as an extension of DRAM and deploys the MemTable on
PM. MatrixKV [47] places the level O of the LSM-tree on
PM through a matrix management approach. SpanDB [10]
treats NVMe SSD as a performance device, deploying the
low levels of the LSM-tree on it. PrismDB [42] identifies hot
and cold data, storing hot data on PM and cold data on slow
devices. Overall, by strategically balancing the use of fast and
slow devices, these systems achieve high throughput while
reducing storage costs.

2.2 Problems of Operation Coupling

Typically, both RocksDB and its derivative optimizations
adopt a multi-level, sorting-based design. As mentioned ear-
lier, these designs rely on heavyweight and unavoidable data
sorting operations, such as flush and compaction, to manage
KV pairs. Below, we first analyze three categories of oper-
ation coupling issues. Then, we discuss how these issues
exacerbate the underutilization of CPU and I/O resources
in sorting-based KV stores deployed on hybrid storage de-
vices, which ultimately results in resource fragmentation and
increased write stalls.

2.2.1 Operation Coupling Issues

Specifically, the operation coupling issues in LSM-tree mani-
fest in three key aspects:

Intertwined resource consumption within an operation.
Data sorting operations require substantial CPU cycles and
I/O bandwidth simultaneously. As shown in Figure 2, the
serialization (generating metadata like Bloom filters and in-
dex blocks) in the flush operation consumes substantial CPU
cycles, categorizing it as a CPU-intensive task, whereas data
writing primarily consumes I/O bandwidth, classifying it as
an I/O-intensive task. Similarly, in the compaction operation,
merge sorting is CPU-intensive, while data reading and writ-
ing are I/O-intensive. Within a single data sorting operation,
the intertwined nature of CPU-intensive and I/O-intensive
tasks leads to intertwined resource consumption.
Interdependencies among operations. In sorting-based KV
stores, data sorting operations are strictly triggered by fixed
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Figure 3: Interdependencies among operations.
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Figure 4: Resource utilization of RocksDB on hybrid devices.

thresholds, creating dependencies between adjacent levels.
As shown in Figure 3, an L;_;-to-L; data sorting operation
may increase L;’s size, causing it to exceed its threshold and
trigger an L;-to-L;; data sorting operation. Such interdepen-
dencies mean that operations are passively triggered, leaving
the system unable to choose the level and timing of data sort-
ing based on resource availability. This results in resource
conflicts and waste.

Resource contention between operations. Under high write
loads, data sorting operations often occur simultaneously
across multiple components of the sorting-based KV stores,
leading to competition for system resources. In resource-
constrained systems, resource contention reduces the effi-
ciency of sorting operations, causing severe write stalls.

2.2.2 Exacerbation on Hybrid Storage Devices

Furthermore, the coupling problem becomes further exacer-
bated on hybrid storage devices. Due to the performance
disparity between fast and slow devices, their capabilities for
handling I/O requests differ significantly, leading to varying
performance bottlenecks for data sorting operations on dif-
ferent devices. We validate the analysis through experiments
with RocksDB deployed on hybrid storage devices.

Varying bottlenecks on different devices. First, we mea-
sure the percentage of CPU time consumed by data sorting
operations on different devices (refer to Section 4 for detailed
configurations). Figure 4(a) shows that on fast devices (PM,
NVMe SSD), CPU time accounts for over 60% of compaction
time, making that the CPU becomes the performance bottle-
neck for these devices. On slow devices (SATA SSD, HDD),
the CPU accounts for less than 30% of the compaction time,
with a large proportion of time spent on I/O wait. As a result,
I/0 bandwidth remains the performance bottleneck for slow
devices.
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Alternating bottlenecks on hybrid storage devices. Next,
we test RocksDB’s performance on hybrid storage devices,
following the common approach introduced in Section 2.1,
where levels 0 and 1 are stored on fast devices (PM) and other
levels on slow devices (SATA SSD). We import 100M update
requests into a 100GB database, and record sorting times on
fast and slow devices, as well as CPU and disk utilization over
time. We present a representative 200-second subset, with
similar patterns observed throughout the experiment. Figure
4(b) shows that under write-intensive workloads, resource
utilization fluctuates significantly, with low averages and se-
vere resource fragmentation. Disk and CPU utilization exhibit
opposing patterns: during sorting on fast devices, CPU utiliza-
tion is high (94%) but disk utilization is low (48%), indicating
a CPU bottleneck; during sorting on slow devices, disk uti-
lization is high (88%) while CPU utilization is low (21%),
indicating an I/O bottleneck. These bottlenecks alternate
between data sorting operations on two devices, hindering
the full utilization of CPU and I/O resources and ultimately
increasing write stalls.

Overall, data sorting operations consume intertwined CPU
and I/O resources, and the disparity I/O bandwidth between
devices leads to different resource bottlenecks on different
devices. Additionally, the fluctuating resource consumption
is misaligned with the fixed hardware capabilities. Due to in-
terdependencies among operations, the system cannot proac-
tively trigger operations to utilize resource fragments effi-
ciently (e.g., triggering sorting on fast devices when the CPU
is idle).

2.3 Limitations of Existing Solutions

There are two main strategies from recent related works for
mitigating write stalls: (i) fixed differentiated data manage-
ment and (ii) superficial scheduling of data sorting operations.
Fixed differentiated data management. This category of
work [10,29,42,47] argues that the performance disparity
between fast and slow devices necessitates differentiated man-
agement strategies, rather than applying the same approach to
both. These works typically modify data sorting operations
on specific devices, mitigating intertwined resource consump-
tion to some extent. However, severe interdependencies still
exist among the data sorting operations. Data management
is predefined and fixed, which remains misaligned with the
fluctuating resource consumption on hybrid storage devices,
leading to resource underutilization.

Taking MatrixKV [47] as an example, which places Ly
of the LSM-tree on persistent memory and employs a ma-
trix container for differentiated management. As shown in
Figure 5(a), the amplitude of resource utilization fluctuation
is reduced compared to RocksDB (though still exceeding
50%). The result indicates that fine-grained compaction re-
duces the CPU and I/O resources consumed in each operation,
mitigating intertwined resource consumption to some extent.
However, the issue of interdependencies among operations
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Figure 5: Resource utilization fluctuations of existing solutions.

persists. Frequent sorting on fast devices keeps CPU utiliza-
tion at a high level (100-120s in Figure 5(a)). When the
data on fast devices exceeds the threshold, a large number of
threads shift to sorting on slow devices, causing CPU utiliza-
tion to drop significantly due to I/O bottlenecks. As a result,
the fluctuating resource consumption on hybrid storage causes
the average resource utilization to remain low.

Superficial scheduling of data sorting operations. Some
works [4,13,48] aim to improve performance by superficial
scheduling data sorting operations. After detecting the sys-
tem state, they superficially adjust the frequency, timing, and
location of these operations to reduce latency fluctuations, al-
leviating interdependencies among operations to some extent.
However, intertwined resource consumption within opera-
tion still persists. These works fails to identify the resource-
bound nature of sorting operations, as well as the varying per-
formance bottlenecks on hybrid storage devices. Moreover,
scheduling sorting operations of the same resource-intensive
can even exacerbate resource bottlenecks.

Taking ADOC [48] as an example, which adjusts parame-
ters to control the components and rates at which data sort-
ing operations occur to reduce data blockage. The experi-
ment on hybrid storage devices (Figure 5(b)) shows more
pronounced fluctuations in its resource utilization. Compared
to RocksDB in Figure 4(b), sorting on fast devices causes a
significantly higher CPU utilization, approaching 100%. At
the same time, disk utilization decreases significantly, indi-
cating a more severe CPU bottleneck. This occurs because,
when data blockage occurs on components in the fast devices,
ADOC schedules more sorting threads for sorting on fast
devices. Meanwhile, sorting threads on slow devices are re-
duced. Resource contention between these operations leads to
a more severe CPU bottleneck, while the bandwidth of slow
devices is underutilized. Conversely, when data blockage oc-
curs on slow devices, ADOC achieves higher disk utilization
but lower CPU utilization, indicating a more severe I/O bottle-
neck. As a result, the bottlenecks significantly alternate due
to the intertwined resource consumption within operation.

Although these efforts have made progress in alleviating
the write stall issue in LSM-trees, they cannot fundamentally
solve the problem of resource fragmentation and underutiliza-
tion on hybrid storage devices caused by operation coupling.
To address this issue comprehensively, decoupling the opera-
tions within the sorting-based KV stores is necessary.

516 2025 USENIX Annual Technical Conference

USENIX Association



\\\ @IMQi Index Merge @
0

Put

IndexTables

Append-only
Files

Append
Decoupled Tasks Auto-tuning for
Elastic Capacity Sg?s:::lmg N—] Sd;re adsl.:in
High Levels 2 g

Figure 6: DecouKV overview.

3 DecouKV Design
3.1 Design Goals and Challenges

DecouKV focuses on decoupling data sorting operations into
resource-independent CPU-intensive tasks and I/O-intensive
tasks, enabling the system to flexibly schedule tasks based on
current resource utilization. The design goals and challenges
of DecouKV are as follows:

Decoupling operations. DecouKV needs to decouple op-
erations to achieve relative isolation while maintaining cor-
rectness and consistency, thereby facilitating subsequent task
scheduling and resource utilization. Specifically, DecouKV
needs to address the three operation coupling issues discussed
in Section 2.2.1.

Managing decoupled components. Decoupled operations
need to achieve the original objectives of coupled operations.
Coupled sorting operations improve data orderliness, address-
ing two key issues: unordered indexes degrade query perfor-
mance, and unordered data on disk leads to random access
patterns. Decoupled operations must similarly resolve these
two issues.

Efficient scheduling of decoupled tasks. DecouKV needs to
efficiently schedule decoupled tasks to maximize CPU and
I/O resource utilization. This requires accurately assessing
resource states and making appropriate scheduling decisions
to improve resource efficiency.

3.2 System Overview

This section introduces DecouKV, designed to mitigate re-
source usage dependency in sorting-based KV stores de-
ployed on hybrid devices via operation decoupling. Now,
we begin by outlining the architecture of DecouKV.

In sorting-based KV stores, data sorting operations in-
volve CPU-intensive sorting tasks mainly for indexes and
I/O-intensive read/write tasks mainly for data. Therefore, to
isolate these tasks, DecouKV first decouples indexes from
data files. Next, suitable structures are required to manage the
separated indexes and data while maintaining their isolation.
The structure managing indexes must satisfy the following
requirements: (i) fast insertion and query speeds, as these
are fundamental for indexes, and (ii) support for independent
sorting tasks without impacting access during merging. The
structure managing data must meet these criteria: (i) fast in-
sertion speed, and (ii) an unordered design to avoid excessive

CPU consumption for data sorting. As shown in Figure 6,
DecouKV manages data on fast devices using append-only
files (AOFs) and manages their indexes in DRAM using In-
dexTables, a mergeable structure based on skip list.

In this way, DecouKV decouples data sorting operations
into three types of tasks: CPU-intensive index merge tasks and
I/O-intensive data append and data flush tasks, reducing inter-
twined resource consumption. Specifically, index merge tasks
focus solely on sorting indexes in DRAM without involving
data read/write operations, making them CPU-intensive. Data
append and flush tasks primarily consume disk I/O without
sorting, making them I/O-intensive.

Additionally, DecouKV employs two DRAM-based
queues—Index Merge Queue (IMQ) and Data Flush Queue
(DFQ)—to manage IndexTables. By autotuning queue pa-
rameters, DecouKV actively schedules the decoupled tasks.
Specifically, DecouKV minimizes competition among the
same resource-intensive tasks and optimizes resource usage
by coordinating tasks with different resource demands. Fi-
nally, DecouKYV introduces elastic capacity design for high
levels (HLs) of the LSM-tree on slow devices, relaxing the
strict level amplification factor to reduce interdependencies
among operations. The subsequent sections detail the design
of these decoupling mechanisms.

3.3 Decoupled Components

DecouKV manages indexes with DRAM-based IndexTables
and data with AOFs. Below, we describe their structures.
IndexTable. DecouKV employs IndexTables, a mergeable
skip list-based structure, to store indexes in DRAM (Figure
6). Each IndexTable uses a skip list to manage indexes, en-
abling efficient lookups and subsequent index merge tasks.
DecouKYV leverages the index to precisely locate data in fast
devices, with each index entry containing a key and the cor-
responding data address in fast devices (comprising an 8-
byte file number and an 8-byte offset). Unlike RocksDB’s
MemTable, IndexTables avoid storing values, supporting
more entries within the same memory footprint. To ensure
efficient index insertion and memory utilization, the initial
capacity of the IndexTable, denoted as max_index_size, is set
to a relatively small value (8§ MB). Note that to minimize
the impact of I/O operations on the indexes after decoupling,
DecouKV employs asynchronous insertion. By recording
the data address, DecouKV allows insertion to proceed with-
out waiting for the data append to fast devices to complete.
Once the IndexTable reaches max_index_size, it becomes non-
insertable, and a new IndexTable is created. Queries traverse
IndexTables sequentially, from newest to oldest, until the
required key is located. When the number of IndexTables
exceeds a threshold, DecouKYV triggers an index merge oper-
ation, which will be discussed in the next subsection.
Append-only file (AOF). DecouKYV stores KV pairs as AOFs
on fast devices, with the corresponding indexes in DRAM-
based IndexTables. Although AOFs are unordered files prone
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to random access, DecouKV leverages the high bandwidth
and concurrency of fast devices to achieve random access
performance comparable to sequential access. Consequently,
AOFs maintain unordered data without compromising perfor-
mance. Furthermore, the original Write-Ahead Logs (WALSs)
of the LSM-tree are eliminated as DecouKV can recover data
with AOFs during system failures. Additionally, AOFs also
eliminate the extra CPU overhead associated with generating
Bloom filters for the data on fast devices, and reduce the
memory overhead required for caching these Bloom filters
during query processing. Because of the excellent random
access performance of fast storage devices, the impact on
read performance caused by removing the Bloom Filter in
AOF is effectively mitigated.

3.4 Decoupled Tasks

Based on IndexTables and AOFs, DecouKV decouples data
sorting operations into CPU-intensive index merge tasks and
I/O-intensive data append and data flush tasks. In the fol-
lowing, we explain how to handle these decoupled tasks to
achieve the objectives of the original coupled tasks outlined
in Section 3.1.

Index merge. Obviously, the number of IndexTables di-
rectly impacts query performance. To address the first issue
mentioned in Section 3.1—unordered indexes degrade query
performance—index merge tasks reduce the number of un-
ordered IndexTables. As illustrated in Figure 7, DecouKV
employs index merge tasks to consolidate two red IndexTables
into a larger one. Note that index merge tasks occur entirely
in DRAM without affecting the data in AOFs. Therefore, in-
dex merge is a CPU-intensive task. Initially, each IndexTable
corresponds to one AOF; after merging, one IndexTable may
correspond to multiple AOFs.

Index merge effectively merges two skip lists. Recent stud-
ies have introduced many optimizations for merging skip list
structures [17,30]. Specifically, by altering the pointers within
skip lists, the two skip lists can be merged efficiently without
blocking query requests. DecouKV further implements mul-
tithreaded parallelism based on these optimizations, making
full use of CPU resources. As shown in Figure 8, DecouKV
uses multiple threads to perform parallel index merge. In Fig-
ure 8(b), the red arrows are pointers that are currently being
modified. Meanwhile, DecouKV maintains a Merging Index

Merge Thread 0 Merge Thread 1 Merging

IndexTable 0, — :* 1 Index Set
— — _?_ -
H—3] s 8]

IndexTable 1/ [ I —

L] L T Q L
LH; A7} 7]
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(b) Multithreaded parallel merging.

Figure 8: Illustration of multithreaded parallel index merge. The
figure shows two threads performing parallel merging. The arrows
represent skip list pointers.

Set (a lock-free set implemented using CAS) to store atomic
pointers to the index nodes being merged (3 and 8 in the
figure). In this way, after accessing IndexTable 0, the query
operation will first check the Merging Index Set and then
access IndexTable 1 to ensure the correctness of the query.
Once the node insertion is complete, the thread removes the
corresponding pointer from the Merging Index Set.

Data append and data flush. DecouKV employs the data
append task, an I/O-intensive operation, to write KV pairs
into the AOFs on fast devices. Additionally, DecouKV per-
forms the data flush task to flush KV pairs into slow devices.
Notably, to avoid the performance gap between random and
sequential access on slow devices, DecouKV organizes KV
pairs in an ordered data structure (SSTables) on slow devices.
When the size of a merged IndexTable reaches the thresh-
old data_flush_trigger_size, DecouKV triggers a data flush
operation to consolidate the IndexTable and its corresponding
AOQFs into the slow devices. Specifically, the data flush task
sequentially scans all indexes in the IndexTable, retrieves
the data from the AOFs and writes them into the SSTables
on slow devices. Finally, the system deletes the outdated
IndexTable and its corresponding AOFs. Note that while the
data flush task inevitably introduces some CPU overhead,
I/O remains the primary performance bottleneck on slow de-
vices. Furthermore, since the indexes in the IndexTable are
already organized as sorted skip lists, the data flush task is
still predominantly classified as an I/O-intensive operation.

3.5 Scheduling Strategy of Decoupled Tasks

In this section, we discuss the scheduling of decoupled CPU-
intensive and I/O-intensive tasks to maximize system resource
utilization. DecouKV employs two distinct queues to evaluate
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Queue

system resource status and uses corresponding parameters to
manage task scheduling effectively.
Index Merge Queue (IMQ). DecouKV enqueues small non-
insertable IndexTables into the IMQ, awaiting index merge.
Since index merge is a CPU-intensive task, the length of
the IMQ (L;p) reflects the availability of CPU resources.
When CPU resources become bottlenecked, the number of
IndexTables waiting for merge increases, causing the IMQ
to grow. The threshold for triggering an index merge task is
referred to as index_merge_trigger_num (IMTN). We define
Scorepy = % to represent CPU resource pressure. When
Scorepy exceeds a certain value (1.5 is optimal in our experi-
ments), DecouKYV identifies the system as CPU-bound.
DecouKYV can adjust CPU resource demand by modifying
the IMTN parameter. By increasing IMTN, the IMQ can
accommodate more IndexTables, thereby reducing the fre-
quency of index merge triggers and alleviating the pressure
on CPU resources. Conversely, decreasing IMTN increases
the demand for CPU resources.
Data Flush Queue (DFQ). For IndexTables that reach the
threshold size of data_flush_trigger_size (DFTS), DecouKV
places them into the DFQ awaiting data flush. Similarly,
the length of the DFQ (Lprg) reflects the pressure of 1/0
resources. Since data flush is an I/O-intensive task, when I/0
resources become bottlenecked, the DFQ length increases.
We define Scorepr = Lpr to represent I/O resource pressure.
When Scorepr exceeds a certain value (3 is optimal in our
experiments), DecouKV identifies the system as I/O-bound.
DecouKYV adjusts the DFTS to schedule different resource-
intensive tasks. As shown in Figure 9, increasing the DFTS
causes some IndexTables to move from the DFQ back to the
IMQ, thereby increasing CPU demand and alleviating /O
pressure. Conversely, decreasing the DFTS alleviates CPU
pressure and increases I/O demand.

3.6 Elastic Capacity High Levels

For the high levels (HLs) stored on slow devices, DecouKV
still uses leveled compaction. Due to memory limitations and
the random access performance of slow devices, we cannot
leverage the same decoupling design as lower levels. There-
fore, we chose to use elastic capacity to mitigate the coupling
issue at high levels by relaxing the strict amplification ratio
between levels. In Section 2.2, we mentioned three key as-
pects of the operation coupling issue, with the second point
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discussing how interdependencies among operations stem
from fixed thresholds. Elastic capacity is mainly optimized
to address this problem. For example, a large number of HLg
compactions may lead to an IO-bound situation, which also
causes HL| to exceed its threshold and trigger further com-
paction, leading to an even worse IO-bound situation. In this
case, DecouKV relaxes the capacity threshold for HL, post-
pones the sorting for that part, and schedules CPU-intensive
index merges to improve CPU utilization.

However, relaxing the amplification ratio between levels
in other KV stores may temporarily lead to increased size in
certain levels, potentially introducing some challenges. (i)
Increased write amplification: When the size of L; increases
while the size of L;_; remains relatively smaller, the com-
paction between L;_; and L; will involve more data from L;,
causing additional write amplification. (ii) Higher read over-
head: With the larger size of L;, the cost of read operations
accessing L; will increase.

Fortunately, the decoupling design in DecouKV, as de-
scribed in Section 3.3, successfully addresses both challenges.
For the first one, the DFTS parameter (which directly influ-
ences the file size written to HL) is adjustable. This allows
DecouKYV to control the size of files written to HLy. By ad-
justing the capacity of the high levels according to DFTS,
DecouKV ensures that the size ratio between adjacent lev-
els does not become excessively large, thereby controlling
write amplification. Additionally, the use of the index merge
operation reduces some of the write amplification caused by
duplicate keys. For the second one, DecouKYV stores hotter
data in fast devices, while cold data in the high levels is ac-
cessed less frequently. Moreover, data written to higher levels
is pre-sorted, resulting in larger sizes for high levels but fewer
overall levels. Subsequent experiments demonstrate that even
under read-intensive workloads, DecouKV achieves a slight
improvement in throughput.

3.7 Auto-tuning for Task Scheduling

As shown in Figure 10, first, DecouKV monitors the IMQ and
DFQ to assess the system resource state. It then determines
whether the system is in a resource-constrained state based on
the scores defined in Section 3.5. Following this, DecouKV
performs auto-tuning according to the actual system state.
By adjusting IMTN, DFTS, and the level capacity, DecouKV
schedules resource-intensive tasks accordingly. This ensures
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efficient utilization of system resources and reduces fragmen-
tation. Detailed parameter settings and tuning methods are
presented below.

The parameter setting in DecouKV is based on the de-
fault values of similar parameters in RocksDB. As a widely
adopted industrial storage engine, the parameters in RocksDB
are fine-tuned through numerous experimental optimizations.
We also validate the efficiency of the selected values via ex-
periments. Specifically, the default value of IMTN in our
evaluation is 2. Since IMTN directly impacts read perfor-
mance, we set it according to the default number of MemTa-
bles, which similarly affects read performance. The default
value of DFTS is 32MB (4 * 8MB), which is approximately
the size of 4 merged IndexTables according to the number
of files in Ly (default 4). When the system is CPU-bound,
DecouKYV increases the IMTN to reduce CPU resource de-
mand. Simultaneously, DecouKV decreases the DFTS to
minimize the triggering of CPU-intensive index merge oper-
ations while scheduling more I/O-intensive data flush tasks.
Conversely, when the system is I/O-bound, DecouKV reduces
the IMTN and increases the DFTS to lower I/O resource
demand, thereby scheduling more CPU-intensive tasks. Ad-
ditionally, proportionally adjusting the capacity of the high
levels based on DFTS further regulates I/O resource pressure
on slow devices. Note that DecouKV adjusts IMTN by in-
creasing 2 (or decreasing 2) and adjust DFTS by multiplying
(or dividing) by 2 according to the state, since the number of
IndexTables typically increases incrementally, while the data
size often increases exponentially (e.g., two IndexTables of
16MB each are merged into a 32MB IndexTable).

Naturally, these parameters are capped and cannot grow
indefinitely. If both CPU and I/O are bound (indicated by
congestion in both IMQ and DFQ), DecouKYV recognizes that
the incoming data writes exceeds the system’s processing ca-
pacity and slows down data write through write stalls. Finally,
when neither queue experiences congestion over a certain
period (set to 60 seconds in our implementation), DecouKV
identifies that system resources are idle. In this case, it re-
duces the IMTN, DFTS, and the capacity of the high levels
simultaneously to schedule both CPU- and I/O-intensive tasks
effectively. In this way, DecouKV improves data orderliness
to enhance read performance.

4 Evaluation

In this section, we evaluate and compare DecouKV with
RocksDB v9.3.0 and the two categories of solutions men-
tioned in 2.3 using hybrid storage devices. Among the works
following the fixed differentiated management approach, Ma-
trixKV stands out as a typical representative. In the superficial
scheduling direction, ADOC represents the state-of-the-art.
Therefore, we select RocksDB, MatrixKV and ADOC as
the basic benchmarks for comparison. Besides, some state-
of-the-art works on hybrid storage, such as PrismDB [42]
and SplitDB [6], mainly focus on different scenarios like

workload skewness or read-intensive workloads. To ensure a
comprehensive evaluation, we also include them in our com-
parative analysis under YCSB workloads. The test data are
obtained from three experimental runs, with minimal varia-
tion in the results. The average values are presented.
Hardware environment. The experiments are conducted on
a server equipped with two 20-core Intel Xeon Gold 5218R
processors and 128 GB of DRAM. The server runs Ubuntu
20.04.6 LTS with the Linux kernel 5.15. For storage de-
vices, we use 128 GB Intel Optane DCPMM and INTEL
SSDPE2KE032T8 NVMe SSDs for fast devices, and 960 GB
Intel S4520 SSDs with SATA 3.0 interfaces for slow devices.
Configuration of key-value stores. For all KV stores, we use
the recommended configuration [21], setting the Memtable
size and SSTable size to 64MB, configuring Bloom filters to
10 bits per key, and allocating a block cache size of 1GB. By
default, four CPU cores are assigned, with four background
compaction threads, following the optimization tuning guide.
We also use direct I/O to avoid the impact of the operating
system’s page cache. For fairness, we limit the amount of fast
devices allocated to each KV store to 10% of the dataset size
(e.g., 10 GB for a 100 GB dataset). Specifically, for DecouKV,
we use the configuration described in Sec 3, deploying AOFs
on fast devices while controlling space usage. The initial size
of the IndexTable is set to 16MB. For RocksDB and ADOC,
we place Ly, L1, and the WAL on fast devices, slightly increas-
ing the sizes of Ly and L; to ensure an equal allocation of fast
devices. For MatrixKV, PrismDB and SplitDB, we follow
the configuration from their paper, placing their differentiated
data structures on fast devices and allocating an equivalent
amount of space.

First, we evaluate the resource utilization, throughput, av-
erage latency, and tail latency of various fundamental KV
operations using the following workloads: (i) inserting 100
GB KV pairs, (ii) updating 100 GB KV pairs, (iii) reading
100 GB KV pairs, and (iv) scanning 10 GB KV pairs with a
maximum scan length of 100. Prior to each experiment, we
clear the entire database to avoid interference. By default,
we perform the microbenchmark evaluations using a uniform
workload with a KV size of 1KB (24B for the key and 1000B
for the value). We also conduct the same operations under a
zipfian distribution and observe similar results, so we omit
the results in the interest of space.

4.1 Microbenchmark

Resource utilization. We evaluate the variation in CPU and
disk utilization using psutil [44] during insert and update
operations over a 1500-second period. We calculate the av-
erage CPU utilization and fluctuation range during this time,
as shown in Figure 11. For the insert operation, compared
to RocksDB, MatrixKV, and ADOC, DecouKV achieves a
32.3%, 25.4%, and 27.3% increase in average CPU utiliza-
tion, respectively, while significantly reducing the fluctuation
range. This improvement is a key factor contributing to the
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Figure 11: The red solid line represents the real-time CPU utilization over a 1500-second period, measured at a granularity of one second. The
black dashed line indicates the average CPU utilization over this period. In the figure, “Avg” denotes the average value, and “Rng” represents

the range, reflecting the extent of fluctuation in utilization.

[JRocksDB [ MatrixKV IO ADOC Il DecouKV

S

c 75+

il

N 50

225

L

)

Insert Update

Figure 12: Disk utilization.

significant write performance gains achieved by DecouKV.
For the update operation, compared to RocksDB, MatrixKV,
and ADOC, DecouKV improves average CPU utilization by
47.9%, 36.9%, and 39.4%, respectively. Due to the capacity
limitations of fast devices, DecouKV experiences resource
fluctuations. However, upon examining the fluctuation inter-
vals, we observe that DecouKV maintains relatively stable
resource utilization over extended periods. Figure 12 presents
the average disk utilization over the same period. Compared
to RocksDB, MatrixKV, and ADOC, DecouKV achieves a
17.6%-31.6% increase in disk utilization for the insert opera-
tion and an 8.0%-19.9% increase in disk utilization for the
update operation. Additionally, we observe that MatrixKV
exhibits high disk utilization, indicating that fine-grained com-
paction can mitigate intertwined resource consumption and
improve disk utilization. However, due to interdependencies
among operations, it still suffers from significant resource
fluctuations. ADOC reduces blocking by scheduling data
sorting operations, improving average resource utilization
compared to RocksDB. Nonetheless, on hybrid storage de-
vices, it experiences even more severe resource fluctuations
due to intertwined resource consumption. In summary, De-
couKV improves average resource utilization and reduces
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Figure 13: Performance under different operations.

fragmentation by mitigating resource usage dependency.

Throughput. Figure 13(a) presents the throughput results for
various operations. To facilitate comparison, we normalize
the experimental results using the throughput of RocksDB as
the reference and annotate the absolute values in the figure.
Compared to RocksDB, DecouKYV achieves 4.3 x the through-
put for inserts and 4.6 x the throughput for updates. Addition-
ally, DecouKV achieves 1.2x the throughput for reads and
1.5x the throughput for scans. Under read-intensive work-
loads, the background threads remain idle and DecouKYV is
adapted to allow a very limited number of overlapping In-
dexTables and files, resulting in a higher degree of data order
and fewer levels in the LSM-tree (e.g., HL( is empty in most
cases). Meanwhile, benefiting from the excellent random
access performance of fast storage devices, the impact of
removing the Bloom Filter in AOF is effectively mitigated.
As a result, DecouKV’s read performance is not significantly
affected and even shows a slight improvement.

Compared to MatrixKV and ADOC, DecouKV also demon-
strates a significant advantage under write-intensive work-
loads. Specifically, DecouKV achieves 1.6x and 2.2x the
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Insert Update
Latency (ms) | —5657 =550 T 90% | 99%
RocksDB 9.454 | 37.557 | 11.619 | 16.132
MatrixKV 5.571 | 12.532 | 10.010 | 22.219
ADOC 6.995 | 17.881 | 7.545 | 21.075
DecouKV 1.579 | 3.227 | 2.275 | 14.480
Table 1: Tail Latency.
Workload Characteristics
A (Update Heavy) 50%updates, 50%reads
B (Read Mostly) 5%updates, 95%reads
C (Read Only) 100%reads
D (Read Latest) 5%inserts, 95%reads
E (Scan Mostly) 5%inserts, 95%scans

F (Read-Modify-Write)  50%read-modify-write, S0%reads

Table 2: YCSB core workloads.

throughput of MatrixK'V and ADOC, respectively, for insert
operations, and 2.2x and 2.1x the throughput for update
operations. Additionally, DecouKV shows good performance
in both read and scan operations.

Average latency. Figure 13(b) presents the experimental
results normalized to DecouKV’s average latency, with De-
couKV’s latency values annotated in the figure. Compared to
RocksDB, DecouKV reduces the average latencies for inserts
and updates by 76.0% and 77.9%, respectively. In comparison
to MatrixKV and ADOC, DecouKV achieves a reduction in
average latencies for inserts and updates ranging from 38.7%-—
56.9%. Additionally, DecouKV achieves average latencies
for reads and scans comparable to those of other KV stores.
Tail latency. Table 1 presents the P90 and P99 tail latency
results for insert and update operations. We observe that
compared to RocksDB, MatrixKV, and ADOC, DecouKV
reduces the P90 tail latency of the insert operation by 71.6%—
83.3% and the P99 tail latency by 74.3%-91.4%. For the
update operation, DecouKYV reduces the P90 tail latency by
69.8%—-80.4%. These improvements are attributed to the
stable resource utilization and the reduction in resource bot-
tlenecks in DecouKV. However, DecouKV does not show a
significant advantage in P99 tail latency, which corroborates
the fluctuations in resource utilization shown in Figure 11.

4.2 YCSB Benchmark

In this section, we evaluate DecouKV using the YCSB-C
[39,43], a C++ version of YCSB [11] benchmark. YCSB
(Yahoo! Cloud Serving Benchmark) is a widely used testing
tool that generates workloads based on real-world data char-
acteristics. We conduct our evaluation using the six workload
configurations shown in Table 2. Each workload runs 100
million operations on a randomly loaded 100GB database,
with a KV size of 1KB (24B for the key and 1000B for the
value). All other settings remain consistent with those used in
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Figure 14: Throughput under YCSB workloads.

previous experiments. Figure 14(b) and Figure 14(a) present
the throughput of RocksDB, MatrixKV, PrismDB, SplitDB,
ADOC, and DecouKV under the YCSB uniform and zipfian
workloads.
Write-intensive workloads (load, YCSB-A, and -F). For
write-intensive workloads, DecouKV demonstrates significant
throughput improvement. Compared to RocksDB, DecouKV
achieves a 2.3—4.9x improvement. In comparison to Ma-
trixKV and ADOC, DecouKV shows a smaller improvement
under the load workload, with a 1.4x and 1.6x increase,
respectively. This indicates that MatrixKV and ADOC, as
optimized solutions for addressing write stall issues, effec-
tively reduce the occurrence of write stalls under pure write
workloads, leading to superior performance. However, for
read-write mixed write-intensive workloads like YCSB-A
and YCSB-F, the resource bottlenecks caused by frequent
writes also impact read performance. DecouKV successfully
mitigates resource fragmentation, reducing its impact on both
read and write performance, thus providing an advantage
with a 1.5-3.4x improvement. Compared to PrismDB and
SplitDB, DecouKV demonstrates significant advantages un-
der uniform workloads, achieving improvements of 1.5-3.6x.
Under heavily skewed Zipfian workloads, PrismDB performs
particularly well in write-intensive cases (YCSB-A, YCSB-
F). This is because PrismDB employs a slab-based structure
and in-place update strategy on the fast devices. When the
workload is highly skewed, a large portion of write requests
are handled on the fast devices and are not pushed to the slow
device, thus achieving high throughput. However, DecouKV
still achieves strong performance overall.

Additionally, according to our previous analysis, the sys-
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Figure 15: Normalized throughput of different DecouKV versions.

tem often enters a resource-constrained state under write-
intensive workloads. In such cases, DecouKV relaxes certain
parameters, resulting in the creation of multiple overlapping
files (e.g., IndexTables or SSTables in HLy), which could
impact read performance. However, in our experiments, we
observe that DecouKV’s read performance is not significantly
affected. This is because, under write-intensive workloads,
with the scheduling of decoupled tasks in DecouKYV, the burst
in CPU usage is short-lived, thereby preventing excessive In-
dexTables (in the evaluation, the number of IndexTables never
exceeds 6, which is even lower than the number of files in L
in RocksDB, even during write stalls). As shown in Figure
16, the maximum value of IMTN is only 4, further validating
this result. Regarding overlapping SSTables in HL, we set
the number of files to one in order to trigger the compaction
of data from HLg to HL,, giving HL compaction a higher
priority. In the evaluation, even under write-intensive work-
loads, the number of files in HLg does not exceed two. Under
read-intensive workloads, HLy is empty in most cases.

Read-intensive and scan-intensive workloads (YCSB-B,
-C -D, and -E). For read-intensive and scan-intensive work-
loads, DecouKV also demonstrates modest improvements.
Compared to RocksDB, MatrixKV, and ADOC, DecouKV
achieves a 1.2-1.9x improvement under the zipfian workload
and a 1.2-2.3x improvement under the uniform workload.
These gains primarily stem from more efficient resource uti-
lization and a reduction in the number of high levels on slow
devices. Compared to PrismDB and SplitDB, DecouKV also
exhibits slight advantages under uniform workloads, achiev-
ing a 1.1-1.8x improvement. For highly skewed zipfian
workloads, DecouKV shows no advantage, whereas SplitDB
performs remarkably well. SplitDB employs a cascading
skiplist index—which constructs fast paths between adjacent
LSM-tree levels to reduce lookup latency—and a data promo-
tion and demotion mechanism that migrates hot data from
slower SSDs to faster NVM and cold data to SSDs, thereby
optimizing read performance under skewed workloads.

4.3 Performance Breakdown

In our design, we consider three primary techniques to opti-
mize system performance: decoupling, scheduling strategies,
and elastic capacity for high levels. In this section, we eval-
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Figure 16: Tuning actions for load and YCSB-A workloads.

uate the performance contribution of each technique to De-
couKV. However, task scheduling relies on decoupling, while
elastic capacity high levels depends on scheduling strate-
gies. Consequently, we evaluate three versions of DecouKV
against RocksDB: DecouKV-D (decoupling only, with the
queue parameters set to the average of the auto-tuning results
from the experiment), DecouKV-DS (decoupling + schedul-
ing strategies), and DecouKV (decoupling + scheduling strate-
gies + elastic capacity high levels, i.e., the complete version
of DecouKV). Figure 15 shows the throughput of different
DecouKYV versions during insert and update operations, nor-
malized to DecouKYV as the baseline. In the following, we
will explain the contribution of each component.
Decoupling technique. By comparing the performance of
DecouKV-D with RocksDB, we can roughly estimate the
contribution of the decoupling technique. The decoupling
technique contributes significantly to both the load and YCSB-
A workload, with a greater contribution observed under the
YCSB-A workload. This is because DecouKV’s decoupling
technique primarily targets data on fast devices, and a sub-
stantial portion of the updates in the YCSB-A workload can
be completed solely on fast devices.

Scheduling strategies. Similarly, by examining the dif-
ferences between DecouKV-DS and DecouKV-D, we can
roughly assess that the scheduling queue technique has a
greater contribution to the load workload. To further under-
stand this, we record the variations in the parameters DFTS
and IMTN during load and YCSB-A workload in the 2000s,
as shown in Figure 16. After decoupling, during the load
workload, DFTS is significantly increased, indicating a clear
performance bottleneck in I/O. DecouKV mitigates this bot-
tleneck by increasing DFTS to schedule more CPU-intensive
operations, thus reducing the demand for I/O resources. In
contrast, during the YCSB-A workload, DFTS and IMTN are
not significantly adjusted, suggesting that the CPU and I/O
resources are well balanced after decoupling, and no exces-
sive scheduling is required. Therefore, the scheduling queue
technique contributes more to load workload.

Elastic capacity high levels. The performance difference
between DecouKV and DecouKV-DS demonstrates that the
elastic capacity for high levels technique provides greater ben-
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Figure 17: Performance under other workloads.

efits for load workload compared to YCSB-A workload. This
is primarily because the load workload has a more significant
impact on the high levels than the YCSB-A workload. More-
over, the elastic capacity high levels technique further miti-
gates the interdependencies among operations, minimizing
the impact of excessive data sorting tasks on other operations
during the write-intensive load phase.

4.4 Performance under Other Workloads

YCSB workloads with a huge size dataset. We conduct per-
formance evaluations on a larger YCSB uniform workload,
which includes a S00GB dataset (i.e., 500 million key-value
pairs), as shown in Figure 17(a). Compared to RocksDB,
DecouKV demonstrates performance improvements of 5.2,
2.8x%, and 2.4x under write-intensive load, YCSB-A, and
YCSB-F workloads, respectively, consistent with the results
obtained with the 100GB dataset. In comparison to MatrixKV
and ADOC, DecouKV achieves performance improvements
of 1.6-2.4x under the same workloads, even slightly outper-
forming the results from the 100GB dataset. This is attributed
to the slight performance degradation observed in MatrixKV
and ADOC with larger datasets, whereas DecouKV maintains
its performance advantage due to more efficient utilization of
system resources.

Nutanix production workloads. We also evaluate the
throughput performance of various KV systems using a
real-world workload from Nutanix, which closely resembles
a write-intensive workload with 57% updates, 41% reads,
and 2% scans. The results, shown in Figure 17(b), demon-
strate that DecouKV outperforms other systems, achieving a
throughput improvement of 1.3-2.0x.

4.5 Understanding DecouKV Performance

Impact of KV size. We evaluate the variation in throughput
performance of the load under different value sizes. As shown
in Figure 18(a), DecouKV demonstrates the most significant
advantage when the value size is 1KB and 4KB. It is known
that as the value size increases, the demand for I/O bandwidth
also increases. Conversely, when the value size decreases,
the load’s demand for CPU resources becomes more signif-
icant. When the value size is too large (16KB) or too small
(256B), severe imbalances in the demands for CPU and I/O
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Figure 18: Performance impact of varying value sizes/core counts.
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Figure 19: Comparison of throughput after replacing fast devices
with NVMe SSDs and memory budget.

resources results in performance degradation, leading to re-
source shortages of a single type. Consequently, the benefits
of decoupling decrease, and ADOC, which smooths the data
flow through scheduling, still performs well.

Impact of core number. We evaluate the impact of the num-
ber of CPU cores on load performance. As shown in Figure
18(b), when the number of CPU cores is low (e.g., 2 cores),
the performance improvement of DecouKYV is modest due to
limited CPU resources. As the number of cores increases, De-
couKV ’s performance advantage becomes more pronounced,
indicating that DecouKYV can better leverage the additional
CPU resources. However, when CPU resources become ex-
cessive (e.g., 16 cores), the performance of DecouKV no
longer increases, as it becomes constrained by disk I/O.
Performance on different devices. We evaluate the through-
put performance of DecouKV on different fast devices.
Specifically, we use the INTEL SSDPE2KE(032T8 NVMe
SSD as the fast device and leverage io-uring to fully exploit
the asynchronous I/O capabilities of the NVMe SSD. As
shown in Figure 19(a), DecouKV demonstrates a throughput
improvement of 1.4-2.4x over RocksDB, MatrixKV, and
ADOC when deployed on hybrid storage devices consisting
of an NVMe SSD and a SATA SSD.

Memory budget. We record the maximum memory usage
during the experiments, with YCSB-A requiring the highest
memory. As shown in Figure 19(b), about 23% (0.7GB) of
memory is used for the IndexTable—more than RocksDB’s
MemTable (0.3GB). Approximately 45% (1.4GB) is used
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for DecouKV’s Tablecache, less than RocksDB’s (1.56GB),
because there’s no need to cache the AOF’s Filter Block and
Index Block. The memory usage of DecouKV is comparable
to that of MatrixKV and ADOC, with only a slight increase
over RocksDB, while achieving higher performance.
Recovery time. We also test the recovery capability of De-
couKYV in the event of system crashes. Specifically, we verify
that data persisted in the AOFs on fast devices before a crash
can be used to rebuild the index upon reboot. The results show
that DecouKV successfully recovers after multiple crash tests.
In terms of performance, the recovery speed of DecouKV and
RocksDB is nearly identical, with recovery times of 8.76s and
8.12s, respectively, for a 10GB database. This is because the
high sequential read bandwidth provided by the fast devices
enables rapid index rebuilding.

5 Related Work

Performance optimization of LSM-tree-based KV stores.
A lot of research focus on optimizing the performance of
LSM-tree-based KV stores. One line of investigation ad-
dresses the issue of write stalls. SILK [4] aims to mitigate the
tail latencies caused by write stalls by adjusting the priority of
background threads and rate-limiting their operations. ADOC
identifies data overflow in various components of LSM trees
as the direct cause of write stalls and fine-tunes parameters
such as the number of threads and batch size to schedule flush
and compaction operations more effectively. Another line
of research focuses on reducing write amplification through
KV separation. WiscKey [35] is the first to propose storing
values in a separate append-only log, while Bourbon [12]
extends WiscKey by indexing values through a learned ap-
proach. HashKYV [8] and BadgerDB [16] have optimized the
additional overhead introduced by garbage collection in the
context of KV separation. Other studies focus on optimiz-
ing read and scan performance, including systems such as
LSM-trie [46], UniKV [49], ElasticBF [34], and DiffKV [33].
Deploying LSM-tree-based KV stores on new devices. Re-
cent studies also focus on new types of storage media, with
some research targeting hybrid storage solutions, similar to
the scenario discussed in this paper. NoveLSM extends mem-
ory components to PM and employs in-place updates to re-
duce compaction overhead. SLM-DB [28] improves upon this
by constructing a global B+-tree index on PM and using op-
tional compaction to minimize write amplification. MatrixKV
identifies Ly-L; compaction as the root cause of PM device
write stalls and addresses this issue by using matrix contain-
ers for differentiated management of Ly on PM. Fine-grained
matrix compression is employed to reduce write stalls.
Besides, some works [6,42,45] mainly focus on different
scenarios like workload skewness or read-intensive work-
loads. PrismDB modifies the hierarchical structure to reduce
compaction overhead and uses a cold-hot awareness approach
to improve read performance. SplitDB employs a cascading
skip list index and a data promotion and demotion mechanism

that migrates hot data from slower SSDs to faster NVM and
cold data back to SSDs, thereby optimizing read performance
under skewed workloads. PRISM [45] analyzes the advan-
tages of each storage device and adopts hybrid management
for heterogeneous storage. However, abandoning the tree
structure leads to some loss in scan performance and compli-
cates garbage collection management. Other studies focus
on scenarios where cost is not a primary concern, and fast
devices nearly replace slow ones. KVell [32] relaxes data
ordering and employs a share-nothing design to fully utilize
the bandwidth of fast devices. ListDB [30] deploys the entire
LSM-tree on a system with only DRAM and PM and replaces
SSTables with a NUMA-aware skip list. MioDB [17] lever-
ages the byte-addressable feature of PM, managing data on
PM using skip lists and performing zero-copy compaction for
merging between skip lists.

Tuning and scheduling of LSM-tree-based KV stores.
Many studies observe that configuration settings significantly
impact the performance of LSM-trees. Monkey [13] proposed
a configuration tuning framework that optimizes memory allo-
cation strategies and read/write performance under worst-case
scenarios. Dostoevsky [14] employs a hybrid strategy to de-
termine the levels at which compaction occurs. Rafiki [37]
and TiKV [41] utilize offline training methods to compute
optimal configuration settings. These works achieve substan-
tial performance improvements in their respective scenarios;
however, their tuning and scheduling approaches are often
highly dependent on workload characteristics.

6 Conclusion

In this work, we analyze the data sorting operations of sorting-
based KV stores and identify operation coupling as the root
cause of resource usage dependency and fragmentation on
hybrid storage devices. While two existing approaches—fixed
differentiated data management and superficial scheduling
of data sorting operations—fail to fundamentally address the
problem of inefficient resource utilization.

We propose DecouKV to mitigate resource usage depen-
dency in sorting-based KV stores on hybrid storage devices
via operation decoupling. Experimental results demonstrate
that, compared to RocksDB and the aforementioned solu-
tions, DecouKV improves CPU utilization by 25.4%-32.3%
and increases throughput by 2.3—4.9 x under write-intensive
workloads, while reducing tail latency by 74.3%-91.4%. Fur-
thermore, under read-intensive workloads, DecouKV also
achieves a modest throughput improvement of 1.2-2.3x.
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A Artifact Appendix
Abstract

Our artifact includes the prototype implementation of De-
couKV and three other state-of-the-art comparison systems,
along with the YCSB benchmark evaluated in the Evaluation
section. Additionally, we provide the experimental scripts
necessary to reproduce our results on hybrid devices. Please
note that running the full evaluation requires several tens of
hours to complete.

Scope

This artifact allows reviewers to reproduce the main experi-
mental results of the paper, including:

* DecouKV improves CPU utilization compared to other
systems and reduces utilization fluctuations under write-
intensive workloads (Load, YCSB-A).

* DecouKV achieves higher throughput than other systems
under write-intensive workloads (Load, YCSB-A, -F); it
also provides moderate improvements under read- or scan-
intensive workloads (YCSB-B, -C, -D, -E).

* DecouKYV reduces average latency compared to other sys-
tems under write-intensive workloads; it also brings slight
improvements under read- or scan-intensive workloads.

Contents

The artifact is hosted in a git repository. This repository
includes DecouKV'’s source code as well as documentation
and experimental scripts. It is structured as follows:

db_impl/: This folder contains the source code implementa-
tion of DecouKV, as well as three other comparison systems
(RocksDB, MatrixKV and ADOC). Users can switch between
the test systems by modifying the value of ’systems’ in the
script. The source code is structured as follows:

e adoc/: This folder contains the source code implementa-
tion of ADOC.

e decoukv/: This folder contains the source code imple-
mentation of DecouKV.

* matrixkv/: This folder contains the source code imple-
mentation of MatrixKV.

e rocksdb/: This folder contains the source code imple-
mentation of RocksDB.

test results/: This folder is automatically created after run-
ning the test script, and the test results will be saved here.
The ycsb_latency.csv file stores the latency results after run-
ning the test, while the ycsb_throughput.csv file stores the
throughput results.

workloads/: This folder contains the main parameters for the
YCSB workload. Each YCSB workload file can be modified
to change parameters such as database size (recordcount),

number of operations (operationcount), read/write ratio, and
key distribution (Uniform or Zipfian).

db_config.yaml: This file includes some system-level con-
figurations that can be customized, including SSTable size,
MemTable size, and other internal parameters.

test.sh:This file is the unified test script. It will compile all
four systems, run Load, YCSB-A to F workloads, and output
the CPU utilization fluctuation plot into ./test results/. This
step may take over 50 hours to complete, and you can monitor
the script’s progress in the test.log file. Reducing the data
volume (default: 100GB) can shorten the runtime, but it may
affect the final results.

Hosting

The artifact is hosted on GitHub at:https: // github.
com/ QingyangZ/DecouKV. git. Please refer to the main
branch and the latest commit version for the exact code used
in this paper.

Requirements

The artifacts have been developed and tested on Ubuntu
20.04.6 LTS with Linux kernel 5.15. The hardware includes
128 GB Intel Optane DCPMM for fast devices and 960 GB
Intel §4520 SSDs with SATA 3.0 interfaces for slow devices.
Approximate resource requirements are a dedicated server
with at least 10 CPU cores, one SSD with over 200GB of free
space, and one PMEM device with over 50GB of free space.

A.1 Installation

1. First, to clone the repository, run the follow-
ing commands: git clone https://github. com/
QingyangZ/DecoukV. git.

2. Then, to initialize and update the submodules, run:

git submodule init
git submodule update

3. Next, to install the required packages, use:

sudo apt install libsnappy-dev
libgflags-dev zliblg-dev libbz2-dev
liblz4-dev libzstd-dev
libpthread-stubsO-dev libnuma-dev
libstdc++-dev libpmem-dev liburing-dev

A.2 Experiment workflow

To run the full experiment, execute the test. sh script in the
background. This script compiles all four systems, runs Load
and YCSB-A to F workloads, and outputs the CPU utilization
Sfluctuation plot into the test_results/ directory. After the
test completes, generate throughput and latency figures by
running draw_throughput.sh and draw_latency. sh.
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