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Abstract

The Log-Structured Merge Tree (LSM-tree) is widely adopted in key—value (KV) storage systems due
to its ability to transform random writes into sequential writes. However, LSM-tree still suffers from
issues such as write amplification and periodic performance degradation, which become more severe
on emerging storage devices with strict sequential-write constraints, such as Zoned Namespace Solid
State Drives (ZNS SSDs). Meanwhile, the introduction of Non-Volatile Memory (NVM) provides new
opportunities for optimizing the internal structure of LSM-tree.We observe that traditional SSTables
tightly couple metadata with data blocks, causing frequent metadata updates to trigger unnecessary
rewrites of large data regions, thereby exacerbating write amplification. To address this problem, we
propose DS-LSM-tree, an LSM-tree design based on SSTable decoupling. In DS-LSM-tree, large and
infrequently accessed data blocks are sequentially stored on ZNS SSDs, while frequently accessed and
fine-grained metadata are migrated to NVM, alleviating the mismatch between update granularity
and storage device characteristics.Based on the decoupled SSTable design, we further develop a ZNS-
aware SSTable metadata structure and propose an NVM-based logical merge strategy for SSTable
data blocks, which reduces unnecessary physical data migrations. We implement a prototype system
named SPMS based on DS-LSM-tree and evaluate it using YCSB benchmarks. Experimental results
show that, compared with the traditional LSM-tree—based system ListDB, SPMS improves write
throughput by up to 51.2%, increases read throughput by 5.1%, and reduces write amplification by
53.1%.

Keywords: LSM-tree, ZNS SSD, NVM, Hybrid Storage

1 Introduction

In recent years, with the rapid growth of large-scale data-intensive applications, key—value (KV) storage
systems have been widely adopted in scenarios such as cloud computing, big data processing, and online
services. By transforming random writes into sequential writes, the Log-Structured Merge Tree (LSM-
tree) achieves high write performance and has become the core data structure of mainstream KV storage
systems, including Level DB and RocksDB [6, 13]. However, LSM-tree relies on a multi-level structure
and periodic compaction to maintain data ordering. While this design improves write throughput, it
inevitably introduces issues such as write amplification and performance fluctuations, which become
more pronounced in environments with emerging storage devices [5].

Zoned Namespace Solid State Drives (ZNS SSDs) partition storage space into multiple zones and
enforce sequential writes, which improves sequential write performance while imposing strict constraints
on data layout and update patterns in upper-layer storage systems [1]. In recent years, existing studies
have optimized the performance of LSM-tree—based systems on ZNS SSDs from perspectives such as
system architecture, zone allocation, and compaction scheduling [2]. However, these studies primarily



focus on the placement and migration of SSTables across different levels or zones, and rarely analyze the
root causes of write amplification from the perspective of SSTable internal structure.

We further observe that, in traditional LSM-tree designs, SSTables typically store metadata and data
blocks in a tightly coupled manner. During system operation, SSTable metadata—such as indexes, filters,
and statistical information—are frequently updated, whereas the data blocks are often large in size and
expensive to rewrite. On conventional block-based storage devices, this mismatch in update granularity
can be partially mitigated through in-place overwrites or device-managed garbage collection. However,
in ZNS SSD environments, even small-scale metadata updates may trigger rewrites or data migrations
at the zone granularity, thereby significantly amplifying write volume and becoming a critical factor that
limits LSM-tree performance and device lifetime.

Non-Volatile Memory (NVM) offers near-DRAM access latency, high read and write performance,
and byte-addressability, making it a promising component for high-performance storage systems [16].
However, in hybrid storage environments composed of NVM and ZNS SSDs, traditional LSM-tree designs
still treat SSTables as indivisible management units, failing to distinguish different types of data in terms
of update frequency and write granularity. As a result, even when only a small amount of metadata
within an SSTable needs to be updated, large-scale data rewrites or migrations on ZNS SSDs may still
be triggered. This leads to persistent write amplification in hybrid storage systems and may further
exacerbate the problem due to increased data placement complexity.

To address the aforementioned issues, we restructure the SSTable organization in traditional LSM-
tree designs and propose DS-LSM-tree, an LSM-tree architecture based on SSTable decoupling. The core
idea of DS-LSM-tree is to decouple SSTable metadata from data blocks by migrating frequently accessed
but fine-grained metadata to NVM, while placing infrequently accessed and large-volume key—value
data on ZNS SSDs. This design alleviates the mismatch between update granularity and storage device
characteristics.Building on the decoupled SSTable structure, we further design an SSTable logical merge
strategy that performs merge operations at the logical level, thereby reducing physical data migrations.
As a result, DS-LSM-tree effectively lowers write amplification and improves write efficiency.

The main contributions of this work are summarized as follows.

® To address the tight coupling of key—value data and metadata in traditional SSTables, we decouple
SSTables into a data region and a metadata region. By analyzing the different access characteristics
of key—value data and metadata, we store the large-capacity SSTable data region on ZNS SSDs, while
migrating the SSTable metadata region to NVM. This design improves key—value lookup and access
efficiency on ZNS SSDs.

® Based on SSTable decoupling, we design a new SSTable metadata structure tailored to the access
characteristics of NVM and ZNS SSDs. The proposed metadata design improves LSM-tree access
efficiency while reducing write amplification on ZNS SSDs.

e Leveraging the sequential append constraint of zones in ZNS SSDs, we propose an SSTable logical
merge strategy and construct an SSTable logical merge area in NVM. This approach avoids unnecessary
write operations on ZNS SSDs caused by SSTable merging, while maintaining low NVM space overhead
and extending the service lifetime of ZNS SSDs.

® We implement a prototype system named SPMS based on DS-LSM-tree and evaluate it using YCSB
benchmarks. Experimental results show that, compared with the LSM-tree-based system ListDB,
SPMS improves write throughput by up to 51.3%, increases read throughput by 5.1%, and reduces
write amplification by 53.1%.

2 Related works
2.1 Write Amplification Optimization in LSM-tree

As a data structure widely adopted in key—value storage systems, LSM-tree has long attracted extensive
research attention due to its write amplification problem. Existing studies mainly optimize LSM-tree
from the perspectives of compaction strategies, hierarchical organization, and caching mechanisms. For
example, write amplification can be mitigated by adjusting the size ratios of SSTables across different
levels or tuning compaction trigger conditions to reduce unnecessary cascading compactions [18].

In addition, introducing compaction buffers or delayed compaction mechanisms can alleviate the
read and write pressure imposed on underlying storage devices during the compaction process [4].
These approaches are effective in reducing write amplification to some extent on traditional SSDs or
HDDs.However, their optimization objectives are typically confined to compaction scheduling and hier-
archical organization. In addition, some studies attempt to leverage high-speed storage media such as



DRAM or NVM to cache intermediate compaction results, thereby reducing frequent accesses to slower
external storage devices [17]. These approaches can effectively reduce compaction latency and improve
system throughput. However, they often require additional DRAM or NVM capacity and still man-
age SSTables as indivisible storage units. Overall, existing write amplification optimization methods for
LSM-tree mainly focus on the compaction process itself and rarely investigate the root causes of write
amplification from the perspective of SSTable internal structure.

2.2 Key Value Separation and SSTable Structure Optimization

To reduce the overhead caused by large-scale data migration during LSM-tree compaction, key value
separation has emerged as an important research direction in recent years. Representative studies sep-
arate keys and their index information from value data, allowing compaction operations to primarily
operate on much smaller key indexes. This design significantly reduces the number of value data rewrites
during compaction [11]. Such approaches have achieved effective write amplification reduction and are
particularly suitable for workloads with large value sizes.

However, existing key value separation approaches primarily focus on reducing the migration cost
of value data. Their optimization targets are usually defined at the logical level of key value separation
rather than the physical organization within SSTables. In these systems, SSTables are still treated as
indivisible units for storage and management, and their internal metadata such as indexes and filters
remain tightly coupled with data blocks. As a result, updates to SSTable metadata may still trigger
large-scale writes to underlying storage devices. In contrast, our work focuses on the mismatch between
update granularity of metadata and data blocks within SSTables and restructures SSTables through
decoupling at the structural level.

2.3 Key Value Storage Systems for ZINS SSDs

With the emergence of ZNS SSDs, an increasing number of studies have explored how to adapt LSM-tree
to storage environments with sequential zone writes and host-managed storage devices. One category
of work designs file systems or storage interfaces tailored for ZNS SSDs, which provide sequential write
friendly abstractions for upper-layer key value storage systems [12]. Another category focuses on the
application layer and leverages the access and compaction characteristics of LSM-tree to design zone
allocation strategies that are aware of compaction behavior, thereby reducing the migration of valid data
during zone reset operations [8].

These approaches have achieved certain effectiveness in reducing write amplification and extending
device lifetime in ZNS SSD environments. However, their optimization granularity is mainly limited to
the zone or SSTable level, and SSTables are typically treated as the smallest units for data placement
and reclamation. How the internal structure of SSTables affects zone utilization and write amplification
has not been systematically analyzed or specifically optimized in existing studies. Therefore, it remains
necessary to explore optimization opportunities for LSM-tree on ZNS SSDs from a finer-grained structural
perspective.

2.4 LSM-tree for Hybrid Storage

With the emergence of Non-Volatile Memory NVM, an increasing number of studies have explored the
integration of NVM with traditional storage devices such as SSDs to construct hybrid storage systems
that simultaneously provide high performance and large capacity [3]. These studies typically leverage the
low access latency and high endurance of NVM by placing critical data structures or hot data in NVM,
thereby improving overall system performance [14].

In LSM-tree related research, some studies attempt to store index structures, logs, or small-scale data
in NVM to reduce write latency or lower the data migration overhead during compaction [15]. These
approaches improve write performance to a certain extent. However, their optimization granularity is
mainly limited to the key value or index level, and SSTables are still organized and managed as integral
units without targeted restructuring of their internal structure. As a result, although such methods
leverage the performance benefits of hybrid storage, they remain unable to avoid write amplification
caused by inappropriate SSTable structure design in ZNS SSD environments.

In summary, existing studies have explored the write amplification problem from multiple perspec-
tives, including LSM-tree compaction optimization, key value separation, and hybrid storage systems.
However, most prior work still treats SSTables as indivisible basic storage units and pays limited atten-
tion to the internal structural design between metadata and data blocks within SSTables and its impact



on write amplification. In contrast, our work starts from the internal structure of SSTables and pro-
poses an LSM-tree design based on SSTable decoupling. Through decoupled storage and a logical merge
mechanism, our approach provides a new direction for reducing write amplification.

3 SSTable Decoupling and Restructuring Strategy

Existing LSM-tree based key value storage systems typically store key value pairs and metadata of
SSTables together on ZNS SSDs. This design has gradually exposed systematic limitations in practical
deployments. Specifically, when key value pairs in an SSTable are updated, ZNS SSDs mainly rely on
sequential write operations, which usually append new data at the end of a zone. Although this mechanism
ensures data consistency and crash safety, it results in multiple physical versions of the same logical data
residing on the storage medium. Such data redundancy grows rapidly with increasing update frequency,
leading not only to reduced storage space utilization but also to severe write amplification.

Meanwhile, we observe that during key lookup, an SSTable first parses its footer to obtain the index
information of the Meta Block and the Index Block. It then uses the Index Block to quickly locate the
starting address of the target key within the corresponding Data Block and employs the Bloom filter to
determine whether the target key exists in that Data Block. During this process, SSTable metadata is
accessed frequently, whereas key value data is mainly read sequentially only after a lookup hits. As a
result, SSTable metadata exhibits characteristics of high access frequency and small scale updates, while
key value data is dominated by large volume storage and low access frequency. Based on this observation,
we propose an SSTable decoupling and restructuring strategy.
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Fig. 1 Description of decoupling and reconstruction strategy for SSTable

As shown in Figure 1, an SSTable is decomposed into a data region referred to as sstable_data and a
metadata region referred to as sstable_meta. The region accounts for the majority of storage capacity
and is accessed infrequently, so it is retained in the sequential write area of ZNS SSDs to fully leverage
their large capacity advantage. In contrast, the sstable_meta region is accessed frequently and is therefore
migrated to NVM, which provides byte addressability and non volatility. After SSTable decoupling, the
storage organization of metadata and data regions changes significantly. The metadata is no longer
colocated with key value data on ZNS SSDs. Instead, it is independently managed in a metadata table
called MetaTable in NVM to fully exploit the low latency and byte addressable characteristics of NVM.
In addition, to further optimize SSTable merging behavior, we construct a logical merge area for SSTables
in NVM, which stores logically merged structures referred to as sstable_logic_data. This design reduces
data rewrite overhead during merge operations.

4 Zone Aware SSTable Metadata

After SSTable metadata is migrated from ZNS SSDs to NVM, write amplification is reduced. However,
the original metadata design is still based on block level storage characteristics of traditional SSDs and
is not optimized for the zone management mechanism of ZNS SSDs. In conventional SSTable structures,
metadata is typically stored in the Meta Block and Index Block and mainly includes information such



as the associated level, key range, and block offset. These designs are intended to accommodate random
writes and block based management in traditional SSDs.In contrast, ZNS SSDs use zones as the min-
imum management unit, enforce sequential writes, and do not support in place updates. As a result,
traditional SSTable metadata structures exhibit inherent limitations when deployed on ZNS SSDs. In
particular, during key value lookup operations, these limitations may introduce additional access latency
and negatively impact overall system performance. Therefore, based on the decoupled SSTable design,
we reconstruct the SSTable metadata structure, as illustrated in Figure 2.
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Fig. 2 Structure of SSTable metadata

To adapt to the zone management characteristics of ZNS SSDs while fully leveraging the high speed
access capability of NVM, we embed several new metadata fields into the metadata region, including
Zoneld, ZoneOffset, and LogicPtr. Zoneld uniquely identifies the zone in the ZNS SSD data region where
sstable_data is located, enabling fast zone level positioning and avoiding the overhead introduced by
traditional block level addressing. ZoneOffset further provides the precise offset of sstable_data within the
zone, allowing the system to efficiently locate the exact position. In addition, LogicPtr stores a pointer
to the logically merged sstable_logic_data, which facilitates subsequent writes to sstable_data.

The SSTable decoupling and restructuring strategy improves system performance in multiple aspects.
First, NVM supports overwrite operations, which allows metadata updates to avoid the append only
write constraint of ZNS SSDs. This fundamentally reduces the generation of redundant data and effec-
tively alleviates write amplification. Second, NVM provides nanosecond level access latency. Compared
with traditional SSDs, its lower access overhead significantly improves metadata lookup efficiency and
accelerates LSM-tree query processing

In addition, decoupling metadata from key value data enables zones on ZNS SSDs to be used exclu-
sively for storing large sequentially written data blocks. This design preserves zone space continuity and
improves utilization efficiency, thereby increasing the effective data density within each zone. Meanwhile,
embedding new metadata fields in the metadata region enables fast localization of sstable_data within a
zone. This reduces the overhead of zone level lookup and improves the efficiency of logical updates. As
a result, the proposed strategy avoids systemic performance degradation caused by frequent metadata
updates in hybrid storage architectures and further optimizes overall storage system performance.

5 SSTable Logical Merge Strategy

In traditional LSM-tree designs, SSTable merge operations require multiple SSTable files to be merged
into a new SSTable file, which involves extensive data migration and rewriting. On conventional SSDs,
although such operations introduce a certain level of write amplification, their impact is relatively man-
ageable due to support for random writes. However, on ZNS SSDs, where data is written sequentially
at the zone level and in place updates are not supported, merge operations introduce a series of chal-
lenges.First, merge operations require zones to be erased and rewritten, which not only exacerbates write
amplification but also significantly increases write latency, thereby degrading system performance. Sec-
ond, frequent zone erase and rewrite operations accelerate wear on ZNS SSDs and shorten device lifetime.
These issues make traditional merge operations inefficient on ZNS SSDs. To address these challenges, we
propose an SSTable logical merge strategy.



Fig. 3 Structure of sstable_logic_data

We first present the structure of sstable_logic_data after SSTable logical merging, as illustrated in
Figure 3. The sstable_logic_data structure is designed to efficiently utilize Non Volatile Memory resources
and to accommodate metadata update requirements after logical merging. This structure records meta-
data of contiguous keys in sstable_data through LogicKey entries.Each LogicKey entry includes several
key fields. StartKey represents the starting key of a contiguous key range. Zoneld identifies the zone on
the ZNS SSD where the starting key is located, and ZoneOffset specifies the corresponding offset within
that zone. Length denotes the span of the contiguous key range. The Next pointer links to the subsequent
LogicKey entry. Based on this structure, SSTable logical merging is performed, as shown in Figure 4.
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Fig. 4 Description of logical merge strategy for SSTable

When sstable_data in the ZNS SSD data region triggers a merge operation, the system first reads the
smallest key among the sstable_data to be merged and determines the maximum span of its contiguous
keys. The zone identifier, zone offset, and span length of the starting key are then recorded in the LogicKey
entry indexed as i in sstable_logic_data. Next, the largest key covered by LogicKey i is compared with
keys from other sstable_data instances that participate in the merge. The system identifies the smallest
key that is larger than the maximum key of LogicKey i, reads this key and determines the maximum
span of its contiguous keys, and records the corresponding zone identifier, zone offset, and span length
in LogicKey entry indexed as i plus one in sstable_logic_data. This comparison and insertion process
is repeated iteratively until the last key from all sstable_data instances to be merged is recorded in
sstable_logic_data.

After logical merging is completed, a new metadata entry referred to as sstable_meta is inserted
into the MetaTable to point to the newly generated sstable_logic_data, and the metadata of the original
sstable_data instances to be merged is removed. When the amount of invalid sstable_data within a zone
on the ZNS SSD exceeds a predefined threshold, the system cooperatively uses sstable_logic_data and
sstable_meta to migrate the newly generated sstable_data to the corresponding zone in the data region
through device supported copy operations. Meanwhile, the sstable_logic_data in the logical merge area
is deleted. The detailed procedure is presented in Algorithm 1.

The SSTable logical merge strategy effectively reduces the number of write operations and the fre-
quency of zone erasures on ZNS SSDs, thereby mitigating write amplification and extending device
lifetime. In addition, this strategy fully leverages NVM for efficient metadata management, which not
only improves metadata access efficiency but also optimizes space utilization in key value storage systems.



Algorithm 1 SSTable Logical Merge Procedure

Input: sstable_data
Output: sstable_logic_data, sstable_meta

1: when sstable_data trigger compaction in ZNS SSD then
for each sstable_data in sstable_data_list do

2:

3: keysList = ReadKeysFromZone(sstable_data);

4: end for

5: if keysList is not empty then

6: Startkey = GetKeyListMinKey (keysList);

7: Zoneld, ZoneOf fset = GetMinKeyAddr(Startkey);

8: Length = FindMaxContinuousRange(Startkey, keysList);
9: LogicKeyi = CreateLogicKey(Startkey, Zoneld, ZoneO f f set, Length);
10: UpdateNode(sstable_logic_data, LogicK eyi);

11: RemoveKey (keysList, Startkey, Length);

12: i++;

13: else

14: sstable_meta = CreateMeta(sstable_logic_data);

15: InsertMetaTable(sstable_meta);

16: RemovelnvalidMeta(sstable_data);

17: end if

18: end when

19: for each Zone in ZNS SSD do

20: if the invalid sstable_data in the Zone exceeds the threshold then
21: WriteToZNS(sstable_logic_data, sstable_meta);

22: sstable_logic_data.delete();

23: end if

24: end for

6 Evaluation

To evaluate the effectiveness of the SSTable decoupled LSM-tree, we build a prototype system named
SPMS based on a previously established experimental environment. Specifically, we modify the source
code of the PMem driver and NVMeVirt [9] to decouple and restructure the SSTable organization and
to incorporate the SSTable logical merge strategy. In addition, we construct several comparison systems,
including a RocksDB prototype system based on traditional SSDs, a SplitKV prototype system that
combines traditional SSDs and PMem [7], and a ListDB prototype system based on PMem [10]. These
systems are evaluated and compared with SPMS.

YCSB is used as the benchmarking tool in our experiments. The number of client threads is config-
ured as 1, 4, 8, 16, and 32 to evaluate throughput, write amplification, write latency, and concurrency
performance under multi-threaded workloads for each prototype system. All experiments are conducted
on a single server, and the detailed software and hardware configurations are presented in Table 1.

Table 1 Configuration of Test Environment

Component Configuration
CPU Intel Xeon Platinum 8300 3.00 GHz
Memory 128GB
NVDIMM 2 * 512GB Intel Optane DC Persistent Memory
ZNS SSD NVMeVirt, 128GB, 64MB Zone Size
Disk 512GB SATA SSD
OSs CentOS 7.0, Kernel 5.18.18

6.1 Write Throughput under Different Data Volumes

We first use the YCOSB Load workload, which consists of 100% put operations. The number of threads is
set to 16, and different numbers of key value pairs are randomly generated and inserted into RocksDB,



SplitKV, ListDB, and SPMS. We then measure write throughput under different data volumes. The
experimental results are shown in Figure 5.
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Fig. 5 Write throughput under different data volumes

As shown in Figure 5, SPMS consistently achieves higher write throughput than the other prototype
systems. Compared with RocksDB, SPMS improves write throughput by 100.2% to 128.0%. Compared
with SplitKV, SPMS achieves improvements ranging from 37.1% to 55.5%. Compared with ListDB,
SPMS improves write throughput by 29.5% to 46.9%. This performance gain is attributed to the SSTable
decoupling and restructuring strategy adopted by SPMS, which stores the SSTable metadata region and
data region separately on NVM and ZNS SSDs during write operations. NVM provides write performance
close to that of DRAM, while ZNS SSDs offer higher concurrent write capability than traditional SSDs.
In addition, the proposed SSTable logical merge strategy effectively matches the characteristics of NVM
and maintains high write efficiency.

As the amount of data written to each prototype system increases from one million to ten million
key value pairs, the write throughput of RocksDB, SplitKV, and ListDB decreases by 15.8%, 7.9%, and
5.8%, respectively. In contrast, the write throughput of SPMS decreases by only 4.1%, indicating stronger
write performance stability. RocksDB adopts a traditional LSM-tree for data storage, and the frequency
of inter level compactions increases as data volume grows. This behavior introduces significant additional
write overhead and triggers more garbage collection operations, which further reduce write throughput.
Although SplitKV integrates traditional SSDs and NVM, it still relies on the LSM-tree structure. As
data volume increases, its write path continues to perform frequent compaction operations, especially
when NVM space approaches capacity, forcing data migration to SSDs and incurring additional write
overhead. ListDB exhibits a smaller performance degradation compared with RocksDB and SplitKV.
However, as data scale increases, ListDB still suffers from rising metadata management overhead, which
gradually degrades write performance. In contrast, SPMS decomposes and persists SSTables according
to the characteristics of different storage devices and maintains stable write performance even as data
volume increases.

6.2 Write Throughput under Multi Threaded Concurrency

Next, we use YCSB to generate one million key value pairs and insert them into RocksDB, SplitKV,
ListDB, and SPMS, respectively. By varying the number of threads, we evaluate the write throughput of
each prototype system under multi threaded concurrent workloads. The experimental results are shown
in Figure 6.

The experimental results indicate that under multi threaded workloads, SPMS improves write
throughput by 29.1% to 137.0% compared with RocksDB. Compared with SplitKV, SPMS achieves
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Fig. 6 Write throughput under multiple threads

improvements ranging from 2.4% to 57.9%, and it improves write throughput by 2.5% to 51.2% com-
pared with ListDB. When the number of threads is small, the write throughput of SPMS is slightly lower
than that of SplitKV and ListDB. This behavior is mainly because, in single threaded scenarios, SPMS
cannot perform parallel writes to the data region and the metadata region, which constrains the write
path and limits overall throughput.However, as the number of threads increases, the write throughput
of SPMS steadily improves and demonstrates good scalability. In particular, with 16 threads, the write
throughput of SPMS is 57.9% higher than that of SplitKV and 51.2% higher than that of ListDB.

SplitKV and ListDB adopt NVM and traditional SSDs as storage devices. Under workloads with a
small number of threads, the high throughput capability of NVM can be effectively utilized. However,
when the number of threads increases to eight or more, the write performance of NVM reaches its peak.
With sixteen and thirty two threads, write throughput begins to decline due to the I/O bandwidth
limitations of the storage devices.

In contrast, SPMS adopts a hybrid storage architecture composed of NVM and ZNS SSDs and fully
exploits the advantages of ZNS SSDs under highly concurrent write workloads. When the number of
threads increases to sixteen, the sequential write characteristics and high concurrency handling capability
of ZNS SSDs are effectively utilized, allowing SPMS to continue achieving increasing write throughput. In
addition, by decoupling SSTables, SPMS enables key value data and metadata to be mapped to storage
devices that best match their access characteristics. This design further improves storage efficiency,
reduces write conflicts, and increases overall write throughput.

6.3 Read Throughput under Different Data Volumes

We use YCSB with workload C, which consists of 100% get operations, and set the number of threads
to 16. By varying the number of key value pairs stored in each prototype system, we evaluate read
throughput under different data volumes. The experimental results are shown in Figure 7.

As shown in Figure 7, SPMS consistently achieves higher read throughput than the other prototype
systems under different data volumes. Compared with RocksDB, SplitKV, and ListDB, SPMS improves
read throughput by 123.6% to 130.3%, 68.6% to 71.2%, and 0.8% to 5.1%, respectively. This performance
improvement is mainly attributed to the optimization strategies adopted by SPMS in data storage and
metadata management.

SPMS employs a new SSTable metadata management mechanism that enables query requests to locate
target data more efficiently and reduces unnecessary 1/O accesses, thereby improving read performance.
In addition, SPMS migrates SSTable metadata to NVM and leverages the low latency and high read and
write performance of NVM to accelerate metadata access. As the amount of written data increases, the
read throughput of each prototype system gradually decreases. This behavior occurs because SplitKV is
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Fig. 7 Read throughput under different data volumes

designed to store hot data in NVM and cold data in traditional SSDs in order to improve read and write
performance. However, as data volume increases, the hot and cold status of data may change. Some data
that was originally stored as hot data in NVM may be demoted to cold data and migrated to SSDs. As
a result, query operations still need to access slower SSDs, which leads to reduced read throughput. In
contrast, ListDB stores data in NVM using an append only approach. While this design improves write
performance, data may be stored in a non contiguous manner during queries. Consequently, the system
needs to traverse long log chains to locate target data.As data volume grows, the length of log chains
increases, which further raises traversal overhead during query processing and eventually degrades read
throughput.

6.4 Read Throughput under Multi Threaded Concurrency

We use YCSB with workload C, which consists of 100% get operations. The number of threads is set
to 1, 4, 8, 16, and 32 to evaluate the read throughput of each prototype system under multi threaded
concurrent workloads. The experimental results are shown in Figure 8.

As shown in Figure 8, the read throughput of SPMS gradually increases as the number of threads
grows. With one and four threads, SPMS achieves higher read throughput than RocksDB and SplitKV,
but slightly lower throughput than ListDB. This behavior is mainly because ListDB optimizes its index
structure, which effectively improves read throughput under workloads with a small number of threads.

In contrast, SPMS adopts an architecture that separates SSTable key value data and metadata.
Under single threaded workloads, SPMS needs to access multiple devices during read operations, which
introduces additional I/O overhead and results in slightly lower read performance compared with ListDB.
However, as the number of threads increases, the advantages of SPMS become more evident. When the
number of threads reaches sixteen, SPMS improves read throughput by 2.9% compared with ListDB.
This result indicates that under multi threaded concurrent workloads, the new SSTable metadata design
adopted by SPMS significantly improves lookup efficiency on ZNS SSDs.By decoupling SSTable metadata
and migrating it to NVM, SPMS leverages the near DRAM read and write performance of NVM to
reduce data access latency under multi threaded workloads, thereby improving overall read throughput.

6.5 Throughput under Mixed Workloads with Different Data Volumes

We use YCSB with workload A, which consists of 50% get operations and 50% update operations. The
number of threads is set to 16. By varying the number of key value pairs stored in each prototype
system, we evaluate mixed workload throughput under different data volumes. The experimental results
are shown in Figure 9.
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Fig. 9 Hybrid operation throughput under different data volumes

The results shown in Figure 9 indicate that under mixed workload scenarios, SPMS consistently
achieves significantly higher throughput than the other prototype systems across different data volumes.
Specifically, compared with RocksDB, SplitKV, and ListDB, SPMS improves throughput by 81.5% to
110.4%, 38.9% to 52.4%, and 4.8% to 10.8%, respectively. This advantage is mainly attributed to the
optimized storage architecture and metadata management strategy adopted by SPMS, which enables
more efficient handling of mixed read and write workloads.

SPMS adopts a hybrid storage architecture composed of NVM and ZNS SSDs. It leverages NVM
to store the SSTable metadata region and accelerate index access, while distributing the SSTable data
region across ZNS SSDs in a zone aware manner. This design effectively reduces write amplification
and improves read efficiency, thereby enhancing overall throughput under mixed workloads. In addition,
SPMS introduces an SSTable logical merge strategy that reduces unnecessary data movement and 1/0
accesses during merge operations, thereby lowering the additional storage overhead caused by merging. In
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contrast, RocksDB still relies on traditional SSDs as storage devices and is more severely affected by write
amplification under mixed workloads, which leads to a noticeable decline in mixed workload throughput.
Although SplitKV and ListDB partially leverage NVM, they are prone to limitations imposed by NVM
read and write bandwidth as data volume increases. This issue becomes more pronounced under highly
concurrent workloads, where storage bottlenecks are more likely to occur and degrade overall throughput.

From the experimental trends, it can be observed that as data scale grows, SPMS exhibits a smaller
decline in mixed workload throughput compared with the other systems. This result indicates that SPMS
provides better scalability and stability when handling large scale data workloads.

6.6 Write Amplification under Different Key Value Sizes

To evaluate write amplification behavior of different key value storage systems, we use db_bench to
measure write amplification for RocksDB, SplitKV, ListDB, and SPMS. In the experiments, a fixed key
size of 16 bytes is used, while values with different sizes are tested to analyze the impact of key value
size on write amplification. The experimental results are shown in Figure 10.
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Fig. 10 Write amplification

The experimental results show that as the key value size increases, the write amplification of RocksDB
remains consistently higher than 10. This behavior occurs because RocksDB adopts a traditional LSM-
tree structure and does not optimize write amplification during compaction. In addition, RocksDB relies
on conventional SSD storage and performs block level erase and write operations, which exacerbate
frequent data rewrites during compaction and further increase write amplification.

In comparison, the write amplification of SplitKV remains between 6 and 8. Although SplitK'V main-
tains key indexes within the LSM-tree, updating values requires modifying the value pointers recorded
in the LSM-tree, which triggers rewrites of related SSTables. These rewrites introduce additional write
operations, so write amplification is reduced compared with RocksDB but remains relatively high.

Among all evaluated prototype systems, SPMS demonstrates significant advantages. Compared with
RocksDB, SplitKV, and ListDB, SPMS reduces write amplification by 72.3% to 86.1%, 52.9% to 74.6%,
and 43.9% to 53.1%, respectively. This improvement is mainly attributed to the SSTable logical merge
strategy adopted by SPMS, which merges multiple SSTables at the logical level rather than rewriting
physical data, thereby reducing unnecessary data rewrites and compaction overhead.
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6.7 Ablation Study

Based on SPMS, we remove the SSTable logical merge strategy and adopt a traditional intra level
compaction strategy to construct a prototype system referred to as SPMS w/o. By varying the amount of
written data, we measure the number of zone reset operations for each prototype system. The prototype
systems are configured with 2048 zones, and the program erase cycle of each zone is set to 10. The
experimental results are shown in Figure 11.
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Fig. 11 Number of zone resets

The results shown in Figure 11 indicate that as data volume increases, the prototype system SPMS
w/o, which adopts a traditional intra level compaction strategy, consistently exhibits a higher number
of zone reset operations than SPMS, which employs the SSTable logical merge strategy. This difference
is not significant when the data volume is small. However, as data volume grows, the gap gradually
widens.When the data volume reaches 10 GB, the system remains in a write intensive state and only
a limited number of SSTable merge operations occur. As a result, the difference in zone reset counts
between the two prototype systems is relatively small. When the data volume increases to 20 GB, a
certain number of SSTable merge operations are triggered within the system, and the number of zone
resets in SPMS w o becomes 24.0% higher than that in SPMS. As the data volume further increases to
30 GB and 40 GB, the gap continues to widen, reaching 37.9% and 45.8%, respectively.

These results demonstrate that the SSTable logical merge strategy adopted by SPMS significantly
improves adaptability to ZNS SSDs. By reducing the amount of key value data written during SSTable
merge operations, SPMS is able to migrate valid key value data to new zones through device supported
copy operations when invalid SSTables accumulate to a certain level, thereby effectively reducing the
number of zone reset operations. In contrast, SPMS w/o relies on a traditional intra level compaction
strategy, which causes a large number of invalid SSTable files to remain within zones and frequently
triggers zone reset operations.

When the data volume increases to 50 GB, the number of zone reset operations for both prototype
systems gradually stabilizes. This behavior occurs because as data volume continues to grow, existing
SSTables are progressively merged into lower levels, and no merge operations are triggered for a relatively
long period.

7 Conclusion

We investigate the limitations of existing LSM-tree based key value storage systems on ZNS SSDs, with
a particular focus on the write amplification caused by tightly coupled storage of key value data and
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metadata in SSTables and the insufficient adaptation to ZNS SSD characteristics. To address these issues,
we propose DS-LSM-tree, an LSM-tree design based on SSTable decoupling.

The proposed design consists of several key components. First, we present an SSTable decoupling and

restructuring strategy and introduce a new SSTable metadata structure. Next, we propose an SSTable
logical merge strategy to reduce unnecessary data rewrites during merge operations. Finally, we imple-
ment a prototype system based on DS-LSM-tree and conduct comprehensive evaluations using YCSB
benchmarks. Experimental results demonstrate the performance advantages of DS-LSM-tree compared
with RocksDB, SplitKV, and ListDB.
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