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In write-intensive applications, the log-structured merge (LSM) trees are widely used as the basic index
structure of key-value (KV) stores. Existing works integrate NVM into traditional DRAM-SSD architecture to
improve write performance. However, these works still suffer from significant write stalls and amplification,
mainly due to the inefficient Ly-L; compaction caused by the unordered nature of data in Ly of LSM-trees. To
address these issues, we propose PartitionKV, a novel LSM-tree based KV store designed for the DRAM-NVM-
SSD storage architecture, which has three main design characteristics: (1) First, we design an ordered partition
layer comprising multiple partitions to replace the Memtable components and L, of original LSM-trees.
Incoming KVs are directly persisted into NVM Logs of designated partitions based upon keys. This design
minimizes unnecessary data rewriting during compaction and can double as a write-ahead log, significantly
reducing write amplification. (2) Second, we introduce an adaptive partitioning strategy that dynamically
splits or merges partitions based on the number of overlapping SSTables, ensuring that an optimal amount
of data is involved in each compaction. (3) Third, we propose a multi-threaded compaction strategy where
multiple threads leverage two priority lists to efficiently coordinate concurrent data compaction between the
partition layer and L;. By effectively integrating these two strategies, PartitionKV accelerates NVM space
release and reduces write stalls significantly. We implement PartitionKV based on RocksDB and conduct
extensive experiments to evaluate its performance. Results show that PartitionKV achieves 3.63x and 4.06x
higher random write throughput than FlatLSM and MatrixKV, respectively.
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1 Introduction

Nowadays, persistent key-value (KV) stores are becoming increasingly important for supporting
various applications in modern data centers, such as social networks [11], e-commerce platforms
[53] and search engines [13]. Many of these applications are write-intensive, and hence these KV
stores usually employ a write-friendly log-structured merge tree (LSM-tree) as the basic index
structure, such as LevelDB [24], RocksDB [36], HBase [6] and Cassandra [32]. The LSM-tree
significantly enhances write performance primarily through its out-of-place update strategy, which
converts random I/Os into sequential I/Os. Concretely, insertion, update, and deletion operations
are implemented via sequential write operations—by appending the key followed by either its value
or a special deletion.

Most LSM-tree based KV stores are deployed on a DRAM-SSD architecture, where written KVs
are first buffered in DRAM and then flushed to SSD as SSTables. These SSTables are organized into
multiple levels (Ly, Ly, ..., L,). To mitigate the space consumption caused by outdated KVs, L;-L;;;
compaction is triggered at appropriate time to merge a portion of SSTables from L; (and L;;1) by
replacing outdated KVs with their newer versions. It is well known that the compaction policy
adopted by the LSM-tree has a significant impact on read performance, write performance, space
utilization, and write amplification, essentially representing a trade-off among these aspects. Two
basic policies exist: leveling, which favors reads, and tiering, which favors writes. Hybrid policies
combine both, typically applying tiering to upper levels and leveling to lower ones. While leveling
(except Ly) is suitable for read-heavy and space-constrained scenarios, it suffers from degraded
write performance under random writes due to: (1) write amplification caused by rewriting KVs
during L;-L;+; compaction; (2) write stalls primarily resulting from slow compaction, especially
from Ly-L; compaction, which is caused by the excessive number of SSTables involved in both
levels. More details are provided in Section 2.3.

In order to alleviate the write amplification introduced by the leveling policy, many studies have
proposed novel compaction strategies along with structural modifications to the lower levels that
employ this policy, including Spooky [18], Wisckey [35], BlockDB [47], and ALDC [12]. However,
these studies rarely focus on the write amplification caused by Ly—L; compaction; in other words,
only the write amplification from L, to L, are partially mitigated. In parallel, only a few studies
have examined the impact of write stalls on the overall write performance of KV stores, especially
those caused by Ly-L; compaction, such as TRIAD [7], SILK [8] and CruiseDB [33]. However, due
to the significantly lower read and write performance of SSDs compared to DRAM, it is infeasible
to eliminate key range overlaps among SSTables in Ly without incurring significant transformation
costs, resulting in a limited reduction of write stalls.

With the development of hardware technology, non-volatile memory (NVM) today offers storage
capacities close to SSDs, access speeds comparable to DRAM, and is byte-addressable [21-23, 39].
It is also a persistent memory that can be accessed through the memory bus. These features bring
new possibilities for solving the above issues in LSM-trees by integrating NVM into the DRAM-SSD
architecture. Some existing studies have proposed new data management structures in NVM to
replace Ly, along with customized compaction strategies, to mitigate the impact of Ly-L; compaction
on the write performance of KV stores, such as NoveLSM [30], MatrixKV [55], TriangleKV [19]
and FlatLSM [25]. However, these approaches suffer from one or more of the following limitations,
which hinder their effectiveness in reducing write stalls and write amplification: (1) Limitation
1: high transformation overhead introduced by the proposed data management structures; (2)
Limitation 2: during Ly—L; compaction, KVs with overlapping key ranges in NVM (i.e., the
new Ly) cannot be compacted together, leading to repeated involvement of the same L; SSTables
in multiple compactions; (3) Limitation 3: coarse-grained Lo—L; compaction slows down the
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overall compaction process and delays the release of NVM space, which blocks new KV writes and
exacerbates write stalls.

To address the above limitations, in this paper we present PartitionKV, a novel LSM-tree based
KV storage specially designed for DRAM-NVM-SSD hybrid storage architecture, which has three
main design characteristics: (1) Character 1: we propose to apply an ordered partition layer com-
prising multiple partitions with non-overlapping and consecutive key ranges to replace Memtable
components and L, of original LSM-trees. Incoming KVs are directly persisted into NVM Logs of
designated partitions and indexed by skiplists in DRAM. This design does not require additional
transformation overhead, while enabling KVs within the same partition (i.e., the same key range)
to be compacted together, thereby reducing the number of times SSTables in L; are involved in
compactions. It helps address Limitations 1 ~ 2. (2) Character 2: we propose an adaptive parti-
tioning strategy that dynamically splits or merges partitions based on the number of overlapping
SSTables. Specifically, if a partition has a large number of overlapping SSTables, it is logically split
into two smaller partitions; otherwise, it is logically merged into an adjacent partition with few
overlapping SSTables. This strategy enables dynamic adjustment of each compaction granularity
without rewriting KVs and helps address Limitations 3. (3) Character 3: we propose a multi-
threaded compaction strategy to further accelerate space reclamation, whereby multiple threads
concurrently execute separate compaction tasks between the partition layer and L;. Specifically,
each available compaction thread first traverses a high-priority list, followed by a low-priority
list, to select appropriate partitions for compaction. This strategy also mitigates Limitation 3.
Contributions of this work are highlighted as follows:

e We propose a new LSM-tree based KV store called PartitionKV, which improves the system’s
random write performance significantly.

e We design an ordered partition layer to replace Memtable and Ly, which enables compaction
of KVs within the same key range with minimal overhead and fewer L; SSTables involved,
thereby reducing writing amplification.

e We introduce an adaptive partitioning strategy that achieves fine-grained compaction by
logically splitting or merging partitions, thereby reducing write stalls.

e We propose a multi-threaded compaction strategy that allows multiple threads to concurrently
compact different partitions, further reducing write stalls.

e Extensive experiments are conducted to evaluate PartitionKV, and the results show that its
random write performance is 3.63X and 4.06Xx of that of FlatLSM and MatrixKV, respectively,
while its average write latency is 1.94x and 2.32x lower.

2 Background and Motivation
2.1 Log-structured Merge Trees

We take RocksDB, which is widely used in graph processing [10], stream processing [14] and
OLTP workloads [35], to describe the specific design of the LSM-tree. As shown in Figure 1(a),
RocksDB consists of a Mutable Memtable and an Immutable Memtable in DRAM as well as Sorted
String Tables (SSTables), a WAL and a MANIFEST in SSD. The Mutable Memtable and Immutable
Memtable are implemented based on skiplists. The Mutable Memtable is responsible for accepting
inserted KVs, and the Immutable Memtable is responsible for flushing KVs from DRAM to L.
SSTables organize KVs in the order of keys. As the volume of written data increases, SSTables are
continuously compacted from Ly to deeper levels (Ly, Ly, ..., L,). Therefore, the LSM-tree presents a
multi-level structure in SSD, where the capacity of L;;; is generally 10 times that of L;. The WAL
records write requests, and the system can recover the Mutable Memtable and Immutable Memtable
using the WAL after a system crash. The MANIFEST file is a metadata log that records all changes

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 62. Publication date: February 2026.



62:4 Xingye Huang et al.

Put +~—— Immutable Mutable  |«— — — o~ 2000
Get — — - Memtable Je— — Memtable

DRAM

ion {1500

1000
Lo 00);

‘

Compaction Size (MB)

b2) Tiered compaction

(b) (©)
Fig. 1. (a) The structure of RocksDB. (b) RocksDB’s leveled and tiered compactions. (c) RocksDB’s random

write performance and Lo—L; compactions. The light blue line shows the random write throughput measured
every 10 seconds, the violet line shows the average throughput, and each light red line represents the duration
and amount of data processed in a Ly—L; compaction.

B T T N T

Elapsed time (s)

to the database’s versioned state, enabling RocksDB to be restored to the latest known consistent
state on a restart.

Write KVs. When handling write operations, the KVs are first written to the WAL and then
inserted into the Mutable Memtable. If the Mutable Memtable is full, it is converted into an
Immutable Memtable, and a new Mutable Memtable is created to receive KVs. The Immutable
Memtable is flushed to Ly by the background compaction thread, and one or more SSTables are
generated after the Flush is completed.

Read KVs. Since the LSM-tree applies an out-of-place update strategy, its upper levels store
the most recently written KVs. When a read request arrives, RocksDB first searches the Mutable
Memtable, then the Immutable Memtable, and finally the SSTables from Ly to L, in order. This
process leads to a read amplification problem.

Background compaction. In RocksDB, the leveling and tiering policies correspond to leveled
compaction and tiered compaction, respectively. As shown in Figure 1(b1), in leveled compaction,
RocksDB merges the SSTables in both L; and L;;; whose key range are overlapping, and writes the
newly generated SSTables into L;,1. As a result, the KVs in each level (except for Ly) are unique. In
contrast, as shown in Figure 1(b2), tiered compaction selects a group of adjacent SSTables with
similar sizes within L; for merging, and writes the resulting SSTables into L;;;. Consequently,
within each level, there exist KVs with the same key (i.e., both new and old versions). We can
conclude that leveled compaction generally provides better read performance due to the uniqueness
of keys in each level (except for Ly). However, since SSTables in L;; are involved in the compaction,
it leads to significantly higher write amplification compared to tiered compaction. In RocksDB,
to handle write bursts, no compaction operation is performed during the Flush process, which
means that Ly adopts the tiered compaction by default — a behavior that cannot be changed by
user configuration. However, this results in the SSTables in L being unordered and potentially
covering a wide range of keys. When the user specifies that other levels adopt leveled compaction
(the default setting in RocksDB), compaction between Ly and L; can sometimes involve nearly all
SSTables in both levels, leading to slow compaction and eventually causing write stalls.

2.2 Non-volatile Memory

New types of NVM are byte-addressable and memory-bus accessible, such as phase-change memory
[9], ReRAM [50], memristors [45], 3D XPoint [27], and STT-MRAM [20]. These memories can
be accessed through the memory interface using mmap()/memcpy(), or through the file system
interface using read()/write() [40]. Compared to DRAM, NVM’s bandwidth is 5x lower and its
latency is 3% higher [27, 52]. However, NVM provides larger capacity than DRAM at a lower cost
and with lower energy consumption [15, 52]. Compared with SSDs, NVM can be directly accessed
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by the CPU via the memory bus, without relying on DRAM as an intermediary. Besides, it offers
comparable capacity to SSDs, while providing 10x higher bandwidth and 100x lower latency [5].
Moreover, ensuring data consistency in NVM mainly involves addressing two challenges: write
reordering and partial persistence. The former can be resolved by enforcing ordered memory writes
using memory fence and cache flush instructions [26, 30], while the latter can be mitigated through
mechanisms such as Write-Ahead Logging, Copy-on-Write, or Log-Structured Updates.

Research Significance: Although Intel officially discontinued Optane Persistent Memory in
2022, the rapidly growing demands of the Al industry have driven the emergence of new memory
solutions. In 2024, Samsung introduced a series of Compute Express Link (CXL)-based devices,
including the CXL Memory Module - DRAM (CMM-D) [42], CXL Memory Module - PMEM/Hybrid
(CMM-H) [43], and CXL Memory Module - Memory Box (CMM-B) [41]. Among them, the CMM-H
device integrates DRAM and NAND flash, providing byte-addressability and persistence capabilities
similar in function to those of Optane persistent memory, as analyzed as follows: (1) Its internal
DRAM provides byte-addressability and allows the host application to directly control or influence
its cache management, thus enabling the prefetching and eviction of specific pages [44]. As evaluated
in [44], under heavy loads, the system with CMM-H demonstrates lower latency at equivalent
memory bandwidth levels compared to a DRAM-only system. (2) Moreover, it includes an internal
energy source and supports CXL Global Persistent Flush (GPF) and Sudden Power Loss (SPL),
ensuring the persistence of data in DRAM. These characteristics, which indicate that it can be
used to target Intel Optane as well as NVDIMM customers [43], are critical for the design and
implementation of PartitionKV. This implies that the partition layer of the PartitionKV can be
deployed on the DRAM within the CMM-H device. Moreover, PartitionKV may require certain
adjustments to better leverage its cache mechanism. For example, during write operations, when
the cache space becomes insufficient, data pages from cold partitions can be selectively evicted to
the SSD to free up space for incoming KVs. Before compacting cold partitions, the evicted pages
can be prefetched from the SSD, thereby leveraging SSD’s large capacity.

Additionally, in applications, if we do not have NVM available, the PartitionKV would still work
with its persistent part in a NVMe SSD, but its overall performance would degrade greatly. However,
the underlying partitioning and key-range management principles can provide useful insights for
designing other systems aimed at enhancing random write performance.

2.3 Motivation

Write Stalls. Write stalls refer to delays or interruptions in the process of write operations, which
can significantly cause frequent throughput degradation and long tail latency. To assess the impact
of Ly-L; compaction on system throughput, we conduct an experiment on RocksDB, in which
80GB of KVs are randomly written into RocksDB, with the key and value sizes being set as 16B
and 4096B, respectively. From the experimental result shown in Figure 1(c), we observe that the
average throughput of RocksDB decreases over time, with periodic fluctuations, where the troughs
in the throughput curve indicate write stalls. During Ly-L; compaction, RocksDB’s throughput
drops to the bottom of the valley. Once the compaction is completed, the throughput returns to
its peak. The reason why write stalls caused by Ly-L; compaction have a significant impact on
system throughput is that the disordered structure of Ly causes nearly all SSTables in both L,
and L, to participate in the compaction process. This results in excessive consumption of system
resources - including memory, disk bandwidth, and CPU - slowing down compaction and causing
continuous accumulation of Ly files. The large number of overlapping L, files further degrades read
performance and exacerbates subsequent Ly-L; compactions. Therefore, in RocksDB, the size of L
is typically set to be very small (usually a few hundred MB), and write stalls are triggered once the
amount of data in Ly exceeds a user-specified threshold. Moreover, although RocksDB introduces
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sub-compaction to address the slow Ly-L; compaction issue, its efficiency remains limited because
many SSTables in L; are repeatedly involved in compactions with newly flushed SSTables in L.

Write amplification. Write amplification is defined as the ratio between the amount of data
written to storage devices and the amount of data written by users. During each L;-L;,1 compaction,
the KVs in the SSTables of both L; and L;,; are first read into DRAM, and then the KVs in L;, are
replaced by those from L; with identical keys. Subsequently, the merged data is written back to
SSDs. Since some KVs actually do not need to be updated, this results in unnecessary data rewriting.
Apparently, reducing the proportion of KVs that do not require update during the compaction
process can reduce unnecessary data rewriting.

WAL overhead. As aforementioned, the WAL is used to ensure the recoverability of KVs stored
in DRAM, which involves actual write operations to the SSD. Moreover, if the WAL recording
written KVs is further used as a part of Ly, we do not need to further flush KVs in the Immutable
Memtable into Ly. That is to say, the Flush operation can be eliminated, which helps reduce data
rewriting.

3 PartitionKV Design

In this section, we present PartitionKV which aims to utilize the characteristics of NVM to reduce
write amplification and write stalls caused by Ly-L; compaction, thereby improving the write
performance. As shown in Figure 2(a), PartitionKV is based upon the DRAM-NVM-SSD three-tier
storage architecture, and can be primarily divided into a storage layer and a partition layer.
The storage layer located on SSDs maintains the same structure as the SSTables in L, to L, of the
original LSM-tree, with Ly removed. The partition layer mainly consists of two components: (1)
multiple partitions spanning across both DRAM and NVM which are used to replace the
Memtable and L, for receiving written KVs, with the structure introduced in Subsection 3.1; (2) a
B+ tree located in DRAM for indexing the partitions. When writing or reading a KV, PartitionKV
first indexes the B+ tree to locate the partition whose key range covers the key of the KV. Then, it
writes the KV to the partition or begins to search from this partition. Each partition’s key range
overlaps with the key ranges of a certain number of SSTables in L;. These overlapping SSTables
may participate in the compaction between the partition and L;. To ensure an appropriate number
of overlapping SSTables involved in each compaction, we propose an adaptive partitioning
strategy to dynamically split or merge partitions according to the number of overlapping SSTables,
as demonstrated in Subsection 3.2. When the number of KVs written to a partition reaches a
predefined threshold, this partition is compacted into the L; to free up NVM space, in case that the
NVM capacity are exhausted and subsequent KV writes are blocked. To accelerate data migration
from the partition layer to L;, we propose a multi-threaded compaction strategy, by which
multiple threads are allocated to concurrently execute separate compaction tasks, as demonstrated
in Subsection 3.3.

3.1 Partition Structure

Although some studies have attempted to use new data management structures on NVM to replace
Ly or Memtable in order to alleviate write stalls and write amplification, these approaches still
require further improvement. For example, MatrixKV [55] introduces an ordered Matrix container
to replace the disordered Ly in original LSM-trees. However, it requires serializing the Immutable
Memtable into a Matrix container and still uses the WAL only for Memtable recovery, resulting in
expensive transformation overhead and write amplification caused by WAL. In contrast, NoveLSM
[30] removes the WAL by introducing a persistent skiplist structure in NVM to replace the Memtable
for handling KV writes; however, the Ly is still disordered, and hence the Ly-L; compactions still
involve a large amount of data. FlatLSM [25] directly appends KVs to NVM while maintaining
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Fig. 2. The overall structure of PartitionKV, which is a KV store based upon the DRAM-NVM-SSD three-tier
storage architecture. The shaded area of the partition represents the number of SSTables in L; whose key
ranges overlap with the partition’s key range. The larger the shaded area, the more SSTables are covered.

skiplists in DRAM, further eliminating the need for a Memtable. It also proposes a multi-threaded
compaction similar to sub-compaction [37] in RocksDB to accelerate large-granularity compaction.
However, it cannot compact KVs within the same key range together, resulting in SSTables in L;
participating in compactions multiple times.

To better address the issues of write stalls and write amplification, in this paper we propose to
replace the Memtable and L, with a partition layer consisting of multiple partitions and a
B+ tree. Each partition, which is assigned with a specific key range, receives KVs within
their key ranges. Note that key ranges of all partitions are unique, non-overlapping and
consecutive. This design significantly reduces write amplification through the following (1) KVs
within the same key range can be compacted together. This implies that the proportion of KVs with
identical keys (i.e., necessary data rewriting) during each compaction increases, and accordingly
unnecessary data rewriting is reduced; and (2) each partition contains components called NVM
Logs that function as WALs while maintaining skiplists in DRAM to index the KVs stored in the
NVM Logs, which eliminates the Flush operation.

As depicted in Figure 2(b), a partition mainly consists of a Partition Node (PN), a Mutable Non-
volatile Memory Table (NVMTable), an Immutable NVMTable list of itself (NTI), an Immutable
NVMTable list of other partitions (NTO), and a Meta Node (MN). The PN records the metadata of a
partition, such as its key range and pointers to other components within the partition. The Mutable
NVMTable is used to receive incoming written KVs. Once it becomes full, it is converted into an
Immutable NVMTable and appended to the tail of the NTI. When a partition is split or merged, the
NTI is converted into the NTO. The MN records critical partition state information for system recovery.
Their specific structures and functionalities are elaborated as follows:

3.1.1 Partition Node. As shown in Figure 2(b), the PN consists of: (1) a 16-byte Start/End Key
which together defines the key range of this partition, along with a 2-byte Start/End Key Size which
records the size of the Start/End Key; (2) four pointers, including an 8-byte NVMTable Pointer, an
8-byte N'TI Pointer, an 8-byte NTO Pointer and an 8-byte MN Pointer, which point to the Mutable
NVMTable, the NTI, the NTO and the MN within the partition, respectively.

When write or read requests arrive, PartitionKV first locates the partition whose key range contains
the requesting key through an B+ tree in DRAM. It then use the information within the PN to locate the
Mutable NVMTable in this partition to write KVs or start querying from it, followed by NTI and NTO.

3.1.2 NVMTable. As indicated in paper [25], maintaining skiplist structures on NVM involves a
large number of small-granularity writes, which results in poor write performance. Thus, FlatLSM
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[25] separates the KVs from the index nodes by writing the KVs directly to the NVM and maintaing
skiplists in DRAM that point to the written KVs, which helps reduce small-granularity writes
on NVM. Following this philosophy, we design NVMTable which contains a Minimum Key, a
Maximum Key, a Next NVMTable Pointer, a skiplist which resides in the DRAM, as well as a NVM
Log that resides in the NVM, as shown in Figure 2(c). The Minimum Key and the Maximum Key
together indicates the key range of the written KVs in NVMTable; the Next NVMTable Pointer
links adjacent Immutable NVMTables to form an Immutable NVMTable list; the skiplist points to
the KVs in the NVM Log.

The detailed structure of the NVM Log are depicted in the lower part of Figure 2(c). The NVM
Log contains a 28-byte Header and multiple Log Entries, which are demonstrated as follows: (1)
The Header records the NVM Log’s metadata, which contains: a) a 4-byte Magic Number. If it is
not filled with the hex value of “PMEM”, the system will identify the NVM Log as being invalid
and automatically reclaim the space; b) an 8-byte File Size and an 8-byte Used Size, which record
the size of NVM Log and the amount of space already used, respectively; c) an 8-byte Next NVM
Log Pointer, which is used to persist the linkage of NVM Logs across Immutable NVMTables in
NVM. This ensures that even if a system crash occurs and the linkage of Immutable NVMTables
in NTI and NTO—maintained by the Next NVMTable Pointer—is lost, the NTI/NTO can still be
reconstructed. (2) Each log entry, used to persist written KVs, consists of four fields: Key Size, Key,
Value Size, and Value.

When a new KV is written to the corresponding partition, it is first appended to the NVM Log of
Mutable NVMTable as a Log Entry, and then the field of Used Size in the Header is updated accordingly.
After the KV has been successfully persisted to NVM, corresponding index nodes are inserted into the
skiplist, and the Minimum and Maximum Key fields are updated accordingly.

Notably, the difference of the PMTable in paper [25] and the proposed NVMTable lies in that we
add the Next NVMTable Pointer in the DRAM and the Next NVM Log Pointer of the NVM Log
in the NVM, both of which are used to maintain the linkage of the Immutable NVMTables. These
structures are essential for the dynamic management of partition splitting and merging.

3.1.3 Meta Node. To ensure partition recovery during system crashes where DRAM-stored PN
information may be lost, we design a Meta Node (MN) located in NVM as a persistent storage
mechanism. The MN stores essential partition state information and must be promptly synchronized
whenever structural changes occur, such as key range modifications or the creation of a new Mutable
NVMTable. This design establishes a robust recovery mechanism by maintaining NVM-based state
tracking that persists beyond volatile memory failures.

As shown in the lower part of Figure 2(b), the MN consists of the following critical components:
(1) a 4-byte Magic Number, which serves as the validity indicator. Specifically, if it is not filled with
the hex value of “META”, then the system will identify the MN as being invalid and automatically
reclaims the space; (2) a 2-byte Start/End Key Size which records the size of Start/End Key, as well
as a 16-byte Start/End Key which together indicates the key range of the partition; (3) an 8-byte
NVM Log Pointer, which directs to the NVM Log of the Mutable NVMTable of the partition; (4) an
8-byte Pointer of the Immutable NVM Log list of itself and other partitions, called the NVMLI and
NVMLO Pointers, which direct to the NVM Log of the Immutable NVMTable at the head of the
NTI and NTO, respectively.

During system recovery, the pointer triad (NVM Log Pointer, the NVMLI and NVMLO Pointers)
enables reconstruction of the active Mutable NVMTable state as well as the structures of NTI and
NTO.

3.1.4 Immutable NVMTable list of itself & other partitions. When the used storage space of the
Mutable NVMTable reaches a predefined threshold, it is first converted into an Immutable NVMTable,
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which is then compacted to L; by an available compaction thread. However, since the compaction
between partitions and L; involves a large amount of I/O operations, it proceeds relatively slow,
while incoming KVs are written into newly allocated Mutable NVMTables at a relatively high
speed, which are then transformed into Immutable NVMTables. This leads to more and more
Immutable NVMTables buffering and awaiting for compaction, which forms the NTI That is to say,
the NTI essentially consists of multiple Inmutable NVMTables from its partition, storing KVs within
the partition’s key range.

When a Mutable NVMTable is transformed into an Immutable NVMtable, two scenarios arise:
Case 1: If the NTI is empty, the newly created Immutable NVMtable becomes the head of the NTL
Consequently, the NTI Pointer in the PN is updated to reference it, while the NVMLI Pointer in
the MN is directed to its corresponding NVM Log. Case 2: If the NTI is not empty, the Immutable
NVMtable is appended to the tail of the NTI This is achieved by updating the Next NVMTable
Pointer and Next NVM Log Pointer of the current tail entry. Additionally, whenever a new Immutable
NVMtable is formed, it is necessary to determine whether the partition should be split or merged,
which will be discussed in detail in Subsection 3.2. If no splitting or merging is required, a new
Mutable NVMTable is allocated. The NVMTable Pointer in the PN is then updated to reference
this newly allocated Mutable NVMTable, while the NVM Log Pointer in the MN is set to its
corresponding NVM Log.

The NTO is transformed from the NTI of other partitions that have been split or merged, and the
key range of the stored KVs may exceed the key range of the partition, which will be elaborated later
in Subsection 3.2. Compared to NTI, these Inmutable NVMTables in NTO are prioritized for
compaction into L, together by compaction threads, which will be elaborated in Subsection 3.3.

3.1.5 Recovery of Partitions. In the partition, the components of the PN, the skiplist of NVMTable
and the Next NVMTable Pointer of NVMTable reside in DRAM. When system crash occurs, infor-
mation in these components will get lost, which can be restored using the MN and NVM Log located
in the NVM. The partition recovery proceeds as follows: (1) based on the NVM Log Pointer of
the MN, KVs in the NVM Log of the NVMTable are scanned to reconstruct the corresponding
skiplist, Minimum Key and Maximum Key in DRAM. This process effectively restores the Mutable
NVMTable; (2) based on the NVMLI Pointer of the MN and the Next NVM Log Pointer of the NVM
Log, a NVM Log list is scanned to rebuild the NTI (3) the recovery process of NTO is the same as
that of NTI; (4) PartitionKV reconstructs the PN based on the partition key range of the MN in the
NVM and the recovered Mutable NVMTable, NTO and NTIL.

3.2 Adaptive Partitioning Strategy

Apparently, after replacing Ly with an ordered partition layer, each partition has a certain number
of overlapping SSTables in L;. As shown in Figure 2(a), Partition 1 and Partition k has 2 and 7
overlapping SSTables, respectively. These overlapping SSTables may participate in compaction
between the partition and L. When a partition is frequently written with KVs and undergoes multiple
rounds of compaction, the number of overlapping SSTables in L, increases. As a result, the compaction
granularity grows in subsequent rounds, which may lead to severe write stalls. To avoid this issue,
the partition needs to be split into smaller key ranges. However, due to the limited capacity of
NVM, the total number of partitions is constrained. To ensure that there is sufficient available space
for creating a new partition when an existing one needs to be split, some existing partitions needs
to be merged. Fortunately, for partitions that are not frequently written with KVs, the number
of overlapping SSTables in L, gradually decreases as they are continuously compacted into L;.
Merging such partitions with their adjacent ones does not significantly increase the compaction
granularity.
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To achieve this goal, we propose an adaptive partitioning strategy that dynamically splits
or merges partitions based on the number of overlapping SSTables, ensuring that an
appropriate amount of data is involved in compaction. Specifically, if a partition has a large
number of overlapping SSTables, it is split into two smaller partitions; conversely, if it has a few
overlapping SSTables, it is merged with its adjacent partition that has fewer overlapping SSTables.

The overall process of the adaptive partitioning strategy is stated as follows: For any given
partition of interest, whenever a Mutable NVMTable is converted into an Immutable NVMTable that
is then immediately appended to the tail of the NTI, the next steps depend on the state of the NTO.
Specifically, if the NTO is not empty, a new Mutable NVMTable is allocated to receive incoming
KVs; otherwise, a decision must be made on whether to split or merge the partition. If splitting or
merging is required, the corresponding operations are performed accordingly; otherwise, a new
Mutable NVMTable is simply created to accommodate the incoming KVs. In the following, we
demonstrate how to make the decision and how the partition splitting and merging proceeds.

3.2.1 Partition Split/Merge Decision. When PartitionKYV is initially launched, the partition layer
contains only a single partition. As KVs continues to be written, the number of partitions, denoted
by n,, gradually increases, until it reaches a user-specified maximum number denoted by &pax-
Based upon the value of ny,, we divide the running period of PartitionKV into three stages. Specifically,
if 1 < np < Smin, PartitionKV is in Stage 1; if Spmin < np < Spmig, it is in Stage 2; and if 6,59 < 1y <
Omax, it is in Stage 3, with &, and §,,,;4 being two user-specified parameters.

Let ng denote the number of overlapping SSTables in L; of an interested partition. Let §{ and "
denote the user-specified thresholds at Stage i for determining whether the interested partition
should be split or merge, respectively. We apply different rules at each stage, as demonstrated as
below:

Rule 1: This rule applies in Stage 1 when the PartitionKV is launched shortly. In this case, we
usually set ] as a small number such that the partitions splits quickly. Specifically, if we have
ns > fi, the partition of interest is split. This reduces the number of overlapping SSTables within
each partition, thereby shortening compaction time and enhancing the system’s write performance.

Rule 2: This rule applies in Stage 2 when there is still sufficient NVM storage space to create new
partitions. We use fixed thresholds to determine whether a partition should be split or merged.
Specifically, if we have n, > f;, this partition should be split; otherwise, if we have n, < " and
ny —1 > Gmin, this partition should be merged, with 5 > B*. The constraint n, — 1 > d;, ensures
that the PartitionKV still runs in Stage 2 after a partition merging process completes.

Rule 3: This rule applies in Stage 3 when the available NVM space is nearly exhausted, making it
difficult to create new partitions, while the number of SSTables in Ly continues to grow. It is necessary
to further raise the thresholds for partition splitting and merging to achieve a relatively balanced
increase in the number of overlapping SSTables per partition. Specifically, we determine whether
the partition should be split or merged based on the coverage ratio, denoted by r., which is defined
as the ratio of the number of overlapping SSTables of this partition to the total number of SSTables
in L;. If we have r. > 8 and nj, + 1 < nax, this partition will be split; otherwise, if r. < f7?, this
partition will be merged.

3.2.2  Partition Splitting. The partition splitting proceeds as follows: For a given partition of interest,
PartitionKYV first identifies the overlapping SSTables in L; and selects the largest key in the middle
overlapping SSTable as the split key. A new partition is then created, with the key ranges of both
partitions being updated based on the split key, followed by an immediate adjustment of the B+ tree
index. For example, assume that Partition 1 in Figure 3 whose key range is [0-100] needs to be split.
Since its overlapping SSTables include SST1, SST2, SST3, SST4 and SST5, we set the split key as the
largest key of SST3, i.e., 60. Then, a new partition, i.e., Partition 1* in Figure 3, is created with the
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key range (60-100], and the key range of Partition 1 is adjusted as [0-60]. Immediately, the index
key of Partition 1 is updated as 60, and a new index key 100 pointing to the PN of Partition 1* is
created at the same time.

Afterwards, PartitionK'V converts the NTI of the original partition into an NTO by modifying the
NTO pointers in the PNs of both partitions. As shown in Figure 3, the NTI of the original Partition 1
is transformed into the NTO of the split Partition 1 and Partition 1%, pointed by their NTO Pointers;
and the NTI Pointer of Partition 1 is set as null. Finally, PartitonKV updates the key ranges, NVMLI
pointers, and NVMLO pointers in the MNs of both partitions to persist the partition state based on
their PNs.

Through the above steps, it can be seen that the NTI becomes a shared NTO for both partitions,
causing the KVs stored in the NTO to exceed the key range of each of these two partitions.
Subsequent KVs will be written to the corresponding partition based on the key ranges of the two

new partitions.
PN

NTI NTO
Pointer Pointer
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Fig. 3. Illustration examples of partition splitting/merging. The red dashed arrows represent that the corre-
sponding NTI/NTO pointers are (to be) modified.

3.2.3 Partition Merging. The partition merging proceeds as follows: For a given partition of interest,
PartitionKYV first identifies an acceptable partition, which is defined as the adjacent partition with an
empty NTO and having fewer overlappling SSTables than the other adjacent one. Then, it expands
the key range of the acceptable partition to the union of the key ranges of both partitions and updates
the B+ tree index. For example, assume that Partition 3 in Figure 3 needs to be merged. As shown,
its left neighboring Partition 2 has an empty NTO and covers 4 overlapping SSTables, and the
right neighboring Partition 4 has an empty NTO and covers 3 SSTables. Thus, the partition 4 is
identified as the acceptable partition. Then, the key range of Partition 4 is expanded from (220-280]
to (180-280], and the index key of Partition 3 is deleted.

Afterwards, PartitionKV converts the NTI of the original partition into NTO by modifying
the NTO pointer in the PN of the acceptable partition. As shown in Figure 3, the NTI of the
original Partition 3 becomes the NTO of the merged Partition 4, pointed by its NTO Pointer. Finally,
PartitionKV deletes the partition to be merged and updates the MN of the acceptable partition to
persist the partition state based on its PN.

Note that the partition splitting and merging operations do not require rewriting the KVs within
the partitions; instead, they only involve modifying partition pointers. As a result, the time overhead
for these two processes is very small and can almost be neglected.

3.3 Multi-threaded Compaction Strategy

The exhaustion of NVM or L, capacity in original LSM-tree blocks subsequent KV writes, causing
severe write stalls. Many existing works have tried to alleviate this issue. For example, RocksDB
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[36] introduces a sub-compaction strategy to accelerate Ly-L; compaction by dividing the involved
KVs into multiple ranges, with each thread responsible for compacting the KVs within a specific
range. However, when RocksDB selects SSTables in L, for compaction, many SSTables in L, are
involved, which may also participate in subsequent compactions with other SSTables in L, leading
to low efficiency. MatrixKV [55] applies a single-threaded fine-grained column compaction that
compacts a column of KVs (instead of a large number of KVs) at each time to prevent delayed
release of NVM space. However, MatrixKV’s column compaction is single-threaded, resulting in
slow data migration from NVM to SSDs.

To better alleviate write stalls, we propose a multi-threaded compaction strategy, by which
multiple threads are allocated to concurrently perform different compaction between the
partition layer and L;. Specifically, each available thread selects an NTI or NTO for compaction.
As previously discussed, the adaptive partitioning strategy ensures that each compaction of NTI
or NTO involves an appropriate amount of overlapping SSTables. Since KVs with the same keys
are written to the same partition, we can infer that a partition’s overlapping SSTables typically do
not participate in compaction with other partitions’ NTI or NTO. By effectively synergizing the
multi-threaded compaction strategy with adaptive partitioning, PartitionKV achieves fine-grained
compaction comparable to MatrixKV while substantially outperforming RocksDB.

Note that if a partition is frequently written with KVs, the number of Immutable NVMTables in
the NTI gets large, leading to slow compaction and write stalls. To mitigate this issue, when the
number of Immutable NVMTables in the NTI reaches a user-specified threshold 6, PartitionKV
slows down KVs ingestion and prioritizes this partition’s NTI for compaction. To prioritize the
compaction of the Immutable NVMTable list that was formed first and contains a larger amount
of data, we design two priority lists—a high-priority list and a low-priority list—to manage the
compaction priority of NTI and NTO. These priority lists store pairs of <NTI or NTO address, PN
address>, where the corresponding NTI or NTO and PN belong to the same partition.

We introduce how to set the compaction priority of NTIs and NTOs by placing them into appropriate
lists, as demonstrated as follows: (1) Once a partition completes splitting or merging, the original
partition’s NTI is converted to an NTO. PartitionKV traverses the high-priority list and then the
low-priority list to find the pair storing this NTI address. Then, this pair is removed, and a new pair
consisting of this NTO address and the corresponding PN address is created and appended to the
high-priority list. This is because, in our design, a partition cannot be split or merged if its NTO
is not empty, so all NTOs should be placed in the high-priority list in order to be compacted into
L; as soon as possible. (2) After an Immutable NVMTable is added to the NTI, if the NTI contains
only one Immutable NVMTable, PartitionKV creates a new pair consisting of this NTI address and
the corresponding PN address and appends it to the low-priority list. Otherwise, PartitionKV finds
the pair storing the N'TI address and checks whether it is placed in the high-priority list. If not,
PartitionKV removes it from the low-priority list and appends it to the high-priority list.

We also allocate multiple threads to handle the compaction between the partition layer and Ly. Each
available thread traverses the high-priority list from head to tail, followed by the low priority list, to
select the NTI/NTO for compaction, as follows:

(1) If the pair stores the address of an NTO, PartitionKV checks whether there is an SSTable in L,
whose key range overlaps with the key range of the KVs stored in the NTO and is currently involved
in the compaction of another NTI or NTO. If so, the pair is skipped, and the next pair is checked for
qualification. Otherwise, the NTO recorded in the pair will be compacted, and this pair is removed
once the compaction is complete. This is because, if multiple threads simultaneously select the same
SSTable for compaction, the key ranges of the newly generated SSTables will overlap, affecting
subsequent compaction and read operations.
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(2) If the pair stores the address of an NTI, an additional condition is required: PartitionKV needs
to find the corresponding PN based on this pair to check whether the NTO of the same partition
is empty. If it is empty, the NTI is qualified for compaction; otherwise, this pair is skipped. This
is because, if NTO comes from a split partition, the KVs stored in NTO are older than the KVs
stored in N'TT within the same partition. If the compaction of NTO is not prioritized for compaction,
old data will overwrite new data. In addition, in our design, prioritizing the compaction of NTO
enables partitions to be split and merged as quickly as possible.

Remark: Novelties of PartitionKV are summarized as follows: (1) The partition structure
ensures that the partition layer remains ordered and that KVs with the same keys are written to
the same partition, thereby reducing unnecessary KV rewriting during compaction and decreasing
the frequency of compaction of overlapping SSTables in L;. In addition, each NVM Log serves as
both the WAL and part of L, eliminating the original Flush operation. These aspects together
significantly reduce write amplification. (2) Adaptive partitioning strategy enables fine-grained
compaction between the partition layer and L,, which reduces the frequency of slow compaction
and mitigates the occurrence of write stalls. (3) Multi-threaded compaction strategy enables
concurrent compaction between the partition layer and Ly, further accelerating NVM space release
and reducing write stalls.

4 Implementation

The Persistent Memory Development Kit (PMDK) [2, 51] is a collection of libraries and tools for
System Administrators and Application Developers to simplify managing and accessing persistent
memory devices. With the functions provided by PMDK, we use two Intel Optane Persist Memory
Modules to implement PartitionKV based on RocksDB [36]. Next, we briefly introduce the write/read
process, the concurrency control, NVM space management and consistency mechanisms as follows.

Write: (1) PartitionKV first indexes the B+ tree in DRAM based on the key of KV to locate the
corresponding partition. Then, it writes the KV into the Mutable NVMTable within the partition. (2)
When the Mutable NVMTable is full, it will be converted into an Immutable NVMTable and appended
to the tail of NTI PartitionKV will adjust the priority of the NTI and then check if the partition
needs to be split or merged. If this partition is required to be split or merged, PartitionKV will also
adjust the priority of the NTO after completing the corresponding operation. (3) The available
background compaction threads select NTIs or NTOs qualified for compaction simultaneously.

Read: The search priority, from high to low, is Mutable NVMTable, NTL, NTO, and SSTables
from L, to L,. Firstly, the system needs to find the partition to which the key of the read request
belongs through the B+ tree, and then search from the Mutable NVMTable within the partition. If
the KV is not found in the Mutable NVMTable, the ParitionKV will search from the tail to the head
of NTI, then search from the tail to the head of NTO, and finally search from L; to L.

Concurrency control: Read and write concurrency in the partition layer is implemented using a
lock. For read operations, the lock is first acquired to access the B+ tree and locate the corresponding
partition. Pointers to the NVMTable, NTI, and NTO within the Partition Node are then recorded,
along with the current database state (i.e., the Version object in RocksDB, which maintains metadata
about all SSTables). The lock is then released, and the lookup proceeds using the recorded pointers
and state information. For write operations, partition splitting or merging constitutes a step in the
write process. The lock is acquired to locate the partition and to perform the splitting or merging if
necessary, and is then released.

NVM space management: (1) PartitionKV creates a file on NVM according to the number and
size of PM Logs and Meta Nodes, as shown in Figure 4. The file is divided into two regions—the
Meta Node (MN) storage region and the NVM Log storage region—where the corresponding MNs
and PM Logs are initialized. It is then mapped into the virtual address space, with pointers stored as
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offsets relative to the virtual base address obtained after file mapping. This approach is not affected
by the Address Space Layout Randomization (ASLR), which is used to enhance system security by
randomizing the base addresses of stack, heap, and executable memory regions. (2) PartitionKV
maintains two queues to manage MNs and NVM Logs, respectively. When a new partition is created
or a partition requests more NVM space, an MN or PM Log is allocated from the corresponding
queue. Similarly, when a partition is deleted or its NVM space is released, the corresponding MN
and PM Log are returned to their respective queues. We adopt the Reference Counting mechanism
[36] in RocksDB to ensure that PM Logs and Meta Nodes are not released while being accessed.
Therefore, there is no NVM leak issue.

Consistency: NVM data structure must avoid inconsistencies caused by system failures [16, 17,
31, 34, 38]. In PartitionKV, NVM write/update operations are triggered by two types of events: KV
writes and partition state updates. For KV writes, if the size of a KV exceeds the write granularity
of NVM, a system crash may lead to partial persistence. To solve this issue, PartitionKV atomically
updates the 8-byte Used Size in the NVM Log once the write operation is complete. If a system crash
occurs before modifying the Used Size, the KV will be lost. For partition state updates, since multiple
fields in MN need to be updated after the operation is completed, a system crash may prevent some
of them from being successfully modified. PartitionKV records its status in the MANIFEST file
before modifying the corresponding MN.

F 777777 Meta Node storage region------- >F 77777777777 NVM Log storage region------------ >‘
' NVM Log Pointer i
‘ MN1 ‘ MN2 ‘ ‘ MNn |NVM Log|NVM Log|NVM Log| |NVM Log‘
i i [ i
: 1. 1 I |
NVMLI/NVMLO Next NVM Next NVM
Pointer Log Pointer Log Pointer

Fig. 4. Layout of NVM Storage Space.

5 Evaluation
5.1 Experiment Setup

All experiments are conducted on a Linux server with two Intel(R) Xeon(R) Gold 6240 2.60GHz
18-core processors and 379GB of memory. The kernel version is Linux 5.4.0-42-generic and the
operating system is Ubuntu 20.04.6 LTS. The server uses a 1.84TB INTEL SSDPE2KX020T8 SSD with
the EXT4 file system, and two 128GB Intel Optane Persist Memory Modules with the EXT4-DAX
file system.

We compare the performance of PartitionKV with RocksDB [36], NoveLSM [30], MatrixKV [55],
TriangleKV [19], and FlatLSM [25]. The experimental settings are briefly introduced as follows:
(1) The version of RocksDB is 9.1.0. Its Memtable size is 64 MB, and sub-compaction is enabled
with 5 threads. We use the terms RocksDB-NVM and RocksDB-SSD to refer to the system when
its WAL is stored on NVM and SSD, respectively. (2) NoveLSM uses an 8 GB NVM Memtable
and a 64 MB DRAM Memtable, which work alternately. (3) As for MatrixKV, the NVM size is
8 GB and the Memtable size is 64MB. (4) TriangleKV uses the same configuration as MatrixKV,
with a single thread selecting the KVs for column compaction (i.e., right-angle side compaction).
(5) In FlatLSM, the NVM space is 8GB, containing four 2GB PM Logs. The Flush operation is
triggered when the number of Immutable PMTables reaches 2, and the number of compaction
threads for handling Immutable PMTable compaction is set to 5. Note that we implement FlatLSM
without using the key-value separation strategy. This is because after using this strategy, the data
actually written to the LSM-tree in FlatLSM consists of the key and the addresses of value, resulting
in a very small amount of data stored in the LSM-tree. Compared with other databases, when
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writing the same amount of data, the amount of data stored in the LSM-tree in FlatLSM is too
small and write stalls caused by Ly-L; compaction rarely occur. Therefore, it is unfair to directly
compare FlatLSM with other databases to evaluate their performance in handling write stalls. (6)
For PartitionKV, the NVM size is 8 GB, and the NVM Log size is 64 MB. Therefore, the number of
NVM Logs is 8GB/64MB = 128. The number of compaction threads between the partition layer
and L is set as 5, and threshold parameters are set as follows: §pin = 20, Spmig = 40, Smax = 60,
B =2, B; =10, f" = 4, f; = 0.033, Bi” = 0.008, and 0 = 3. Each partition occupies at least one
PM Log and at most (1 + 26) PM Logs without triggering a reduction in write speed. Assuming
that the total number of PM Logs is m, we recommend that the following relation be satisfied:
Omax < m; (1 + 29) Omin = M; Smiq = (5max + 5min)/2-

The other configurations of these systems are set to default and can be found on the corresponding
websites [36], [29], [54], [3], [4], and [1]. Additionally, in the experiments, when evaluating their
write performances, we randomly write approximately 80GB of KVs to them, where the key size is
16B. If not otherwise specified, the value size is set to 4KB, and the accessed keys are generated
using Uniform distributions.

5.2 Read and Write Performance Evaluation

5.2.1 Micro-Benchmark. In this section, we use db_bench to evaluate the random write, sequential
write, random read, and sequential read performance of the above databases when the value sizes
range from 256B to 64KB.
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Fig. 5. Write performance with different value sizes.

Write performance. The random write performance of these databases is shown in Figure 5(a).
PartitionKV outperforms FlatLSM, followed by TriangleKV, MatrixKV, NoveLSM, and RocksDB. The
reasons for PartitionKV achieving higher throughput are stated as follows: (1) FlatLSM introduces
a multi-threaded compaction strategy similar to RocksDB’s sub-compaction to accelerate the
compaction of Immutable PMTables. However, it faces the same issue that SSTables in L; may
participate in the compaction of other Immutable PMTables, leading to low compaction efficiency.
In PartitionKYV, since the same KVs are written to the same partition, the SSTables in L; usually
do not participate in the compaction of other partitions, therefore PartitionKV achieves higher
compaction efficiency. (2) MatrixKV does not reuse the WAL for storing KVs, resulting in additional
transformation overhead compared to PartitionKV. Additionally, it uses single-threaded column
compaction to migrate KVs from NVM to SSDs, leading to lower random write performance.
(3) TriangleKV builds upon MatrixKV by including newly written files in NVM as candidates
for compaction. This design enables newly written KVs to be compacted jointly with existing
KVs within the same key range, thereby reducing the number of L, files involved in compaction.
However, it also increases the overhead of selecting KVs for compaction. (4) NoveLSM maintains a
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persistent skiplist on NVM, which significantly reduces efficiency, resulting in poor random write
performance. (5) Due to the low efficiency of RocksDB’s sub-compaction, the write stall issue caused
by Ly-L; compaction is not effectively mitigated, resulting in low random write performance.

The sequential write performance of these databases is shown in Figure 5(b). PartitionKV’s
sequential write performance is comparable to RocksDB, MatrixKV and TriangleKV, lower than
FlatLSM, and higher than NoveLSM. The reasons are as follows: (1) In sequential writes, since the
keys of the written KVs are increasing, the SSTables in the LSM-tree have non-overlapping key
ranges. As a result, L;-L;;; compaction does not merge SSTables, but simply moves SSTables in L; to
L;+1 by modifying their metadata, without rewriting the KVs. Compared to RocksDB, PartitionKV
directly writes KVs to NVM, which corresponds to RocksDB’s WAL writes and the Flush operation
of Immutable MemTable. In this process PartitionKV is faster than RocksDB. However, during
the subsequent Ly-L; compaction, RocksDB only modifies the metadata of SSTables, while in
PartitionKV, data in NVM must be migrated to L; in SSDs. In this process RocksDB outperforms
PartitionKV. These two processes ultimately result in similar sequential write performance between
PartitionKV and RocksDB. (2) In the partition layer, PartitionKV actually has only one partition
receiving KVs, so only a single thread handles compaction. Meanwhile, when the lengths of NTI
and NTO reach the threshold 0, PartitionKV reduces the ingestion rate of KVs. Both of these
factors lead to degraded write performance. In contrast, FlatLSM compacts a 2GB Immutable
PMTable to L; using multiple threads, making it more efficient. (3) Since MatrixKV has additional
transformation overhead compared to PartitionKYV, its sequential write performance is slightly
lower than PartitionKV. (4) In this case, the performance of TriangleKV is close to that of MatrixKV.
(5) The throughput of NoveLSM is always lower compared to other databases. This is because
maintaining a skiplist on NVM results in poor write performance.

Table 1. Single threaded write performance

Rand. Seq.
(MB/s) | (MB/s)
PartitionKV | 101.1 321.3
FlatLSM 55.4 584.8
MatrixKV 82.7 281.0
TriangleKV 92.7 296.8

Database

As mentioned above, compared with sequential writes, random writes frequently trigger SSTable
merges, leading to performance degradation. The performance gap between the two scenarios
captures the impact of compaction, which actually reflects the differences in Ly-L; compaction
efficiency among these systems, since the structures from L; to L, are identical across these
databases. To further examine this, we evaluated the single-threaded compaction performance for a
more direct comparison. As shown in Table 1, PartitionKV achieves higher sequential and random
write performance than MatrixKV and TriangleKV. Their performance gap between sequential
and random writes is similar and much smaller than that of FlatLSM, indicating comparable
compaction efficiency among them and superior to the FlatLSM. Moreover, even though MatrixKV
and TriangleKV may be modified to use multiple threads for compaction, their efficiency will
not exceed that of PartitionKV, because selecting KVs for compaction incurs significant overhead,
whereas PartitionKV simply traverses two priority queues to select NTI/NTO, achieving higher
efficiency.

Analysis of RocksDB: As shown in Figure 5(a), RocksDB-SSD and RocksDB-NVM have almost the
same overall random write performance. This is mainly because their performance in this regard
is dominated by write stalls resulting from compaction. As shown in Figure 5(b), RocksDB-SSD
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performs better than RocksDB-NVM if value sizes is below 16KB, but worse otherwise. This is
likely due to the hardware characteristics of NVM and its file system [46]. For clarity, we hereafter
use RocksDB-SSD as the baseline.

1500 ,‘ RocksDB-SSD RocksDB-SSD
== PartitionKV 3500 —am PartitionKV
1250 —*— FlatlLSM 3000{ =+ FlatLSM
2 —a— MatrixKV —=— MatrixKV
% 1000 - == NovelsLSM 25001 —e— NoveLSM
E === TriangleKV 2 2000{ = TriangleKV
£ 750
z 1500
£ 500
E 1000
250 500 #
i ——— 0
2568 IKB 4KB 16KB 64KB 2568 KB 4KB 16KB 64KB
Value size Value size
(a) Random Read (b) Sequential Read
Fig. 6. Read performance with different value sizes.
Table 2. Statistics of lookup hits in NVM
Database Value size | Total time (s) | Num. | Avg. (us) Total NTI Len.
256B 2.094 69578 30.10 N/A
1KB 2.132 74977 28.44 N/A
MatrixKV 4KB 1.754 77164 22.73 N/A
16KB 1.666 76215 21.86 N/A
64KB 2.209 74151 29.79 N/A
256B 0.126 17990 7.00 0*53+1*1=1
1KB 0.142 22162 6.41 0*48+1*3=3
PartitionKV 4KB 0.421 43297 9.72 0*10+1*27+2%19=65
16KB 0.409 34809 11.75 0*6+1*30+2*19=68
64KB 0.747 30516 24.48 0*11+1*26+2*20+3*1=69

Note. “Total NTI Len.” denotes the sum of NTI lengths over all partitions before the random
read test begins. In “Total NTI Len”, the first number in each a * b term denotes the NTI
length, and the second denotes the number of partitions.

Read performance. To assess their read performances, we first write the same dataset to the
databases and then measure random and sequential read performance by querying one million KVs.
The random read performance of these databases is shown in Figure 6(a). PartitionKV performs
similarly to MatrixKV, followed by TriangleKV, FlatLSM and RocksDB, which have comparable
performance, with NoveLSM having the lowest performance. However, when the value size is
64KB, MatrixKV’s random read performance exceeds that of PartitionKV. To figure out the reasons
behind, we next further analyze the random read performance difference between PartitionKV
and MatrixKV. Since the Memtable in MatrixKV is small and has negligible impact on random
read, we can infer that the observed performance difference mainly comes from the 8GB NVM.
Thus, we conducted experiments focusing on lookups hitting NVM. Note that in the experiments,
since NTOs are prioritized for compaction, the length of NTOs in all partitions PartitionKV is zero.
As shown in Table 2, that PartitionKV exhibits lower average lookup latency than MatrixKV, but
significantly fewer hits on KVs in NVM. This is because no new KVs were written during the read
tests, and KVs in NVM were continuously compacted to L; in SSD. MatrixKV’s slower compaction
results in a higher number of NVM hits. Hence, the reason why PartitionKV shows lower random
read performance than MatrixKV under the value size of 64 KB is because their average lookup
latencies are similar, but PartitionKV has far fewer NVM hits.
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The sequential read performance of these databases is displayed in Figure 6(b). As shown,
PartitionKV performs similarly to RocksDB, lower than MatrixKV and TriangleKV, but higher
than FlatLSM and NoveLSM. This is likely due to the lower query performance of the skiplist in
PartitionKV during sequential lookups.

From Table 2, we can observe that the average query time of PartitionKV increases with the
value size. This is because a larger value size implies fewer queries hit the Mutable NVMTable,
while most hits occur at the head of the NTI/NTO, resulting in longer query paths. The length of
the NTI has a significant impact on query latency.

5.2.2  Macro-Benchmark. In this section, we use YCSB to evaluate the performance of these
databases under different workloads (YCSB-A to YCSB-F), as shown in Figure 7. Under each
workload, we first randomly write an 80GB dataset to these databases, with a key size of 16B and
a value size of 4096B, then perform one million operations to measure their performance. The
accessed keys are generated within the key space using a Uniform, Zipfian, or Latest distribution.
Accordingly, at the partition layer, each partition’s key range corresponds to a subrange of this key
space.

4
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Fig. 7. Macro-benchmarks. The y-axis shows the throughput of each KV store normalized to RocksDB-SSD.
The number on each bar indicates the throughput in ops/s.

The experimental results show that in Load, YCSB-A, and YCSB-F, PartitionKV achieves higher
throughput than FlatLSM, TriangleKV, MatrixKV, NoveLSM, and RocksDB. PartitionKV is 1.65X,
1.56X, 2.01X, 2.03%, and 2.60X faster than FlatLSM, TriangleKV, MatrixKV, NoveLSM, and RocksDB
under Load(i.e., random write). This result is basically consistent with the result in Figure 5(a).
In YCSB-B, YCSB-C, and YCSB-D, PartitionKV also achieves higher throughput than MatrixKV,
FlatLSM, NoveLSM, and RocksDB. However, in YCSB-E, the throughput of PartitionKV is com-
parable to that of FlatLSM and MatrixKV, lower than that of RocksDB, and higher than that of
NoveLSM. This is because only a few of the queries hit in NVM. These experimental results show
that PartitionKV exhibits better performance except in the range query scenario.

5.2.3 Tail Latency. To evaluate the write latency of PartitionKV, we calculate the maximum,
average, P90, P99, and P999 latencies under Load and YCSB-A in Table 3 and Table 4, respectively.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 62. Publication date: February 2026.



PartitionKV 62:19

The random write latency is shown in Table 3. The average latencies of PartitionKV are the
lowest, while the P90, P99, and P999 latencies of PartitionKV are higher than those of FlatLSM.
The reasons stated are as follows: (1) PartitionKV implements fine-grained compaction similar
to MatrixKV. Additionally, when the number of Immutable NVMTables in the NTO reaches the
prespecified number(i.e., 3), it reduces KV ingestion speed, alleviating the pressure of partition
layer and decreasing the frequency of slow compactions. As a result, its P99 and P999 latencies
are higher than those of FlatLSM. (2) PartitionKV’s multi-threaded compaction is more efficient
compared to RocksDB and FlatLSM, resulting in the lowest average latency.

The update latency under YCSB-A is shown in Table 4, where each update involves reading a
KV, modifying the value, and writing it back. PartitionKV has the lowest average, and P90 latency
among these databases. However, its P99 and P999 latencies are higher than those of FlatLSM. These
experimental results indicate that PartitionKV reduces write stalls under the adaptive partitioning
strategy and multi-threaded compaction strategy, thereby achieving lower write latency.

Table 3. Random Write Latency (us)

Database Max. Avg. P90 P99 P999
RocksDB-SSD 257163.26 70.36 | 22.86 | 1093.63 | 2148.35
NoveLSM 33067892.73 | 54.41 26.06 40.99 5394.43
MatrixKV 101253.12 52.39 20.28 | 1087.15 | 1093.46
TriangleKV 729808.09 37.49 13.44 | 1084.41 | 1092.61
FlatLSM 51707379.71 | 43.88 | 10.68 13.53 16.61
PartitionKV 56202.58 22.60 | 12.71 582.66 588.63
Table 4. YCSB-A Update Latency (us)
Database Max. Avg. P90 P99 P999
RocksDB-SSD 159776.77 83.18 116.73 | 1167.36 1220.61
NoveLSM 31658606.59 | 342.16 | 228.22 | 617.47 | 32227.33
MatrixKV 78118.91 59.84 87.68 221.18 1212.41
TriangleKV 74776.57 118.77 | 136.57 | 1193.98 1232.89
FlatLSM 52546240.51 | 143.88 65.38 76.93 86.97
PartitionKV 35389.44 32.09 | 41.70 89.09 644.61

5.2.4 Analysis of Applicability. PartitionKV persists each KV as it is written, resulting in poor
performance under small-granularity write workloads. Consequently, it is more suitable for large-
granularity random writes. Moreover, its range query performance (i.e., sequential lookups within a
certain key range) is relatively weak. Thus, it is less suitable for scenarios that emphasize continuous
KV lookups. In contrast, MatrixKV and TriangleKV persist KVs from the Immutable MemTable to
NVM in a batch manner, making them better suited for small-granularity random write workloads.
In addition, they exhibit better sequential lookup performance, implying that they are more suitable
for scenarios that emphasize continuous KV lookups. FlatLSM achieves the highest sequential write
performance and is more suitable for scenarios where Lo—L; compaction involves few overlapping
SSTables (e.g., nearly sequential write scenarios).

5.3 Extended Performance Evaluation

5.3.1 Analysis of Throughput. To observe how the throughput of these databases changes over
time, we record their throughput every 10 seconds, as shown in the Figure 8. Since the write
performance of these systems differs, their completion time of writing 80GB data also varies. We
can see that the throughput of PartitionKV fluctuates over time, but its lowest throughput is still
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much higher than that of the other databases, and it completes the same volume of writes with the
fastest speed. Due to the compaction speed between the partition layer and L; being slower than
the ingestion speed of KVs, PartitionKV will slow down the ingestion speed when the number of
Immutable NVMTables in the NTO reaches the prespecified number(i.e., 3), causing a temporary
drop in throughput. However, since the adaptive partitioning strategy enables the NTO to be
quickly compacted into Ly, the throughput of PartitionKV can recover quickly.
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Fig. 8. Throughput fluctuation as a function of time.
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Fig. 9. The Ly-L; compaction. Each line segment indicates an Ly-L; compaction. The y-axis shows the amount
of data involved in the compaction and the length along x-axis shows the duration of the compaction.

5.3.2  Analysis of Ly-L; Compaction. To observe the Ly-L; compaction behavior of these databases,
we record the compaction time and data volume involved, as shown in Figure 9. We can see that the
data involved in Lo-L; compaction of PartitionKV and MatrixKV ranges between 100MB and 500MB,
which is significantly smaller than that of RocksDB, FlatLSM, and NoveLSM. This indicates that
the adaptive partitioning strategy keeps the involved data within an appropriate range, achieving
fine-grained compaction similar to MatrixKV.

5.3.3  Analysis of Write Amplification. We record their write amplification, as shown in Table 5. We
can see that PartitionKV has the smallest write amplification. The actual written data volume in
PartitionKV is 1.65X, 1.22X, 1.31X, 1.29%, 1.65X lower than that of FlatLSM, TriangleKV, MatrixKV,
NoveLSM, and RocksDB, respectively. The reasons stated are as follows: (1) PartitionKV reuses
WAL for storing KVs, eliminating the original Flush operation of Immutable Memtable. (2) KVs with

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 62. Publication date: February 2026.



PartitionKV 62:21

Table 5. Write Amplification

Database WA | Write (GB)
RocksDB-SSD | 5.14 411.2
NoveLSM 4.01 320.6
MatrixKV 4.08 326.8
TriangleKV 3.81 304.4
FlatLSM 5.15 411.7
PartitionKV 3.12 249.6

the same key are written to the same partition, and multiple immutable NVMTables in NTI/NTO
are compacted together into L, reducing write amplification. (3) The overlapping SSTables in L;
participate in compaction less frequently.

5.3.4  Analysis of Recovery Performance. In this subsection, we test the impact of different value
sizes on recovery performance of PartitionKV and FlatLSM, with the value size ranging from 16B
to 64KB. The experimental result is shown in Figure 10, which indicates that the recovery time
of PartitionKV is lower than that of FlatLSM and their the recovery time decreases as the value
size increases. During recovery in PartitionKV (or FlatLSM), NVMTables (or PMTables) require
to be restored by rebuilding the skiplists in DRAM based on the NVM Logs (or PM Logs). Their
difference is that PartitionKV needs to reconstruct multiple small skiplists because each NVM Log
is 64MB, while FlatLSM needs to reconstruct at least two large skiplists because each PM Log is
2GB. However, during skiplist reconstruction, the insertion speed decreases as the number of index
nodes increases, resulting in a significant difference in recovery time between PartitionKV and
FlatLSM when storing a large number of KVs in NVM.
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Fig. 10. Recovery performance under different value sizes.

5.4 Internal Performance Evaluation

5.4.1 Ablation Experiments regarding Partition. We use db_bench to conduct experiments for
evaluating the performance of PartitionKV under both fixed and adaptive partitioning strategies
in random write workloads with different key distributions, with Ly—L; compaction handled by a
single thread.

As shown in Table 6, under uniform random writes, increasing the number of partitions helps
improve write performance and reduce write amplification. This is because more partitions usually
imply the following: (1) KVs can be distributed more evenly, leading to finer Ly—L; compaction
granularity and higher overlap among KVs; and (2) reducing the likelihood of reaching the threshold
0 that triggers a slowdown in ingestion speed. Regarding adaptive partitioning, it dynamically
adjusts partitions based on predefined thresholds, requiring a gradual adjustment process. As a
result, in this scenario, its performance is lower than that of a fixed 60-partition setup. Under Zipfian
random writes, the fixed partition strategy exhibits significantly lower write throughput and higher
write amplification, as hot key ranges generate many overlapping L; files. Adaptive partitioning
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e . Rand . . .
Distribution | Partition num ‘an om Write amplification
write (MB/s)

30 74.5 3.55
40 96.0 3.06
Uniform 50 118.0 2.72
60 135.3 2.58
Ada. 101.5 3.00
. 60 100.2 2.84
Zipfian (0.50) Ada. 98.6 2.92
. 60 51.2 4.03
Zipfian (0.80) Ada. 105.1 250
. 60 34.7 5.59
Zipfian (0.99) Ada. 128.0 2.21
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splits hot ranges into smaller, non-overlapping partitions, avoiding this issue. In addition, when
writes are more skewed toward certain partitions, the higher overlap among KVs involved in
compaction leads to higher write performance and lower write amplification.

Therefore, the adaptive partitioning strategy exhibits better general applicability compared to a
fixed number of partitions. Moreover, since PartitionKV prioritizes the compaction of frequently
written partitions, the data distribution within the partition layer tends to exhibit a smooth Zipfian
distribution. Note that in our experiments, the NTI length of most partitions is less than 3.

5.4.2 The Relationship between Compaction Thread Number and Write Performance. To test the
impact of different numbers of compaction threads on the random write throughput of PartitionKV,
we varied the number of compaction threads from 1 to 5. The experimental result is shown in
Figure 11(a), which indicates that throughput increases as the number of compaction threads rises.
This is because increasing the number of compaction threads allows NTO to be compacted into L,
more quickly, accelerating NVM space release for incoming KV writes.

5.4.3 The Relationship between Maximum Number of Partitions and Write Performance. To test
the impact of different maximum number of partitions on the throughput of PartitionKV, we set
the maximum number of partitions of PartitionKV to 20, 30, 40, 50, and 60, respectively. The
experimental result is shown in Figure 11(b), which indicates that throughput increases as the
maximum number of partitions rises. This is because the maximum number of partitions affects
the granularity of compaction. Appropriately increasing the number of partitions can reduce the
amount of data involved in NTO compaction. PartitionKV is not sensitive to 8, and 8,4, since
they represent only a transitional phase in the early stage. In our experiments, the number of
partitions remains roughly stable at around 56, and the impact on throughput under large-scale
data ingestion is minimal, fluctuating around 12MB/s.
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Fig. 11. Write performance under different number of threads or maximum number of partitions.
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5.4.4 Breakdown of Time Overhead in Data Writing. We record the average time cost of each stage
during data writing, with the value size being set as 128B and 4KB, respectively, as shown in Figure
12. NVM Data represents the time required to write KVs to NVM Log. DRAM Index represents
the time required to add index nodes to the skiplist. Wait Compaction represents the time spent
waiting for compaction during KVs writes. Split Merge represents the time required for partition
splitting and merging. Others include the time costs of locks, B+ tree index time, and other factors.
The results show that partition splitting and merging take negligible time, with most time spent
adding index nodes to the skiplist, followed by writing KVs to NVM.

N NVM Data
DRAM Index
Wait Compaction
Split Merge

256B

4.42% 4.44%

6.01% Others

AN

00 25 50 75 100 125 150 175 20.0
Latency (us)

Value Size

Fig. 12. The average time cost of each stage during the data writing process. Parts not shown in the figure
account for nearly 0%.

6 Related Work

Optimizing LSM-tree based KV stores on SSD. To mitigate the write amplification of the leveling
policy, many studies have proposed various compaction strategies to reduce unnecessary data
rewriting. Spooky [18] partitions the two largest levels into separate key ranges to reduce the
proportion of KVs that do not require updates during compaction. WiscKey [35] stores only keys
and the addresses of values in SSTables, thereby avoiding rewriting values during compaction.
BlockDB [47] reduces write amplification by changing the minimum compaction unit from the
SSTable level to the block level, thereby reducing unnecessary merging of unmodified KVs. ALDC
[12] reduces write amplification by accumulating more KVs within the same key range in L; before
performing the actual L;-L;y; compaction.

In addition, a few studies have also focused on mitigating the write stalls under the leveling
policy. TRIAD [7] keeps frequently updated KVs in the MemTable, thereby reducing the number of
overlapping files and minimizing subsequent compactions on these keys. SILK [8] introduces an I/O
scheduler that prioritizes the Ly—L; compaction thread and the MemTable flush thread. CruiseDB
[33] removes Ly and merges MemTables directly with L, files, while adjusting I/O priorities and
throttling user writes based on predicted system throughput, reducing write stalls and improving
write stability.

Optimizing LSM-tree based KV stores on NVM. Some studies primarily leverage NVM to
redesign Ly in order to reduce the write stalls and write amplification caused by Ly-L; compaction.
SLM-DB [28] reduces write amplification using a single-level structure and improves reads via a
global B+ tree, but the high maintenance cost of the tree limits overall performance. NoveLSM
[30] alternates between a DRAM MemTable and an NVM MemTable to ingest incoming KVs.
However, it does not mitigate the excessive number of overlapping files in Ly—L; compactions.
MatrixKV [55] replaces Ly with ordered matrix containers to enable fine-grained column compaction.
TriangleKV [19] builds upon MatrixKV by including newly written KVs in compaction, reducing
L, file involvement, lowering write amplification, and improving write performance. FlatLSM [25]
persists incoming KVs in NVM and maintains corresponding in-memory indexes, removing the
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WAL. It also employs multithreading to accelerate Ly-L; compaction. BushStore [49] stores KVs from
the Memtable, Ly, and L; in NVM, while maintaining in-memory B+ trees to replace the original
indexes. During Ly-L; compaction, only the B+ trees and relevant NVM data are updated, reducing
compaction overhead. ZigZagDB [48] introduces an NVM intermediate layer L;o 5 between L; and
Li+1. When KVs in L; need to be compacted to the next level, they are first moved to L;y(5 and
partitioned by key. However, the large NVM space consumed by the underlying levels leads to
lower write performance compared to MatrixKV.

7 Conclusion

In this paper, we propose PartitionKV, an LSM-tree-based KV store tailored for DRAM-NVM-SSD
architectures. PartitionKV introduces an ordered partition layer spanning DRAM and NVM, which
both persists KV writes and functions as the WAL. Together with adaptive partitioning and parallel
compaction, this design significantly reduces write amplification and alleviates write stalls. Evalua-
tion on Intel Optane PM demonstrates that PartitionKV achieves higher throughput, lower write
latency, and markedly reduced write amplification compared with state-of-the-art systems under
random-write workloads.
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