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large-scale data storage systems. This design excels in write-intensive environments by converting random
writes into sequential append operations. Despite its advantages, KV stores struggle with real-world workloads
where most updates in KV pairs are infrequent. The compaction process and hierarchical data organization
result in high write and read amplification. To mitigate these issues, we propose HAKV - a hotness-aware
zone management approach to optimizing performance of KV stores. HAKV first separates hot KV pairs from
cold KV pairs, storing hot KV pairs in dedicated zones within persistent memory (PM), enabling centralized
and lightweight compaction. Second, we propose a storage zone structure in PM to achieve space optimization
for cold KV pairs. Third, to bolster cache hit ratio in PM, we provide a hierarchical data framework for hot KV
pairs — and a recycling strategy for invalid hot KV pairs in a zone to enhance the space utilization of PM for
hot KV pairs. Finally, we design a dynamic window-based adaptive adjustment mechanism for zone pool in PM
to optimize the space utilization. Thus, HAKV significantly reduces write amplification while boosting overall
read and write performance. The experimental results demonstrate that HAKV achieves write amplification
reduction by up to 92.3%, 79.2%, 90.2%, 41.1%, 80.6%, and 62.4% compared with LevelDB, RocksDB, NoveLSM,
LightKV, Wisckey, and UniKV, respectively, with average reduction rates of 89.6%, 74.4%, 84.9% 32.3%, 63.7%,
and 42.5%. Furthermore, HAKV boosts random write performance by up to 54.2x, 51.5x, 44.2x, 4.3%, 3.1x, and
4.3x, respectively—and the average improvement reaches 25.8x, 20.9x, 23.9x, 2.7x, 2.5, and 3.4x.
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1 Introduction

International Data Corporation (IDC) [14] forecasts that the global data volume will approach
250 Zettabytes (ZB) by 2027, with unstructured data accounting for 86.8% of the total. Key-value
(KV) stores, as a vital solution for managing unstructured data, play a critical role in modern data
centers, underpinning applications like web search, e-commerce platforms, and social networks. Log-
structured merge tree (LSM-tree) is widely used in various KV stores such as LevelDB [20], RocksDB
[10], Cassandra [18], HBase [12]. LSM-trees excel in write-intensive workloads by transforming
random writes into sequential appends in a log format. In practice, however, repeatedly updated
KV pairs are often a small minority: most pairs are written only once.

LSM-tree organizes KV pairs using a multi-level structure. Incoming KV pairs are initially
inserted into an in-memory table called a MemTable. Once the MemTable reaches a threshold
size, it is converted into an immutable MemTable being flushed to disk as a sorted string table
(SSTable). To achieve high read performance, the KV pairs at the same level (except for level L0)
are ordered. SSTables in adjacent levels with overlapping key ranges are merged. This compaction
process involves reading overlapping SSTables into memory, merging them, and writing the
resulting SSTables to the next level. Compaction reclaims storage space by eliminating invalid KV
pairs while preserving the sorted order within each level, ultimately optimizing read performance.
This compaction process, unfortunately, leads to high write amplification, particularly for cold
KV pairs. The LSM-tree structure also causes serious read amplification, hindering the overall
performance.

Prior research has spearheaded leading-edge techniques to mitigate write amplification in KV
stores [3, 13], broadly categorized into decentralized compaction [31, 39, 40] and KV separation
[23, 33, 43]. Decentralized compaction methods adjust the granularity or timing of compaction to
minimize adverse impact on read and write performance. For example, Wang et al. [35] reduce
the compaction granularity from SSTable to block, aiming to lower compaction costs. PebblesDB
[29] relaxes strict SSTables ordering within the same level by using key-range partitioning—and
allowing overlapping key ranges within partitions, thereby avoiding multiple rewrites of KV pairs.
However, these strategies merely postpone the onset of write amplification rather than addressing
its root cause. KV separation strategies mitigate write amplification caused by value merging. These
techniques separate keys and values, typically leveraging value log file indexes instead of directly
embedding values within SSTables. While being effective in some scenarios, this approach requires
garbage collection (GC) mechanisms to reclaim invalid value log files. Moreover, the scheme
such as FenceKV [32] struggles to handle the majority of infrequently updated KV pairs (cold) KV
pairs, leading to write amplification in the value log space.

To improve the performance of KV stores, prior works [5, 7, 19, 24, 42, 44, 46] have employed
persistent memory (PM) as a cache for user data. For instance, NoveLSM [16] stores immutable
tables in PM, whereas LightKV [11] places upper-level file partition segments in PM. However,
these approaches often neglect PM page alignment and fail to differentiate between hot and cold KV
pairs within PM. Consequently, despite improvements in read/write performance and reductions in
write amplification, PM is not optimally utilized.

To address these challenges, we propose HAKV —a hotness-aware zone management approach
in PM to optimize the performance of KV stores. HAKV leverages PM with awareness of hot and

ACM Trans. Arch. Code Optim., Vol. 22, No. 3, Article 108. Publication date: September 2025.


https://doi.org/10.1145/3747848

HAKV: A Hotness-Aware Zone Management Approach to Optimizing Performance 108:3

cold access patterns. Our experimental results confirm that most KV pairs are only written once,
with updates concentrated on a small subset. HAKA first segregates KV pairs into hot and cold data
based on access patterns. This separation prevents the compaction of KV pairs that are unlikely to
be updated, thereby reducing write amplification. Second, we build a two-level index in DRAM for
storage zones in PM and the SSD. All zones are of uniform size, and each zone includes multiple
KV pairs. Cold zones that store cold KV pairs ensure sequential-write KV pairs to be placed in
the zone, whereas hot zones contain hot KV pairs. Notably, a KV pair initially stored in a cold
zone becomes “hot” upon its first update. Frequently-accessed KV pairs are processed in PM, while
infrequently-accessed KV pairs are migrated to SSDs, improving performance and preserving the
locality of cold KV pairs. Third, HAKV applies a circular queue mechanism to efficiently manage
PM space, enabling dynamic allocation coupled with optimized resource utilization. Finally, we
propose a dynamic window-based adaptive GC strategy to maximize PM space utilization. The
contributions of this work are summarized as follows.

— By analyzing the update patterns of user keys, we implement in HAKV a preprocessing
mechanism to separate hot KV pairs from cold KV pairs. Hot KV pairs are selectively stored
in storage zones within PM, facilitating centralized and lightweight compaction. This design
significantly mitigates high write amplification caused by repeated updates.

— HAKYV features the storage zone structure to achieve spatial optimization for cold KV pairs.
To improve access locality for cold KV pairs, we group cold KV pairs with similar write
timing into cold zones and temporarily store them in a cold zone pool within PM. HAKV
preserves spatial locality and enhances the read/write efficiency of KV pairs.

— We propose a hierarchical management and recycling strategy to enhance the PM storage
zone management. This approach selectively merges and reclaims hot KV pairs in PM while
applying an in-place rewrite strategy for cold KV pairs stored on SSDs. The strategy is slated
to reduce write amplification and improve the performance of hot KV pairs.

— We put forth a dynamic window-based adaptive adjustment mechanism optimizing PM
space utilization. To efficiently manage PM space, this mechanism dynamically adjusts the
reclamation and allocation strategies for the cold storage pool according to front-end user load.
HAKYV minimizes resource waste and maintains high read/write performance by adaptively
allocating storage pool space in line with real-time workloads.

— We implement HAKV by extending LevelDB 1.20—and we conduct performance evaluations
using DB_Bench and YCSB-C. The experimental results demonstrate that HAKV reduces write
amplification by up to 92.3%, 79.2%, 90.2%, 41.1%, 80.6%, and 62.4% compared with LevelDB,
RocksDB, NoveLSM, LightKV, Wisckey, and UniKV, respectively, with an average reduction
of 89.6%, 74.4%, 84.9%, 32.3%, 63.7%, and 42.5%. HAKV boosts random write performance by
up to 54.2x, 51.5%, 44.2x%, 4.3%, 3.1x, 4.3x, respectively. The average improvement is 25.8x,
20.9x%, 23.9%, 2.7x, 2.5%, and 3.4x, respectively.

The rest of this article is organized as follows. Section 2 discusses the background and motiva-
tion. Section 3 describes the design and implementation issues of HAKV. Section 4 presents the
performance evaluation results of HAKV. Section 5 articulates the related work, and we conclude
this article in Section 6.

2 Background and Motivation
2.1 Background

In this section, we provide an overview of the LSM-tree, LevelDB, and PM.

2.1.1 LSM-Tree and LevelDB. The LSM-tree [27], as a persistent data structure, is suited for write-
intensive workloads because it can convert random writes into sequential ones, thereby achieving
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high write performance. The LSM-tree structure has been widely adopted in prominent storage
engines, such as LevelDB [20], RocksDB [10], and Cassandra [18]. In Figure 1(a), the LSM-tree
employs a hierarchical and orderly structure to manage KV pairs. The LSM-tree consists of multiple
components Cy ~ C,. KV pairs are first written to C; in memory. When C,, is full, C; is merged
with C; in the disk. Then, the result is flushed into C;. Similarly, when C; is full, it will be merged
with C, to C,. In LevelDB, a popular KV store utilizing the LSM-tree, KV pairs are first written into
a write-ahead log file to ensure data persistence. Then, they are inserted into a sorted MemTable.
Once the MemTable reaches a predefined size, it is converted into an immutable MemTable, which
is then flushed to disk as a SSTable.

On disk, the LSM-tree organizes SSTables into multiple levels, with the capacity of adjacent levels
increasing exponentially by an amplification factor (AF, default 10). To optimize read performance,
SSTables at the same level cannot have overlapping key ranges (except level L0). As the number of
SSTables grows, SSTables with overlapping key ranges in the upper level are read into memory to
perform merge-sorting and then written to new SSTables in the next level. This process is called
compaction, which leads to write amplification (i.e., WA). WA is defined as a ratio between the
amount of data written into an underlying storage device and that requested by users. Large WA
consumes I/O bandwidth and degrades performance. To mitigate WA, we propose separating hot
and cold KV pairs based on the access patterns and placing updates accordingly.

Mostly, the hierarchical organization of the LSM-tree introduces three steps to search the target
KV pairs. First, the search process begins within the MemTable, where the target key is initially
inserted. Second, if the key is not found in the MemTable, the search proceeds to the shared memory
data block cache. Finally, if the target key is not hit in the cache, it will be searched in the SSTables,
starting at level L0 and sequentially progressing through lower levels (e.g., L6), through the key
range. Notably, this multi-step process ensures efficient key lookups by leveraging the sorted nature
of the LSM-tree. However, the read process across multiple levels also causes read amplification.
The read amplification metric is defined as the ratio of the total number of data block reads to the
number of reads that directly match the target key. To mitigate read amplification, we design the
two-level index to directly locate the target KV pair in a zone.

2.1.2  Persistent Memory (PM). PM combines the byte-addressability of DRAM with the non-
volatility of SSDs, making it an effective intermediate cache between DRAM and SSDs. PM enhances
read and write performance while ensuring data consistency. PM provides higher read and write
bandwidth compared with SSDs; however, it has some limitations, including higher write latency
than DRAM (7x to 22x greater) [36, 46] and the requirement for cache-line-aligned writes (e.g., 64-
byte alignment) to avoid WA. Prior studies [11, 15, 24] rarely make full use of these characteristics
of PM. To adapt to the cache-line-aligned write, we design PM-aligned storage zones and create
storage zone pools in PM.
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Fig. 2. Analysis of key written distribution and write amplification in LevelDB.

2.2 Motivation

In real-world workloads, most KV pairs are read-heavy and rarely updated. Once written to
the LSM-tree, the majority are accessed primarily by read operations, while only a small fraction
undergoes updates. In this study, we define KV pairs that remain unchanged after being written
as “cold KV pairs”, while those that undergo updates are termed “hot KV pairs”. According to the
prior from Facebook [2], approximately 73% of KV pairs in ZippyDB are cold, while only 27% are
hot. Notably, among hot KV pairs, about 0.001% are updated more than ten times, which indicates
that frequent-updated KV pairs constitute a small proportion. Furthermore, read operations exhibit
strong spatial locality, with only a small subset of cold KV pairs being accessed frequently. These
requests are typically clustered within specific periods, highlighting significant access skewness.

We conduct experiments on LevelDB under YCSB-C workloads to study the access characteristics
of user keys. YCSB-C workloads are commonly used to simulate real-world requests. We configure
16-B key and 1-KB value in these experiments. We employ YCSB-C to generate 100 GB KV pairs
randomly distributed following a Zipfian distribution and perform 100 million random-update
operations to examine the update frequency distribution. Figure 2(a) presents the cumulative count
of rewrites performed on distinct keys. Each key may undergo up to N rewrites, with N ranging from
1 to 9. The x-axis denotes the maximum number of rewrites, and the y-axis shows the cumulative
percentage. When the Zipfian constant increases from 0.8 to 1.2, over two-thirds of the KV pairs are
written only once, with this percentage rising as the Zipfian constant increases. When the Zipfian
constant reaches 1.2, approximately 72.8% of the KV pairs are not updated after the initial write.

These results confirm that most KV pairs are not updated after being written to the LSM-tree.
However, these KV pairs frequently participate in the LSM-tree’s compaction process, resulting in
redundant writes and increased write amplification. To mitigate the write amplification caused by
cold KV pairs, this study proposes a strategy to separate hot and cold KV pairs.

2.2.1  Write Amplification. To maintain read performance, newly written SSTables in level L0
must be merged with SSTables with overlapping key ranges in level L1. This merging process filters
valid KV pairs, generates new SSTables, and writes them back to level L1. To maintain the order of
KV pairs within each level, the newly generated SSTables must also undergo further compaction
with adjacent lower levels. Consequently, from level L0 to L6, users’ KV pairs may undergo to
multiple compaction operations, leading to high write amplification.

Notably, a substantial proportion of KV pairs in this process are cold (i.e., written only once and
never updated); these cold KV pairs frequently participate in compaction due to minor overlaps in
key ranges. Such unnecessary merging and reordering operations force cold KV pairs to repeatedly
undergo compaction in a LSM-tree, thereby significantly increasing write amplification, consuming
substantial I/O bandwidth, and adversely affecting overall performance.
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Fig. 3. Analysis of KV pair distribution and key access patterns. Colors represent different access frequency
of KV pairs, where the lighter the color, the lower the access frequency. The darker, the higher the access
frequency.

We conduct experiments on hierarchical write amplification in LevelDB with data volumes
ranging from 10 GB to 100 GB, using DB_Bench workloads with random writes/reads. In Figure 2(b),
the x-axis represents dataset sizes, whereas the y-axis denotes write amplification. The experimental
results shown in Figure 2(b) reveal a clear upward trend in write amplification as the level increases.
Specifically, the overall write amplification, defined as the ratio of data written to disk versus data
written by the user, progressively rises with increasing data volumes. When the data size reaches
100 GB, the write amplification peaks at 17.67, indicating significant redundant writes in LevelDB.
These findings demonstrate that the LSM-tree incurs substantial overhead from data rewrites as the
data volume grows. Considering the proportion of KV pair updates, we design a hot-cold separation
strategy to reduce write amplification caused by cold KV pairs repeatedly involved in compaction.

2.2.2  Read Amplification. The LSM-tree organizes KV pairs in a multi-level structure, with reads
occurring sequentially from upper to lower levels. However, when the proportion of hot KV pairs
is low, most read operations target cold KV pairs, which are typically not updated. These cold
KV pairs are gradually migrated to the SSTables in lower levels, maintaining order within each
level through successive compaction processes. Due to the randomized distribution of KV pairs
in the LSM-tree, newly generated SSTables often overlap significantly in key ranges with those
compacted into lower levels. This overlap causes read operations to span multiple levels, resulting
in high read amplification. This issue is particularly severe for cold KV pairs in lower levels that are
frequently accessed. The level-by-level lookup mechanism exacerbates read amplification, as each
read operation requires accessing multiple SSTables across different levels, even though these cold
KV pairs are no longer updated. This behavior increases read latency and consumes significant I/O
bandwidth, ultimately degrading overall performance.

To analyze read amplification, we evaluate the distribution of read requests across multiple
levels, as illustrated in Figure 3(a). We perform 100-GB random writes followed by 100-GB random
reads. We record the total number of read I/Os per level (Total Read KV Pairs) as N,,,4, and
the number of I/Os corresponding to user read hits (User-Get KV Pairs) as Nj;. Then, we have

Ry = I\I},]h;;’ where Ry; denotes the percent of KV pairs that a user obtains per level (User-Get KV
Pair Percent). The smaller the Ry, the larger the read amplification. The results indicate that most
read requests concentrate in the lower levels of the LSM-tree, which is the primary cause of severe
read amplification. The multi-level management mechanism requires multiple block I/O operations
to locate requested KV pairs, thereby increasing read amplification. To reduce read amplification,
we design a two-level index to directly locate the target KV pair.
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2.2.3 Strong Access Locality. To expedite read operations, LevelDB employs a file index block
cache and a data block cache for SSTables. First, LevelDB identifies the SSTable that may contain the
target key based on the key range and checks whether the index block is cached. If the index block
is not cached, the index block will need to be read into memory via data block I/O. Then, LevelDB
performs a binary search within the index block to locate the data block potentially containing the
target key. Once the data block is identified, the system checks whether it is cached. If cached, the
target key is read directly from the cache; otherwise, the data block is loaded into the cache via
data block I/Os for subsequent accesses.

LevelDB strives to utilize a caching mechanism to reduce the number of I/O operations and
enhance read efficiency. However, the frequent merging of SSTables during compaction causes
previously cached data blocks to become invalid. This behavior significantly lowers the cache hit
rate, and increases read latency, especially when the majority of KV pairs are cold. We perform
a set of experiments on LevelDB under DB_Bench. The workload involves writing 100 million
random KV pairs and 100 million random read operations. The value size is set to 1024B, with the
key size set to 16B, and we use the default pseudo-random number generator to generate keys
in DB_Bench. In Figure 3(b), the x-axis represents continuous key ranges, and the y-axis denotes
time windows. The results reveal a distinct hot-and-cold localization in the access distribution of
KV pairs. However, the data block cache hit rate during reads is nearly zero, confirming that the
compaction process significantly disrupts spatial locality and thus reduces cache efficiency. To
maintain the spatial locality of KV pairs, we design storage zones (zones) and a dynamic adaptive
GC strategy for these zones in PM.

To mitigate the write amplification caused by compaction, existing solutions include two camps:
decentralized compaction and KV separation. Decentralized compaction reduces the impact on read
and write performance by adjusting the granularity or timing of compaction, thereby minimizing
the size of individual compactions. Although this approach avoids the I/O overhead of large-scale
consolidations, it does not fundamentally reduce the total compaction overhead; it merely defers
and redistributes it. As a result, the issue of write amplification persists as data volume increases.

KV separation, on the other hand, stores keys and values separately while indexing the locations
of values. During compaction, only the keys and indexes are merged, minimizing duplicate writes to
the values and thereby reducing write amplification. However, this approach introduces additional
I/O overhead during reads, as it requires accessing the value index first before retrieving the
value from the value log file. Furthermore, invalid values in the value log file still require periodic
reclamation. Existing strategies, e.g., scanning of value log files and partitioned reclamation in
FenceKYV, often overlook scenarios where a large number of cold KV pairs remain unchanged. This
oversight leads to significant write amplification during the value reclamation process. We use
DB_Bench to test 100 million random writes and reads on Wisckey. The write amplification reaches
3.39 under default parameters. This suggests that while KV separation schemes mitigate write
amplification, they fail to fully address the issue in the value log file. Thus, developing an efficient
method to reclaim the invalid space occupied by hot KV pairs remains challenging.

To address read and write latency, studies have proposed hybrid storage designs that leverage PM.
PM not only reduces read-write latency but also ensures data consistency. For instance, approaches
like NoveLSM and LightKV use PM as an upper caching layer for the LSM-tree, enhancing read
and write performance through its caching capabilities. SLM-DB further improves performance by
storing key indexes directly in PM, reducing index read latency, while HPDK uses PM as a complete
replacement for SSDs to boost storage performance. However, despite its touted advantages, storing
all KV pairs in PM is impractical for large databases.

While the aforementioned methods leverage PM to enhance read and write performance, most
approaches merely replace the storage medium without fully considering the design of suitable
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Fig. 4. The overview system of HAKV.

data structures for PM. Consequently, the underlying compaction process continues to cause write
amplification. Moreover, the lack of separation between hot and cold KV pairs in PM leads to
underutilization of PM storage, particularly when optimizing the storage of frequently-accessed
data. Thus, efficiently utilizing PM to store frequently accessed data and reduce read latency remains
a pressing challenge.

To address the aforementioned issues, we propose a hybrid storage system for PM on the basis of
access pattern separation. The overarching goal is to separate a small subset of frequently updated
hot KV pairs from a large number of cold KV pairs that are primarily read-only. These pairs are
preprocessed and stored separately according to their access and update characteristics. This design
prevents unnecessary compaction of cold KV pairs caused by the invalid version reclamation of hot
KV pairs, thereby reducing write amplification. To facilitate fast reads of cold KV pairs and efficient
space reclamation for hot KV pairs, we design separate zone pools in PM for hot and cold KV pairs.
These pools manage allocation, release, merging, and flushing operations to optimize performance.
Unlike traditional KV separation methods that rely on sequential scanning and reclamation of
value log files, our approach selectively merges and reclaims data based on access characteristics
through zone-based data management, thereby reducing write amplification.

3 Design of HAKV

HAKYV is an efficient KV store designed to minimize write amplification and to enhance per-
formance by leveraging PM to store KV pairs in designated storage zones. Figure 4 presents the
overview of HAKV, which comprises the storage zone, PM zone pool, the two-level index for
keys in PM and values in the SSD, and the dynamic GC strategy of storage zones in PM. HAKV
can separate frequent-updated hot KV pairs from cold KV pairs and store them independently,
thereby preventing the unnecessary impact of hot KV pairs on cold KV pairs during rewrites. HAKV
employs a two-level key-location indexing structure in DRAM to quickly identify and access KV
pairs.

In HAKY, to accelerate the write performance of cold KV pairs, we design an append-write zone
structure that takes advantage of the spatial locality of cold KV pairs. The PM zone pool applies a
circular free-zone queue to facilitates zone allocation and recovery in PM, ensuring effective PM
space management. We adopt two-level index to distinguish the hot and cold data and to efficiently
locate KV pairs in hot and cold zones. The first-level index is a zone index, and the second level is a
location index. This design separates hot and cold data, thereby curtailing the write amplification
caused by cold KV pairs. The dynamic GC reclaims zone in the pool in PM and zone files in SSD.
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consecutive KV pairs and a terminator consisting of two null characters.

The GC in PM adopts used-zone LRU deque and the circular free-zone queue. According to the
load and the available space, HAKV executes GC operations based on the GC window to keep
frequently-accessed zones in PM. The in-situ rewrite policy is deployed to write new zones to the
invalid space in the zone file to lower the GC cost.

During the write process, HAKYV first uses the two-level index to determine whether a KV pair
is hot or cold, and then stores the data in a DRAM zone. When the zone is full, HAKV allocates
a new zone from the PM zone pool and writes the buffer data to it. As the number of PM zones
increases, HAKV releases used-zone space in PM. Meanwhile, we store frequently-accessed zones
in PM as many as possible; therefore, we use a used-zone deque and a circular free-zone queue
to manage the used zones and the free zones, respectively. During the read process, HAKV first
searches for the target KV pair from the DRAM zone. If the KV pair is not found in the DRAM
zone, the two-level index is used to check its hot/cold status and identify its zone location. HAKV
then queries the PM zone or SSD based on the zone location, until the KV pair is either found or
determined to be absent.

3.1 Storage Zone

Based on the I/O-access granularity of PM and the SSD, we design a KV-pairs storage structure
named storage zone, optimized for PM and I/Os. In HAKYV, all zones in PM and the SSD have the
same size. A cold zone including cold KV pairs ensures sequential-write KV pairs to be stored in
the zone. A hot zone stores hot KV pairs. When a KV pair in the cold zone is updated once, this KV
pair is converted to a hot KV pair. Since most KV pairs are cold, this approach prioritizes quickly
writing these cold pairs without sorting them in the memtable. The optimal write strategy involves
appended writes in the order of incoming requests, reducing sorting overhead, accelerating writes,
and preserving the access locality of cold KV pairs. To meet PM’s cache line alignment requirements,
we configured an appropriate size for a zone, which can maximize PM bandwidth utilization and
minimize write amplification. Additionally, we developed a specialized record format in a zone to
determine the validity of KV pairs and identify the end boundaries of KV pairs in a zone during
reclamation. This record format optimizes GC efficiency while ensuring fast writes within the zone.

In Figure 5, the zone encapsulates write KV pairs into fixed-size blocks with a default size of 8
KB. Each zone stores multiple sequentially appended KV pairs. To ensure accurate identification
of KV pair boundaries during merge and reclamation operations, a record includes key size (2 B),
value size (2 B), key, and value. To facilitate the identification of the valid end position of the zone
during reclamation, a 2-B “\0” terminator is appended to the end of all records. Notably, large-sized
KV pairs that exceed the zone size are stored in a dedicated large vlog file.

HAKYV separates cold and hot KV pairs by storing them in distinct zones, cold KV pairs in cold
zones, and hot KV pairs in hot zones. The zones are designed to align PM write operations with zone
boundaries, ensuring proper write alignment. Similarly, when data is swapped in and out of the PM
zone, read/write operations are conducted in a zone unit, optimizing the access performance of the
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zone file, which is divided into multiple data blocks of the same size as a zone and is responsible
for storing cold zones. Furthermore, since cold KV pairs are stored in the same zone, even during
merge and reclamation processes, these cold KV pairs remain aggregated rather than fragmented,
preserving their access locality within the zone.

3.2 PM Zone Pool Management

As illustrated in Figure 6, HAKV accelerates read performance for frequently-accessed KV pairs
by managing the PM space as a fixed-size zone. The PM space is further divided into a cold zone
pool and a hot zone pool, which cache cold zones from cold zone files and frequent-updated hot
zones, respectively. To efficiently allocate and reclaim zone space, the PM space is partitioned into
multiple contiguous physical blocks, each corresponding to the size of a zone.

These allocation and reclamation operations are optimized by managing blocks through circular
queues, consisting of a circular free-zone queue and a used-zone deque for PM zones. HAKV
employs the circular free-zone queue to track the zone location in the PM zone pool. A used-zone
deque is implemented to manage the used zone numbers and zone location pointers. When a zone
is allocated, HAKYV retrieves the block pointer—from the free-zone queue—to be moved to the
used-zone deque. This FIFO-based allocation simplifies metadata management and eliminates the
cost of search or reordering in the free-zone queue, thereby lowering the overhead of allocation
and reclamation. During reclamation, HAKYV releases the pointer at the end of the used-zone deque,
followed by placing it into the tail of the circular free-zone queue. The rear position of the circular
free-zone queue is updated accordingly. FIFO avoids random insertions or deletions in the circular
free-zone queue. Overall, this design leverages a FIFO-based scheduling strategy, offering low
overhead and enabling fast allocation and reclamation within the PM zone.

When the buffer of a zone in DRAM is insufficient, HAKV allocates a physical block in PM
for writes. To locate the physical block address of a zone in PM, HAKV establishes a mapping
between the zone number and the block address. HAKV employs a hash mapping mechanism for
the used-zone deque, enabling rapid retrieval of a zone’s location in PM based on its zone number.
Similarly, HAKV identifies the corresponding physical block during reclamation, reclaims it, and
returns it to the free-zone queue. This mapping mechanism significantly enhances the efficiency of
read and reclamation operations in PM, effectively reducing access latency. By partitioning the
PM space into uniformly sized physical blocks and managing free space with a circular queue,
this design ensures byte alignment in PM space allocation and enhances the efficiency of zone
allocation and reclamation. Additionally, it mitigates the challenges of frequent dynamic allocation
and reclamation associated with smaller spaces. This unified allocation and reclamation mechanism
enables HAKYV to efficiently manage PM resources while maximizing the performance of PM.

3.3 Two-Level Index for Keys in PM and Values in the SSD

In HAKYV, users’ written KV pairs are stored in zones, where the KV pairs are unordered. To en-
able fast location and retrieval, HAKV employs an efficient two-level index structure that supports
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Fig. 7. Two-level index in HAKV. The first-level index employs red-black trees to store the zone information
and offset indexes of keys. The second-level index utilizes a hash mapping to index the zone location in PM
and SSD.

range queries and parallel insertions. The first-level index linking a key and its zone number <Key,
ZonelD> is referred to as the zone index. The second-level index connecting the zone number and
the zone location <Zone ID, ZonePos> is named as location index. The first-level index identifies
the zone or file location of a key based on the key ranges managed by red-black trees instead of a
skiplist [28] or B+ tree. First, the level structure of the skiplist is determined by its random number
generator, which can lead to worst time complexity O(n) for insertion and lookup operations.
Second, B+ tree can move many nodes during an insertion. However, the red-black tree can achieve
time complexity O(log(n)) for insertion and query operations in the worst case due to its balance
structure. This structure enables a system to guarantee stable performance and reduce peak latency.
Prior work [21] reveals that the red-black tree outperforms the skiplist in query performance under
large data volumes. In addition, the insertion and query time of the skiplist is higher than that
of the red-black tree because the skiplist requires many level-structure adjustments during updates
[1]. To support range scan and low latency, HAKV employs multiple red-black trees with different
key ranges to prevent performance jitter during its insertion and deletion under write-intensive
workloads. Figure 7 shows the zone information and offset indexes of keys in the nodes of red-black
trees. The zone information includes the hot and cold zone identifier (1 bit), value size identifier
(1 bit), zone number (30 bits), offset (2 bytes), and length (2 bytes). For large KV pairs, we store
them using a format that includes identifiers (2 bits), file number (14 bits), offset (3 bytes), and
length (3 bytes).

HAKYV incorporates a second-level index powered by hash mapping to optimize the zone
management in PM and SSD. Since multiple KV pairs reside in the same zone, the keys in the
first-level index and the zone location pointer in the second-level index form a “many-to-one”
relationship: multiple keys are mapped to the same zone location pointer, and a zone number is
associated with the zone location pointer and the zone’s valid data size and state. When a zone is
written back into the SSD during GC (see Section 3.4), the storage location of the KV pairs within
the zone may be changed. Thus, if the key-zone pair index is employed, the index ought to be
updated simultaneously for multiple KV pairs to be written back to the zone. Nonetheless, the
two-level index scheme only requires modifying the pointer of the zone location in the second-level
index, thereby significantly cutting back the index-update overhead through eliminating duplicated
updates to multiple first-level indexes when KV pairs in a zone are merged with ones in other zones.

To separate frequent-updated hot KV pairs from read-only cold KV pairs, HAKYV first identifies
which KV pairs are likely to be repeatedly updated. When a KV pair is initially written, it is
impossible to determine whether it is cold or hot. In addition, HAKV cannot predict whether the
KV pairs to be updated. Therefore, HAKV stores the KV pair in the cold zone by default. If the KV
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pair is subsequently updated, HAKV marks it as a hot KV pair and migrates it from the cold zone
to the hot zone. Hot KV pairs are stored in the PM hot zone. To prevent the hot zone pool from
growing indefinitely, HAKV monitors the space utilization of the hot zone pool. When the ratio of
used-zone space exceeds a threshold (e.g., 80%), zones unaccessed for a long period are flushed to
SSD. This procedure frees up PM space and avoids the unlimited increment of hot KV pairs in the
hot zone pool.

Although some invalid hot KV pairs (i.e., outdated versions of updated keys) may remain in the
cold zone, most of the KV pairs in this zone remain valid, as the proportion of hot KV pairs is small.
This delayed separation strategy effectively reduces invalid space in the cold zone, and old versions
of hot KV pairs are cleaned up during subsequent reclamation processes. It is challenging to quickly
determine whether a KV pair is stored in the cold or hot zone during read and write operations.
To address this issue, we designed a concise hot-cold distinction strategy. The first two bits of the
zone index in the first-level index are used to fix the location of KV pairs. The first bit distinguishes
between hot and cold zones: “0” and “1” represent the cold zone and hot zones, respectively. The
second bit differentiates between common KV pairs and large-sized ones.

When a KV pair is initially written, HAKV sets the first bit of the node to 0, indicating that it
is stored in the cold zone. If the KV pair is updated, the first bit is modified to 1, signifying that
it has been migrated to the hot zone. In the first-level index, the hot/cold index state of the KV
pair synchronously determines whether it should be placed in the hot zone. The background GC
threads are slated to reclaim invalid KV pairs generated due to the index state change. Thus, the GC
operations have no interfere with writes (see Section 3.4). For large-sized KV pairs, HAKV appends
them to a large-sized value log file and sets the second bit of the node to 0. The specific file number,
offset, and length are then used to locate the large-sized KV pair. This marking mechanism enables
efficient differentiation between hot and cold KV pairs, ensuring accurate determination of their
locations in zone files.

3.4 Zone Pool Reallocation

To effectively manage zones, we design a zone mapping table to keep the zone metadata in the
second-level index, which embraces the zone location pointer, zone states, and valid data size. The
zone location pointer identifies the current position of the zone. When the zone is in the PM zone
pool, the pointer indicates the address of the zone. If the zone is flushed to the zone file on the SSD,
the pointer will signify the file offset in the zone file. Four zone states are state 0, state 1, state 2 and
state 3. The zone valid data size is the data volume of the valid KV pairs. These zone metadata assist
HAKYV to pinpoint the value of the target key and to perform GC operations of the zone in PM.

While reading a KV pair, HAKYV first obtains the zone number and the key offset in the zone from
the first-level index. Then, the mapping table is used to retrieve the zone location pointer according
to the zone number. If the targeted value is in the zone pool, the retrieved value is returned to users.
If the value is located in the SSD’s zone file, HAKV loads the zone into the PM and returns the value.
When the KV pair becomes invalid due to an update, the valid data size of the zone is also updated.
When the percentage of valid data in the zone is lower than the threshold, HAKV relocates the
valid data to a new PM zone during GC; otherwise, the zone location pointer references to the data
block in the zone file.

For the zone state, it is represented by 2 bits, which can represent the four states below. State 0:
The zone is in DRAM (set to this state upon creation). State 1: The zone has been written to PM
from DRAM but has not yet been flushed to the zone file on the SSD. State 2: The zone has been
flushed to the zone file on the SSD, with no copy retained in PM. State 3: The zone is read from the
zone file on the SSD, cached in PM, with a copy retained in the cold file. As shown in Figure 8, when
the zone is first written to PM, its state transitions from state 0 to state 1. Once the background
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Fig. 8. Different states of the zone in HAKV.

thread flushes the zone to the zone file, the state changes from state 1 to state 2. When the zone is
read and cached back into PM, its state converts to state 3. If the zone is selected for swapping out
by the background thread while in state 3, its state becomes state 2. This enables HAKV to manage
swap-in and swap-out operations and state transitions according to the current zone state, thereby
reducing unnecessary 1/Os from the SSD to PM.

As the number of allocated cold zones increases, the space utilization of the pool can be gradually
improved. When the remaining space in the cold zone pool falls below a predefined threshold (default
set to 20%), HAKV releases a portion of zone pool space to ensure the allocation of subsequent cold
zones to be completed. To prioritize the most recently accessed zones, HAKV monitors access to
the cold storage pool in real-time. Upon reading each zone, HAKV updates the used-zone deque
based on the zone number, moving the most recently accessed zone to the front of the queue. With
only write operations and no read operations, the newly written zone is inserted at the head of
the used-zone deque. Because the write is the most recent operation, and zone’s hotness is merely
determined by the order in which it is written. A zone written earlier is colder than those written
later. Consequently, if the workflow excludes read operations, HAKV prioritizes reclaiming the
earliest written (coldest) zones once the PM space is constrained. This enables HAKV to prioritize
the reclamation of less frequently-accessed zones during the background reclamation process,
thereby achieving efficient space reclamation.

When PM space is insufficient, HAKV reclaims zones that have not been read for the longest
duration. Based on the state of each zone, HAKV applies different reclamation strategies to minimize
unnecessary file I/Os and to fully leverage PM’s high read and write performance. HAKV sets a
merge threshold to figure out whether a merging operation in the reclamation strategy should
be performed in PM. The percentage of valid data in the zone is defined as the ratio of the zones’
valid data size to the total zone size. HAKV sparks the merge operation to be performed in PM
when the percentage of valid data is lower than 1/4—the threshold; otherwise, merge operations
are averted. This threshold is a configurable parameter in HAKV: a high threshold value leads to
more cold zones being involved in the merging process in PM. Therefore, merging will generate
more new zones, leading to higher write amplification in both PM and SSD zones. Since the cold
zone pool contains fewer invalid KV pairs, the overall impact is minimized, which is shown in the
experiments to study the impact of this threshold on write amplification in Section 4.5.4.

The GC strategy is presented in Algorithm 1. First, the tasks to reclaim the zone are retrieved
from the recycling tasks multi-queue (Line 4). Then, for each zone in the to-be-released queue (Line
5-6), if the zone state is state 1, the zone has been written to PM but has not yet been flushed to the
zone file in the SSD. If the valid data percentage exceeds merge threshold, HAKV flushes the zone
to the zone file and records its position in the second-level index (Lines 10-12). If the percentage is
below the threshold, HAKYV iterates through the valid records in the zone, and then writes them
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ALGORITHM 1: PM Zone-Based Garbage Collection Strategy in HAKV

1: Input: GC task multi-queue: GTM 17: else if ZoneState(Z;) == ZS.State3 then
2: Output: Reclaimed and optimized PM zones 18: if ValidSizePercent(Z;) == 0 then
3: 19: RemoveZonelndex(Z;)
4: GZS « GetZonesToMerge(GT M) 20: SetInvalid(cur ZonesFile, Z;)
5: if GZS # @ then 21: else if ValidSizePercent(Z;) > T,,, then
6: for Z, € GZS do 22: UpdateZoneState(ZS.state2, Z;)
7: if ZoneState(Z;) == ZS.Statel then 23: else
8: if ValidSizePercent(Z;) == 0 then 24: IterateAndMerge(Z;)
9: RemoveZonelndex(Z;) 25: RemoveZonelndex(Z;)
10: else if ValidSizePercent(Z;) > T,,, then 26: SetInvalid(cur ZonesFile, Z;)
11: FlushIntoZonesFile(cur ZonesFile, Z;) 27: end if
12: UpdateZoneState(ZS.state2, Z;) 28: end if
13: else 29: end for
14: IterateAndMerge(Z;) 30: end if
15: RemoveZonelndex(Z;) 31: ReleaseZoneSpace(Z;)
16: end if

to the current reclaimed zone (GC_ZONE), deletes the information of the old zone, and updates
both the new zone and the associated key-index information (Lines 13-15). When the zone state is
state 3 (Line 17), the zone exists in both the PM and the zone file. If the percentage of valid data
exceeds the merge threshold, HAKV releases the PM space and changes the zone state to state 2
(Lines 21-22). Otherwise, if the valid data percentage is below the threshold, HAKV merges the
valid KV pairs from the zone into the current reclaimed zone, updates the new zone information,
deletes the old zone, and marks the corresponding old zone in the zone file as invalid (Lines 23 -
26), which can help to achieve in-place file rewrite.

The invalid KV pairs in zone files are primarily caused by initial version failures of a few hot
KV pairs due to multiple update writes. These invalid data constitute a small portion of the total
data. Since cold KV pairs are written only once, write amplification of zone files during reclamation
becomes minimal, leading to high space utilization in the zone files.

To balance the coordination between the foreground load thread and background GC thread,
HAKYV implements a dynamic adaptive GC window strategy to adjust the GC rate of recovery
threads. During foreground writes, it is crucial to maintain sufficient unused zones in PM for
allocation while preserving frequent-read cold zones to maximize the read hit rate of PM zones.

When determining the proportion of zones to be reclaimed from the PM zone pool, HAKV must
consider both the write and read loads of the foreground. This ensures that write operations are
not blocked while minimizing the number of zones flushed to zone files. To balance read and write
performance, HAKV sets a GC window threshold, which defines the percentage of zones in the
used-zone deque to be reclaimed during each GC procedure, with a default initial setting of 20%.
By dynamically adjusting this threshold, HAKV balances the rates of the foreground load thread
and background GC thread, thereby optimizing its overall performance.

As shown in Figure 9, HAKV performs GC operations using a circular free-zone queue and a
least recently used (LRU) used-zone deque. When a new zone is required, HAKV allocates it
from the circular free-zone queue. Active zones are managed through the used-zone LRU queue to
prioritize reclaiming based on zone usage frequency. The GC window dynamically selects zones
from the LRU queue for GC, ensuring that zones with less recent activity are given higher priority
for reclaiming. During the GC process, HAKV offloads the selected zones to the multitasking
queue, enabling parallel processing and reducing latency. The multitasking queue ensures that
reclaimed zones are efficiently processed and returned to the free-zone queue, thereby maintaining
a continuous balance between zone allocation and reclamation.
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When the foreground write thread requests PM zone allocation, HAKV monitors the percentage
of available zones in the pool in real-time. If the remaining space falls below the predefined threshold,
when HAKYV detects low available space in the PM zone pool and triggers a GC operation, It reclaims
an appropriate number of cold zones using an exponential fast-start and linear slow-recovery model.
This approach maximizes the space utilization of the PM zone pool while adapting to the changing
workloads of the foreground thread. For instance, if zone allocation fails for the first time within the
same duration, HAKV increases the GC window threshold by 0.5% and wakes up the background
GC thread for recovery. If the allocation fails again after the GC completes, HAKV increases the
GC window threshold by twice the previous increment (i.e., 1%), and so on, until it reaches the
set upper limit of the GC ratio (default is 30%). If no allocation failure occurs within the set time
window, HAKV gradually reduces the GC window threshold using a linear reduction strategy. It
reduces the window size by 0.5% for every cycle until it reaches the smallest size of the GC window.
This dynamic adjustment mechanism enables HAKV to maintain optimal utilization of the PM zone
pool in response to workload changes in the foreground.

In HAKYV, the number of invalid zones resulting from repeated writes is relatively small due
to the low percentage of hot KV pairs in zone files. To avoid file read/write operations on zone
files, we introduce a sparse bitmap mechanism for managing invalid blocks in zone files. The zone
file is divided into multiple segments. For each segment, we record the bits of invalid blocks in
the zone file and the number of these bits (i.e., one bit “0” representing an invalid block). Thus,
we can perform the segment query, and then rewrite data into these invalid blocks in the segment.
This mechanism efficiently marks invalid zones in zone files and enables in-situ recovery. By
leveraging the sparse bitmap’s efficient spatial management and fast localization capabilities, HAKV
effectively manages invalid zones in zone files, reducing the need for file read and write merge
operations.

When the proportion of invalid records in a cold zone becomes too high, HAKV merges the
valid records into a new zone, then the file block is occupied by the merged zone will be invalid. To
enable the reuse of invalid space of zone files, a sparse bitmap is used to record the offset addresses
of invalid zones in the zone file. Since the size of each zone is fixed, the new generated zones can
be written to the locations of invalid zones marked in the sparse bitmap, thereby avoiding file
read/write operations on zone files and reducing I/O overhead between PM and the SSD. Specifically,
the sparse bitmap structure manages invalid blocks by partitioning the zone file and recording only
the portions that contain invalid zones. It tracks the location of invalid blocks within each segment
using a local bitmap. During zone merging operations, HAKV first queries the sparse bitmap to
identify the locations of invalid blocks and writes new valid zones to these blocks, updating the
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sparse bitmap to reflect the reuse of zone file space. This design ensures the utilization of invalid
space while reducing the frequency of file-level GC operations.

HAKV significantly reduces the GC cost in zone files by managing invalid blocks using sparse
bitmaps. Combined with PM’s management of the zone pool, this approach optimizes the read
performance of user KV pairs, improves the system performance, and enhances space utilization.

3.5 Discussion

Parallel Scan. Since HAKV stores KV pairs as unordered units within zones, it is crucial to
optimize scan operations. Thus, we in HAKV designed a two-level index that supports parallel
execution across the primary subrange indexes. HAKV identifies the key types in each subrange
index and performs multi-threaded, parallel reads across large-sized vlog files, cold zones, and hot
zones. This parallel processing design ensures efficient and scalable scan performance.

Large-sized values processing. For large-sized values, we implemented hot and cold separation
based on access frequency, similar to the KV separation that uses file indexing for vlog files.
Frequent-updated large-sized values are appended to hot vlog files, while infrequently updated
values are stored in cold vlog files. This append-only write strategy minimizes write amplification
and enhances write performance. For reclamation, we prioritize reclaiming hot vlog files with
periodic reclamation of cold vlog files to ensure optimal space utilization.

4 Performance Evaluation

We first introduce the experimental environment and configuration. Second, we analyze the ex-
perimental performance under DB_Bench and Yahoo Cloud Service Benchmark (YCSB-C) [37].

4.1 Experimental Environment

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

Workloads. We perform experiments using DB_Bench and YCSB-C workloads. Under DB_Bench
workloads, we first study the performance of HAKV under workloads with 100 GB random writes
followed by 100 GB random reads. We measure the performance of HAKV in terms of write
amplification, read and write throughput, and latency distribution. The key size is 16B. We conduct
comparisons across different value sizes, including 128B, 512B, 1KB, 4KB, and 16KB. We use YCSB-C
to evaluate system performance across workloads—Load (100% writes), A (50% reads, 50% updates),
B (95% reads, 5% updates), C (100% reads), D (95% reads, 5% inserts), E (95% scans, 5% inserts), and
F (50% reads, 50% read-modify-writes). Each workload executes corresponding transactions after
loading 100 million KV pairs, except for workload E, which uses the default maximum scan length
of 100 and involves 10 million transactions. In YCSB-C, the key size is 16B, and the value size is 1KB.
We also apply three Twitter’s traces[38] — cluster12, cluster37, and cluster43 - to evaluate HAKV
performance under real production workloads. Cluster12 is a write-intensive workload consisting
of 80% set and 20% get operations, with an average 44-byte key and 1058-byte value. Cluster37
is a read-intensive workload, featuring 35% set and 65% get operations, with an average 72 bytes
key and 15,001 bytes value. Cluster43 is a mixed read/write workload, with 50% set and 50% get
operations. The average key and value sizes are 44 bytes and 2,128 bytes, respectively.

Alternative KV Stores. To evaluate the performance of HAKV, we employ several state-of-
the-art KV stores: LevelDB [20], RocksDB [10], NoveLSM [16], LightKV [11], Wisckey [25], and
UniKV [43]. NoveLSM leverages PM to store the Memtable and write-ahead log of the traditional
LSM-tree structure, while LightKV uses PM to cache segment content, enabling faster access to
hot data. Wisckey adopts a KV separation approach for value indexing, optimizing storage and
retrieval efficiency. UniKV mitigates compaction overhead by designing hash indexes for level L0
and employs a single-level ordered file structure to manage KV pairs at level L1 and below.
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Fig. 10. Impact of different value sizes on throughput of HAKV.

Experiment Settings. We implemented HAKV based on LevelDB (version 1.20), a widely used
KV store developed by Google. In this experiment, we use Intel Optane DC PM as the middle-tier
device and map the PM to the process space through the pmem_map_file interface in PMDK. All
experiments were conducted on a Dell PowerEdge MX840c server equipped with an Intel Xeon
Platinum 8153 CPU (2.0 GHz, 16 cores), 16 x 16 GB RDIMMs, 24 x 128 GB Intel Optane DC PM
modules, and Samsung PM1643A SAS SSDs, running Ubuntu 22.04 LTS. The default zone size is
8KB, and the dynamic window adjustment range is between 5% and 30% of PM’s used zones. Each
KV store is configured in the kNoCompression uncompressed mode, and all other configurations
are set to the default values.

4.2 Performance of HAKV under DB_Bench

Random-Write Performance. Figure 10(a) demonstrates that HAKV significantly outperforms
LevelDB (baseline), and other KV stores in terms of random-write throughput. Specifically, its write
throughput is up to 54.2x higher than that of LevelDB, 4.3x higher than that of UniKV, and up to
3.6x higher than that of LightKV. This performance advantage is primarily attributed to the design
of the zone and the direct persistence of data to the PM zone pool via memory-mapped copies.
Although NoveLSM and LightKV also use PM as a cache, their write throughput is lower due to the
large number of sorting and merging operations performed during cold data processing.

Random-Read Performance. As shown in Figure 10(b), HAKV achieves high random-read
performance. Compared with Level DB, HAKV’s random read throughput is improved up to 9.6x.
Compared with UniKV, it is improved up to 2.9x. The random-read performance of HAKV is
improved up to 3.5x than that of LightKV. The performance advantage of HAKYV is especially
noticeable when handling small-sized values because of the two critical optimizations in HAKV.
First, HAKV employs a dynamically adaptive zone reclamation mechanism to efficiently cache
frequently-accessed zones in PM. Second, HAKYV is designed with two-level index to enable direct
and fast KV pair localization, thereby avoiding write amplification caused by multi-level reads.

Read Latency. Figure 11 shows the read tail latency across varying value sizes (ranging from
128B to 16KB). The experimental results demonstrate that HAKV significantly improves latency,
particularly in P50, P90, and P99 tail latency, outperforming other KV stores across most value
sizes. Compared with Level DB, HAKV achieves substantial optimizations: a 66% (minimum) to 95%
(maximum) reduction in P50 tail latency, an 82% (minimum) to 95% (maximum) reduction in P90 tail
latency, and a 77% (minimum) to 96% (maximum) reduction in P99 tail latency. Notably, the reduction
in P99 tail latency is most pronounced in high-tail latency scenarios, and the P99.99 tail latency
maintains a significant advantage with small values. These improvements are primarily attributed
to HAKV’s hot and cold separation mechanism design and the dynamic window reclamation
mechanism for the PM zone pool. By caching frequently-accessed KV pairs in PM, the number of
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Fig. 12. Write amplification of HAKV under DB_Bench workloads.

reads in SSD are reduced, which lowers the high latency of access to the cold KV pairs. The high
access performance of PM provides a substantial improvement in the overall read latency of HAKV.

Write Amplification (WA). Figure 12(a) illustrates WA of HAKV. HAKYV consistently maintains
low WA across all value sizes, demonstrating a clear advantage. Compared with LevelDB and
RocksDB, HAKYV significantly reduces WA, highlighting its superior efficiency and performance
in most value sizes. Specifically, HAKV’s WA has a maximum of 3.15 and an average of 1.97 for
value sizes ranging from 128 B to 16 KB, while LevelDB’s WA reaches a maximum of 21.04 with an
average of 18.15. HAKV’s WA is 89.6%, 42.5%, and 32.3% lower than that of LevelDB, UniKV, and
LightKYV, respectively. This demonstrates that HAKV effectively reduces WA among different value
sizes, particularly excelling under workloads with small-sized values (e.g., 128 B and 512 B).

The total write amplification, defined as the ratio of total data written to both PM and SSD relative
to the user write data, see Figure 12(b). The overall trend closely follows that of SSD WA. In contrast,
the NoveLSM, despite employing a skiplist data structure in PM, exhibits higher WA, as most of the
data still needs to be merged from SSD, particularly for smaller KV pairs. Wisckey struggles with
minimizing WA due to the absence of hot/cold separation, leading to higher amplification than
HAKV. UniKV achieves lower WA through the hash indexing in level L0 and partitioned storage in
lower levels, particularly with large KV pairs. UniKV’s overall WA remains slightly higher than
that of HAKV. LightKV reduces write amplification by utilizing a prefixed hash tree structure;
however, its write amplification remains higher than that of HAKV due to the lack of hot and cold
data separation. In contrast, HAKV minimizes invalid writes through its hot and cold separation
strategy and the dynamic adaptive reclaiming mechanism in PM, ensuring consistently low write
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Fig. 13. Throughput and latency of HAKV under YCSB-C.

amplification across different value sizes. This makes HAKV particularly well-suited for storage
scenarios requiring low write amplification.

HAKYV adopts a hot-and-cold data separation mechanism, where cold KV pairs are initially
cached in the cold zone pool in PM. When the space of the cold zone pool becomes insufficient, the
infrequently accessed KV pairs will be flushed to the cold-zone files on the SSD. Hot KV pairs are
first stored in the hot zone pool in PM. When the hot zone pool space is inadequate, the hot KV pairs
will be written into the hot-zone files on the SSD. The hot-and-cold data separation mechanism in
HAKYV prevents cold KV pairs from being frequently involved in compaction. Hence, redundant
writes of cold KV pairs are reduced, thereby lowering unnecessary I/Os on SSD and extending SSD
lifetime.

4.3 Performance of HAKV under YCSB-C

As shown in Figure 13(a), HAKV demonstrates a significant advantage in load throughput
compared with LevelDB, LightKV, and UniKV, and achieves 2.83x, 2.73x, and 2.34x improvement,
respectively. Under read-intensive workloads (B, C, and D), HAKV achieves throughput that is 2x
(minimum) to 3% (maximum) higher than the other KV stores. This is because most of the hot read
data is cached in PM, resulting in a higher read cache hit rate, as mentioned in section 4.5.2. For
workload A (50% mixed writes), HAKV’s performance improvement over the other KV stores is
slightly lower compared with the read-intensive workloads but still shows a performance increase
of 1.75x (minimum) to 1.87x (maximum).

Workload F consists of 50% read-modify-write operations, where all KV stores present perfor-
mance degradation. However, HAKV maintains approximately twice the throughput of the other
KV stores, thanks to its hot and cold data separation strategy and PM dynamic adaptive GC mech-
anism. Under workload E, HAKV’s performance is slightly lower than LevelDB but comparable
to Wisckey and UniKV. Under workload E, scan operations are suited for value-ordered storage
structures. NoveLSM achieves the best scan performance in this scenario. Although HAKV employs
multi-threaded parallel reads to optimize scan performance, it slightly underperforms NoveLSM
under this workload due to its unordered storage management.

As shown in Figure 13, HAKV outperforms the other KV stores in terms of tail latency, especially
under most workloads except for workload E. Compared with LevelDB, RocksDB, NoveLSM,
LightKV, Wisckey, and UniKV, HAKV exhibits significant reductions in average tail latency, with
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Fig. 14. Throughput and write amplification of HAKV under Twitter traces.

average percentage reductions of 65%, 95%, 76%, 55%, 58%, and 58%, respectively. Regarding P90 tail
latency, the average percentage reductions are 83%, 92%, 78%, 25%, 66%, and 68%, respectively. For
P99 tail latency, the average percentage reduction is 80%, 90%, 72%, 56%, 64%, and 53%, respectively,
compared with the same alternative KV stores. The average percentage reduction represents the
improvement in tail latency across all workloads. These performance improvements are attributed
to HAKV’s efficient separation and management of hot and cold KV pairs and the optimized use of
PM space and the dynamic GC mechanism.

HAKYV achieves high-performance enhancements in mixed read/write and read-intensive work-
loads. This is attributed to its effective hot and cold KV pairs separation and optimized cache
management for PM storage. Experimental results demonstrate HAKV’s superiority in large-scale
transaction processing, delivering high throughput under diverse workloads.

4.4 Performance of HAKYV under Production Workloads

To evaluate the performance of HAKV, we incorporate production workloads, Twitter traces[38]-
Cluster12, Cluster37, and Cluster43. The experiment involves running 50 GB of KV pairs. As shown
in Figure 14(a), HAKV achieves an average throughput improvement of 11.21x, 5.90x, 1.99x, 1.13x,
0.86%, and 2.06x compared with LevelDB, RocksDB, NoveLSM, LightKV, Wisckey, and UniKV,
respectively, under write-intensive workload Cluster12. Under read-intensive Cluster37, HAKV
improves throughput by 31.01x, 13.10x%, 6.66x, 5.39%, 1.23x, 5.37x, respectively. When it comes to
the Cluster43 case, HAKV enhances throughput by 1.7x, 4.5x, 1.73x, 1.34x, 1.02x, 1.47x, respectively.
The largest improvement is observed under read-intensive workloads because of HAKV’s efficient
management of the PM zone pool and the dynamic adaptive reclamation policy in the zone pool.

In Figure 14(b), under Cluster12, HAKV reduces write amplification by 86%, 66%, 63%, 44%, 24%,
and 23%, compared with Level DB, RocksDB, NoveLSM, LightKV, Wisckey, and UniKYV, respectively.
Under Cluster37, HAKV reduces write amplification by 83%, 68%, 37%, 35%, 30%, and 16%, respec-
tively. Under Cluster43, HAKV achieves the reductions of 29%, 53%, 60%, 39%, 50%, and 40%, respec-
tively, compared with the same alternative schemes. These improvements are attributed to HAKV’s
separation strategy for hot and cold KV pairs and its dynamic reclamation policy of zones in PM.

As shown in Figure 15, HAKV demonstrates significant improvements across multiple tail latency
metrics under Cluster12. Specifically, the average tail latency, P99 latency, and P99.9 latency are
shortened by up to 92%, 98%, and 99%, respectively, while P90 latency is reduced by up to 88%
compared with the alternative KV stores. In Cluster37, HAKV cuts back average tail latency, P99
latency, and P99.9 latency by 97%, 98%, and 99%, respectively, and lowers P90 latency by up to 98%.
P99 and P99.9 latencies of Cluster43 are reduced by up to 83% and 94%, with significant reductions
also observed in average and P90 latencies. HAKV outperforms the other alternative key-value
store systems under real-world production workloads: this advantage stems from its separation of
hot and cold data, efficient zone management, and the dynamic GC policy that maintains hot zones
in PM through an adaptive GC window.
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Fig. 16. Impact of the parameter settings on the performance of HAKV. Symbol VS denotes the value size.

4.5 Impact of HAKV Parameter Settings

4.5.1 Impact of Zone Size. We study the impact of zone sizes on HAKV’s throughput. As shown
in Figure 16(a), increasing the zone size from 4 KB to 128 KB improves the throughput, with the most
significant gains occurring between the 32 KB and 64 KB range. This is attributed to appropriately
sized zones, in which HAKV handles more KV pairs per I/O operation, reducing the frequency
of requests and improving the throughput. However, when zone sizes exceed 64 KB, throughput
gains become smooth, diminishing gains with further increases in zone size. This plateau indicates
that while moderate zone size increments enhance the throughput, large-sized zones provide
minimal additional benefits. This limitation can be attributed to caching constraints and the
saturation of I/O parallelism, which prevents HAKV from fully utilizing larger zones beyond a
threshold.
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4.5.2 Read Hit Rate in PM. As shown in Figure 16(b), the read hit rate in PM exhibits an overall
upward trend with increasing zone sizes. This trend remains consistent across all value size settings,
with larger value sizes (e.g., 4KB) showing more pronounced improvements. In contrast, for smaller
value sizes (e.g., 128B and 256B), the PM hit rate saturates at smaller zone sizes, and the improvement
diminishes as the zone size increases. These results highlight significant variations in PM hit rate
across different combinations of value size and zone size. This is because the value size and zone
size impact PM cache utilization. Data blocks are compact and frequent-access for smaller value
sizes, enabling a high read hit rate in PM even with smaller zone sizes. As the zone size increases,
HAKYV can cache more zones in PM, leading to an overall improvement in the access hit rate. In
contrast, for larger value sizes (e.g., 1 KB and 4 KB), each zone consumes more space, necessitating
a larger-sized zone to fully leverage the PM caching, thereby enhancing the read hit rate in PM.

Experimental results indicate that in PM-based KV stores, the zone size should be selected based
on the value sizes to achieve a higher read hit rate in PM. For smaller value sizes, a smaller-sized zone
suffices to maintain a high read hit rate in PM, whereas for larger value sizes, increasing the zone
size can enhance the read hit rate in PM and improve overall system performance. Consequently,
in practical applications, the zone size is dynamically adjusted according to the data distribution
and access patterns to ensure utilization of PM and optimize read/write performance.

4.5.3 Comparison between Adaptive and Static GC Strategies. To assess the improvement of
dynamic GC on HAKV’s performance, we perform an experiment between dynamic GC and static
GC under DB_Bench. In this study, the static GC employs a fixed-sized window (defaulting to 20%
of the active PM queue length), and an 8 KB zone. The dynamic GC employs an adjustable window
size from 5% to 30% of the active PM queue length. The experiment includes 100-GB random writes,
followed by 100-GB reads, where we collect the number of merged small-sized zones (zones with
less than 1/4 of valid data that require GC).

Figure 16(c) shows the number of zones requiring GC increases with larger value sizes. As value
size grows, a small number of values can reduce the size of a zone, thereby triggering a GC operation.
Furthermore, the number of small zones is higher in the dynamic GC process compared with a
static GC. Then, we find that the dynamic GC, by adjusting the window size, reduces redundant
GC operations, enhancing system performance. Experimental results demonstrate that HAKV with
the dynamic GC strategy improves the system performance in scenarios with large-sized values.

4.5.4  Write Amplification (WA) of HAKV with the Merge Thresholds. To evaluate the impact of
the merge thresholds on WA, we configure HAKV with various thresholds during zone reclamation
in PM. When the valid data percentage of a zone falls below the threshold, HAKV migrates the
remaining valid KV pairs to a new zone. After setting the threshold values to 1/8, 1/6, 1/4, and 1/2,
we perform 100 GB of random writes followed by 100 GB of random reads using DB_Bench with a
16-B key and 1 KB value. Total WA of HAKYV is the ratio of the total data written to both the SSD
and PM to the volume of user write data. Figure 16(d) unveils that the total WA of HAKV and SSD
write data volume increase as the threshold rises because higher thresholds relocate more valid KV
pairs in PM, flushing more zones to the SSD and leading to higher SSD write data volume. When
the threshold increases from 1/8 to 1/2, HAKV total WA climbs from 2.56 to 2.73 - indicating that
the merge threshold marginally affects WA.

4.5.5 The Read/Write Advantage of In-Situ GC. In this section, we evaluate the write amplification
of HAKYV using two GC strategies for zone files: (1) in-situ GC based on a sparse bitmap mechanism
and (2) traversal-based GC using a normal bitmap (one bit corresponding to a valid or invalid
data block). We configure DB_Bench to perform 50 GB random writes followed by 50 GB random
reads. For the traversal-based GC, a greedy strategy is used to select zone files with the lowest
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proportion of valid data for reclamation. In Figure 16(e), with the sparse bitmap-based in-situ GC,
HAKYV achieves fewer file read/write operations and lower read/write amplification compared with
the bitmap traversal GC method. Compared with the traversal-based GC, HAKV with the in-situ
GC reduces the write amplification by 50.5% and the read amplification by 50.8%. This is because
the segmented sparse bitmap avoids relocating large amounts of valid KV pairs, which is must be
conducted in HAKV with the traversal-based GC. As a result, the in-situ GC uses the segmented
sparse bitmap to improve GC efficiency with lower file read/write amplification.

4.5.6 Impact of the Hot-Cold State Check on Latency. We conduct experiments to gauge the
impact of the index state check on latency in HAKV. Compared with LevelDB, RocksDB, UniKV-
using a traditional MemTable structure—HAKYV has a two-level index to distinguish the hot or cold
state of KV pairs and configure a DRAM zone to buffer KV pairs. We measured average read/write
latency and memory access latency, compared HAKV with LevelDB, RocksDB, UniKYV, respectively.
For LevelDB, RocksDB, and UniKV, the average memory access latency includes write data to the
MemTable or read data from the MemTable. For HAKV, average memory access latency includes the
hot/cold check overhead and write to (or read from) the DRAM zone. In Figure 16(f), experimental
results show that HAKV achieves significantly lower write and read latency than LevelDB, RocksDB
and UniKV. Specifically, LevelDB’s memory access latency is 2.81x higher for writes and 2.67x
higher for reads than HAKV’s DRAM zone access latency. RocksDB’s memory access latency is
4.94x higher for writes and 3.4x higher for reads than HAKV’s DRAM zone access latency. UniKV’s
memory access latency is 1.98x higher for writes and 1.41x higher for reads than HAKV’s DRAM
zone access latency. These results demonstrate that the overhead introduced by hot/cold checks in
HAKV is negligible for access latency.

5 Related Work

Optimizing KV Stores with Non-Volatile Memory. In traditional LSM-tree structures, fre-
quent disk writes result in significant write amplification, which degrades overall performance.
RangeKV [41] addresses this issue by introducing RangeTab in NVM to manage data in level LO0.
SLM-DB [15] reduces WA by organizing SSTables using a B*-tree index and a single-level structure.
Similarly, LightKV [11] improves read and write efficiency by storing KV pairs as segments in PM
with indexing, although file merging and compression on SSD remain as performance bottlenecks.
Chen et al. [34] optimize query performance and reduces write amplification by redesigning sec-
ondary indexes in LSM storage systems with PM. Miodb [9] proposes byte-addressable, persistent
skip lists to replace the on-disk data structures of LSM-trees, effectively mitigating write amplifica-
tion. HPDK [24] enhances performance by employing PM as an SSD alternative and maintaining
B*-tree indexes in DRAM; however, frequent merging operations increase storage costs.

In contrast, HAKV minimizes merge operations by pre-separating frequently updated KV pairs
across storage zones and restricting PM recycling to zones with minimal updates. This approach
reduces write amplification and storage costs while improving write and read performance by
concentrating recycling efforts on frequently updated data, optimizing resource allocation, and
enhancing operational efficiency.

Optimization of LSM-tree structure. PebblesDB [29] reduces write amplification by employing
a sharded LSM-tree structure, which avoids rewrites at the same level. SimDB [30] improves write
performance through a semi-ordered storage model minimizing low-level data merging and sorting.
Wisckey [25] introduces KV separation to mitigate write amplification caused by large values.
HashKV [4] enhances access efficiency by using hash partitioning and a lightweight merging
strategy, while UniKV [43] incorporates a hash index at level L0, significantly reducing both write
amplification and read latency. Dostoevsky employs an adaptive hot/cold data merge strategy
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to reduce unnecessary merging, thereby improving write performance. Additionally, KVell [19]
and HiLSM [22] optimize I/O concurrency control and implement multi-level cache management
to enhance overall LSM-tree performance. HAKV minimizes write amplification and optimizes
overall performance by pre-separating keys based on update frequency and adopting a lightweight
merging approach.

Optimizations for NVM-based index. HiKV [36] stores hot data in NVM using a two-level
index to accelerate the overall performance. DPTree [45] introduces a new persistent index—the
differential persistent tree (DPTree)—to minimize expensive PM writes. Nam et al. [26] present
cacheline-conscious extendible hashing, which reduces the overhead of dynamic memory block
management while ensuring constant hash table lookup time. Chen et al. [6] propose a lock-free
concurrent hierarchical hash structure to improve concurrent access efficiency and reduce lock
contention. PACTree [17] uses a high-performance persistent range index based on the PAC criterion
to enhance the efficiency of range queries. HybridKV [8] combines a Radix-Tree and B*-tree in its
index, leveraging NVM to address the read-write amplification problem. HAKV employs a two-level
index based on zones to enable fast KV pair location and improve performance.

6 Conclusion

Traditional LSM-trees suffer from substantial write and read amplification due to their hier-
archical ordered structure. Key indexing mechanisms, such as KV separation, also encounter
challenges related to value log file recovery overhead. HAKYV alleviates these limitations by sepa-
rating frequently-updated (hot) KV pairs from read-only (cold) KV pairs based on update patterns
in workloads. Then, HAKV employs a lightweight merge process to minimize write amplification.
Furthermore, we devised the zone management scheme in PM to enhance the performance of
HAKY, in which in-place zone reclamation is enabled. We implemented the highly efficient HAKV
anchored on LevelDB, and the empirical study demonstrates that HAKV offers significant write
amplification reduction, substantial performance improvement, and shortened tail latency. HAKV’s
zone management approach is readily adaptable to SSDs and other zoned storage devices.
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