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ABSTRACT

The log-structured merge-trees (LSM-trees) are widely used in mod-

ern Key-Value (KV) stores, o�ering strong write performance but

facing signi�cant ine�ciencies in compaction and indexing. While

recent researches have integrated learned indexes with LSM-trees

to address these ine�ciencies, their integration remains hindered by

excessive cold data movement, limited parallelism inmodel training,

and the decoupled nature of compaction and training. In this paper,

we present Kirin, a hybrid KV store that synergistically integrates

LSM-tree and learned index, and leverages computational storage

devices (CSDs) to o�oad data-intensive tasks. Kirin introduces a

novel learned compaction approach that embeds model training

directly into the compaction process to conceal training latency and

enable timely model updates. Kirin also employs a collaborative

approach between the host and CSD to parallelize compaction and

minimize storage access during indexing. Our experiments with

DaisyPlus OpenSSD demonstrate that Kirin outperforms existing

solutions in both read and write throughput by a large margin,

while maintaining low read latency under heavy write workloads.
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1 INTRODUCTION

Key-value (KV) stores serve as foundational components in nu-

merous domains, including internet services [11, 50], caching sys-

tems [14, 48], distributed stores [43, 79], and real-time analytics [4,

22]. Among these, log-structured merge-tree (LSM-tree) [52] stands

out as the storage backbone for mainstream KV stores such as

LevelDB [23], RocksDB [17], X-Engine [24], and Cassandra [36].
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A major challenge in these systems is the performance of ran-

dom writes, particularly when faced with bursts or sustained ran-

dom write tra�c, common in online transaction processing (OLTP)

workloads [45, 56]. LSM-trees address this by bu�ering KV pairs in

memory and sequentially �ushing them to storage, making them

highly e�ective for write-intensive workloads and outperforming

traditional tree-based indexes (e.g., B+-trees).

Despite their e�ectiveness, LSM-trees encounter performance

bottlenecks, primarily due to ine�ciencies in indexing and com-

paction. Key lookup operations in on-disk tables are inherently

ine�cient due to the absence of �ne-grained mappings between

keys and their respective storage locations. Consequently, retriev-

ing a speci�c KV pair requires reading multiple storage blocks,

leading to high read ampli�cation [9, 69, 78]. Additionally, the com-

paction process, which moves KV pairs between storage levels to

improve space utilization, adds further strain on system resources.

Compaction demands substantial computational e�ort and storage

bandwidth, as it involves reading, sorting, merging, and rewriting

large quantities of KV pairs [44, 66, 77].

Machine learning-driven learned indexes have emerged as a

promising solution for improving the indexing performance of

LSM-trees [21, 34]. Unlike traditional tree-based indexing methods,

learned indexes predict the position of key-value (KV) pairs by em-

ploying linear regression models that �t the distribution of sorted

keys [13, 20, 62, 68, 75]. This simpli�es the indexing process, which

is a key contributor to read latency, particularly on high-speed

storage devices such as SSDs [9]. Recent researches [1, 9, 46, 69]

have explored integrating learned indexes into LSM-trees, aiming

to reduce lookup latency and minimize the index’s storage foot-

print. The integration typically involves training machine learning

models on sorted KV pairs in SSTables and replacing conventional

index blocks with space-e�cient learned models. The synergy be-

tween LSM-trees and learned indexes o�ers an e�ective solution

to improve read throughput without compromising the LSM-tree’s

inherent high write performance.

Nevertheless, existing hybrid indexes that integrate the LSM-

tree and learned index are hindered by the ine�ciencies in both

compaction and training processes. Compaction plays a crucial role

in LSM-trees by removing invalid KV pairs and maintaining storage

e�ciency [25, 77]. However, it involves loading large volumes of

cold data in the lower levels from storage to memory, consuming

substantial I/O bandwidth and leading to signi�cant write stalls [15,

74]. As illustrated in Figure 1(a), once bandwidth reaches saturation,

additional compaction threads provide negligible improvement,

highlighting the dominance of the host-storage I/O bottleneck.
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Figure 1: (a) The impact of the number of compaction threads

on write stall and I/O utilization in RocksDB. (b) Lookup

latency and miss rate of the learned model under varying

write percentages in Bourbon.

Furthermore, the integration of LSM-tree and learned index

is also undermined by the separate handling of compaction and

training, resulting in additional data movement overhead. During

compaction, key distribution in SSTables is changed, requiring the

learned models to be retrained. Existing strategies [9, 46, 69] treat

compaction and training as separate processes, extracting newly

merged and sorted keys from the compaction �ow to train the

models in a separate thread. This separation introduces additional

data movement overhead and prolongs the training process. More-

over, while models are being retrained, queries to newly compacted

SSTables must bypass the outdated learned indexes and fall back

to original search paths, which undermines the intended bene�ts

of learned indexes. This results in suboptimal performance, partic-

ularly for write-intensive workloads where retraining is frequent.

As shown in Figure 1(b), the miss rate of the learned model in

Bourbon [9] increases signi�cantly with the write ratio because the

models cannot be retrained in time, resulting in a higher lookup

latency.

Meanwhile, the training of learned indexes also faces severe

scalability bottlenecks. The Piecewise Linear Regression (PLR) algo-

rithm, commonly used in learned indexes [68, 72, 75], is notoriously

di�cult to parallelize on either multi-core CPUs or FPGAs [29] due

to its iterative nature. Additionally, PLR models are unable to di-

rectly locate key-value pairs, forcing the host CPU to traverse all

key-value pairs within a range, which leads to unnecessary storage

accesses and exacerbates performance degradation [69]. These in-

e�ciencies are further intensi�ed by the lengthy communication

path between the host and storage devices, leading to increased

latency and power consumption.

Computational storage devices (CSDs) [35, 39, 73] provide an op-

portunity to overcome the above challenges. By integrating compu-

tational engines (e.g., embedded general-purpose processors, FPGA,

etc.) near storage, CSDs o�oad the data-intensive tasks from the

host and leverage the high internal bandwidth of the storage [27].

The near-data processing capability of CSDs enables operations like

data compaction and searching to be performed directly within the

CSD, reducing data movement overhead and improving bandwidth

e�ciency. Additionally, CSDs can accelerate model training by of-

�oading tasks to the integrated FPGA, enabling parallel processing

to boost e�ciency while lightening the load on the host system.

In this paper, we present Kirin, a hybrid index that integrates

LSM-tree with learned index, leveraging CSD to o�oad compaction,

training, and searching tasks. Kirin features a novel approach called

learned compaction, which integrates compaction and training into a

uni�ed process on the CSD. In contrast to conventional compaction,

learned compaction directly uses keys generated during compaction

for training, eliminating the need for separate key preparation. By

exploiting the parallelism between compaction and training, Kirin

minimizes total processing time by overlapping their execution.

To further accelerate learned compaction and address write stalls,

we categorize SSTables by data hotness: the host handles hotter

SSTables in higher levels, while the CSD processes colder ones in

lower levels.

On the CSD, we employ FPGA-based pipelining to accelerate

learned compaction. Unlike prior FPGA-based approaches [64, 66,

77], we introduce a parallel PLR accelerator that speeds up model

training by enabling parallel execution of PLR operations via system-

algorithm co-design. To the best of our knowledge, this is the �rst

FPGA-based accelerator of PLR-based learned index training. In

addition, we mitigate the data movement overhead in indexing

through a collaborative indexing framework, where the host com-

putes position ranges for KV pairs, sends them to the CSD in batches,

and the CSD performs the scan, returning results with minimal

data transfer. Our main contributions are summarized as follows:

• We present Kirin, a hybrid index that synergistically combines

LSM-tree and learned index, and leverages CSD to enhance hy-

brid indexing performance for both read and write operations.

• We propose a novel learned compaction approach that tightly

integrates training into the compaction process, concealing train-

ing time while enabling rapid updates of outdated models.

• We introduce a collaborative indexing framework that leverages

both the host and CSD, minimizing cold data movement and

alleviating write stalls in write-heavy workloads.

• We build a learned compaction accelerator on the FPGA of the

CSD, incorporating a parallel PLR accelerator to accelerate of-

�oaded compaction tasks, resolving performance bottlenecks in

both LSM-tree and learned index.

• We implement Kirin on a real FPGA-based CSD platform. Eval-

uation shows that Kirin substantially reduces the overhead of

compaction and retraining, achieving 2.33⇥ and 7.74⇥ higher

throughput compared to Bourbon and RocksDB, respectively.

2 BACKGROUND

2.1 LSM-tree Based KV Store

The Log-Structured Merge (LSM) tree is a data structure optimized

for write-intensive workloads [52], commonly used in modern KV

stores such as LevelDB [23] and RocksDB [17]. The LSM-tree im-

proves write performance by bu�ering writes in memory and merg-

ing them into storage in batches. However, it constitutes a tradeo�

between read and write operations, resulting in compromised read

performance. It typically includes an in-memory MemTable, where

incoming writes are initially stored. Once the MemTable reaches a

prede�ned size, it becomes an Immutable MemTable and is �ushed

to Level 0 on disk as a Sorted String Table (SSTable). The SSTables

are organized into multiple levels, with the capacity of each level

growing exponentially.
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Figure 2: Illustration of PLR Algorithm.

Write operations in the LSM-tree involve appending data to the

MemTable, which keeps all bu�ered KV pairs sorted by keys in

a search-optimized structure such as a skiplist. A process called

compaction is employed to maintain the structure’s e�ciency and

prevent an unbounded growth of SSTables. During compaction,

SSTables from a higher level are merged into those of lower levels,

removing invalid entries and consolidating updates. This process

reduces storage overhead and improves read performance by min-

imizing the number of SSTables that need to be searched. Never-

theless, compaction consumes signi�cant computational resources

and is generally bottlenecked by storage bandwidth.

For read operations, the LSM-tree �rst checks MemTable for the

requested key. If the KV pair does not exist, it is searched in the

on-storage tree from the highest to the lowest level. This multi-level

lookup strategy can signi�cantly increase latency if the target key is

located at lower levels, as it requires checking multiple SSTables at

these levels. Moreover, searching within SSTables involves binary

lookups through index and data blocks, resulting in considerable

disk access latency.

2.2 Learned Index and PLR Algorithm

Learned index employs machine learning techniques to improve

read performance in traditional index structures, while also reduc-

ing memory usage [21, 34]. It functions as a regression model that

approximates the relationship between sorted keys and their posi-

tions by estimating the cumulative distribution function (CDF) [13,

43, 65]. Given a key, the learned index predicts its position within

a speci�ed error range using the trained regression model. Sev-

eral studies have integrated learned index with LSM trees [1, 9,

46, 69], signi�cantly reducing indexing overhead and enhancing

read throughput. However, these approaches fall short in balancing

read and write performance, as they often overlook the increased

training overhead of learned models and ine�ciencies during data

compaction. In addition, the read performance is also restricted

by storage access overhead caused by inaccurate predictions from

the learned index. Kirin tackles these challenges by co-locating

compaction and model training on computational storage devices,

eliminating redundant data movement and enabling low-latency,

�ne-grained updates to learned models through collaborative of-

�oading.

Since the introduction of the linear segmentation algorithm

in FITing-Tree [21], the Piecewise Linear Regression (PLR) algo-

rithm has become the core model in many learned index appli-

cations [9, 43, 46, 62, 65, 68]. The key concept behind the PLR

algorithm is to approximate data points within a speci�ed error

bound X using multiple line segments, each representing a linear

regression model. During training, for each new key, the PLR algo-

rithm evaluates whether the key falls within the current segment’s

bounding region de�ned by upper and lower lines (bounds). If the

key falls within the bounds, the algorithm computes a new pair of

upper/lower boundary lines using the bounding points (the key’s

position plus/minus X). It then updates the segment’s bounds by

taking the minimum of the upper slopes and the maximum of the

lower slopes between the existing and newly calculated bounds.

These adjustments are incrementally updated as consecutive se-

quence points are processed [72]. Once a key falls outside the range

(cannot be approximated within [�X, X]), the segment is �nalized,

and its slope is calculated as the average of the upper and lower

slopes.We select the PLR algorithm for Kirin due to its stream-based

iterative nature, which maps e�ciently to FPGA pipelining, unlike

multi-pass approaches like RadixSpline [32] and PGM-index [20]

that require complex auxiliary structure construction.

Figure 2 illustrates the main procedure of PLR algorithm. It pro-

cesses a sequence of points, each comprising a key and a position,

iteratively calculates boundary slopes, and �nalizes a line segment

when a point falls outside the current bounds. Point A is the begin-

ning point of a line segment, referred to as the support point [72].

Point B establishes the initial upper and lower boundary lines with

point A for the segment, represented by light blue and red lines.

Point C lies within the region enclosed by these boundary lines,

and both the upper and lower boundary lines are updated. Point D

also resides within the current region, but its lower bounding point

falls below the red line, so only the upper boundary is updated

(now shown as the dark blue line). Point E is above the dark blue

line therefore the current line segment terminates. The slope of this

segment is the average of the red and lower blue lines, and a new

segment (Points F, G) begins with point E as its support point.

Training learned models over large key sets is computationally

expensive, making FPGA acceleration an attractive solution [29].

However, the inherent data dependencies in the PLR algorithm

make FPGA parallelization challenging. In the PLR algorithm out-

lined in Figure 2, boundary lines are incrementally updated, and

the support point is reset at the end of each segment. This process

involves evaluating the positional relationship between the input

point and the current boundary lines. It requires up-to-date slope

values for the boundary lines and support point, introducing two

types of data dependencies:

• Slope dependency. Before updating slopes in each iteration, the

latest slopes from the previous iteration must be available. This

introduces an inter-iteration dependency, where each iteration

must wait for the preceding iteration’s slopes to be determined.

The slope dependency enforces a strict execution order, severely

limiting the algorithm’s scalability.

• Point dependency. If the current point falls outside the bound-

aries, it becomes the support point for the next segment. How-

ever, it is impossible to predict whether the current point will

serve this role in advance. Thus, each iteration depends on the

outcome of the previous iteration to determine the support point.

In summary, PLR’s inter-iteration data dependencies enforce

strict sequential execution, severely limiting scalability and pre-

venting e�cient utilization of hardware parallelism.
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2.3 Computational Storage Device

Computational Storage Device (CSD) integrates processing capabil-

ities directly within storage devices, allowing computation to occur

where the data resides. CSD typically employs fast storage devices

like SSDs and computational engines such as ARM cores and FPGA,

leveraging the high internal bandwidth of SSD to reduce data move-

ment and accelerate computation [63]. FPGAs, in particular, are

well-suited for CSDs because of their ability to build recon�gurable

pipelines and support �ne-grained parallelism [77]. In the industry,

several CSD products have been released, such as OpenSSD [8],

SmartSSD [49], and ScaleFlux [59], and these products continue to

evolve. Furthermore, the SNIA Computational Storage Technical

Work Group (TWG) and NVM express have created a set of stan-

dards and de�ned the interfaces to promote the interoperability of

CSDs [51, 60].

The CSD also attracts the attention of academia and is widely

used to optimize data-intensive applications such as graph pro-

cessing [35, 39, 47], neural network training [27, 30, 40], data anal-

ysis in HTAP [38] and key-value store [5, 25]. These researches

leverage CSDs to minimize data movement between storage and

host memory, alleviating PCIe bus congestion and freeing up host

CPU for other application tasks. The computational engines on

the CSDs also provide an opportunity to parallelize and accelerate

the computation in the above applications. Despite these speci�c

applications, some studies extensively research in-storage �le sys-

tems [28, 33, 76] and generic frameworks for CSD [57, 73], paving

the way for broader applicability.

3 DESIGN

This section introduces the design of Kirin, a hybrid key-value store

that combines the e�ciency of learned indexes with the structural

advantages of the LSM-tree. We begin by outlining the hybrid

architecture of Kirin and its data placement strategy, followed by

the collaborative indexing and search work�ow that minimizes

data movement through workload partitioning. Then, we delve into

the learned compaction engine, which features a parallelized PLR

accelerator implemented on FPGA to accelerate in-storage model

training and improve compaction throughput.

The design of Kirin is engineered to meet three primary design

goals, enabling the e�cient integration of learned indexes with

LSM-tree on computational storage.

• Concealing model training latency. The core objective is to

completely hide the latency of model retraining so that it adds

no overhead to the LSM-tree’s write path. This is achieved by

tightly integrating the training process with the I/O-intensive

compaction work�ow and accelerating the uni�ed operation in

hardware (Section 3.2).

• Minimizing host-storage data movement. We o�oad the

data-intensive operations including range scanning and the

learned compaction process to the CSD, thereby avoiding costly

data transfers over the PCIe bus (Section 3.3).

• Maximizing systemic parallelism and resource utilization.

To fully leverage the CSD’s potential, we redesign the training

algorithm for hardware parallelism (Section 3.4) and orchestrate

the host CPU and CSD engine to maximize the utilization of

transmission bandwidth (Section 3.2).
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Figure 3: The system overview of Kirin.

3.1 System Overview

The overall architecture of Kirin, illustrated in Figure 3, combines

the write-optimized structure of the LSM-tree with the read ef-

�ciency of the learned index. In the hybrid index structure, the

memtable and learned index models reside in host memory, while

�ushed SSTables are stored on the Computational Storage Device

(CSD). A learned model is trained for each SSTable via Piecewise

Linear Regression (PLR) algorithm to approximate key positions.

To retrieve KV pairs, Kirin performs a memtable search �rst in

host memory and, for absent keys, leverages the learned models

to determine the key’s position range within the corresponding

SSTables. These ranges are then batched and sent to the CSD, where

an FPGA-based search engine scans these ranges to retrieve the

target KV pairs with minimal storage access overhead. As new KVs

are inserted, higher-level SSTables are merged into lower levels

during compaction, necessitating the retraining of learned models

to keep indexing accurate for subsequent queries.

To mitigate the performance impact of model retraining, we

propose Learned Compaction, a tightly integrated approach that em-

beds model training directly into the compaction pipeline. Learned

compaction utilizes the inherent merge-sort operations in com-

paction to generate the sorted key sequences required for model

training without altering the original compaction work�ow. Since

SSTable compaction and model training operate independently,

they can run in parallel, e�ectively overlapping training time with

the compaction process. The updated models, generated alongside

the compacted SSTables, become immediately available for subse-

quent queries, ensuring that new models are available for queries

to the SSTable.

To accelerate learned compaction across all levels, Kirin adopts a

collaborative learned compaction framework (Section 3.2) that min-

imizes data movement by distributing tasks between the host and

CSD. The host handles hot data in Levels 0 and 1, where frequent

access and residency in the page cache facilitate e�cient processing.

Meanwhile, the CSD o�oads and parallelizes compaction tasks for

colder data in lower levels, capitalizing on its high internal band-

width and minimizing data movement between storage and the

host.
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Within the CSD, Kirin accelerates learned compaction by em-

ploying a dedicated o�oad engine on the FPGA to accelerate the

o�oaded learned compaction tasks (Section 3.3). The engine har-

nesses the FPGA’s parallel processing capabilities to reduce data

movement and accelerate the compaction process. To further expe-

dite the training of learned models, we implement a Parallel PLR

(PPLR) accelerator (Section 3.4) on the FPGA, which batch-trains

keys in a pipelined manner, maximizing computational e�ciency

and concealing training latency. Upon completion, only the light-

weight learned models are transferred to host memory, while SSTa-

bles remain on the CSD, signi�cantly reducing data movement and

improving overall performance.

3.2 Collaborative Indexing

Kirin employs a hybrid index structure that combines the LSM-

tree and learned index to enhance index performance by reducing

SSTable lookup latency. However, model training and retraining

during compaction introduce non-negligible computational over-

head, and a simple host-side parallelization is insu�cient because

it fails to mitigate the I/O bottleneck inherent to compaction. More-

over, the approximate nature of learned predictions also necessitates

range scans within SSTables to locate exact key-value pairs, lead-

ing to additional storage accesses and degraded query e�ciency. A

naive o�oad strategy cannot maximize the system’s parallelism and

available bandwidth resources, as it risks creating a new bottleneck

on the CSD while leaving powerful host resources idle.

To address these challenges, Kirin employs a collaborative mech-

anism using both the host and CSD. During searches, Kirin de-

termines approximate position ranges within SSTables using the

host-side hybrid index. These ranges are delegated to the CSD in

batches, enabling parallel host range computation for subsequent

queries. Kirin incorporatesmodel training into compaction, forming

a learned compaction work�ow. This division optimizes resource

utilization and minimizes training and compaction overhead.

Coordinated KV Searching. In Kirin, each SSTable is associ-

ated with a learned index model to expedite KV pair lookups. These

models are trained concurrently as SSTables are �ushed to the CSD.

When their corresponding SSTables are later merged during com-

paction, the old models are deleted, and new models are generated

alongside the lower-level SSTables via learned compaction.

PPLR Pipeline
Keys

Learned Compaction Accelerator

Direct 

r/w

Host

CSD

L1

···

Compaction

ParallelFlush

Learned Models

Compaction Pipeline

L0

Page Cache

L1
Training Key 

Array

Train

Merge

Ln

L0

Figure 5: The collaborative learned compaction framework

of Kirin.

The procedure of KV search is illustrated in Figure 4, Kirin be-

gins by locating the relevant SSTable and its corresponding model

through the upper metadata tree. The learned model, structured as

a series of linear regression segments, undergoes a binary search

to locate the segment encompassing the key’s range. The key’s ap-

proximate position within the SSTable is then estimated via linear

regression model with an associated error bound [?>B � X, ?>B + X].

Kirin �nally retrieves the KV pairs within this range from storage

and scans them to locate the target key. If performed on the host,

such scans incur signi�cant data movement over PCIe, potentially

saturating bandwidth under heavy workloads.

To mitigate data movement and performance bottlenecks in

learned index lookups, Kirin introduces a coordinated search scheme

that integrates an FPGA-based search engine within the CSD. Kirin

processes key-value (KV) position ranges calculated via learned in-

dex models, combines these ranges with the corresponding SSTable

IDs and target keys, and transmits them to the CSD in batches.

The FPGA-based search engine within the CSD �rst locates the

SSTable’s physical address by looking up the address list using the

SSTable ID. Then, the search engine on CSD retrieves KV pairs from

storage via its internal bus, and �lters candidates within the esti-

mated range to identify the target key. Successful lookups complete

locally on the CSD, and the host issues a new query into the batch

to keep the pipeline saturated. Otherwise, the key is re-queued

for further search in lower levels. The coordinated search scheme

minimizes host-CSD communication and leverages CSD’s internal

bandwidth to improve search e�ciency.

Collaborative Learned Compaction. A key objective in Kirin

is to reduce unnecessary host–device data movement during com-

paction. To this end, we design a collaborative framework (Figure 5)

that partitions compaction tasks by data level: Levels 0 to 1, which

deal with frequently accessed data, are handled by the host CPU,

ensuring low-latency processing. Meanwhile, the FPGA on the CSD

manages Levels 1 to n, processing large volumes of cold data and

amortizing the PCIe communication overhead through e�cient,

in-storage computations. This division minimizes data movement

overhead, leveraging the computational strengths of both the host

and CSD to maximize the e�ciency of learned compaction.
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Figure 6: The architecture of the learned compaction acceler-

ator.

For learned compaction on the host side, Kirin parallelizes the

training and �ushing stages. When Kirin converts an immutable

memtable to an SSTable or merges SSTables in compaction, the

valid keys are collected, sorted, and cached in host memory during

table traversal. The new SSTable is �ushed to the CSD, triggering a

host thread to concurrently train the corresponding learned model

using the sorted valid keys. Sincemodel training typically completes

faster than data �ushing (details in Section 4.4 and Figure 14), the

two operations overlap, introducing negligible additional latency

for frequently updated SSTables in Levels 0 and 1. Upon completion,

Kirin atomically switches visibility to the new SSTables and their

corresponding models simultaneously. This strict lifecycle coupling

eliminates model staleness due to the immutability of SSTables,

ensuring that all lookups are consistently served by the learned

index path without falling back to the original search path.

On the CSD, we build a learned compaction accelerator that

integrates the learned model training into the compaction pipeline.

As illustrated in Figure 5, the learned compaction accelerator di-

rectly retrieves high-level SSTables from storage, merges them into

low-level SSTables and writes the results back to storage. Simulta-

neously, the PPLR accelerator concurrently trains learned models

using keys output by the compaction pipeline. Once trained, the

new models are sent to the host, minimizing the overhead of addi-

tional data transfers. We detail the design of the learned compaction

accelerator in Section 3.3. The collaborative approach leverages the

internal bandwidth of CSD and the data parallelism of FPGA to

mask training latency, eliminate unnecessary data transfers, and

avoid interference with host memory, thereby signi�cantly improv-

ing the e�ciency of learned compaction.

3.3 Learned Compaction Accelerator

Kirin introduces a learned compaction accelerator on the CSD’s

FPGA to speed up learned compaction tasks for levels below Level

1, which are o�oaded from the host. However, a naive hardware

implementation that separately executes compaction and retraining

on the CSD would be critically ine�cient. Such a two-stage process

faces prohibitive bottlenecks: it demands an infeasible amount of

on-chip RAM for intermediate key bu�ering and introduces a long

latency chain, as training must wait for compaction to complete.

Therefore, Kirin features a pipelined architecture that integrates

model training directly into the compaction work�ow, leveraging

the FPGA’s parallelism and the CSD’s internal bandwidth to mini-

mize data movement and enhance in-storage processing e�ciency.

As shown in Figure 6, the learned compaction accelerator follows

a two-phase work�ow: a loading phase and an execution phase. In

the loading phase, chunks of KV records are fetched from two

adjacent levels of SSTables and stored in dedicated bu�ers. A key

from each bu�er is loaded into the comparator for merge-sorted

processing. To enhance data locality and reduce overhead, keys are

decoupled from values within the pipeline, avoiding unnecessary

value duplication. This streaming approach enables continuous

data �ow that sustains both the compaction and model training

pipelines on the FPGA.

The execution phase employs a pipelined approach to maxi-

mize computational resource utilization on the CSD. The execution

pipeline begins by comparing two KV records, selecting the smaller

key, and discarding duplicates. Then, the accelerator concurrently

merges KV pairs and trains learned models. Afterwards, a KV entry

is forwarded to the candidate array for the next iteration. Finally,

both the merged KV pairs and their associated learned models are

bu�ered and �ushed back to storage.

Di�erent from existing compaction pipelines [64, 66] which ex-

clusively focus on compaction optimizations, we embed learned

index training into the compaction process, forming a learned

compaction pipeline that fully exploits pipeline parallelism. By

leveraging a PPLR accelerator on the CSD’s FPGA (detailed in Sec-

tion 3.4), we enable the independent training of learned models

using streamed keys. During compaction, the pipeline selects the

smaller key, which is sent to the PPLR accelerator for slope calcula-

tions and incremental updates of line segment boundaries. Since the

smaller key is determined in the initial steps of the pipeline, model

training can run in parallel with subsequent compaction processes.

As compaction generally takes longer than training, the training

overhead is e�ectively concealed. Compared to host-side training

during �ush operations, the learned compaction pipeline on the

CSD signi�cantly shortens the data path between training and

compaction, enhancing the e�ectiveness of learned compaction.

To ensure uninterrupted pipeline operations, we introduce a dual-

bu�er mechanism that guarantees a steady �ow of KV pairs. The

mechanism utilizes KV bu�ers to store data fetched from storage

and output bu�ers to hold processed data ready for writing. Each

KV bu�er has a capacity twice that of the output bu�er, divided into

two equal-sized partitions. As soon as one partition is exhausted,

the pipeline transitions immediately to the other, while the empty

partition is concurrently re�lled with new data from storage. This

mechanism ensures that the KV bu�er consistently supplies more

KV pairs than the output bu�er can accommodate during each

stage, keeping the pipeline fully utilized. Consequently, the output

bu�er is consistently �lled to capacity and �ushed back to storage,

optimizing the overall throughput.

3.4 Parallel PLR Accelerator

To accelerate the training of the learned index and enhance its

performance under write-heavy workloads, we parallelize the PLR

algorithm through a system-algorithm co-design approach. As out-

lined in Section 2.2, the original sequential PLR algorithm imposes

strict inter-iteration dependencies due to its incremental slope and

boundary updates, which severely limits its scalability. To address

these challenges, we propose a parallel PLR (PPLR) algorithm that

restructures the training process into parallelizable batches. Slope

computations within a batch proceed independently, enabling e�-

cient parallel execution while maintaining algorithm correctness.
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Algorithm 1: Parallel PLR Algorithm

Input: :4~B: the input keys; X : the speci�ed error bound

Output: X-bounded line segments

1 B46<4=C_5 8=0;8I43 = 5 0;B4; % Initialization

2 B? = current segment’s �rst point; % Fixed support point

3 % The i-th iteration of the algorithm

4 % Get input point and boundary points

5 if A4?A>24BB8=6_@D4D4 is empty then

6 ? = (:4~B .A403 (), ?>B8�1 + 1);

7 else

8 ? = A4?A>24BB8=6_@D4D4 .34@D4D4 ();

9 ?D??4A = (? .:4~, ? .?>B + X); ?;>F4A = (? .:4~, ? .?>B � X);

10 % Compute slopes in parallel across iterations

11 2DA_B; = B;>?4 (B?, ?);

12 2DA_B;D??4A = B;>?4 (B?, ?D??4A );

13 2DA_B;;>F4A = B;>?4 (B?, ?;>F4A );

14 % Update slopes sequentially

15 if B46<4=C_5 8=0;8I43 then

16 A4?A>24BB8=6_@D4D4 .4=@D4D4 (?);

17 else if 2DA_B; < B;D??4A and 2DA_B; > B;;>F4A then

18 B;D??4A =<8=(B;D??4A , 2DA_B;D??4A );

19 B;;>F4A =<0G (B;;>F4A , 2DA_B;;>F4A );

20 else

21 B46<4=C_5 8=0;8I43 = CAD4;

22 % Output line segment

23 B46<4=CB .033 (;8=4 ((B;D??4A + B;;>F4A )/2, B?));

24 sp = p; % Update support point

As detailed in Algorithm 1, for each iteration in a batch, we

anchor the support point (the �rst point in a segment) as a constant

within each batch (Line 3). PPLR �rst gets the input key from the

input stream or reprocessing queue (Line 6-13) and determines its

upper and lower error-bounded points (Line 14). For these points,

PPLR then computes the marginal line slopes relative to the current

segment’s support point (Line 16-18). It then evaluates whether

the input point lies beyond the de�ned segment boundary (Line

23). If within the boundary, the upper and lower slopes are up-

dated sequentially following the traditional PLR algorithm (Line

24-25). Otherwise, the line segment is �nalized, and the input point

becomes the support point for the next line segment (Line 28-33).

To maintain correctness across batch transitions, PPLR utilizes a

reprocessing queue. When a key �nalizes a segment, all subsequent

keys arriving within that same batch are temporarily enqueued in

this queue (Line 20-22). At the start of the next batch, the algorithm

gives priority to points in the reprocessing queue before advancing

to new input points (Line 12). This ensures these carry-over keys

are correctly re-calculated against the updated support point.

We brie�y prove the correctness of PPLR. Let �C denote the feasi-

ble slope interval after processing key :C . The sequential algorithm

recursively de�nes this state as �C = �C�1 \ '(B?C ,:C ), where B?C is

the support point at iteration C and '(B?C ,:C ) is the admissible slope

range between support point B?C and current key:C . PPLR computes

{'(B?,:C )} for a batch in parallel and then updates �C sequentially.

Since intersection is associative (e.g., (� \ ⌫) \⇠ = � \ (⌫ \⇠)),
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Figure 7: The processing pipeline of the PPLR accelerator.

the result is identical to sequential execution. If �C becomes empty,

subsequent keys are invalidated and reprocessed in the next batch.

This rollback mechanism resets the support point for the new seg-

ment, ensuring the output remains deterministic and identical to

the sequential algorithm.

The optimized PPLR procedure e�ectively mitigates the point

and slope dependencies inherent in the original PLR algorithm.

The constant support point ensures that slope calculations depend

solely on the input points within the current batch and addresses

the point dependency, enabling parallel slope computation of all

iterations within the batch and minimizing training overhead. As

for slope dependency, we restructure the algorithm steps by shift-

ing slope computation to precede the update step. This facilitates

parallel slope computation across iterations without compromising

the algorithm’s correctness. Ultimately, we signi�cantly enhance

the performance of PLR algorithm by fully parallelizing the slope

computation which is the most time-consuming step.

To expedite learned index training using the PPLR algorithm,

we design a PPLR accelerator on the CSD’s FPGA, as illustrated

in Figure 7. The PPLR accelerator employs a pipelined architec-

ture that overlaps the execution phases of each iteration, thereby

increasing the concurrency of the PPLR algorithm. The pipeline

begins by fetching current point from reprocessing queue or input

stream, then identi�es error-bounded points, computes slopes, and

updates segment boundaries. By integrating the PPLR algorithm

with FPGA, Kirin can e�ciently train models in CSD, while main-

taining adaptability to other learned-index-based storage engines.

While batch training e�ectively resolves the inherent data de-

pendencies in the PLR algorithm, its e�ectiveness hinges on the

selection of an appropriate batch size. We propose an adaptive

method to select batch sizes that align with the average distance

between adjacent support points. For instance, an oversized batch

triggers rollbacks when a segment terminates early. By predict-

ing segment length via host sampling, we align batch boundaries

to minimize these invalidated parallel computations. The method

involves sampling distances between support points using the orig-

inal PLR algorithm on the host and incorporating the calculated

average as the batch size in the learned compaction request sent to

the CSD. This value is updated after each learned compaction task,

enabling the system to dynamically adapt to changes in data dis-

tribution. By dynamically adjusting batch size based on input key

distribution, the PPLR accelerator seamlessly embeds learned index

training within the compaction pipeline, signi�cantly boosting both

training speed and resource e�ciency.
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Table 1: Resource utilization of Kirin on the FPGA.

Modules LUT FF BRAM DSP

Learned Compaction Accelerator 95980 74085 198.5(3573KB) 6

Search Engine 4391 6806 114(2052KB) 0

NVMe Controller 17875 35950 80.5(1449KB) 0

Interconnect 25351 30442 0 0

Others 55149 64782 5(90KB) 0

FPGA Total 423403 846806 796(14328KB) 1590

Utilization 46.94% 25.04% 50% 0.38%

Table 2: Evaluation system con�gurations.

Platform Item Con�guration

Host

CPU 2⇥ Intel Xeon Gold 6240 @2.6GHz

Memory 375GB DDR4

OS Ubuntu 22.04 LTS (Linux 5.10.186)

Device

SoC Xilinx Zynq Ultrascale+ ZU17EG

Memory 2GB LPDDR4

Host interface NVMe over PCIe 3.0 ⇥8

Storage 2⇥ 32GB DDR4 DIMM

Flash layout
16KB page, 256 pages per block,

2 dies per channel, 8 channels

Flash latency 100`s read, 200`s write, 4ms erase

4 EVALUATION

4.1 Hardware Implementation

We implement Kirin on DaisyPlus OpenSSD [7], an OpenSSD-based

CSD platform widely adopted in prior computational-storage stud-

ies [54, 70, 73]. It integrates a Xilinx Zynq Ultrascale+ SoC with

FPGA logic, quad-core ARM cores, 2GB DRAM, and exposes an

NVMe interface over PCIe. Since the OpenSSD does not come with

real NAND �ash, we follow prior works [53, 73] and equip OpenSSD

with two 32GB DDR4 DIMMs as the storage media. To more realisti-

cally re�ect the performance of NAND �ash-based SSDs, we imple-

ment a �ash emulation module based on the FEMU emulator [42] to

simulate the behavior of NAND �ash, including read/write latencies

and garbage collection. The ARM cores handle host NVMe requests

and communicate with the FPGA, where the learned compaction

accelerator and search engine are synthesized with Xilinx Vitis HLS

2023 at 300MHz. Table 1 reports FPGA resource utilization.

4.2 Experiment Setup

Testbed. Table 2 shows our detailed con�gurations of the testbed.

We conduct our experiment on a server featuring two Intel Xeon

Gold 6240 2.6 GHz 18-core CPUs with 375 GB memory, running

Ubuntu 22.04 LTS with Linux kernel 5.10.186. The device is con-

nected to the host via PCIe Gen3 ⇥8. The 2GB LPDDR4 memory

acts as the device controller memory. We add �ash latency to emu-

late the performance of real-world NAND �ash, with the write and

read bandwidths between the host and device set to 1.5GB/s and

1.8GB/s, respectively. The internal bandwidth between the storage

media and the device controller memory is set to 4.4GB/s, which is

comparable to real SSDs [15, 40, 73].

Datasets. We evaluate Kirin using a variety of datasets. We

construct two synthetic datasets, uniform and normal, containing

100M KV pairs. Additionally, we utilize four real-world datasets: fb

and wiki from [31], as well as libio and genome from [71]. Across

these datasets, keys are 8B integers, and values are 64B strings. To

demonstrate Kirin’s applicability to diverse key types beyond 8B

integers, we further evaluate it using uniform-16B (16B integers)

and MemeTracker [41] (variable-length strings).

Baselines.We compare Kirin with three representative schemes:

• Bourbon [9]. An LSM-Tree based KV store that integrates a

learned index to accelerate lookups.

• RocksDB [17]. A high-performance KV store optimized for fast

storage.

• HotRAP [55]. An LSM-tree design speci�cally optimized for

tiered storage, leveraging hot/cold data separation.

• STEM [66]. The state-of-the-art work that accelerates compaction

using the FPGA.

Both Bourbon and RocksDB adopt host-only architectures without

CSD o�oading. In this case, the OpenSSD serves as a conventional

storage device for them. For STEM, since it is not open-source, we

reimplement it on the CSD’s FPGA to the best of our ability and

other components align with those of Kirin. Additionally, we incor-

porate an unoptimized PLR module which is implemented using

native serial PLR algorithm into STEM to quantify the performance

enhancements achieved attributed to hardware acceleration.

Con�gurations.We conduct evaluations using the latest ver-

sions of the comparison systems and refer to the o�cial tuning

manual for experimental veri�cation [18]. For Kirin and all the

baselines, we set the MemTable size and SSTable size to 64MB. For

RocksDB, we use 6 compaction threads and 4 �ush threads to fully

utilize the bandwidth between the host and CSD. Compression and

WAL functionalities are turned o�. For Bourbon and STEM, we

follow the default con�gurations in their papers.

4.3 End-to-End Performance

Write-Only. We begin by evaluating the write performance of

Kirin under write-only workloads. Since Bourbon builds on Lev-

elDB which supports only one write thread, we con�gure Kirin and

all baselines with a single write thread. We load 100M KV pairs

from eight datasets into the tested systems in random order, mea-

suring throughput to represent write performance. As shown in

Figure 8(a), Kirin outperforms all baselines across eight datasets.

Kirin exhibits an average write speedup of 1.47⇥ over RocksDB,

1.54⇥ over Bourbon, 1.24⇥ over HotRAP and 1.39⇥ over STEM.

These improvements stem from the combined e�ects of the in-

storage learned compaction accelerator and the collaborative frame-

work. As illustrated in Figure 8(b) and (c), Kirin and STEM further

reduce write stall time by o�oading compaction tasks to the CSD’s

FPGA, signi�cantly decreasing data movement between the host

and device. Unlike STEM, which solely o�oads compaction to

FPGA, Kirin’s collaborative framework assigns learned compaction

tasks between Level 0 and Level 1 to the host side, leveraging the

page cache to speed up the compaction process for levels 0 and

1. Moreover, since SSTables in level 1 and lower levels contain

non-overlapping key ranges, Kirin achieves higher compaction

e�ciency through its pipelined design than STEM.
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Figure 8: Performance of Kirin and baselines under write-only workloads.
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Figure 9: Average read latency of Kirin and baselines under

read-only workload.
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Figure 10: Total throughput and read latency of Kirin and

baselines under mixed workloads.

Read-Only.We proceed to assess the read performance of Kirin

under read-only workloads. To evaluate the impact of request dis-

tributions on read performance, we execute 20M lookup operations

with four threads using the fb dataset across �ve distributions.

STEM is not equipped with FPGA-based search engine, we compare

it with Kirin to represent the e�ciency of the search engine. As

shown in Figure 9, Kirin achieves an average reduction in lookup

latency of 5.87⇥, 4.12⇥, 5.25⇥ and 2.66⇥ compared to RocksDB,

Bourbon, HotRAP and STEM, respectively.

This exceptional performance is driven by two key factors. First,

Kirin builds learned models for all SSTables through learned com-

paction, including those in Level 0, where Bourbon does not apply

learned models due to the short lifetime of SSTables. Our analysis

indicates that by enabling learned index lookups in Levels 0 and 1,

Kirin reduces the query latency in these layers by approximately

82%. This comprehensive use of learned models allows Kirin to ef-

fectively accelerate all lookups within SSTables. Second, the search

engine on the CSD performs the scanning step, minimizing storage

access overhead compared to the host. By overlapping search en-

gine execution with position calculation on the host, Kirin further

reduces lookup latency. As a result, Kirin outperforms Bourbon and

STEM, achieving signi�cant gains over RocksDB.

Mixed Workload. We next evaluate the read performance of

Kirin in the presence of write operations. Write operations modify
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Figure 11: The impact of each component of Kirin.

the key distribution within SSTables, requiring model retraining,

which makes learned compaction e�ciency crucial to Kirin’s per-

formance. To assess this, we execute 50M operations consisting of

reads and writes after loading 100M KV pairs from the fb dataset.

By varying the percentage of write operations, we measure and

analyze the total throughput and average latency of lookups.

As shown in Figure 10, Kirin achieves the highest total through-

put and the lowest read latency across all baselines. Speci�cally,

Kirin delivers up to 42.61⇥, 4.84⇥, 15.61⇥ and 34.34⇥ lower latency

for read operations compared to RocksDB, Bourbon, HotRAP and

STEM, respectively. Moreover, as the write percentage increases

from 10% to 90%, read latency rises by 456%, 67% and 260% for

RocksDB, Bourbon and STEM, respectively, while Kirin consis-

tently maintains signi�cantly lower read latency. This is attributed

to e�cient model updates and batched searching, which reduce

PCIe data transfers. We measure the average I/O size across varying

write ratios, the results indicate that Kirin reduces the average data

transfer size by approximately 61.8% compared to the baselines.

Furthermore, algorithmic design plays a critical role in performance.

Although STEM utilizes FPGA’s parallel capabilities, it exhibits the

lowest total throughput. This is because the data dependencies in

its original PLR algorithm severely constrain performance. Our

latency breakdown of the STEM accelerator reveals that the serial

PLR computation consumes approximately 90% of the total pro-

cessing time, creating a major pipeline bottleneck that throttles the

faster merge-sort logic. This disparity highlights the importance of

optimizing both hardware and algorithm design, which balances

the training speed with compaction throughput.

4.4 Impact of Individual Techniques

Ablation Study. Figure 11 shows the impact of each component of

Kirin on the total throughput and lookup latency. We use Bourbon

and Kirin-Host, which is the host-only implementation of Kirin

that does not utilize the processing capabilities of the CSD, as the

baseline. +Co-Search enables the FPGA-based search engine, and
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Figure 12: (a) The impact of learned compaction accelerator.

(b) The impact of PPLR accelerator.
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Figure 13: Search time with di�erent search batch sizes.

Figure 14: Results of various

SSTable sizes.
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Figure 15: Results of various

error bounds.

+Co-LC adds the learned compaction accelerator and collabora-

tive learned compaction based on +Co-Search. We observe that the

search engine reduces the read latency by 1.92⇥ compared to Kirin-

Host. The learned compaction accelerator signi�cantly reduces the

read latency and improves the total throughput by more e�ciently

retraining the learned index and processing compaction.

Impact of Collaborative Learned Compaction. Figure 12(a)

presents the performance comparison of the learned compaction

accelerator against compaction-only and the separated compaction

and training approach on the CSD’s FPGA. The results demonstrate

that our learned compaction mechanism e�ectively overlaps train-

ing with compaction, thereby hiding most of the training time. This

integration signi�cantly improves overall throughput compared to

the approach that performs compaction and training separately.

Impact of PPLR.We further evaluate the performance of the

PPLR accelerator compared to the original PLR implementation.

As shown in Figure 12(b), our design e�ectively mitigates the data

dependency issues inherent in the serial PLR. As a result, the PPLR

accelerator achieves an average speedup of 2.97⇥ across various

datasets compared to the baseline FPGA implementation of PLR.

4.5 Sensitivity Analysis

Search Batch Size. To evaluate the e�ectiveness of the search

engine and the coordinated search mechanism between the host

and the CSD, we vary the search batch size and measure the elapsed

time for both sides. As depicted in Figure 13, the total search time per

lookup operation predominantly depends on the host side, since
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Figure 16: Read latency of Kirin and baselines under SOSD.
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Figure 17: Total throughput of Kirin and baselines under

YCSB workloads.

the CSD’s search engine runs in parallel and thus its execution

period is overlapped in our design. Meanwhile, the batch size has

a negligible e�ect on the CSD’s search engine because its random

access pattern fully exploits the available internal bandwidth, even

with relatively small batches.

However, the total search time decreases with larger batch sizes

and stabilizes after exceeding 512. This trend occurs because larger

batches amortize the communication time during o�oading, while

the time of collecting results and prediction becomes the dominant

factor, scaling linearly with the batch size. Consequently, we choose

a batch size of 512 for our experiments to maximize bandwidth

utilization and achieve the best overall search e�ciency.

SSTable Size. We evaluate the performance of Kirin using vary-

ing SSTable sizes, ranging from 8MB to 256MB. As illustrated in

Figure 14, the training time becomes shorter than the �ushing time

as the SSTable size increases. Based on this observation, we set the

SSTable size to 64MB, where the �ushing time just overlaps with

the training time, ensuring e�cient learned compaction.

Error Bound. We vary the error bound of the learned index to

evaluate the lookup latency and memory usage of Kirin. As shown

in Figure 15, the lookup latency initially decreases with increasing

error bound but starts to rise after the error bound exceeds 32.

This trend occurs because a larger error bound results in fewer

line segments, reducing the time to locate the appropriate segment.

However, it also increases the number of candidate KVs that must

be scanned to �nd the target key. Based on this trade-o�, we set the

error bound to 32 in Kirin to achieve the optimal balance between

lookup latency and memory usage. The models occupy only 20

MB for 100 million keys (approx. 0.2 bytes per key), representing a

negligible overhead compared to the raw data size.

4.6 Macrobenchmarks

We next analyze the performance of Kirin using two widely recog-

nized macrobenchmarks: SOSD [31] and YCSB [6].

SOSD. We evaluate Kirin’s performance using the SOSD bench-

mark, which is speci�cally designed to measure the e�ciency of

the learned index. Figure 16 presents the average lookup latency

results, where Kirin achieves the lowest latency across all datasets.
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Figure 18: Power e�ciency and cost-e�ectiveness of Kirin

and baselines.

Precisely, Kirin delivers latencies that are 2.23⇥ to 2.73⇥ lower

than Bourbon, 9.69⇥ to 12.56⇥ lower than RocksDB, 4.95⇥ to 7.49⇥

lower than HotRAP, and 1.60⇥ to 1.94⇥ lower than STEM. These

results highlight the e�ciency of Kirin’s learned index and its supe-

rior performance under read-intensive workloads, outperforming

RocksDB and Bourbon. The search engine further alleviates the

storage access bottleneck in search operations, enabling Kirin to

signi�cantly surpass STEM.

YCSB. We evaluate Kirin using six YCSB workloads.We load

the YCSB default dataset generated by ycsb-load in random or-

der. Figure 17 illustrates the total throughput of Kirin compared to

other schemes across these workloads. It can be observed that Kirin

achieves the highest throughput in all cases. For write-heavy work-

loads (A and F), Kirin delivers 2.24⇥, 9.37⇥, 3.79⇥ and 7.54⇥ higher

throughput than Bourbon, RocksDB, HotRAP, and STEM, respec-

tively. This improvement illustrates the e�ectiveness of our collab-

orative learned compaction framework in real-world benchmarks,

enabling Kirin to handle write-heavy workloads more e�ciently

than baselines.

For read-intensive workloads B and D, Kirin outperforms the

baselines by up to 9.92⇥. The advantage of Kirin is particularly

pronounced in B, as the zip�an query distribution leads to more

searches within SSTables, where the search engine substantially

reduces storage access overhead. In the read-only workload C, Kirin

achieves 1.55-4.51⇥ higher throughput compared to the baselines.

In E, which is a scan-heavy workload, Kirin achieves a modest

improvement of 1.51⇥ over RocksDB, as the primary bottleneck for

scan operations is storage access overhead during value retrieval.

In summary, Kirin excels in both read and write workloads, with

extreme performance under write-heavy scenarios.

4.7 Overhead Analysis

Power E�ciency.Wemeasure system power using PowerTop [19]

and report throughput per watt (
Throughput

%>F4A�>BC + %>F4A⇡4E824
) in Fig-

ure 18(a). Kirin demonstrates the highest energy e�ciency across

all write ratios. Although its FPGA logic increases device dynamic

power, the shorter execution time lowers total energy cost. Speci�-

cally, Kirin improves energy e�ciency by up to 1.82⇥ over Bourbon,

4.59⇥ over RocksDB, 3.25⇥ over HotRAP, and 6.55⇥ over STEM.

Cost-E�ectiveness.We also analyze the cost-e�ectiveness of

each system,measured as throughput-per-dollar (
)⌘A>D6⌘?DC

⇠>BC�>BC+⇠>BC⇡4E824
).

Our analysis is based on the approximate market prices of the sys-

tem components: the host CPU (Intel Xeon Gold 6240), DRAM (Sam-

sung DDR4 32GB), DaisyPlus OpenSSD at $2855 [26], $79 [58], and

$6150 [7], respectively. All systems use two CPUs and 12 DRAM
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Figure 19: Synchronization cost and cost-bene�t analysis.

modules, while Kirin and STEM additionally use OpenSSD. As

shown in Figure 18(b), Kirin is more cost-e�ective than the base-

lines, exceeding RocksDB by 2.44⇥, HotRAP by 1.51⇥, and STEM

by 7.82⇥ on average. Compared with Bourbon, the high cost of our

DaisyPlus OpenSSD prototype limits Kirin’s advantage in write-

heavy scenarios, but this gap is expected to shrink as CSDs mature.

Synchronization Cost. To quantify the overhead of hardware

synchronization, we evaluate the throughput and latency of the

learned compaction accelerator and search engine under isolated

(’I’) and concurrent (’C’) execution modes. As shown in Figure 19(a),

Kirin demonstrates robust concurrency control. Under concurrency,

the learned compaction accelerator experiences negligible perfor-

mance �uctuation (approximately 2% variance), while the search

engine retains over 91% of its peak throughput with a moderate 10%

increase in latency. This is because the two accelerators share mem-

ory through AXI arbitration, avoiding software locks and major

pipeline stalls.

Cost-Bene�t Analysis of Retraining. To verify whether re-

training learned models is justi�ed for short-lived SSTables (Levels

0 and 1), we analyze the time breakdown of these operations un-

der YCSB-A. Figure 19(b) presents the average SSTable lifespan,

the accumulated lookup time with and without models, and the

model training latency. The results indicate that the training over-

head is negligible, occupying less than 1% of the SSTable’s lifespan,

whereas the absence of models leads to signi�cantly higher overall

lookup latency. Consequently, the substantial reduction in read la-

tency signi�cantly outweighs the minimal training cost, con�rming

that maintaining up-to-date models is both necessary and highly

bene�cial, even for short-lived L0/L1 SSTables.

4.8 Discussion

Impact of Real NAND Flash. Deploying Kirin on physical NAND

�ash introduces distinct physical behaviors compared to emulation.

First, while real NAND exhibits latency variance due to Garbage

Collection (GC), Kirin mitigates this via its sequential LSM-tree

write patterns. This alignment with NAND’s block-erasure prop-

erty reduces internal fragmentation and GC frequency. Second, the

high access cost on real media ampli�es Kirin’s bene�ts. By using

learned predictions to bypass intermediate index block reads, Kirin

eliminates entire �ash read commands, yielding larger absolute la-

tency savings on real hardware than in emulation. Finally, regarding

contention on limited �ash channels, Kirin’s in-storage architecture

o�ers distinct advantages. The accelerator’s proximity to the �ash

controller enables tighter coordination of compaction and queries,

improving resource management over host-side systems lacking

device visibility.
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Impact of PCIe Evolution. Although our evaluation employs

PCIe 3.0, Kirin’s collaborative architecture is designed to scale

with newer standards such as PCIe 4.0 and 5.0. Higher bandwidth

accelerates host-side data �ushing and L0-L1 compaction migration,

enabling tighter synchronization with the CSD, reducing idle time,

and improving parallelism between host processors and in-storage

accelerators. However, increased raw bandwidth does not resolve

the granularity mismatch between block-based storage and small

key-value accesses. Kirin’s in-storage search improves e�ective

goodput by ensuring that the high-speed interface transports only

relevant data rather than excessive block overhead. Ultimately, as

data volumes continue to outpace bandwidth growth, the PCIe

link remains a contended resource, rendering Kirin’s near-data

processing strategy essential for scalability.

5 RELATED WORK

5.1 Learned Index

Algorithm. Since Kraska et al. [34] proposed learned index, lin-

ear models have been widely adopted for their e�ciency. FITing-

Tree [21] and RadixSpline [32] propose e�cient linear segmentation

models. PGM-index [20] introduces the optimal piecewise linear

regression (PLR) algorithm, which guarantees error bounds [72]

and is widely used in learned index applications [9, 43, 62, 68, 75].

However, PLR’s$ (=) complexity limits training e�ciency on large

datasets. Existing methods have not addressed PLR acceleration. We

exploit parallelism in PLR and develop a parallel FPGA accelerator

to overcome this bottleneck.

Retraining. Learned indexes strugglewith updates as key changes

invalidate models. To address this, some studies bu�er inserts [13]

or periodically retrain [43]. Others like XIndex [65] and PGM-

index [20] use LSM-like compaction to decouple writes from train-

ing. However, these incur training costs and data preparation over-

head. In-place update mechanisms [21, 68] reduce training overhead

but increase update complexity and degrade performance under

write-heavy workloads. Unlike these, we integrate retraining into

LSM-tree compaction, concealing training time and enabling model

utilization. Our training module directly retrieves keys from com-

paction, eliminating data preparation and reducing data movement.

5.2 Optimizations of LSM-tree

LSM-trees are widely used in key-value stores because they e�-

ciently handle write-heavy workloads. However, they also intro-

duce challenges, particularly in terms of read performance and

compaction overhead. To enhance search e�ciency within SSTa-

bles, prior works have adopted machine learning techniques that

can be categorized into learned indexes and learned �lters. Bour-

bon [9], Google Bigtable [1], TridentKV [46] and LeaderKV [69]

use space-e�cient learned index models to replace the original

index blocks, enabling faster KV position location. Meanwhile, Oa-

sis [3] and SNARF [67] present learned range �lters to exclude

unnecessary searches e�ciently, thereby enhancing query perfor-

mance. Despite their advantages, these learned approaches impose

model training overhead, which can degrade overall performance,

especially under write-heavy workloads.

For compaction, several studies like REMIX [78] and Spooky [10]

attempt to reduce the compaction size through a partial merge

or tiered compaction strategy. Beyond software-level optimiza-

tions, hardware-level approaches have also been explored. Zhang

et al. [77], Sun et al. [64] and STEM [66] employ FPGA to o�oad

compaction. The gLSM [61] leverages a parallel compaction system

on heterogeneous GPGPUs for KV stores, and DComp [12] utilizes a

Data Processing Unit to o�oad compaction. While these o�oading

strategies alleviate the host’s workload and accelerate compaction,

they do not fully address the data movement overhead between

host memory and storage.

Di�erent from these studies, Kirin combines learned index to

enhance query performance while leveraging CSD to accelerate

compaction and retraining. By utilizing the FPGA on the CSD, we

not only speed up these processes but also signi�cantly reduce data

movement by exploiting the CSD’s internal bandwidth.

5.3 In-Storage Key-Value Systems

Current research on in-storage key-value stores primarily focuses

on leveraging the computational capabilities of CSD controllers to

minimize storage access overhead. A prominent direction in this

�eld is KVSSD, which implements key-value storage directly on the

CSD. LightStore [5], iLSM-SSD [37] and PinK [25] present LSM-tree

based in-storage key-value engines, while Dotori [16] develops a

novel B+ tree based KVSSD. Other works explore o�oading speci�c

tasks from the host to the CSD. For instance, KEVIN [33] proposes

an LSM-tree-based in-storage engine for e�cient indexing of �les

and directories within the �le system, and POLARDB [2] utilizes

FPGA-equipped CSDs to o�oad table scan operations.

These studies harness the computational potential of hardware

like CSDs and FPGAs, but they fall short in optimizing task division

between the host and CSD. This results in suboptimal use of system

resources and an inability to fully capitalize on the strengths of

both host and storage. In our design for key-value store systems,

we adopt a collaborative approach to enable the host and device

sides to work in parallel. This coordination maximizes resource

utilization and ensures e�cient execution across the host and CSD.

6 CONCLUSION

In this paper, we present Kirin, a hybrid index KV store born from a

system-algorithm co-design that integrates LSM-tree with learned

indexes, leveraging computational storage device (CSD) to o�oad

and accelerate critical tasks. Kirin features learned compaction,

embedding the training process into compaction to reduce data

movement and conceal training overhead. Moreover, it adopts a

collaborative framework between the host and CSD, parallelizing

learned compaction tasks across levels and reducing storage access

during searches. Our evaluations on the DaisyPlus OpenSSD plat-

form demonstrate that Kirin signi�cantly enhances both read and

write performance of the hybrid index.
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