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Abstract

We reveal that modern LSM-tree multi-threaded compaction suf-
fers from limited cross-level parallelism, which prevents concurrent
compactions across multiple levels. This limitation leads to an im-
balance in thread assignment and causes throughput to saturate
even when more threads are added. To address this limitation, we
propose a compaction strategy called DowNFORCE. DOowNFORCE
enables multiple compactions to be executed across levels by in-
troducing non-blocking pipelined compaction, allowing level-wise
compactions to proceed simultaneously. This resolves thread imbal-
ance and achieves fully multi-threaded compaction. DowNFORCE
is implemented in RocksDB, a representative LSM-tree-based key-
value store, and supports both leveled and tiered compaction. In
our evaluation, leveled compaction enhanced with DowNFORCE
achieves an average of 1.44x higher thread-level parallelism and
delivers up to 1.81X higher throughput under write-intensive work-
loads, compared to the conventional multi-threaded leveled com-
paction.
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1 Introduction

LSM-tree. The traditional log-structured merge-tree (LSM-tree) [20]
was designed to maximize the benefits of sequential writes on mag-
netic storage devices such as HDDs. It achieves high write perfor-
mance by ingesting data in a sequential manner. In the background,
a compaction [11] process runs to remove duplicate entries and
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sort the data. Since compaction reorganizes the append-only data
layout, it helps maintain read performance while reducing space
amplification. When compaction is delayed, read performance suf-
fers and space amplification increases, making compaction a critical
factor in overall LSM-tree performance. In the traditional LSM-tree,
compaction was inherently executed using a single thread due to
the nature of the design.

Compaction Optimization. Unlike traditional HDDs, modern
SSDs provide internal parallelism, which has led LSM-tree to evolve
from single-threaded to multi-threaded compaction [12]. This shift
has significantly improved compaction throughput. However, per-
formance degradation due to compaction delays still occurs un-
der heavy write workloads. In extreme cases, it can even lead to
I/O blocking events known as write stalls [10, 27, 28]. As a re-
sult, accelerating compaction has become a widely studied topic in
LSM-tree research. Prior approaches include software-based tech-
niques such as optimizing compaction policies [3-5], improving
compaction scheduling [1, 28], or redesigning the LSM-tree struc-
ture itself [17, 21]. Other efforts utilize hardware accelerators like
FPGAs [30], GPUs [24], and DPUs [7], or explore new storage media
such as Non-Volatile Memory [6, 14, 27].

Revisit Multi-threaded Compaction. It is widely accepted with-
out doubt that multi-threaded compaction delivers higher through-
put than single-threaded compaction. However, its effectiveness
has surprisingly not been examined in detail. Despite numerous
studies on accelerating compaction, there has been little skepticism
about the existing multi-threaded compaction itself. In this work,
we begin by re-evaluating whether the current multi-threaded com-
paction truly works as intended.

Limitation of Multi-threaded Compaction. We identify and
experimentally verify two key limitations of multi-threaded com-
paction: (i) it cannot perform compactions concurrently across
different levels, and (ii) thread workloads are unevenly assigned,
often concentrated within a single level. As a result, increasing
the number of compaction threads does not improve throughput
beyond four threads, and at most, only six threads are effectively
utilized. A detailed analysis is provided in Section 3. Due to these
limitations, allocating more threads to the compaction thread pool
yields diminishing returns and fails to enhance overall throughput.
DownNFoRrcEe. To overcome the limitations of existing multi-
threaded compaction, we propose a compaction strategy called
DownNFoRrck. The key idea of DowNFORCE is to enable concurrent
compactions within the same level—an operation previously not
allowed—and to pipeline these tasks so that multiple threads can
participate in compaction simultaneously. We refer to this pipelined
compaction approach as DF-Compaction. With DF-Compaction,
parallel compactions can occur across multiple levels, resolving the
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Figure 1: The architecture of the LSM-tree.

imbalance of thread usage between levels and ultimately enabling
fully multi-threaded compaction.

Allowing DF-Compaction within a single level can lead to un-
expected data accumulation in the next level, potentially degrad-
ing read performance. Moreover, if the completion order of com-
paction jobs is not properly managed, older versions may overwrite
newer ones, leading to version inconsistency and violating the
correctness guarantees of the LSM-tree. To address these issues,
we introduce intra DF-compaction within the same level, which
reorganizes the intermediate data to preserve read performance
and maintain the LSM-tree structure. Additionally, we adopt a
consistency-guaranteed commit mechanism that enforces the cor-
rect compaction completion order, thereby preventing versioning
inconsistencies.

Contributions. Our contributions are summarized as follows:

o We identify and analyze why multi-threaded compaction in the
current LSM-tree fails to improve throughput despite increasing
the number of threads.

e To overcome the limitations of existing multi-threaded com-
paction, we propose DOWNFORCE, a strategy that enhances par-
allelism by enabling compaction pipelining across levels.

e DowNFoRCE is designed to be compatible with various com-
paction policies, and we implement it in RocksDB for both leveled
and tiered compaction strategies.

e In our evaluation, DowNFORCE improves thread parallelism by
1.44x and write throughput by 1.81x compared to the baseline
leveled compaction.

2 Background

This section describes the structure and characteristics of the LSM-
tree, as well as their core operations, as used in various key-value
stores.

LSM-tree. Figure 1 illustrates the structure and key operations
of the LSM-tree. The LSM-tree is well suited for handling write-
intensive workloads. Based on the traditional memory hierarchy,
they use fast main memory as a write buffer and persistent storage
as the main data repository. These are referred to as the memory
component and the disk component, respectively. The memory com-
ponent is composed of memtables, an in-memory data structure that
stores incoming key-value pairs from write requests. Managed by
structures such as skip list, the memtable maintains keys in sorted
order. Once it fills up, it is converted into an immutable memtable,
which is flushed to disk in the background. Each flushed immutable
memtable becomes a file on disk, containing sorted key-value pairs,
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Figure 2: Representative compaction strategies.

and is referred to as a Single Sorted Table (SSTable). The disk com-
ponent is organized into multiple levels, each containing several
SSTables. As level sizes grow by a fixed ratio T, each subsequent
level can hold more SSTables or key-value pairs. Let N be the total
volume of inserted data, B be the size of first level. At this point,
the size of each level L; can be approximated as B - T'~!, and the
total number of levels in the LSM-tree for a dataset of size N can
be estimated as L = [logy (X )]. The symbols and notations used
throughout the paper are summarized in Table 1.

Compaction. We now describe the characteristics and side effects
of compaction. Compaction is one of the most important back-
ground operations in the LSM-tree, responsible for eliminating
redundant data in the disk component. Since the LSM-tree oper-
ates in an append-only manner, all inserts, deletes, and updates
are handled as write operations(i.e., out-of-place updates). As a
result, multiple entries with the same key commonly exist within
a single LSM-tree. These redundant entries not only consume ad-
ditional storage space but also degrade query (read) performance.
Compaction is both CPU-intensive and I/O-intensive, as it involves
repeatedly moving large volumes of data between memory and disk.
In practice, a compaction operation consists of reading multiple
SSTables from the disk component, performing a merge sort, and
then writing the results back into new SSTables. As a result, even
a unique key-value pair written only once to the LSM-tree may
be rewritten to disk multiple times due to background compaction
processes. This behavior is referred to as write amplification (W A).
Sorted Run. In the LSM-tree, a sorted run refers to a sequence of
contiguous key-value pairs maintained in sorted order. The smallest
unit of a sorted run is a single memtable or SSTable, and in the disk
component, multiple SSTables can collectively form a sorted run.
Depending on the specific configuration of the LSM-tree, each level
may contain either a single sorted run or multiple sorted runs.
Weight of Sorted Runs. When and how compaction is performed
significantly affects both its behavior and associated side effects.
Two classic compaction policies commonly used in the LSM-tree
are leveled and tiered compaction. These two policies differ in their
compaction triggering conditions, which in turn lead to distinct
characteristics in the disk component. For clarity and precision in
our explanation, we define W; as the weight of sorted runs in L;
to represent both the size and number of sorted runs. That is, in
this paper, the term weight of sorted runs reaching the compaction
threshold is used to represent either of the following two conditions.
First, in leveled compaction, it means that the size of the sorted run
has reached the threshold. Second, in tiered compaction, it means
that the number of sorted runs has reached the threshold.
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Leveled Compaction. In this case, only a single sorted run is
allowed per level. Although each level may contain multiple SSTa-
bles, they must collectively maintain a globally sorted order. As a
result, all SSTables within the same level have non-overlapping key
ranges. In leveled compaction, the size of each level serves as the
compaction threshold, which we denote as Cy ;.

When a level exceeds its size threshold, one or more SSTables
from that level are selected and merged into the adjacent bigger
level. During this process, SSTables in the output level that have
overlapping key ranges with the selected SSTables from the input
level are also chosen and merged together. Figure 2(a) illustrates
the LSM-tree structure with a single sorted run per level and shows
an example of compaction occurring in this setting. In this example,
a compaction is triggered once Wj41 exceeds the threshold Cy, ;1.
One SSTable from L;y1 and three overlapping SSTables from L4
are selected and merged together, with the result written back to
Li4o. If this compaction causes the output level to exceed its size
threshold, additional compactions may be triggered in a cascading
manner.

Leveled compaction offers two main advantages: high read per-
formance and low space amplification, due to its well-organized
data layout across levels. Since each level contains a single sorted
run, data can be quickly located by reading just one run per level.

On the downside, leveled compaction causes frequent com-
pactions, leading to high write amplification and reduced write
performance. Data flushed to the disk component is rewritten dur-
ing compaction, along with overlapping key range data from the
lower level. On average, the write amplification increases by a factor
of % per level, as approximated in Equation 1.

T N
WAL, ~ 1+ =— logs{ ¥ (1)

Tiered Compaction. With the tiered compaction policy, multiple
sorted runs can exist within a single level. As a result, SSTables
with overlapping key ranges may coexist in the same level. In the
tiered compaction, the number of sorted runs in a level serves as
the compaction threshold, which we denote as Crt.

When the number of sorted runs exceeds this threshold, all sorted
runs in that level are merged into a single sorted run and written
to the next level. Figure 2(b) shows the LSM-tree structure with
multiple sorted runs per level and an example of compaction in this
setting. Compaction is triggered when Wi, exceeds Cr, selecting
all sorted runs in Lj;1, merging them, and writing the result to L;.
This can cause a cascading effect if the number of sorted runs in
the output level also exceeds the threshold.

Table 1: Symbols and Descriptions.

Symbol ‘ Descriptions

T Level increase ratio
L Number of levels in LSM-tree
L; i-th level

W; Weight of sorted runs in L; (Bytes or Count)
N Size of total KV entries (Bytes)
B Size of the first level L; (Bytes)
Cri Compaction threshold for L; in leveled (Bytes)
Cr Compaction threshold for tiered (Count)
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Figure 3: Throughput and parallelism under different com-
paction strategies. (a) Throughput with varying numbers of
compaction threads. (b) Cumulative distribution function of
concurrently active compaction jobs in a 16-thread pool.

Tiered compaction provides high write performance and low
write amplification due to less frequent compactions. Since it allows
redundancy within a level, data can be written without waiting for
duplicate removal. Flushed data remains in a level until Cr sorted
runs accumulate, then it is merged and moved to the next level.
This results in a write amplification of approximately Cl_T per level,
as shown in Equation 2.

On the downside, tiered compaction suffers from reduced read
performance and high space amplification due to data redundancy
within each level. Since up to Cr sorted runs can exist per level, the
logical data size may grow up to Cr times larger than the physical
size in the worst case.

@)

3 Problem Analysis

Limitations of Compaction Scalability. The primitive LSM-tree
was originally designed to maximize the benefits of sequential
writes on magnetic storage devices such as hard disks. Due to
this characteristic, compaction was executed using a single thread.
With the emergence of high-speed flash-based SSDs, modern LSM-
tree-based key-value stores (LSM-KVS) began to support multi-
threaded compaction to leverage the internal parallelism of such
devices. While it has been widely assumed that multi-threaded
compaction naturally outperforms single-threaded compaction in
terms of throughput, the actual extent and nature of its benefits
remain unclear. Thus, we first evaluated the effectiveness of multi-
threaded compaction.

Figure 3(a) shows the compaction throughput as the number
of compaction processing threads increases, measured using the
db_bench [8] with the FillUniqueRandom workload in RocksDB [9],
a representative LSM-KVS. Detailed experimental settings are pro-
vided in Section 6. For both leveled and tiered compaction, through-
put saturates with 4 threads, thereby failing to fully utilize the
available disk bandwidth. Notably, this behavior persists despite
increasing I/O thread counts, key-value sizes, and memtable size
and count to boost the overall write rate. This indicates that merely
increasing the number of compaction threads does not improve
throughput.
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Figure 4: (a) Cross-level Parallelism Compaction (CPC), (b) Within-level Parallelism Compaction (WPC) in leveled and tiered
compaction, (c) Multi-threaded compaction combining CPC and WPC, (d) Limitations of CPC, (e) Limitations of WPC.

To determine whether compaction threads beyond 4 are effec-
tively utilized, we tracked the number of concurrently running
compaction threads. Figure 3(b) shows the cumulative distribu-
tion function (CDF) of active compaction threads sampled every
0.1 seconds in an experiment with a 16-thread pool. We observe
that leveled and tiered compaction utilize at most 6 and 4 threads,
respectively, indicating limited effectiveness of multi-threaded com-
paction. To understand the root cause of this limitation, we address
the following question.

1) What exactly is multi-threaded compaction?
2) How does multi-threaded compaction work?
3) Why is there a limitation of multi-threaded compaction?

The answer to these questions applies consistently to both lev-
eled and tiered compaction. For clarity, as described in Section 2,
note that the weight of sorted runs (W;) refers to the size of a sorted
run in leveled compaction and to the number of sorted runs in
tiered compaction.

Explanation of Multi-threaded Compaction. We begin by closely
analyzing how multi-threaded compaction affects compaction par-

allelism and identify two distinct forms of parallelism. Compaction

parallelism can be categorized into Cross-level Parallelism and

Within-level Parallelism. Figure 4 illustrates these two types of

parallelism in the context of multi-threaded compaction. For clarity,

we denote compaction from level i to level i+1 as L; compaction.

1) Cross-level Parallelism Compaction (CPC). Cross-level
Parallelism Compaction (CPC) increases parallelism by performing
compactions across multiple levels concurrently. For example, as
shown in Figure 4(a), L, Li+1, and Lj;2 compactions can run in
parallel.

2) Within-level Parallelism Compaction (WPC). With-in-
level Parallelism Compaction (WPC), also known as partial merge[5],
refers to dividing a compaction operation within a single level into
multiple tasks that can be processed in parallel. Figure4(b) illus-
trates WPC in both leveled (upper) and tiered (lower) compaction.
When an L; compaction is triggered, WPC in leveled compaction
divides tasks based on overlapping key ranges between sorted runs
in L; and Lj41, while in tiered compaction, tasks are divided based
on overlapping ranges among sorted runs within L;.

Works of Multi-threaded Compaction. Figure 4(c) illustrates
how multi-threaded compaction actually operates. For example,
when an L; compaction (job1) is triggered, WPC splits job1 into
tasks (task1-task3) based on overlapping key ranges. These tasks
are enqueued into the compaction queue and scheduled for exe-
cution according to priority. As the tasks of jobl are processed,
Wi41 gradually increases. Once it reaches the compaction threshold,
a new Ljy1 compaction (job2) is triggered and similarly divided
into tasks (task4-taské), which are also enqueued. To process com-
paction tasks efficiently, all available threads in the compaction
thread pool are utilized, allowing tasks from job1 and job2 to be
processed concurrently through CPC. This parallelism enables the
weight of sorted runs in each level to grow independently and
incrementally, thereby preserving the structure of the LSM-tree.
Limitation of Multi-threaded Compaction. Then, why does the
current multi-threaded compaction fail to improve throughput? We
identify two key problems behind this limitation. The evaluation
results related to these issues are presented in Section 6.2.

1) Blocked Multiple CPC. In CPC, only one compaction job
can be processed per level at a time, and any additional CPC jobs
targeting the same level are blocked. Consider the scenario illus-
trated in Figure 4(d), where an L;;; compaction (job2) is followed
by an L; compaction (job3). Job2 decreases the W1, while job3
increases it. As job2 and job3 proceed concurrently, job3 may again
cause the weight of sorted runs in L;4; to reach the compaction
threshold. However, a new L;;1 compaction (job4) cannot be initi-
ated until job2 is completed. This is because the compaction range
of job4 may overlap with that of job2, which could break the sorted
order of the SSTables if executed concurrently. To ensure strong
sorted run consistency, existing LSM-tree implementations disallow
concurrent CPC jobs on the same level.

2) Imbalanced WPC Between Levels. WPC is only triggered
when compaction occurs at a specific level, which leads to an im-
balance where compaction tasks are concentrated on a single level
rather than being distributed across multiple levels. As shown in
Figure 4(e), even if compactions are triggered at both L; and L2,
their corresponding WPC tasks are not executed concurrently, and
instead, WPC at one level is prioritized. This imbalance fundamen-
tally stems from the inability to execute multiple CPC in parallel
across different levels.
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4 Why Compaction Needs to Be Faster

In Section 3, we showed that current multi-threaded compaction
is inefficient and does not work as intended. This raises an im-
portant question: Why should compaction multi-threading work
well? In other words, why is it important to process compaction
faster? Compaction acceleration is a well-studied topic in LSM-tree
research, primarily because delayed compaction leads to several
critical issues. When compaction is delayed, the following problems
can occur:

Chain of Problems in Compaction Delay. Compaction delay
refers to the case where sorted runs are generated faster than they
can be compacted, resulting in a backlog of pending compactions.
As the weight of sorted runs increases, more sorted runs must be
searched during reads, which degrades read performance. To pre-
vent the continuous growth of sorted run weight, modern LSM-tree
triggers a write stall [1, 10, 27, 28]—an I/O blocking mechanism—
when the weight reaches a threshold, even if compaction is still
in progress. Write stalls block all I/O operations until the delayed
compaction completes, causing severe throughput degradation and
latency spikes. Furthermore, delayed compaction postpones the
removal of redundant key-value pairs, thereby increasing space
amplification.

Better the Devil You Know. As discussed in Section 7, numerous
prior studies have explored ways to accelerate compaction using
software techniques or hardware such as Non-Volatile Memory,
FPGAs, GPUs, and DPUs. However, these approaches often require
modifications to the LSM-tree structure or rely on additional hard-
ware, making them difficult to adopt in practice. In this context, we
revisit the effectiveness of compaction multi-threading, a technique
already integrated into modern systems. We identify a key limi-
tation in how current multi-threaded compaction is underutilized
and, to address this, we propose DOwNFORCE, a new approach that
maximizes compaction pipelining.

5 DowNFoRcE: Design and Implementation

This section presents the design principles of DowNFoORCE and
describes its corresponding architecture.

5.1 Design Principle

To address the limited throughput improvement of multi-threaded
compaction in the current LSM-tree, we incorporate the following
three design principles into our approach.

Principle #1: Compact Down. In an ideal CPC scenario, com-
pactions targeting different output levels should be able to run
concurrently without conflict. However, as illustrated in the ex-
ample in Section 3, a delayed L;;; compaction can block the ex-
ecution of an L; compaction. This blockage occurs because pre-
serving the LSM-tree’s structural invariants takes precedence over
compaction. Specifically, each level strictly avoids exceeding its
configured weight W;, meaning that compaction cannot proceed
until the weight of the bigger level is reduced below its thresh-
old. In DowNFoRCE, we ease this strict constraint on the weight of
sorted runs within a level while still preserving the LSM-tree’s struc-
tural integrity. By prioritizing compaction execution over structural
constraints under write-intensive workloads, DowNFORCE enables
compactions to proceed without delay.

Principle #2: Multiple Level Parallelism. WPC aims to increase
parallelism within a single level, so maximizing thread utilization
at that level is desirable. However, since the LSM-tree is composed
of multiple levels, focusing all resources on a single compaction-
heavy level presents clear limitations. Moreover, in the LSM-tree
composed of many small, fixed-size SSTables, smaller levels—which
experience more frequent compactions—may not offer sufficient
task granularity for effective parallelism. These conflicting charac-
teristics highlight the need to balance parallelism across levels by
considering the overall LSM-tree structure. DOwNFORCE addresses
this by maximizing WPC across multiple levels, fully utilizing avail-
able parallelism throughout the LSM-tree.

Principle #3: LSM-tree Consistency. On the other hand, naively
relaxing the W; restriction to improve CPC can temporarily allow
data redundancy or amplification that is otherwise disallowed, po-
tentially increasing read costs or violating data consistency. To
address this, DowNFoRCE introduces opportunistic intra-level com-
paction and a consistency-guaranteed commit mechanism. These
ensure that the LSM-tree consistency is strictly maintained while
minimizing the side effects of temporary amplification.
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5.2 Design

In this section, we illustrate how compaction behavior changes
when our design principles are applied through DowNFORCE, using
a representative example scenario.

DownNForce Compaction for Non-Blocking CPC. In the exist-
ing approach, if an ongoing L1 compaction has not yet completed,
any new L; compaction is deferred to prevent the Wi, limit from
being violated.

Figure 5(a) illustrates a scenario in which DowNFORCE is trig-
gered. o Suppose jobl, an L;y; compaction, is in progress and
takes a long time to complete. 9 Meanwhile, continuous writes
cause an L; compaction (job2) to be triggered repeatedly. e As job2
proceeds, the weight Wi, 1 increases. e Once Wj41 reaches the level
limit, the condition for triggering another L;;; compaction is met.
e Instead of waiting for job1 to complete and stabilize the state of
L;+2, DowNFoORCE immediately triggers another compaction, job3,
referred to as DF-compaction. The purpose of DF-compaction is
to proactively free up capacity of the triggered level (e.g., Li+ for
job3 case). G When job3 runs, it may cause the weight of L4 to
exceed its limit. This excess is temporarily allowed and later re-
solved through opportunistic intra-level compaction, as discussed
in Figure 5(c).

Balanced WPC with DowNForce Compaction. The additional
data, denoted as Extra Wiy, can be processed using multi-threading,
thereby enhancing WPC. Figure 5(b) shows two possible outcomes
after job3 is deployed. e In the upper case, the initial jobl—which
triggered DF-compaction due to its long execution time—finishes
before job3. In this case, the system waits for the ongoing DF-
compaction (job3) to finish before proceeding. e Once job3 com-
pletes, Li; contains an excess weight. Q At this point, the system
checks whether the sum of the updated W, (reflecting job1’s out-
put) and the Extra Wi,z from job3 exceeds the compaction thresh-
old. Note that whether the threshold is exceeded depends on the
compaction policy in use, and Wj;2 may have already been reduced
by another compaction occurring concurrently while job1 and job3
were in progress. Thus, exceeding the threshold is not guaranteed.

@ In the lower case of Figure 5(b), job3—which was deployed
later—completes before jobl. If jobl remains in progress for an
extended period, additional DF-compactions such as (8) job4 and
@ job5 may be triggered consecutively, cascading from smaller
levels. In this case, since job1 has not yet completed, consec-
utive DF-compactions increase the Extra Wjy. If too much extra
weight accumulates, the level may become oversized, potentially
even surpassing the compaction threshold. Consequently, the cost
of handling this excess weight increases accordingly.

Next, Figure 5(c) illustrates how the Extra W generated by DF-
compaction is handled through opportunistic intra-level compaction
in the scenarios that immediately follow each case shown in Fig-
ure 5(b). Note that the distinction between the upper case and the
lower case at this point is whether job1 has been completed. In the
upper part of the Figure 5(c), two cases—A and B—are distinguished
based on whether the sum of Wj;5 and Extra Wi, exceeds the com-
paction threshold of L;;,. Case A: If the sum of weight does not
exceed the compaction threshold, @ an intra-level compaction
is performed throughout L;;2, including both Wiy and Extra Wi,..

The final result is shown as , representing the reduced Wj,».
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Case B: If the sum of weight exceeded threshold, @ additional
compaction is triggered to the next bigger level, instead of intra-
level compaction. In the lower part of the Figure 5(c), Job1 is still
incomplete; in this context, the continually growing Extra Wi,
must be reduced. @ Thus, intra-level compactions targeting only
the Extra Wi, are repeatedly executed until job1 completes. This
process is called intra-DF compaction because it operates exclu-
sively on the Extra Wi, generated by DF-compaction. @ Once
jobl completes, the total weight is recalculated, and the system
either merges the remaining weight within the current level

(same as @) or triggers another compaction to the next
bigger level.

Algorithm 1 presents the compaction procedure of DowNFORCE
as described thus far. In summary, DowNFORCE enables compactions
in L;j11 to proceed without waiting, as soon as they are triggered.
As a result, compaction delays are no longer vertically propagated,
allowing compactions in L; to proceed without interruption. More-
over, any temporary increase in weight caused by DF-compaction
can be handled independently at each level through the opportunis-
tic intra-level compaction scheme. This leads to more balanced
parallel processing across multiple levels, rather than overloading
a single level.

Maintaing LSM-tree Consistency. However, when using DF-
compaction, issues may arise where a later compaction job com-
pletes before an earlier one, even if their key ranges overlap. Addi-
tionally, partially merged data may be compacted before the level
has stabilized. Such cases can violate the consistency of the LSM-
tree, which operates in an append-only manner. To address this,
we adopt a consistency-guaranteed commit mechanism: even if a
compaction job within a level finishes early, it is not immediately

Algorithm 1: DowNForce Compaction

Input: Index i with ongoing compaction L;y; — Ljs
Data: W;, Cp;, Cr for all levels; helper routines
Result: Triggers DF-compactions, preserves consistency, opportunistic
merges
compact « GetOngoingCompaction(Ljs1, Lit+2);
if compact = NULL then
| return

ExtraWi,; < 0;

s while (‘/Viﬂ > Cr) or("viﬂ > CLi+1) do
| df « StartDFCompaction(Lis, Lisa);

w N e

'S

7 while IsActive(compact) or HasActiveDF() do

8 foreach df in FinishedDF() do

9 ExtraWii, <« ExtraWi, + df .outputWeight;

10 if (Wio + ExtraWiy, > Cr) or (Wiys + ExtraWiy, > CrLiv2)
then

1 IntraDFCompaction(Ljsz, ExtraWi,,);

12 L WaitIntraComp(df);

13 WaitForAnyDFCompletion();

-
=

Commit(compact);

foreach df in issue order do

16 L Commit(df);

17 Wiyp — Wisz + ExtraWiy,;

18 if (Wisz > Cr) or (Wiyy > Cris2) then
19 | StartCompaction(Lisz, Lis3);

20 else

21 | IntralevelCompaction(Lisz);

-
@
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committed. Instead, compaction results are applied to the LSM-
tree in the order the jobs were issued. Figure 5(d) illustrates this
mechanism in DowNFoRCE. When jobs 1, 3, and 4 are issued in
sequence but complete in the order of 3, 4, and 1, the system does
not commit them as they finish. Instead, it enforces the original
issue order—job1, job3, job4—for consistency.

5.3 Implementation

We implemented DowNFoRCE in RocksDB v9.10.0, a widely used
LSM-KVS. Within RocksDB, the compaction_picker.cc module con-
tains abstract classes responsible for triggering compactions and
managing compaction pointers, which determine the input level
and candidate victim SSTables. To maintain the weight of sorted
runs, RocksDB prevents compaction from being scheduled on a
level already undergoing compaction by returning a nullptr as the
compaction pointer. We modified compaction_picker.cc to enable
compaction pipelining, laying the foundation for DowNFORCE.

The design of DowNFORCE is agnostic to compaction strategy
and can be applied to both leveled and tiered compaction. To com-
prehensively evaluate its effectiveness across different strategies,
we implemented DowNFoRcE for both leveled and tiered com-
paction strategies. Specifically, we extended our modifications to
compaction_picker_level.cc and compaction_picker_universal.cc
to implement Algorithm 1.

The source code for DOwNFORCE is publicly available at https:
//github.com/DISCOS-LAB/DownForce.git

6 Evaluation

6.1 Experimental Setup

Platform. Our experiments were conducted on a server equipped
with a Ryzen 9 7950X (16 cores, 32 threads, SMT enabled) @ 4.5 GHz
CPU, 32 GB DDR5 DRAM, and a 1 TB Samsung 990 PRO NVMe
SSD. The system ran Ubuntu 22.04.5 with the ext4 file system.
Compaction Strategies. We comprehensively evaluated Down-
Forck across the following compaction strategies. All strategies
were implemented and tested on RocksDB [9] v9.10.0:

o Leveled: The classic leveled compaction, where each level main-
tains only a single sorted run.

e Tiered: The classic tiered compaction, in which each level allows
up to 4 sorted runs.

e R-Leveled: The default hybrid compaction in RocksDB, where
the first level is tiered and the remaining levels are leveled.

o R-Tiered: RocksDB’s implementation of universal compaction [13],
a tiered strategy with L0-to-L0 intra-compaction enabled to re-
duce space amplification under write-intensive workloads.

o DF-Leveled: DowNFoRCE is applied to R-Leveled compaction.

o DF-Tiered: DowNFORCE is applied to Tiered compaction, rather
than R-Tiered, to enable a fair evaluation of the strategy without
the influence universal compaction optimizations.

Table 2: YCSB workload characteristics.

‘ Type H Description ‘ Distribution ‘
A 50% Updates, 50% Reads Zipfian
B 95% Reads, 5% Updates Zipfian
C 100% Reads, Zipfian
D 95% Reads, 5% Inserts Latest
E 95% Seeks, 5% Inserts; Scan length:100 Uniform
F 50% Read-Mondify-Write, 50% Reads Zipfian
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Figure 6: Throughput comparison of compaction strategies
with increasing number of threads.

In all configurations, the level size ratio is set to T = 5, and for
tiered compaction, the run threshold is Cr = 4.
RocksDB Parameter Configurations. To ensure a fair compari-
son focused solely on compaction strategies, we disabled the Write-
Ahead Log, block cache, and compression. We also enabled direct
I/O for both compaction and I/O requests. All experiments used
two 64 MB memtables and a single flush thread.
Workloads. We first evaluated and analyzed the effectiveness of
DowNFORCE in compaction multi-threading using db_bench [8],
and then conducted performance comparisons across compaction
strategies using the YCSB benchmark [2]. We tested the following
workloads with key-value sizes of 16 B and 1 KB.

e FUR: The FillUniqueRandom workload from db_bench, consist-
ing of 100% writes totaling 50 GB.

¢ RRWR: The ReadRandomWriteRandom workload from db_bench,
using 50 million entries with varying read/write ratios.

e YCSB: The YCSB benchmark executed on 10 million entries.
The request distribution follows the YCSB default configuration.
Detailed workload characteristics are provided in Table 2.

6.2 Evaluation Results

Performance Scalability. In this experiment, we evaluated the
performance of each compaction strategy by varying the number
of compaction threads from 1 to 32, using the FillUniqueRandom
workload. Figure 6 shows how I/O throughput changes as the num-
ber of compaction threads increases. We observe that our design
brings performance benefits to both compaction strategies. Com-
pared to the default RocksDB strategies, DowNFORCE achieves up
to 1.81x improvement in leveled compaction and 1.63X in tiered
compaction.

Other strategies reached peak performance with 8 or fewer
threads, showing no further gains—or even degradation—when
more threads were added. In particular, R-Leveled peaked at 4
threads and exhibited a sharp decline beyond that, due to its hybrid
design allowing a large number of overlapping sorted runs in the
first level. In contrast, DOWNFORCE continued to scale consistently
with increasing thread counts, showing noticeable improvements
up to 16 threads—unlike other strategies, which plateaued much
earlier.
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Figure 8: Average number of concurrently running com-
paction threads per level at 0.1 second intervals. ‘All level’
indicates the average number of total compaction threads
running concurrently across all levels.

Parallelism of Multi-threading. Next, we evaluated how effec-
tively our proposed design utilizes multi-threaded parallelism in
practice. Figure 7 presents a cumulative distribution function (CDF)
of the number of compaction threads actively running at 0.1 second
intervals, with 16 threads allocated and using the FillUniqueRan-
dom workload. DowNFoRCE executed more than 12 compactions
concurrently for over 50% of the time. In contrast, all other strate-
gies except R-Tiered never exceeded 9 concurrent threads. Although
R-Tiered utilized up to 16 threads due to L0-to-L0 intra-compaction,
its overall utilization was lower compared to DOwNFORCE.

Figure 8 shows the average per-level count of concurrent com-
paction threads measured under the same workload and settings as
in Figure 7. DF-Leveled utilizes up to 1.3X more concurrent com-
paction threads than R-Leveled across all levels. Though R-Leveled
utilizes more threads at certain levels, All Level value is lower than
Df-Leveled because threads are mostly confined to a single level be-
cause CPC is blocked, as discussed in Section 3. No L3 compaction
is observed in DF-Leveled because, although the workload size is
identical, opportunistic intra-compaction prevents SSTables from
propagating past L3. Like DF-Leveled, DF-Tiered shows a similarly
high degree of parallelism. In contrast, most data in R-Tiered is
handled by L0-to-L0 intra-compaction because RocksDB’s default
universal compaction policy prioritizes that operation. The unop-
timized classic strategies strictly enforce the sorted-run weight
limits, a constraint that prevents wide parallelism in compaction
and leaves them using far fewer threads overall.

Figure 9 shows the per-level count of active compaction threads,
sampled every 0.1 s, for R-Leveled, DF-Leveled, and DF-Tiered.
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Figure 9: Time-series compaction thread counts per level
for R-Leveled, DF-Leveled and DF-Tiered with 16 threads.
Results shown for the 100-150 second interval of the FUR
workload.

The x-axis denotes time. From Figure 9(a), two key observations
can be made. First, as indicated by the red arrows, most available
threads are concentrated on a single level during a compaction
event. Once the compaction completes, the threads shift to an-
other level. This indicates that, despite having enough threads, the
system fails to realize effective WPC across multiple levels simul-
taneously—clearly demonstrating the Imbalanced WPC Between
Levels issue discussed in Section 3. Second, as shown by the blue
lines in the figure, blocking between adjacent levels hinders CPC.
Except for Ly, compactions rarely occur concurrently across differ-
ent levels, highlighting the limitations of CPC under the default
R-Leveled strategy.

In contrast, Figure 9(b) and 9(c) show that with the DowNFoRcE
strategy, compaction threads are evenly distributed across all levels.
This indicates that WPC is effectively utilized across multiple levels.
Moreover, the continuous compactions occurring simultaneously
at different levels demonstrate that CPC is also fully operational
under DOWNFORCE.
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Figure 10: RRWR workload evaluation for each compaction
strategy with a 16-thread pool. The x-axis represents the
write-to-read ratio.

RRWR Workload. Figure 10 presents the performance trends
of each compaction strategy when using 16 compaction threads
under varying read/write ratios. The workload used is ReadRan-
domWriteRandom, and we describe each configuration by its read
ratio (e.g., 90W 10R indicates 90% writes and 10% reads). When the
read ratio is 10%, both DF-Leveled and DF-Tiered achieved the high-
est performance. This aligns with previous results, where DowN-
Force was shown to effectively maximize compaction parallelism
and improve write throughput. However, as the read ratio increases,
the relative performance of DowNFoRCE-based strategies declines.
At 30% reads, DF-Leveled slightly outperformed R-Leveled, whereas
DF-Tiered showed lower performance than R-Tiered. At a 50% read
ratio, DF-Tiered showed the lowest performance, while DF-Leveled
performed slightly worse than Tiered but still better than R-Leveled.
These results indicate that applying DowNFoORCE to leveled com-
paction improves write throughput while maintaining comparable
read performance. In contrast, applying it to tiered compaction has
a more negative impact on reads. This is likely due to the larger
impact of worst-case Extra W; on read paths when DowNFORCE is
used with tiered compaction. In Tiered settings, more aggressive
data overlap and relaxed constraints can amplify read overhead
when excess weight accumulates. Leveled compaction, on the other
hand, limits the Extra W; more strictly and triggers compaction
based on the total size of each level. As a result, weight amplifica-
tion is lower, and the side effects are effectively mitigated through
our WPC enhancements.

YCSB Benchmarks. We measured the throughput of each com-
paction strategy using the YCSB workload with 16 compaction
threads. Figure 11 shows the throughput for each workload. First,
in the Load phase, the Leveled strategy exhibited noticeably lower
throughput, while the other strategies showed similar performance.
Across workloads A-F, we compare R-Leveled, DF-Leveled, and
DF-Tiered. Except for workloads E and F, both DF-Leveled and
DF-Tiered consistently outperformed R-Leveled. This suggests that
the design of DowNFORCE contributes not only to improved write
throughput but also to enhanced read performance. Notably, DF-
Leveled achieved higher throughput than R-Leveled across most
workloads. In particular, under workloads B, C, D, and E, DF-Leveled
outperformed R-Leveled by 1.5%, 2.9%, 1.7X, and 1.5%, respectively.

Table 3: Write amplification by compaction strategy.

‘ H Leveled ‘ Tiered ‘ R-Leveled ‘ R-Tiered ‘ DF-Leveld ‘ DF-Tiered ‘

(Wwall w1 [ o3 [ 710 [ 69 | a8 | 45 |
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Figure 11: YCSB benchmark results for each compaction strat-
egy with a 16-thread pool.

Next, we examine the remaining strategies. Overall, classic Lev-
eled and Tiered compaction strategies achieved higher through-
put. This is because they maintain fewer sorted runs, which leads
to better read performance. Among the hybrid and DowNFORCE-
based strategies—R-Leveled, R-Tiered, DF-Leveled, and DF-Tiered—
R-Tiered showed the highest throughput. This is primarily due
to RocksDB’s universal compaction, which enables L0-to-L0 in-
tra compaction and reduces compaction overhead under certain
workloads.

Write Amplification. Table 3 presents the write amplification
observed for each compaction strategy under the FillUniqueRandom
workload with 16 compaction threads. Our strategy achieved the
lowest write amplification. This result stems from the effect of
ExtraW; introduced by our CPC and WPC acceleration techniques.
Because Extra, W; allows data to participate in fewer compactions
before reaching lower levels, write amplification is reduced. This
behavior is particularly relevant to tiered compaction, where write
amplification is influenced by the compaction threshold Cr. As
shown in Equation 2, write amplification decreases as Ct increases.

7 Related Work

LSM-tree Compaction Strategies. To address compaction bot-
tlenecks, various strategies have been proposed. Monkey [3] op-
timizes memory allocation for Bloom filters and buffers at each

level, minimizing read overhead. Dostoevsky [4] adaptively re-
moves redundant merges to balance write and space efficiency,

while Spooky [5] minimizes redundant merging by refining com-
paction granularity. Pipelined Compaction [31] splits I/O and CPU

stages for overlap. bLSM [22] introduces a spring-and-gear sched-
uler to smooth merges. LSbM-tree [26] maintains an on-disk buffer

and introduces buffered merge to reduce negative impact during

compaction. However, these works mainly focus on modifying

merge strategies or data structures, without directly addressing the

limitations of parallel compaction.

Software Optimization. Software-level optimizations for com-
paction include various techniques such as key-value separation [19],
restructuring internal LSM-tree data layouts [17, 21], and sophis-
ticated compaction scheduling [1, 28]. Key-value separation ap-
proaches significantly reduce data movement during compaction

by storing large values separately from keys. Restructuring LSM-
tree data layouts reduces compaction overhead by efficiently re-
organizing storage layers, while optimized scheduling algorithms

minimize interference between compaction tasks and user requests.
However, these methods do not fundamentally address the inherent

parallelism constraints of multi-threaded compaction.
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Hardware Acceleration / Off-loading. FPGA-based approaches
[25, 30] accelerate compaction by executing it on reconfigurable
logic, reducing CPU overhead and I/O contention. GPU off-loaders
such as gLSM [24] and GPU-accelerated compaction [32] pipeline
decoding, radix sort, and encoding on the GPU while the CPU per-
forms only minor merges. Near-data processing engines [23] move
compaction logic into the SSD controller so merges occur inside
the device. DComp [7] off-load some compactions into DPU and
gain hardware supported accelerartion on data (de)compression.
Persistent-memory engines [6, 27] stage early merges in byte ad-
dressable media. Cloud variants run compaction on FaaS nodes [18]
or within an external micro-service [29], while edge deployments
often offload compaction to remote servers [15, 16].

Unlike these approaches, our work enhances multi-threaded com-
paction efficiency solely through software optimization, without
structural or hardware modifications.

8 Conclusion

We have shown that modern LSM-tree systems suffer from limited
scalability in multi-threaded compaction due to restricted cross-
level parallelism and thread imbalance. To address this, we proposed
DowNFORCE, a compaction strategy that enables pipelined com-
paction across levels and activates true multi-threaded execution.
DownNFoRrcE is implemented in RocksDB and improves both thread
utilization and write throughput under write-intensive workloads.
Our results demonstrate that DowNFORCE is a practical and effective
solution for enhancing compaction parallelism in the LSM-tree.
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