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ABSTRACT

Key-value stores underpin a wide range of applications due to their
simplicity and efficiency. Log-Structured Merge Trees (LSM-trees)
dominate as their underlying structure, excelling at handling rapidly
growing data. Recent research has focused on optimizing LSM-tree
performance under static workloads with fixed read-write ratios.
However, real-world workloads are highly dynamic, and existing
workload-aware approaches often struggle to sustain optimal per-
formance or incur substantial transition overhead when workload
patterns shift. To address this, we propose ElasticLSM, which re-
moves traditional LSM-tree structural constraints to allowmore flex-
ible management actions (i.e., compactions andwrite stalls) creating
greater opportunities for continuous performance optimization. We
further design Arce, a lightweight compaction decision engine that
guides ElasticLSM in selecting the optimal action from its ex-
panded action space. Building on these components, we implement
ArceKV, a full-fledged key-value store atop RocksDB. Extensive
evaluations demonstrate that ArceKV outperforms state-of-the-art
compaction strategies across diverse workloads, delivering around
3× faster performance in dynamic scenarios.
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1 INTRODUCTION

Key-value (KV) stores map unique keys to values for fast data access
and are widely used in distributed caching, large-scale databases,
and cloud services [13, 18, 20, 38, 41, 52, 76, 79]. Log-Structured
Merge Trees (LSM-trees) are fundamental data structures under-
pinning KV stores, widely supporting modern databases and ap-
plications [20, 30, 41, 52, 53, 95]. For example, Netflix deploys and
optimizes Apache Cassandra [53], which is supported by LSM-trees,
to effectively handle write-intensive workloads [68]. The LSM-tree
improves write performance by organizing data as KV entries and

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 19, No. 5 ISSN 2150-8097.
doi:10.14778/3796195.3796208

deferring expensive in-place updates. It organizes data into multiple
hierarchical levels, each with exponentially increasing capacities,
structured as sorted runs. New KV entries are first appended to a
main-memory buffer (or MemTable); when this buffer fills up, the
entries are sorted, compacted, and merged as a larger sorted run
into the next level. This background compaction process cascades
downwards whenever a level reaches its capacity threshold.
Practical Challenge: Self-adaptation for dynamic workloads.

In LSM-tree-based key-value stores, a major challenge lies in online
handling dynamically changing workloads. Prior studies [12, 22, 35]
have shown that real-world applications often exhibit significant
workload variability, driven by daily usage patterns and operational
shifts. For example, Meta analyzed access patterns from five distinct
applications and found that each exhibits highly diverse workload
behaviors, with substantial variation occurring even within a single
day [6]. This underscores the need to efficiently manage fluctuating
ratios of key lookups and entry updates. While many workload-
aware methods have been proposed to optimize LSM-tree systems
for a given workload, a key challenge remains unresolved for evolv-
ing workloads.

Existing workload-aware methods compute a structural con-
figuration, including level capacities, the number of sorted runs,
and their sizes to guide compactions and manage write stalls for a
given workload. However, when the workload changes, the opti-
mal configuration often changes as well, requiring the system to
adapt accordingly. While methods like Moose [58] and Wacky [27]
deliver excellent performance under static workloads, they do not
provide mechanisms for transitioning between configurations, mak-
ing them unsuitable for dynamic workloads. Naively or greedily
resizing runs and merging data during such transitions may in-
troduce latency spikes, as more aggressive write stalls [26, 64] are
often required to reach the desired structure. Dostoevsky [26] not
only computes a desirable configuration but also introduces a lazy
adaptation strategy, adjusting the size and number of runs in a level
only when it is fully compacted into the next. While this approach
avoids costly data reorganization, it responds slowly to workload
changes and depends on a sufficient number of updates to complete
the transition. In contrast, Ruskey [64] proposes a middle-ground
strategy called FLSM, which balances between greedy and lazy
adaptation. It recalculates the structural configuration when perfor-
mance degradation is observed and adjusts the active sorted runs
during compactions at this level. Although this design accelerates
responsiveness, it still relies on sufficient updates to trigger com-
pactions, limiting its ability to adapt promptly under read-intensive
workloads. In summary, the existing recomputing and transitioning
structure approaches fail to achieve an excellent tradeoff between
responsiveness to the changes and the transitioning overhead.
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Table 1: Comparison between ElasticLSM and existing workload-aware LSM-tree structures. The example assumes a three-level

LSM-tree and a MemTable size of 𝐹 .

Methods
Structural Configuration LSM Management Actions

LSM structure Size Ratios Level Capacities #Sorted Run Trigger Compaction Picked Runs Write stall Dynamic Workloads

Dostoevsky Fluid Tree {𝑇,𝑇 ,𝑇} {𝑇𝐹,𝑇
2
𝐹,𝑇

3
𝐹} {𝐾,𝐾,𝑍} Fullness of a level

Adjacent or
same level(s)

#files in L0 > 𝐾
Lazy

Greedy

Ruskey FLSM {𝑇,𝑇 ,𝑇} {𝑇𝐹,𝑇
2
𝐹,𝑇

3
𝐹} {𝐾1, 𝐾2, 𝐾3} Fullness of a level

Adjacent or
same level(s)

#files in L0 > 𝐾1 Moderate

Moose Generalized LSM {𝑟1, 𝑟2, 𝑟3} {𝑟1𝐹, 𝑟1𝑟2𝐹, 𝑟1𝑟2, 𝑟3𝐹} {
⌋︂
𝑟1,
⌋︂
𝑟2,
⌋︂
𝑟3} Fullness of a level Adjacent levels #files in L0 >⌋︂𝑟1 Not applicable

ArceKV ElasticLSM Removed Removed Removed
Workload
Dependent

Runs from
multiple levels

Workload
Dependent

Consistently
Optimizing

Our Vision: Focus on the transition procedure, not on the

final structure. Existing approaches are limited by their rigid
transition actions, often aiming to directly reach a target LSM-
tree structure without considering performance during the tran-
sition. We argue that under dynamic workloads, the focus should
shift from morphing into a pre-defined structure to consistently

optimizing performance throughout the transition. While it is
possible to compute the optimal LSM-tree for a given workload,
blindly transitioning toward it may overlook more effective actions
that yield better overall system performance.

Building on this insight, we propose two novel designs tailored
to dynamic workloads:
ElasticLSM: Expanding the Transition Action Space. Exist-
ing LSM-trees rely on predefined structural configurations that fix
the capacity and number of sorted runs per level, triggering com-
pactions only when level capacity thresholds are exceeded. While
this yields predictable costs, it limits flexibility under dynamic work-
loads. For example, proactively compacting runs across multiple
levels— even when they are not full—during a read-intensive phase
can further reduce runs and improve read performance. To enable
such flexibility, we introduce ElasticLSM, which removes rigid
limits on level capacities, run counts, and run sizes (Table 1). Elas-
ticLSM follows a more flexible and workload-dependent policy,
treating the LSM-tree as a flexible collection of sorted runs, each
tagged with a timestamp, size, and key range. Compactions and
write stalls can be triggered or deferred according to the current
workload, and may involve runs from one or multiple levels, sub-
ject only to preserving the LSM-tree’s intrinsic timestamp ordering.
This expanded design allows ArceKV to explore a broader set of
valid actions, opening more opportunities to optimize performance.
Arce: Lightweight Compaction Evaluation.While expanding
the action space increases flexibility, it also complicates decision-
making. Unlike structurally fixed LSM-trees, where compactions
and stalls follow fixed rules with predictable amortized costs, the
system must make online decisions in which each action impacts
future ElasticLSM states and costs. This turns the search for a
globally optimal action sequence into an intractable, NP-hard prob-
lem (see Section §3.3). To address this, we introduce the Adaptive
Runtime Compaction Engine (Arce), a score-based evaluation
framework that balances both short-term penalties and long-term
benefits of compaction actions. With properly tuned parameters,

this method restricts the attention to a small set of compactions
that must be at least partially involved in the optimal sequence.

Based on Arce, we implement ArceKV on top of RocksDB, a
widely used industrial LSM-tree storage engine, and evaluate its
performance against state-of-the-art compaction policies, includ-
ing Leveling [37], Tiering [53], LazyLeveling [26], Ruskey [64],
and Moose [58]. Results show that ArceKV achieves high update
performance comparable to update-optimized designs while also
maintains top-tier read performance compared to read-optimized
designs under static workloads. It also adapts rapidly to workload
shifts, within 20 million operations and without exhibiting signifi-
cant latency spikes. Overall, ArceKV outperforms RocksDB, the
most adaptive among the baselines. Across the two evaluated work-
loads, ArceKV delivers an average performance improvement of
2.17× to 2.92× compared to Tiering and LazyLeveling, and 2.00× and
1.41× relative to 1-Leveling, which serves as the strongest baseline
in our experiments. We further compare ArceKV with several
industrial-grade databases, including Pebble [52], RocksDB [33],
Cassandra [53], and WiredTiger [19]. ArceKV delivers over 10×
speedup compared to Cassandra and WiredTiger, and performs 3×
better than Pebble.
Contributions. In summary, we make the following contributions:

● We identify the limitations of existing compaction policies under
dynamic workloads and propose a new compaction engine Arce
that dynamically selects the most effective compaction and write
stall threshold to adaptively balance read and write performance.

● We design a score-based model that efficiently estimates the
benefit of each compaction and stall threshold pair, providing a
near-optimal solution to the underlying NP-hard decision prob-
lem.

● We implement ArceKV on top of RocksDB and demonstrate
its effectiveness through extensive evaluations against several
state-of-the-art compaction strategies and industrial databases.

2 BACKGROUND

2.1 LSM-tree

LSM-tree is a persistent, multi-level indexing structure for key-
value stores, which aims to obtain efficient write performance by
transforming expensive in-place update into sequential update. All
updates, insertions, and deletions are initially turned into a key-
value entry and then sorted in a main memory buffer (or MemTable).
It will be flushed into the disk as a new sorted run (or SSTable
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Figure 1: How the three basic operations, point lookup, range lookup, and update, are performed in an LSM-tree system.

in RocksDB, SST for short) when it is full. These SSTs are orga-
nized into several levels, with each level having a capacity 𝑇 times
larger than the previous one. In LSM-trees using a typical Leveling
compaction policy, such as Pebble [52], SSTs at the same level are
non-overlapping and collectively form a single sorted run. In con-
trast, Tiering-based systems like ScyllaDB [80] allow each level to
maintain up to𝑇 key-overlapping sorted runs, reducing compaction
size and improving write performance. LSM-based systems usually
support three basic operations, shown in Figure 1:
Point Lookup. Given a key, the key-value store returns its associ-
ated value if it exists. The search proceeds by scanning each sorted
run sequentially, stopping once the value is found. This process
relies on the LSM-tree’s timestamp ordering across levels: the small-
est timestamp in the 𝑖-th level must be no smaller than the largest
timestamp in the (𝑖 − 1)-th level. Within the same level, runs may
have overlapping timestamps. If multiple versions of a key exist
at a given level, the system returns the most recent one based on
timestamp comparison. Without this cross-level timestamp order,
point lookups would require searching all levels for every query,
severely degrading performance. Each sorted run is equipped with
a Bloom filter, an in-memory structure that quickly determines
whether a key may exist in the run. Its accuracy is controlled by
the bits-per-key (BPK) parameter, representing the ratio of filter
memory to the number of keys. The false positive rate (FPR) follows
𝐹𝑃𝑅 i 𝑂 (𝑒

−𝐵𝑃𝐾 �(ln 2)2
). Let 𝑠 be the total number of sorted runs;

the I/O cost of a point lookup is then 𝑂(𝑠 « 𝐹𝑃𝑅 + 1).
Range Lookup. Different from point lookup, the LSM-tree re-
trieves all the entries within a specified key range from all the
sorted runs. And then it sort merges the results from each sorted
runs and produces a final result. Specifically, as most LSM-tree sys-
tems leverage iterator to iteratively produce the final result, which
reads the first data block (usually sized one I/O block) from each
sorted run and then fetches the entries one by one from each sorted
runs. Suppose the search range contains 𝑙 entries, each of size 𝐸
bytes, and the I/O block size is 𝐵 bytes, the I/O cost is 𝑂(𝑠 + 𝑙𝐸

𝐵
).

Update. In an LSM-tree, new key-value pairs are first inserted into
an in-memory buffer called the MemTable. Once the MemTable
reaches its threshold size, it is flushed to disk as a new sorted run.
Updates to existing keys are handled using the same out-of-place
insertion mechanism, appending the new version without modify-
ing prior entries. When the size of a level exceeds its predefined
capacity, a compaction is triggered to merge its sorted runs with
those in the next level.

Modern LSM-tree key-value systems execute queries and up-
dates on foreground threads, while use background threads to asyn-
chronously handle the flush and compaction when the MemTable
or levels become full.

2.2 Write Stall Controller

The write stall controller is a critical component in most LSM-
tree-based storage systems, including RocksDB [33], Pebble [52],
Cassandra [53], and InfluxDB [47]. It controls the number of sorted
runs at the first level (L0) by deliberately stalling incoming writes
when they exceed a configurable threshold to maintain a designated
number of sorted runs in the system. When a stall is triggered, the
new incoming update will be forced to wait for several microsec-
onds. Existing workload-aware methods [26, 27, 58, 64] stall writes
when the number of sorted runs in the first level (L0) exceeds the
predefined maximum in the structural configuration.
2.3 Open Challenges

Existing approaches such asWacky,Moose, Dostoevsky, and Ruskey
can derive effective LSM configurations for static workloads, but
struggle to transition between configurations with both low cost
and high responsiveness. As illustrated in Figure 2, a read-intensive
workload (90% reads) favors reducing the number of sorted runs
from 10 to 1. A greedy transition adapts quickly but incurs high
overhead by stalling writes when 𝐾1 i 1. In contrast, the lazy strat-
egy and Ruskey defer L0 adjustments, reducing transition cost but
causing prolonged performance degradation before convergence.

This trade-off stems from transition mechanisms that focus only
on reshaping the structure, rather than maintaining performance
throughout the transition. Although a configurationmay be optimal
for a given workload, existing methods do not optimize system
behavior during the transition itself. We argue that sustaining
optimal performance under dynamic workloads requires

continuously adapting actions to the current workload and

system state.

3 ARCE: ADAPTIVE COMPACTION DECISION

To achieve this, we first decouple compaction behavior from rigid
structural configuration parameters, such as fixed level capacities
and prescribed run counts, which traditionally enforce a static and
inflexible compaction schedule. We then introduce ElasticLSM,
an enhanced LSM-tree design that enables the system to com-

pact runs selected across levels and initiate compactions at

workload-dependent timing, yielding two principal benefits:
● Flexible Run Selection:Merging sorted runs across multiple

levels into one run in a single compaction improves responsive-
ness to read-intensive workloads and helps reduce write am-
plification. Also, selectively merging runs within a single level
during write-intensive workloads reduces compaction overhead
while slightly improving read performance.

● Workload Dependent Timing: By permitting compaction to
be scheduled dynamically in response to workload conditions,
the system can delay or advance compactions and write stalls
as needed. This flexibility improves adaptability to workload
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Transition Actions System Performance
Write Stall
Threshold Reduced Runs Compacted Bytes Transition
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new workload

Greedy #runs at L0 >1 4 33F % ! !

Lazy #runs at L0 >10 2 10F !! % %

Ruskey #runs at L0 >10 3 20F ! !— !—
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Figure 2: The example illustrates how existing structural transition policies: Greedy, Lazy, and Moderate (Ruskey), perform

during and after the transition, compared with ElasticLSM’s continuous optimization approach. “Responsiveness” denotes

the speed at which each method completes the transition. Performance ratings are denoted as follows:%= worst,!—

= mediocre,

!= good, and!!= best.

shifts and mitigates the risk of performance bottlenecks under
write-heavy scenarios.

For example, as shown in Figure 2, by removing structural configu-
ration parameters, ElasticLSM can compact all runs across levels
in a single operation while simultaneously raising the write stall
threshold. This combination avoids transition costs and delivers
even better responsiveness than the Greedy approach.

In the following, we first describe how to identify action can-
didates after removing parameters (Section §3.1), then present a
theoretical model of system cost under this setting (Section §3.2) to
guide Arce in selecting the most suitable actions over time (Sec-
tion §3.3).

3.1 ElasticLSM: Expanded Action Space

ElasticLSM maintains a collection of sorted runs across levels,
each potentially varying in size and count. Without fixed struc-
tural parameters on level capacities or maximum run counts, the
system must explicitly decide when and how to perform its two
core management actions: compaction and write stall. Write stall
in ElasticLSM is straightforward: updates are throttled only when
the total number of sorted runs exceeds a tunable threshold 𝑐 , with
a stalling rate 𝑘 . This flexibility allows the system to better balance
read and write throughput. Both parameters can be tuned indepen-
dently, as detailed in Section §3.4. In the following, we elaborate
the more complex action – compaction.
Extensive Compaction Options. Any level can contain an arbi-
trary number of sorted runs of varying sizes after removing struc-
tural constraints like level capacities, sorted runs number, and run
sizes. However, this flexibility does not imply that we can freely
merge any subset of runs. The core requirement of an LSM-tree is to
maintain timestamp ordering across levels: timestamp at shallower
level must be larger than that in deeper levels, while within the
same level, sorted runs can have overlapping timestamps (see Sec-
tion §2). As shown in Figure 4, within the same level, the timestamp

ranges of runs can be overlapped while the bottom level must have
disjoint and smaller timestamps compared to the top level. Addi-
tionally, we restrict compactions to proceed downward, following
the LSM-tree tradition, to avoid complicating the timestamp order
of runs within a level.

Based on these rules, we identify three compaction patterns that
produce valid compaction candidate set:
● Pattern 1 (Intra-level): Compact any more than one sorted

runs at 𝑖-th level, and place the result to the 𝑖-th level.
● Pattern 2 (Adjacent-level): Compact all the sorted runs from

the 𝑖-th level with zero or more sorted runs at the (𝑖 +1)-th level,
and place the result to the (𝑖 + 1)-th level.

● Pattern 3 (Multi-level): Compact all sorted runs from the 𝑖-th
to the 𝑗-th level ( 𝑗 > 𝑖 + 1) with zero or more sorted runs at the
( 𝑗 + 1)-th level and place the result at the ( 𝑗 + 1)-th level.
In general, Pattern 1 enables intra-level compaction, Pattern

2 performs traditional adjacent-level compaction, and Pattern 3
supports multi-level compaction. While these patterns enable a
wide range of compaction candidates, the resulting candidate set
can be extremely large and computationally expensive to process
exhaustively. To address this, we apply heuristic pruning. Our ob-
servation is that, for similar sizes of compacted data, reducing a
greater number of sorted runs generally yields better lookup perfor-
mance. Therefore, for Pattern 1, instead of enumerating all possible
combinations of runs within a level, we first sort the runs by sizes
in ascending order. We then iteratively build compaction candidates
by starting with the smallest run and incrementally adding one
more run at a time, continuing until all runs are included. Each
intermediate compaction is added to the candidate set. A similar
strategy is applied for Pattern 2, where the runs in (𝑖 + 1)-th level
are also sorted and incrementally included. For Pattern 3, although
a similar incremental approach can be applied, the resulting com-
paction candidate set can still grow to an enormous size when the
total number of levels is large. Therefore, in practice, we typically
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limit the number of levels to fewer than 81. By doing this pruning,
Arce is able to rapidly find the valid compaction set in 30us in our
experiment.

3.2 System Cost Modeling

Since ElasticLSM greatly expands the action space, it is crucial
to understand how different compaction strategies and write stall
parameters influence overall performance before making decisions.
In traditional LSM-trees, operational costs are straightforward to
predict because compactions and stalls follow fixed patterns. In con-
trast, our flexible design makes cost estimation more challenging,
as the tree state (i.e., the sorted runs in the tree) can evolve by more
flexible and unpredictable actions. To address this, we introduce a
Windowed-State Cost Modeling method, which partitions the long
running operation sequence into multiple state-stable windows,
where tree state is generally unchanged. We then estimate the three
operational costs within each window and define the rules for state
transitions between consecutive windows.
Count Window: Maintaining a Stable Tree State. As discussed
in Section §2, both range and point lookup costs depend on the num-
ber of sorted runs. In ElasticLSM, removing structural constraints
enables more flexible compactions, but also makes the number
of runs highly unpredictable. We observe that the most frequent
change in run count occurs when a full MemTable is flushed to the
first level (L0), whereas compactions, although they also modify the
run count, generally take longer to complete. Based on this observa-
tion, we partition foreground operations into consecutive windows,
each containing𝑢 i 𝐹⇑𝐸 updates, where 𝐹 is the MemTable size and
𝐸 is the entry size. We term these count windows (or simply, win-
dows), inspired by stream processing techniques [34]. The number
of range lookup and point lookup within a window are denoted as
𝑟 and 𝑝 respectively. And naturally, we can describe the workload
1The default number of levels in RocksDB is 7.

pattern by (𝑟,𝑢, 𝑝) tuple. Within a window, we maintain a relatively
stable tree state 𝑆 , defined as the set of sorted runs and their sizes.
As illustrated in Figure 5, the example shows a stable tree state
within a window containing six sorted runs of sizes 𝑎1 to 𝑎6 across
three levels. This stable state allows us to estimate the cost of the
three primary operations within the window as follows.
Operational Cost in a Window. For a point lookup, the LSM-
tree may scan up to all 𝑠 i ⋃︀𝑆 ⋃︀ runs to locate the target key. Each
run is equipped with a Bloom filter with false positive rate 𝛼 , so
I/O to access a data block is required only when the filter returns
a positive result. In the worst case, exactly one run yields a true
positive, while the others incur I/O only on false positives with
probability 𝛼 . The resulting cost is given in Equation 1, where 𝐼𝑟
denotes the I/O time to access a data block.

For a range lookup, the system first locates the start position and
retrieves the corresponding block from each run, incurring a cost
of 𝑠 « 𝐼𝑟 . It then sequentially scans 𝑙 entries (range length) from each
run, with I/O cost 𝑙𝐸⇑𝐵 « 𝐼𝑟 , where 𝐸 is the entry size and 𝐵 the data
block size. Since this scanning phase depends only on 𝑙 and not on
the LSM-tree state, we omit it from subsequent optimization (see
Equation 2).

For updates, prior methods tie write stalls to compaction, with
stall time proportional to compacted bytes as dictated by structural
constraints. In contrast, ElasticLSM decouples compaction from
stalling: updates are slowed by a tunable rate 𝑘 only when 𝑠 exceeds
an independent threshold 𝑐 . The update cost is thus the flush I/O
cost plus the stall penalty 𝑘 « I(𝑠 > 𝑐), where I returns 1 if 𝑠 > 𝑐 and
0 otherwise, and 𝐼𝑤 is the I/O time to write a block (Equation 3).

Point Lookup Cost 𝑃(𝑠) i (𝛼 « 𝑠 + 1) « 𝐼𝑟 (1)
Range Lookup Cost 𝑅(𝑠) i 𝑠 « 𝐼𝑟 (2)

Update Cost 𝑈 (𝑠) i (𝐹⇑𝐵) « 𝐼𝑤 + 𝑘 « I(𝑠 > 𝑐) (3)

Evolving Tree State Between Windows. Once the cost within
a single window is known, estimating the cost of the 𝑖-th window
requires understanding how the run count in the tree state changes
from 𝑠𝑖−1 to 𝑠𝑖 . Such changes occur through two background ac-
tions: MemTable flushes and compactions. As shown in Figure 3(a),
flushing a MemTable simply adds a new sorted run of size 𝑎3 to the
state, yielding 𝑠𝑖 i 𝑠𝑖−1 + 1. In contrast, compaction alters the tree
state more intricately, since its completion time is uncertain and
typically not aligned with window boundaries. To address this, we
note that a compaction in the background thread completes when
the total I/O time of foreground operations equals (or exceeds)
the compaction’s I/O time when having sufficient I/O bandwidth.
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Specifically, if a compaction of size 𝑋 bytes starts in the 𝑖-th win-
dow, it will finish in the (𝑖 + 𝑡)-th window, where the cumulative
I/O cost of foreground operations over 𝑡 windows matches the com-
paction’s I/O time. The foreground I/O time in 𝑡 windows without
other concurrent compactions is given in Equation 4. To preserve a
stable tree state within each window, we consider the compaction
to take effect in the next window after completion. The value of 𝑡 is
computed using Equation 5. Experimental results (Figures 11(c) and
(d)) show that this rounding has minimal impact on the accuracy
of theoretical cost model.

𝑓 (𝑠, 𝑡) i
𝑡−1
∑
𝑖�0
𝑟 « 𝑅(𝑠 + 𝑖) +𝑢 «𝑈 (𝑠 + 𝑖) + 𝑝 « 𝑃(𝑠 + 𝑖) (4)

𝑡 imin{𝑡 ∈ Z+ ⨄︀ 𝑓 (𝑠, 𝑡) ≥ 𝑋
𝐵
(𝐼𝑟 + 𝐼𝑤)} (5)

Example 3.1. As shown in Figure 3(b), for a compaction of size
𝑋 that removes 𝑦 sorted runs, if the estimated completion time is
after 2 windows, its effect will be applied in the third window by
removing the compacted runs (e.g., 𝑎1 and 𝑎2) and installing the
result (e.g., 𝑎5).

The number of sorted runs of windows evolves by:

𝑠𝑖+1 i

)︀⌉︀⌉︀
⌋︀
⌉︀⌉︀]︀

𝑠𝑖 + 1, No compaction completes at i+1 window
𝑠𝑖 + 1 −𝑦, Compaction reducing y runs completes

(6)

3.3 Arce: Decide the Intermediate Compaction

Objective Function. Based on the cost model and state-evolution
rules defined above, we can express the average cost for a given
workload (𝑟,𝑢, 𝑝) with stall parameters 𝑐 and 𝑘 , after performing
𝑚 compactions, as:

𝐶 i
∑
𝑚
𝑖�1 𝑓 (𝑠𝑖 , 𝑡𝑖)

∑
𝑚
𝑖�1 𝑡𝑖(𝑟 +𝑢 + 𝑝)

(7)

subject to the update rule:
𝑠𝑖+1 i 𝑠𝑖 + 𝑡𝑖 −𝑦𝑖 (8)

Here, each compaction has 𝑋𝑖 bytes, reduces 𝑦𝑖 sorted runs, spans
over 𝑡𝑖 count windows, and starts with 𝑠𝑖 sorted runs. The function
𝑓 (𝑠𝑖 , 𝑡𝑖) represents the cumulative cost over window 𝑡𝑖 , as defined
earlier. This problem is fundamentally a search problem to find
out𝑚 compaction to minimize the average cost. Evaluating only
short-term compaction candidates (i.e., small𝑚) is computationally
efficient, but tends to favor smaller, quickly completed compactions
and larger stall thresholds 𝑐 , which yield short-term benefits by
reducing run count more rapidly. However, such strategies may
overlook larger compactions that, although expensive upfront, offer
substantial long-term benefits. For example, merging two 40GiB
runs may yield sustained lookup improvements for the next 40GiB
of inserted data. Exploring deeper compaction sequences to capture
these long-term gains introduces significant computational over-
head and can be proven to be NP-hard. Formal proof is provided in
our technical report [1].

Lemma 3.2. Deciding𝑚 compactions to minimize Equation 7 is
NP-hard.

Elapsed Windows (t)

R
ed

u
ce

d
 R

u
n

s 
(y

)

Compactions on the top-left frontier 

are considered “dominating”

#
S

o
rt

ed
 R

u
n

s 
(s

)

Elapsed Windows (t)

Suppose Bs 

dominate As
𝒔𝟎

𝑨𝟏 𝑨𝟐 𝑨𝟑

𝑩𝟏 𝑩𝟐 𝑩𝟑

Faster Completion

R
ed

u
c
e
d

 m
o

r
e
 r

u
n

s

Effect of selecting dominating 

compaction

Feasible Compaction

Space*

*

*

*

*

Figure 6: The left panel defines dominating compactions,

while the right panel illustrates their benefits.

Fortunately, it is unnecessary to determine the full sequence of
𝑚 compactions in advance. Instead, we only need to identify the
first compaction to execute at each decision point. This raises a
key question: Can we design a principled method to quantify both
the short-term penalty and long-term benefit of an intermediate
compaction candidate?
Short-Term Effect. The immediate drawback—or penalty—of exe-
cuting a compaction is that it occupies a background compaction
worker, potentially causing SSTs to accumulate at L0. This accumu-
lation can degrade read performance and even trigger a write stall.
We model the short-term cost as:

𝐸𝑠(𝑠, 𝑡) i

Read slowdown
(︁⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂[︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂(︂
𝐼𝑟 « 𝑡 « (𝑟 + 𝛼 « 𝑝)+𝑢𝑘 «max (0, 𝑠 + 𝑡 − 𝑐)

)︁⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂]︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂⌊︂)︂
Write stall penalty

(9)

Here, 𝑡 denotes the estimated duration of compaction with sorted
runs 𝑠 in the system.
Long-Term Effect. Compaction reduces the number of sorted runs,
which benefits all future reads within the current decision window.
We define the long-term benefit of a compaction that reduces 𝑦
sorted runs as:

𝐸𝑙(𝑦) i (𝑟 + 𝛼 « 𝑝) « 𝐼𝑟 «𝑦 (10)
Effectiveness Score. By integrating both effects, we define the
overall effectiveness of a compaction spanning 𝑡 windows and
reducing 𝑦 runs as:

𝐸(𝑠, 𝑡,𝑦) i 𝑀 « 𝐸𝑙(𝑦) − 𝐸𝑠(𝑠, 𝑡) (11)
The parameter 𝑀 scales the long-term benefit and is determined
by the current tree state, workload characteristics, and write stall
threshold. Section 3.4 provides guidance on selecting the appropri-
ate (𝑀,𝑐,𝑘) under different scenarios. Given a fixed (𝑀,𝑐,𝑘), Arce
can select the compaction with the highest effective score among
many compaction candidates.
Optimality Analysis. The effectiveness score not only signifi-
cantly improves the efficiency of compaction selection but also
reveals an important structural property among compaction candi-
dates—domination. Formally, we say that compaction 𝐴 dominates
compaction 𝐵 (denoted as 𝐵 ≺ 𝐴) if and only if 𝐴 reduces more
sorted runs as 𝐵 while requiring less compaction time. Using the
score-based evaluation defined in Equation 11, Arce ensures that
only non-dominated candidates are selected under any given pa-
rameter configuration (𝑀,𝑐,𝑘). We refer to these as dominating
compactions, which collectively form the left frontier in a two-
dimensional space, where the x-axis represents elapsed time 𝑡 and
the y-axis represents the number of reduced sorted runs 𝑦, as illus-
trated in Figure 6.
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Algorithm 1: FindBestParams(𝑀,𝑐,𝑘)
Input: Current tree state 𝑆 and workload (𝑟,𝑢, 𝑝)
Output: Best parameters (𝑀,𝑐,𝑘)

1 bestCost←∞ ;
2 bestM, bestc, bestk← null ;
3 foreach valid (𝑀,𝑐,𝑘) do
4 totalCost← 0 ;
5 𝑆

′
← 𝑆 ;

6 for 𝑖 ← 0 to MaxIterTime do
7 Select compaction reducing 𝑦 runs and spanning 𝑡

windows based on (𝑀,𝑐,𝑘) ;
8 totalCost← totalCost + f(|S’|,t);
9 totalOps← totalOps + 𝑡 « (𝑟 +𝑢 + 𝑝);

10 𝑆
′
← 𝑆

′ removes compacted runs and installs result ;
11 avgCost← totalCost / totalOps
12 if avgCost < bestCost then
13 bestM← 𝑀 ;
14 bestc← 𝑐 ;
15 bestk← 𝑘 ;
16 bestCost← avgCost ;

17 return (𝑏𝑒𝑠𝑡𝑀,𝑏𝑒𝑠𝑡𝑐,𝑏𝑒𝑠𝑡𝑘)

Lemma 3.3. If 𝐴 ≺ 𝐵, the effectiveness score of 𝐴 is less than 𝐵.

Proof. The long-term effect of 𝐵 will increase by (𝑟 +𝛼 «𝑝) « 𝐼𝑟 «
(𝑦2 −𝑦1), while the short-term effect of 𝐵 will decrease by at least
𝐼𝑟 « (𝑡1 − 𝑡2) « (𝑟 + 𝛼 « 𝑝) +𝑢𝑘 «max(0, 𝑡1 − 𝑡2 + 𝑠 − 𝑐). Therefore, the
effectiveness score of 𝐵 is larger than 𝐴. □

In our extended version [1], we show that every dominating
compaction can be selected by some (𝑀,𝑐,𝑘), and at least part of
the dominating compaction must occur in the optimal sequence.

3.4 Parameter Selection

Achieving approximately optimal compaction selection requires
properly setting the parameters. However, determining the opti-
mal values of the three parameters (𝑀,𝑐,𝑘) over time is itself an
NP-hard problem. Fortunately, it is not necessary to determine all
parameters simultaneously. Instead, we only need to ensure that the
parameter values chosen at each decision point are suitable, and we
can update them periodically as the system evolves. To this end, we
adopt a simple yet effective simulation-based approach. We itera-
tively explore a wide range of candidate (𝑀,𝑐,𝑘) combinations and
evaluate their effectiveness by simulating continuous compaction
decisions. For each configuration, we estimate the average system
cost over a sufficiently long period. The parameter set yielding the
lowest cost is then selected. This process is detailed in Algorithm 1.

The underlying intuition is that when the tree state (e.g., total
data volume and number of sorted runs) and the workload remain
relatively stable, there exists a tuple of parameters (𝑀,𝑐,𝑘) that can
continuously guide the selection of themost suitable compactions to
minimize system cost. A new parameter tuple is required only when
any of them varies beyond a predefined recomputing threshold 𝑑
(𝑑 ∈ (0, 1)). In our implementation, we use 𝑑 i 0.1, which strikes a
balance between simulation overhead and responsiveness, ensuring
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Figure 7: Overview of the architecture of ArceKV

satisfactory performance without frequent re-selection. A detailed
evaluation of this threshold is provided in Section §5. To further
reduce simulation time, we employ several optimization techniques,
including candidate pruning and multi-threaded computation, as
described in Section §4.

4 ARCEKV: WORKLOAD-DRIVEN KV STORE

As shown in Figure 7, ArceKV, built upon Arce introduced earlier,
incorporates four key components: Workload Statistics, Elasti-
cLSM, Background Simulation, and Arce’s score-based compaction
selection. The Workload Statistics module monitors operations and
reports windowed counts (𝑟,𝑢, 𝑝) every one million operations.
The Background Simulation module implements Algorithm 1, out-
putting 𝑐 and 𝑘 to RocksDB’s write controller to manage write
stalls, and forwarding𝑀 , 𝑐 , and 𝑘 to Arce’s score-based selection
module to determine optimal compactions according to Equation 11.
ElasticLSM manages SSTables organized into sorted runs and lev-
els, which Arce dynamically compacts based on these decisions.
All components are implemented within RocksDB. The following
section details the implementation.
Parallel Simulation. Unlike tree traversal, the score-based sim-
ulation is inherently parallelizable, as each (𝑀,𝑐,𝑘) tuple can be
evaluated independently. Distributing the computation across mul-
tiple threads can significantly accelerate the algorithm. By default,
ArceKV uses 16 threads to run these simulations, which complete
well within a single window. Additionally, the effectiveness scores
are computed through linear transformations of compaction size
𝑋 , reduced runs 𝑦, and elapsed windows 𝑡 . This structure allows
us to vectorize the score computation across all compaction can-
didates using the Eigen library [39]. Eigen applies SIMD (Single
Instruction, Multiple Data) optimizations under the hood, further
improving simulation efficiency.
Parameter Pruning. To reduce computational overhead, we adopt
coarse-grained parameter tuning. For 𝑀 , we use a step size of 5,
as nearby values yield similar compaction choices; for 𝑐 , we use a
step size of 2, since closely spaced (𝑀,𝑐) pairs produce compara-
ble results. We also set upper bounds:𝑀 is capped at the smallest
value selecting the compaction with the largest reduction in sorted
runs (upper-right candidate in Figure 6(a)), and 𝑐 is limited to less
than 4× the current run count, as exceeding this should already
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Table 2: Operation Ratios Composition

A B C D E F G H I J
range(%) 98 1 1 49 2 49 40 40 20 33
update(%) 1 98 1 2 49 49 40 20 40 33
point(%) 1 1 98 49 49 2 20 40 40 33

trigger re-selection based on the change threshold in the previous
section. For the write stall penalty 𝑘 , performance changes sig-
nificantly only when it is doubled or halved. Thus, we initialize
𝑘 i 6 (RocksDB’s default stall rate) and test two additional values
by successive doubling, as finer granularity provides diminishing
returns. Finally, we cap the simulation iterations for each parameter
tuple at MaxIterTime (typically 400) to ensure completion before
the tree state drifts, while keeping the duration long enough to
capture long-term benefits. Under a balanced workload (𝑟 i 𝑢 i 𝑝),
a window lasts over 200 ms and simulation completes within 150ms,
keeping the system responsive during parameter selection.
Multi-threading Extension. The cost model in Section §3.2 as-
sumes a single foreground thread and one background compaction
worker, whereas real systems typically execute multiple foreground
threads concurrently. Although the per-operation I/O cost remains
unchanged, parallel execution reduces the number of elapsed com-
paction windows. Following Cosine [14], we model this effect using
Amdahl’s Law [5]. With 𝜂 cores and parallelizable fraction 𝜙 , the
speedup is 𝑔 i 1

1−𝜙(1−1⇑𝜂) , yielding an adjusted compaction dura-
tion 𝑡 ′ i 𝑡⇑𝑔. Based on profiling, we set 𝜙 i 0.5.

To support multiple background workers, ArceKV tracks avail-
able compaction threads. When multiple workers are idle, newly
flushed SSTables are assumed to compact immediately and no
penalty is applied; otherwise, a delay penalty is introduced. The
system also monitors thread, memory, and I/O utilization, applying
a large penalty when resources become saturated.

5 EVALUATION

This section presents the experimental evaluation of ArceKV. All
experiments are conducted on a machine equipped with an Intel
Core i9-13900K CPU (5.40GHz), 128GB of RAM, and a 1TB NVMe
SSD, running 64-bit Ubuntu 22.04 with an ext4 file system. To simu-
late realistic deployment scenarios, where not all system memory is
allocated to RocksDB (e.g., TiKV recommends allocating 70% [69]),
We follow Disco [106] in using the cgroup command to cap total
memory usage at 75GiB. In terms of baselines, we include both
widely adopted compaction strategies, such as Leveling [37], 1-
Leveling [33], and Tiering [53], and recently published academic
state-of-the-art LSM-tree systems with available artifacts, includ-
ing LazyLeveling [26], Moose [58], Ruskey [64], and CAMAL [98].
These systems are all capable of handling point lookups, range
queries, and updates issued in random order and speed using a
unified handler thread. To ensure fair comparison and practical
generalizability, we adopt RocksDB’s default configuration, using
one background compaction thread and one flush thread. Addi-
tionally, to broaden the evaluation of effectiveness, we include
industrial-grade systems such as Pebble [52], WiredTiger [19], and
Cassandra [53] as baseline
Baselines. The following systems and compaction strategies are
used as baselines:

● Leveling (abbr. Lvl): Maintains at most one sorted run per level
and increases level capacity using a fixed size ratio𝑇 . This policy
is optimal for read-intensive workloads.

● Tiering (abbr. Tier): Allows up to 𝑇 sorted runs per level, also
growing capacity by size ratio 𝑇 . It is designed to favor write-
intensive workloads by minimizing compaction overhead.

● 1-Leveling (abbr. 1-L): The default compaction style in RocksDB.
Unlike traditional Leveling, it allows up to 20 sorted runs at the
first level, making it particularly effective for read-heavy work-
loads and also adaptive to workloads with a portion of writes.

● LazyLeveling (abbr. LL): Structurally similar to Tiering but
maintains only one sorted run at the largest level. This hybrid
design improves performance for mixed read-write workloads.

● Moose (abbr. MSE): Leverages a dynamic programming algo-
rithm to configure an LSM-tree structure that achieves an optimal
balance among point lookups, range queries, and updates based
on the given workload.

● Ruskey (abbr. RKY): Uses a reinforcement learning (RL) model
to guide structural transitions, reducing the overhead of adapting
to new workloads. Ruskey fixes the size ratio at 𝑇 i 10, while
the number of sorted runs at each level is determined by the RL
policy.

● CAMAL (abbr. CAM): Employs active learning to optimize
structural parameters, such as size ratio and the number of sorted
runs per level as well as the allocation of memory to Bloom filter,
cache, and Memtable.

Implementation of Baselines. To ensure a fair comparison, all
compaction policies except Ruskey2 and CAMAL3 are implemented
on top of the Moose codebase4, a framework based on RocksDB
that supports configurable numbers of sorted runs and level capac-
ities. Leveling, Tiering, and LazyLeveling are implemented using
this framework, each configured with a size ratio of 𝑇 i 10. For
Moose, the size ratios and the number of sorted runs per level are
determined by its dynamic programming algorithm. In our eval-
uation, we set these values to 40, 40, 41 for size ratios and 6, 6, 6
for sorted runs, ensuring they accommodate the total number of
entries to be ingested. ArceKV (abbr. ARC) implements on top
of RocksDB and sets the total level to 4, the I/O cost 𝐼𝑤 i 15us and
𝐼𝑟 i 12us based on the system profiling result. We use a Bloom
filter with 10 bits-per-key for all baselines, following RocksDB’s
default implementation. Keys are fixed at 24 bytes, and values at
1,000 bytes and the write buffer is 2MB which is consistent with
configurations commonly used in prior studies [26, 58, 64].
Dynamic Workload Generation. To construct realistic dynamic
workloads, we primarily follow the approach used in Ruskey, which
involves combining multiple sub-workloads with varying read-
write ratios. To further enhance flexibility and realism, we distin-
guish between point lookups and range lookups when composing
these workloads. We adopt several typical workload configurations
evaluated in Endure [43] and Moose [58], with their compositions
summarized in Table 2. We define two primary compound work-
loads:

2The implementation of Ruskey was obtained from the original authors. It is built on
RocksDB.
3https://github.com/NTU-Siqiang-Group/CAMAL
4https://github.com/NTU-Siqiang-Group/MooseLSM
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Figure 8: Average latencies and P99.9 latencies for all the methods under Workload I and Workload II.

Workload I

A B D J C E AvgTput
1-L 3.52x 2.29x 3.20x 1.14x 2.60x 1.04x 1.45x
Lvl 3.07x 1.00x 2.78x 1.11x 2.21x 1.00x 1.19x
Tier 1.00x 4.21x 1.31x 1.16x 1.35x 2.50x 1.03x
LL 1.08x 3.65x 1.20x 1.47x 1.35x 1.33x 1.00x
MSE 2.76x 1.85x 1.68x 1.26x 1.57x 1.91x 1.40x
RKY 1.82x 1.92x 1.00x 1.00x 1.00x 2.39x 1.07x
CAM 4.65x 1.25x 3.07x 1.68x 2.23x 1.29x 1.57x
OURS 6.04x 10.60x 1.96x 2.81x 3.08x 5.89x 2.92x

Workload II

J E B F J C AvgTput
1-L 2.18x 1.18x 1.26x 1.45x 2.84x 1.24x 1.53x
Lvl 1.74x 1.00x 1.00x 1.53x 3.19x 1.42x 1.51x
Tier 1.00x 1.72x 4.34x 1.00x 1.00x 1.00x 1.00x
LL 1.23x 1.18x 1.48x 1.37x 2.17x 1.20x 1.37x
MSE 1.99x 1.76x 4.10x 1.39x 1.73x 1.54x 1.53x
RKY 1.45x 2.00x 3.00x 1.59x 1.58x 1.05x 1.42x
CAM 2.30x 1.01x 1.54x 1.67x 2.99x 1.61x 1.72x
OURS 2.74x 2.60x 10.62x 1.64x 2.79x 2.10x 2.17x
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Figure 9: The table (left) shows the normalized throughput of each sub-workload in Workload I and Workload II; The figures

(right) presents the change of write stall, total compaction bytes, the change of sorted runs, and the total read I/O when executing

Workload I.

● Workload I: This compound workload consists of A, B, D, J, C,
and E, with each sub-workload containing 40,960,000 operations,
totaling 245,760,000 operations. It inserts approximately 74GiB
of new data.

● Workload II: This workload comprises J, E, B, F, D, and C, with
40,960,000 operations per sub-workload, totaling 245,760,000
operations and inserting 94GiB new data.

The workload ratios in Workload I shift more abruptly—from a
high write ratio to a low one—while Workload II exhibits a more
gradual transition, with the write ratio slowly decreasing over time.
For multi-threaded evaluation and comparison with industrial KV
stores, we use Workload III, composed of G, H, and I workloads,
each with 20,480,000 operations. This setup avoids extreme read-
or write-heavy cases that are less reflective of production scenarios.
Before running any test workload, we preload the system by se-
quentially writing 40GiB of data (about 40 million entries) to ensure
a stable compaction state, enabling fair evaluation of write-friendly
strategies like Tiering and LazyLeveling.

5.1 System Performance

Overall, ArceKV demonstrates consistently strong perfor-

mance under both Workload I and Workload II. Figure 8 com-
pares seven methods across two long-running workloads, Work-
load I and Workload II, each composed of multiple subworkloads
with diverse read-write ratios, totaling up to 140GiB of data. Across
both workloads, ArceKV consistently maintains top-tier perfor-
mance, ranking first in nearly all subworkloads, except during the

transition from workload B to workload D. This specific transition
involves a sharp shift from an extremely write-intensive workload
(B) to a read-intensive one (D), posing a significant challenge for
systems to adapt promptly. Despite this abrupt change, ArceKV
still performs competitively, only slightly trailing behind the two
read-optimized baselines, 1-Leveling and Leveling. In Workload II,
the transition from F to D is less drastic. Here, ArceKV performs
similarly with 1-Leveling and Leveling. While these two baselines
are optimized for read-heavy workloads, they struggle in write-
intensive scenarios due to frequent and aggressive compactions.
Conversely, Tiering and LazyLeveling allow more sorted runs per
level and adopt lazier compaction strategies, reducing write stall
and performing well under write-heavy workloads, but at the cost
of degraded read performance due to excessive run accumulation.

Moose does not offer a robust solution for adapting structural
configurations across varying workloads. The configurations it gen-
erates differ significantly (e.g., size ratios changing from 7,7,7,6,5
to 24,23,24), making direct transitions between them impractical
without incurring severe performance degradation. To mitigate this,
we compute a unified configuration for Moose based on the total
number of inserted entries and the average workload composition.
Similarly, since CAMAL is also designed for static workloads, we
provide its trained model with the average workload composition
to derive the structural parameters. While both CAMAL and Moose
perform well overall under this setting, their performance deteri-
orates significantly in extreme workloads such as B and E, falling
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Table 3: Performance comparison under diverse query

distribution workloads in the YCSB benchmark.

Normalized Throughput
YCSB-A YCSB-B YCSB-C YCSB-D YCSB-E YCSB-F

1-L 1.44× 1.00× 1.94× 1.00× 3.89× 1.42×
Lvl 1.00× 1.25× 1.53× 1.13× 2.79× 1.00×
Tier 2.77× 1.25× 1.04× 1.14× 1.00× 2.77×
LL 2.11× 1.29× 1.00× 1.24× 1.07× 2.17×
MSE 1.87× 1.84× 1.62× 1.57× 2.89× 1.89×
RKY 2.42× 2.05× 1.55× 1.25× 1.45× 2.72×
CAM 1.37× 2.03× 1.49× 1.60× 2.45× 1.37×
OURS 4.18× 2.26× 2.34× 1.89× 5.47× 4.21×

Figure 10: (a) and (b) illustrate the stabilization speed of ArceKV; (c) reports its performance under multi-threaded workloads;

and (d) compares ArceKV with other industrial key–value stores. The table on the right summarizes ArceKV’s performance

under skewed workloads (e.g., YCSB). Throughputs (operations per second) of all systems are normalized relative to the

minimum value observed in each workload.

well behind the top-performing baselines. In contrast, Ruskey dy-
namically computes the most suitable configuration and employs an
efficient adaptation strategy. While Ruskey performs satisfactorily
in scenarios with gradual workload changes or sufficient updates,
its adaptation can lag under abrupt shifts or under read-intensive
workload. As shown in Figure 9(a) and (b), Ruskey achieves a con-
vergence rate comparable to ArceKV under workload F with suffi-
cient updates, but adapts more slowly during transitions to highly
read-intensive workloads such as D.

Furthermore, as shown in Figure 8(c) and (d), ArceKV maintains
consistently low P99.9 latency over time, without incurring sig-
nificant write stall or read overhead compared to other methods.
This demonstrates the robustness and stability of ArceKV under
varying workload conditions.
ArceKV orchestrates compactions and stalls more intelli-

gently through the flexible LSM structure ElasticLSM. Fig-
ure 9 presents additional metrics from Workload I to highlight the
benefits of ElasticLSM’s structural flexibility. Under read-intensive
workloads such as A and D, ElasticLSM is able to reduce the num-
ber of sorted runs more quickly than even Leveling by performing
multi-level compactions. In contrast, under write-intensive work-
loads like B, ElasticLSM defers compactions more aggressively
than Tiering and LazyLeveling by allowing more sorted runs to
accumulate in the system. This enables ArceKV to maintain rela-
tively low write stall time while still performing compactions as
eagerly as Leveling when necessary. As a result, ArceKV achieves
nearly the same read I/O efficiency as 1-Leveling over time, demon-
strating its ability to strike a dynamic balance between compaction
aggressiveness and write stall control.
ArceKV exhibits superior scalability under concurrent work-

loads than other baselines. As shown in Figure 10(c), we evaluate
six methods (excluding Ruskey and CAMAL) usingWorkload III un-
der 1, 4, 8, and 16 foreground threads. Ruskey and CAMAL are omit-
ted because they rely on collecting performance metrics from the
system and lacks synchronization mechanisms for multi-threaded
scenarios. Additionally, the Moose framework does not support
multiple background workers, so we fix the number of background
threads to one and vary only the number of foreground query
threads. Overall, as the number of threads increases, all methods

show improved throughput, but ArceKV achieves the greatest
gains. This is because higher thread counts intensify updates, ac-
celerating sorted run accumulation. Methods like 1-Leveling and
Leveling struggle with frequent write stalls due to low stall thresh-
olds, while Tiering and LazyLeveling perform better thanks to
higher thresholds. In contrast, ArceKV dynamically adjusts its stall
threshold and compaction scheduling (Section §4) to account for
multi-threading, effectively balancing read and write performance
and delivering the highest scalability.
ArceKV outperforms other industrial key-value stores. As
shown in Figure 10(d), ArceKV achieves the highest throughput
when evaluated against Pebble, WiredTiger, and Cassandra on
Workload III. WiredTiger offers strong write performance but suf-
fers on range lookups due to its size-tiered compaction, which
merges up to 15 chunks [67], leading to more sorted runs and higher
lookup overhead. Cassandra incurs substantial local overhead from
its distributed consistency mechanisms, resulting in lower perfor-
mance. Pebble performs slightly worse than RocksDB, likely due to
Go’s garbage collection and system call costs. In contrast, ArceKV
efficiently manages on-disk data and dynamically adjusts write
stalls, consistently outperforming these baselines.
ArceKV delivers strong performance under query-skewed

workloads. To evaluate ArceKV’s ability to handle skewed query
distributions, we benchmark it against six alternativemethods using
the YCSB suite. The workloads include: YCSB-A (Read-Write bal-
anced), YCSB-B (Read-heavy), YCSB-C (Read-only), YCSB-D (Read-
heavy with latest keys), YCSB-E (Range-heavy with latest keys), and
YCSB-F (Read-Update balanced). Among them, workloads YCSB-C
and YCSB-B follow a Zipfian distribution, YCSB-D focuses on the
most recent insertions, while YCSB-A, YCSB-E, and YCSB-F use a
uniform distribution. Across all workloads, ArceKV consistently
achieves top-tier performance.

ArceKV performs exceptionally well in write-read mixed work-
loads because it avoids re-simulating parameter configurations
when the workload shifts, resulting in consistent and robust per-
formance. Moreover, by broadening the compaction space through
ElasticLSM, ArceKV is able to identify more effective actions to
optimize system behavior.
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Figure 11: Internal parameter studies of ArceKV
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Figure 12: Common LSM parameter studies
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Figure 13: Case studies of various cases: (a) and (b) are the latencies of long multi-versioned chain scenario; (c) and (d) are

latencies of continuous workloads; (e) and (f) are latency of ArceKV integrated with range filter.

5.2 Parameter Studies

Recomputing Threshold 𝑑 Figure 11(a) shows the background
cost and foreground query latency under different values of the
recomputing threshold 𝑑 , which determines how much the tree
state or workload must change before recomputing the parameter
tuple (𝑀,𝑐,𝑘). When 𝑑 is too small, parameters are recomputed
too frequently, resulting in substantial background overhead that
may slightly impact foreground query latency. As 𝑑 increases, the
background cost drops sharply and stabilizes beyond 𝑑 i 0.1, where
query latency also reaches its lowest point. This suggests that 𝑑 i
0.1 offers a good balance between minimizing recomputation cost
and maintaining responsiveness to dynamic workload changes.
Simulation MaxIterTime. This parameter controls the number of
iterations (i.e., compaction decisions) used to evaluate the effective-
ness of a given parameter tuple (𝑀,𝑐,𝑘) under the current workload
and tree state in the simulation. As shown in Figure 11(b), setting
MaxIterTime too high can prolong the simulation and delay the
timely adaptation of parameters, potentially degrading performance.
Conversely, setting it too low may fail to capture the long-term
effects of compactions, leading to suboptimal parameter choices.
Through empirical evaluation, we find that 400 iterations offer a
good balance between responsiveness and evaluation accuracy.
Justification of ArceKV’s Cost Model. To evaluate the accuracy
of the cost model proposed in Section §3, we compare the model’s
predictions against actual system latency during the execution of
sub-workload J in Workload II. As shown in Figure 11(c), the pre-
dicted cost closely follows the trend of the observed latency over
time. For each operation, we decompose both the theoretical and
real costs into three categories: point lookups, range lookups, and
updates. The results indicate that the estimated cost for each oper-
ation type aligns well with the actual measured latency, validating
the effectiveness of our model.

Accuracy of Estimating Compaction Windows. In Section §3.2,
we estimate the number of count windows spanned by a compaction
using Equation 5. Figure 11(d) presents over 500 estimated com-
paction durations, ranging from 4MB to nearly 20GB, compared
against their actual elapsed windows when running sub-workload J
in Workload II. The results indicate that while estimation accuracy
decreases slightly for larger compactions with longer execution
times, the absolute error remains bounded within 3 windows.
Common Parameter Studies of LSM-Trees. To assess the ro-
bustness of our method, we evaluate ArceKV using Workload III
under a variety of commonly used LSM-tree configurations. As
these parameters are tuned by CAMAL’s model, we exclude it from
this evaluation. These include buffer sizes ranging from 16MB to
128MB, cache sizes from 128MB to 4096MB, and entry sizes from
128B to 2048B, presented in Figure 12(a) to (c). Across all 12 tested
configurations, ArceKV consistently delivers the strongest or near-
best performance, demonstrating its adaptability and resilience to
diverse system settings.
Space Amplification. Although ArceKV focuses on read and
write performance rather than space efficiency, its space amplifi-
cation remains well controlled, as shown in Figure 12(d). Under
workload J, which includes 36GiB of new updates and 18GiB of
duplicates, Leveling yields the lowest amplification, but ArceKV
follows closely with only a 0.05 increase. This is because ArceKV’s
lookup-driven compactions still merge overlapping runs, effectively
removing duplicates and limiting space growth.
Background Cost in ArceKV. Figure 12(e) shows the CPU time
spent on background tasks in ArceKV, including compaction, flush-
ing, simulation, and decision-making. With suitable values for 𝑑
and MaxIterTime, simulation adds only 2% overhead, and decision-
making contributes less than 1%, due to the efficiency of score-based
selection and SIMD acceleration.
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5.3 Case Studies

Read Amplification under MVCC.When updates concentrate
on a small key set, write amplification stays low but long version
chains can hurt read performance. To evaluate ArceKV under this
condition, we simulate a multi-version workload with 1 million hot
keys over 100 million operations, following Workload III (updates,
point, and range lookups). We report average latency and read
amplification, as requested by the reviewer, in Figure 13(a) and (b).
In theory, Leveling and 1-Leveling are well suited to this setting due
to the small size increase (1 GiB) and aggressive pruning. Similarly,
ElasticLSM detects small incoming runs, assigns low compaction
penalties (Equation 11), and converges to Leveling-like behavior,
achieving comparable read latency and amplification.
Continuously ChangingWorkload.We gradually vary the write
ratio from 10% to 90% and back to 10%, creating a smooth work-
load gradient rather than abrupt changes. At each ratio, we issue
about 500,000 mixed read and write operations to reflect realistic
fluctuations. As shown in Figure 13(c) and (d), ArceKV achieves
the best or near-best performance throughout execution and the
lowest average latency. These results demonstrate that ArceKV
maintains stable, adaptive performance under smoothly evolving
workloads, enabled by its workload-aware compaction and write-
stall mechanisms.
ArceKV with Range Filters. As shown in Figure 13 (e) and
(f), to assess how range filters [16, 21, 83] enhance ArceKV, we
integrate Grafite [21], a lightweight and easily pluggable range
filter, and compare it with GRF [83], a state-of-the-art LSM-tree
system featuring range filtering. Grafite in ArceKV is serialized
into SSTables during compaction and deserialized during queries.
Additionally, we record the effective ratio of the filters (defined
as the reduction in run accesses divided by the total number of
run accesses) and multiply this ratio by the cost of range lookups.
We evaluate mixed workloads with update ratios from 10% to 90%.
Overall, ArceKV+Grafite improves throughput by about 20% over
the original version and achieves roughly half the latency of GRF.
The gap arises because GRF’s LazyLeveling policy improves point
lookups and updates but adapts poorly to shifting update ratios,
whereas its advanced position encoding gives it an edge in pure
range lookups. Incorporating such encoding into ArceKV remains
a direction for future work.

6 RELATEDWORK

Key-value stores. Over the past decade, extensive research has
advanced key-value stores. Hardware-focused studies [9, 32, 54, 82,
85, 92, 93, 102] optimize for modern storage technologies, including
advanced SSDs [17, 32, 92, 93, 99], RDMA [86, 88], non-volatile
memory [48, 54, 103, 107], and disaggregated memory architec-
tures [40, 77, 91]. These systems improve parallelism [85] and write
throughput [9, 82, 102] by aligning architectures with hardware
capabilities. In cloud environments, several works [45, 49, 79] in-
tegrate cloud-specific overheads into system design, while others
rethink key-value store architectures entirely [3, 55, 63, 88, 101, 110],
enabling new system-level innovations. Unlike our work, these ef-
forts target diverse environments and architectures, rather than
focusing specifically on LSM-tree optimization.
Optimization of LSM-based key-value stores. There has been
rapid progress in optimizing LSM-trees, driven by rethinking their

core components. Innovations include advanced compaction poli-
cies [14, 26, 27, 43, 44, 46, 58, 66, 74, 84, 105] and update-friendly
compaction schemes [29, 71, 73, 75, 90, 96, 97], both aiming to bal-
ance write amplification and responsiveness. Other work improves
filtering structures like Bloom filters [25, 28, 56, 70, 104, 108, 109],
range filters [16, 51, 62, 100], and cache policies [87, 89] to cut
unnecessary I/O. Additional directions leverage emerging hard-
ware [4, 31, 57, 81, 82, 85, 102], bridge LSM-trees with update-
in-place architectures [99], and optimize via key-value separa-
tion [23, 24, 59], disaggregated storage [10], selective flushing [7],
and improvedmemory/concurrencymanagement [11, 36, 50, 61, 78].
Other studies target tail-latency reduction [8, 60, 75], exploit data
characteristics [2, 65, 72, 94], or adapt LSM-trees to cloud environ-
ments [14, 15, 42]. Most, however, optimize LSM-based key-value
stores without explicitly incorporating workload characteristics
into their design.
Cost-Model-Based Compaction Optimization. Unlike tradi-
tional Leveling and Tiering policies, recent LSM-tree optimiza-
tion techniques employ cost models that quantify the cost of dif-
ferent operations to identify the most efficient compaction strat-
egy [26, 27, 58, 64, 66, 84, 98]. These approaches can be broadly clas-
sified into two categories: workload-unaware and workload-aware
methods. The former seek generally robust performance across
diverse workloads, whereas the latter aim to achieve optimal effi-
ciency for specific workload patterns. Workload-unaware methods
such as LazyLeveling [26], EcoTune [84], Moose [58], Spooky [29],
and QLSM-Bush [27] model the costs of various operations and
theoretically determine structural parameters or compaction behav-
iors that provide stable performance across diverse workloads. In
contrast, workload-aware approaches such as Vertiorizon [66], CA-
MAL [98], Endure [43], and SMoose [58], explicitly incorporate the
operation probabilities of a given workload into their cost models,
enabling more accurate parameter tuning for targeted scenarios.
However, while workload awareness improves specialization, adapt-
ing between parameter configurations as workloads shift can incur
substantial transition costs. Ruskey [64] addresses this issue us-
ing reinforcement learning to mitigate transition inefficiencies. By
contrast, ArceKV not only considers workload composition but
also explicitly models and optimizes the transition process itself,
enabling continuous performance optimization rather than discrete
parameter transitioning.
7 CONCLUSION

Existing LSM-based key-value stores perform poorly under dy-
namic workloads due to static compaction and write-stall policies.
We propose ArceKV, a workload-driven system that adaptively
schedules compactions and adjusts write-stall thresholds based
on the current workload and LSM-tree state. Experiments show
that ArceKV consistently outperforms state-of-the-art approaches
under evolving workloads.
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