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Abstract

Log-structured merge-tree (LSM) engines such as RocksDB
achieve high write throughput by buffering updates in mem-
ory and propagating them to disk through background com-
pactions. However, once intermediate levels become satu-
rated, the engine must synchronously compact large vol-
umes of data before it can accept new writes, leading to
multi-second write stalls even at moderate overall storage
utilization.

We present Rabbit, a compaction design that bounds the
amount of compulsory compaction work on the ingest path.
Rather than relying on compaction scheduling or deferral,
Rabbit changes the granularity at which compaction is per-
formed and prioritizes low-amplification key ranges, allow-
ing the engine to unblock writes after compacting a bounded
amount of data.

Our evaluation using a RocksDB-based prototype shows
that Rabbit performs subsecond write stalls in our evaluated
workloads without increasing write amplification relative to
the default leveled compaction policy.
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1 Introduction

Log-structured merge-tree (LSM) engines [7, 10, 12, 13] such
as RocksDB sustain high write throughput using a multi-level
structure. The engine buffers incoming updates in memory
and incrementally propagates them to disk across levels. To
preserve sorted order, the engine performs compactions that
merge-sort data between adjacent levels once a level reaches
its size limit. Compactions execute in the background as
long as each level provides sufficient free space to absorb
incoming data, which allows the engine to run multiple com-
pactions concurrently across different levels.

The engine stalls client writes when it cannot flush the
in-memory component to the first on-disk level due to in-
sufficient space. These stalls occur when background com-
pactions fail to keep pace with the incoming write rate. To
mitigate this problem, LSM engines rely on techniques such
as compaction scheduling and compaction deferral.

Compaction scheduling approaches, such as Silk [1], as-
sign priorities to background operations based on their prox-
imity to the in-memory component. The engine prioritizes
memtable flushes and upper-level compactions because they
directly affect write availability. It assigns lower priority to
compactions deeper in the tree, since they do not imme-
diately block writes. Scheduling effectively prevents stalls
while larger levels still provide slack space. However, once
intermediate levels reach their configured size limits, sched-
uling no longer suffices. At that point, the engine must com-
plete all pending compactions that block progress toward
the top of the tree, regardless of priority. In typical LSM
configurations, intermediate levels reach capacity when the
system uses approximately 10 percent of its total storage

budget.
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Compaction deferral [7, 14, 15] complements scheduling
by allowing the engine to temporarily exceed the configured
size of individual levels. The engine tracks excess data us-
ing per-level overflow counters that record how many bytes
exceed each level’s target size. Current systems do not re-
balance overflow across levels. Deferral absorbs short write
bursts effectively and prevents immediate stalls. Under sus-
tained write-heavy workloads, however, deferral increases
compaction sizes and amplifies stall duration. Once the en-
gine reaches the overflow limit, it must compact substantially
larger amounts of data before it can resume writes.

These stalls arise when intermediate levels become satu-
rated and block progress toward the lowest level. In this state,
the engine must compact data across multiple levels before
it can flush the next memtable, forcing large, synchronous
compactions on the write path. As a result, write availability
collapses once utilization crosses a configuration-dependent
threshold, even though sufficient total free space remains.

Prior work [1, 7, 15] primarily mitigates write stalls through
compaction scheduling or deferral, for example by priori-
tizing upper-level compactions or delaying work until addi-
tional resources become available. While these approaches
reduce the frequency of stalls, they do not change the amount
of data that must eventually compact to unblock writes. As a
result, they cannot prevent large, synchronous compactions
once blocking occurs.

To illustrate this effect, consider an LSM tree where the
first two on-disk levels have reached their size limits, while
deeper levels still have ample free space. When the engine
attempts to flush a full memtable, it cannot proceed until it
completes a chain of compactions across these full interme-
diate levels. Even though the memtable itself may contain
only tens of megabytes, the engine must compact gigabytes
of data to create sufficient space. As a result, clients observe
multi-second write stalls despite low overall storage utiliza-
tion.

These observations suggest that eliminating long write
stalls requires reducing the amount of data involved in each
compaction along the critical path from memory to disk.
However, naively reducing memtable or file sizes increases
the number of levels and significantly amplifies write ampli-
fication. Prior work either accepts this trade-off or focuses
on scheduling, which does not reduce the total volume of
data that must be compacted. In contrast, our approach re-
duces compaction size on the critical path while preserving
overall write amplification, without relying on scheduling
or deferring compaction work.

In this paper, we present Rabbit, which bounds the amount
of compulsory compaction work required to unblock writes.
Rabbit achieves this by reducing the granularity of com-
paction and prioritizing key ranges that incur low amplifica-
tion when compacted. By changing the unit of compulsory
work rather than its scheduling, Rabbit removes the utiliza-
tion cliff observed in RocksDB-class engines.
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Rabbit begins from a simple observation: smaller memta-
bles and smaller Sorted String Tables (SSTs) files reduce
the amount of data that must be compacted to unblock a
memtable, which directly reduces stall latency. However,
applying this change naively increases the number of LSM
levels and substantially amplifies write amplification. Rabbit
addresses this tension by decoupling compaction granularity
from overall write amplification.

Specifically, Rabbit uses small memtables and small SST
files in the common write path, which reduces the size of
compactions that block memtable flushes. To offset the result-
ing increase in write amplification, Rabbit opportunistically
creates key ranges in the first on-disk level that exhibit low
compaction amplification. These ranges allow the system to
compact data with significantly lower amplification early in
the LSM tree.

Rabbit then exploits this reduced amplification by increas-
ing the growth factor of the second level by up to 32x. This
design enables Rabbit to maintain a similar number of levels
and overall write amplification as state-of-the-art systems,
while substantially reducing the amount of data involved in
each compaction along the critical path.

Overall, our work makes the following contributions:

e We identify a utilization cliff in LSM engines caused
by unbounded compaction work on the write critical
path.

e We propose Rabbit, an LSM design that bounds critical-
path compaction size while preserving write amplifi-
cation.

e We demonstrate that Rabbit significantly reduces write
stall latency under write-heavy workloads.

2 Background

LSM key-value stores sustain high write throughput by buffer-
ing updates in memory and incrementally compacting data

across a multi-level on-disk structure [4, 12]. Each level is

typically configured to be a fixed growth factor larger than

the previous one, amortizing write costs by merging sorted

runs in the background. As long as each level provides suffi-
cient free space, compactions can proceed asynchronously

without affecting the foreground write path.

2.1 Write stalls and the critical path

Writes stall when the in-memory component cannot flush to
disk due to insufficient space in the first on-disk level [11].
At that point, the system must complete one or more com-
pactions along the path from memory to deeper levels to free
space. These compactions form a critical path that directly
blocks progress of the ingest pipeline.

A key observation is that the duration of a write stall does
not depend on the size of the flushing memtable, but on the
total amount of data that the engine must reorganize along
the critical path. When intermediate levels are full, the engine
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may need to move gigabytes of data across multiple levels
to compact a small memtable, which results in multi-second
stalls even on fast flash devices.

2.2 Low utilization, large stalls

In typical leveled LSM configurations [3-5, 12], intermediate
levels reach their target size when the database occupies
only a small fraction of total storage capacity. For common
growth factors (e.g., 8-10x), this occurs at roughly 10% over-
all utilization. Beyond this point, compactions become in-
terdependent: freeing space in an upper level requires first
compacting into a lower level that is already at capacity.

As a result, a memtable flush may trigger a chain of de-
pendent compactions spanning several levels. Although the
database as a whole has ample free space, the write path
remains blocked until the entire chain completes. This cre-
ates a sharp utilization cliff (a sudden transition from low to
extreme stall latency), where stall latency increases abruptly
rather than gradually as the system fills.

2.3 Bytes-to-unblock as a stall metric

To characterize this behavior, we focus on the amount of
data that must compact before a stalled memtable flush can
proceed, which we refer to as bytes-to-unblock. This metric
captures the minimum compulsory work on the critical path,
independent of scheduling or background parallelism.

Empirical measurements show that once intermediate lev-
els are full, bytes-to-unblock grows from tens of megabytes
to multiple gigabytes, even though the memtable size re-
mains unchanged. This growth directly translates into long
write stalls, as the engine must synchronously wait for all
dependent compactions to complete.

2.4 Limitations of existing mitigation techniques

Prior work mitigates write stalls primarily through com-
paction scheduling, throttling, or deferral. Scheduling ap-
proaches prioritize upper-level compactions to delay stalls,
while deferral mechanisms allow levels to temporarily ex-
ceed their size limits. These techniques are effective when
there is slack space in the LSM tree, but they do not reduce
the minimum amount of data that must be compacted once
intermediate levels reach capacity.

Consequently, when the system operates beyond the uti-
lization cliff, existing designs must still compact large vol-
umes of data on the critical path to unblock a single memtable
flush. Scheduling can change when this work occurs, but not
how much work is unavoidable.

2.5 Limits of Scheduling and Deferral Under
Saturation

Compaction scheduling techniques assign priorities to back-
ground work so that flushes and upper-level compactions
execute early. These techniques are effective while the LSM
retains slack space in intermediate levels. In that regime, the
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engine can advance the dependency chain ahead of time and
overlap compactions with foreground writes, reducing stall
frequency.

However, once intermediate levels approach their size
limits, the system enters a saturated regime. At that point,
freeing space in level L; requires completing compactions
into L;;1, which may itself be full. Progress is then governed
by dependency constraints rather than scheduling policy.
Scheduling still determines which ready compaction exe-
cutes next, but it cannot reduce the minimum compulsory
amount of data that must be reorganized before a memtable
flush can proceed.

In the best case, perfect scheduling reduces a stall to the
duration of a single critical compaction chain. Yet the size of
that chain remains large if compaction units (SST files) are
large.

Deferral-based techniques temporarily allow levels to ex-
ceed size targets by accumulating compaction debt. Defer-
ral is effective for absorbing bursts, but under sustained
write pressure it increases the size of future mandatory com-
pactions, potentially increasing tail stall latency once limits
are reached.

Overall, prior work reduces stall frequency and shifts work
in time, but does not provide an explicit bound on the amount
of compulsory work required to unblock a flush. Bounding
stall latency requires bounding the compaction unit on the
critical path.

3 Design

Design overview. Rabbit is designed to bound the amount
of work required to make progress on the ingest path. It
achieves this through two complementary mechanisms. First,
it reduces the granularity of compaction by using small
memtables and SSTs, limiting the size of individual com-
paction units. Second, it prioritizes compactions based on
overlap, selecting SSTs whose expansion into the next level
is small. Together, these ensure that each compaction oper-
ates on a bounded amount of data, even when the LSM tree
is highly utilized. Figure 1(b) contrasts the blocking com-
paction chain in a conventional leveled design with Rabbit’s
bounded critical-path compactions.

3.1 Objective: Bounding Critical-Path Work

Let S denote the target SST file size on the ingest path, f the
growth factor between adjacent levels, and k the number of
blocking levels on the critical path at the time of a flush.

We define compaction granularity G as the maximum num-
ber of input bytes of any single compaction that a memtable
flush may have to wait for in order to make progress. In
other words, G represents the compulsory unit of work per
level along the critical path.

In a conventional leveled LSM, compacting one file of size
S in level L; typically overlaps with ©(fS) bytes in level
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Figure 1. In conventional LSM designs (left), flushing a memtable when intermediate levels are full requires compacting large
amounts of data across multiple levels, resulting in multi-second write stalls. In Rabbit (right), compactions on the critical
path operate on small units, bounding the amount of data that must be reorganized to unblock writes, largely independent of

database size.

L;+1. The compulsory compaction unit per level is therefore
O(S(1 + f)) in expectation. If k consecutive levels are satu-
rated, the bytes that must be reorganized before a flush can
proceed are:

bytes-to-unblock = O(k - G), where G ~ S(1 + f).

Rabbit’s objective is to bound G on the ingest path, thereby
bounding the worst-case bytes-to-unblock, while preserving
competitive long-run write amplification.

3.2 Constraints

Any practical solution must respect three constraints com-
mon in production LSM deployments:

(1) The growth factor f cannot be arbitrarily reduced.
Lowering f reduces compaction width and thus granular-
ity, but increases write amplification and often increases
metadata and read costs by deepening the tree.

(2) File sizes cannot be uniformly shrunk across all
levels. Reducing S everywhere increases the number of lev-
els and lengthens dependency chains, partially offsetting
latency gains.

(3) Memory is typically controlled via the memtable
and L0 budgets. Operators regulate memory usage through
write buffer sizes and L0 thresholds. Increasing these budgets
can delay stalls or reduce amplification, but is often infeasible
in multi-tenant or memory-constrained environments.

These constraints imply that bounding critical-path granu-
larity requires a more selective approach than globally tuning
forsS.

3.3 Tension between granularity and amplification

In conventional LSM designs, compaction granularity and
write amplification are tightly coupled. Large SSTs amor-
tize merge costs across levels and keep amplification low,
but they also inflate the amount of data involved in each
compaction on the critical path. Conversely, small SSTs re-
duce stall latency by limiting compaction size, but increase
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amplification by violating the expected size ratios between
levels.

This coupling explains why prior work either accepts
long stalls or trades them for higher amplification. Existing
designs implicitly treat compaction granularity as fixed and
optimize around it.

3.4 Decoupling Critical-Path Granularity from
Global Amplification

Conventional leveled LSMs couple two roles: (i) the com-
paction unit that may block a flush, and (ii) the parameters
that determine long-run write amplification.

Rabbit separates these roles. First, it uses a small SST size
S along the ingest path and in the first blocking levels. This
bounds the maximum compaction unit that a flush may syn-
chronously wait for.

Second, it preserves competitive long-run amplification by
using asymmetric growth: it increases the effective growth
factor between upper levels (e.g., between L; and Ly) while
keeping conventional growth deeper in the tree. This main-
tains overall capacity scaling without uniformly increasing
granularity.

Finally, Rabbit prioritizes low-overlap key ranges when se-
lecting compactions on the critical path. By favoring ranges
whose overlap with the next level is small, it reduces the ef-
fective compulsory work per flush without globally changing
f. Together, these mechanisms bound critical-path granular-
ity while preserving the asymptotic amplification properties
of leveled LSMs.

4 Rabbit
4.1 Small-granularity ingest path

Reducing compaction granularity. Rabbit reduces the
size of individual compaction units by using small memta-
bles and SST files on the ingest path. In our implementation,
memtables are reduced from 256 MB to 8 MB, and SST sizes
range from 8-64 MB, compared to 64-256 MB in conven-
tional configurations.

This ensures that each compaction is triggered by a small
input and operates on a limited amount of data. Instead
of batching multiple sorted runs before compaction, Rabbit
flushes and propagates data incrementally, allowing progress
to be made through a sequence of small compactions. While
small SSTs reduce the size of compaction inputs, the total
work of a compaction still depends on how much data they
overlap in the next level. Rabbit therefore complements small
compactions with an overlap-aware selection policy.

4.2 Preserving amplification with asymmetric
growth

Shrinking SST sizes naively would either increase the num-
ber of levels or violate the growth factor between adjacent
levels, both of which increase write amplification. Rabbit
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avoids this by introducing asymmetry in the upper part of
the tree.

Specifically, Rabbit uses a larger growth factor between
the first two on-disk levels than between deeper levels. This
allows the tree to absorb fine-grained compactions near the
ingest path without increasing its overall depth. As a result,
Rabbit maintains the same number of levels as conventional
designs, despite operating with much smaller SSTs on the
critical path.

4.3 Opportunistic low-amplification compactions

Overlap-aware compaction selection. A larger growth
factor at the top of the tree increases overlap between adja-
cent levels, leading to higher amplification. Rabbit mitigates
this by exploiting heterogeneity in key-range overlap.

For each candidate SST s in level L;, Rabbit estimates the
compaction cost as the number of bytes in level L;;; whose
key range overlaps with s:

cost(s) = Z overlap(s, x)

X€Ljy1

Where overlap(s, x) denotes the number of bytes in SST
x whose key range intersects with s. Rabbit prioritizes SSTs
with minimum overlap cost. This ensures that each com-
paction expands into a bounded amount of data in the next
level, reducing the effective overlap factor « relative to the
growth factor f.

In practice, this partitions SSTs into two categories: low-
overlap SSTs that incur low amplification when compacted,
and high-overlap SSTs that would expand into large por-
tions of the next level. Rabbit prioritizes low-overlap SSTs
when available, using them to make progress with minimal
compaction work.

High-overlap SSTs are deferred but not starved. As lower-
cost candidates are exhausted, they eventually become the
minimum-cost options and are compacted as part of nor-
mal operation. This ensures progress without accumulating
unbounded compaction debt.

This policy bounds the amount of data each compaction
expands into, ensuring that progress can be made with lim-
ited and predictable work even under high utilization.

4.4 'What Rabbit changes and what it does not

Rabbit makes minimal changes to the overall LSM architec-
ture: It changes the granularity and ordering of compactions
near the write path. It modifies the size relationship between
the first two on-disk levels. At the same time, Rabbit pre-
serves key properties of conventional LSM engines: The total
number of levels remains unchanged. Write amplification
remains comparable to state-of-the-art systems. Memory us-
age does not increase. Together, these mechanisms ensure
that compaction work remains bounded and predictable, pre-
venting large expansions that would otherwise lead to stalls
under high utilization.
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Figure 2. Bytes-to-unblock as a function of storage utiliza-
tion.

5 Experimental Methodology

We evaluate Rabbit using a prototype built on top of RocksDB.
We conduct our experiments on a dedicated machine equipped
with two Intel(R) Xeon(R) CPU E5-2630 v3 CPUs running at
2.4 GHz, 256 GB of memory, and a Samsung 2TB NVMe flash
SSD. The operating system is Ubuntu Linux 20.04. We con-
figure RocksDB and Rabbit with 4 device levels, L; is 100 MB
and growth factor is 8, while using leveled organization [9].
We configure both systems to use direct I/O [8] as it saves
considerable CPU and makes I/O predictable compared to
buffered I/0.

Both systems use identical memory budgets (256 MB) [6],
background thread counts (4). The only differences are Rab-
bit’s fine-grained ingest path, opportunistic range selection,
and asymmetric growth configuration.

Our workloads are write-heavy (YCSB [2] Load A), de-
signed to stress the ingest pipeline by rapidly filling inter-
mediate levels. We focus on steady-state behavior after the
database grows beyond the point where intermediate levels
reach capacity.

We report three metrics. First, bytes-to-unblock, defined
as the amount of data that must compact before a stalled
memtable flush can proceed. Second, write stall duration,
measured as the time during which client writes block. Third,
write amplification, computed as the ratio of total bytes writ-
ten to storage to user-level bytes ingested.Space utilization
is the ratio of user-level data in the system to total storage
capacity.

6 Evaluation
6.1 Eliminating the utilization cliff

Figure 2 plots bytes-to-unblock as a function of space uti-
lization. In the baseline RocksDB configuration, bytes-to-
unblock increases sharply once intermediate levels reach
capacity, growing from hundreds of megabytes to multi-
ple gigabytes at approximately 10% utilization. This sharp
increase corresponds to the utilization cliff described in Sec-
tion 2. Once intermediate levels are full, each additional 10%
increase in storage utilization increases bytes-to-unblock by
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Figure 4. Write amplification for RocksDB and Rabbit.

a roughly constant increment (about 200 MB in this configu-
ration).

Rabbit removes multi-second write stalls in our evaluated
workloads, while the default RocksDB configuration exhibits
extended stall periods once utilization exceeds 10%. Across
all utilization levels, bytes-to-unblock remains bounded by
a small multiple of the SST size per level. Even when all
intermediate levels are full, unblocking a memtable flush
requires compacting only a limited amount of data on each
level, rather than triggering a chain of large dependent com-
pactions.This result confirms that bounding critical-path
compaction size is sufficient to eliminate long write stalls.

6.2 Tail latency and Write Stalls

Figure 3 shows tail latency behavior during execution as the
database grows beyond the utilization cliff. Each percentile
is computed across all operations in the workload, including
those that experience stalls. In the baseline RocksDB con-
figuration, P99 latency increases sharply once intermediate
levels reach capacity, reflecting the onset of multi-second
write stalls. P99.9 latency exhibits an even more pronounced
increase, indicating that a significant fraction of writes expe-
rience extreme stalls.
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In the baseline RocksDB configuration, stalls are infre-
quent at low utilization but become increasingly severe once
intermediate levels reach capacity. After this point, individ-
ual stall events last multiple seconds, reflecting the need
to compact large volumes of data across all levels before a
memtable flush can proceed. Stall duration remains roughly
constant with dataset size, but each stall remains large. At
10% stalls stabilize and RocksDB has alternating periods of 5
second stalls and normal operation, as the engine compacts
large amounts of data to unblock writes.

In contrast, Rabbit maintains sub-second P99.9 latency
across all utilization levels, even as the database grows be-
yond the point where intermediate levels are full. Although
stall events still occur, their duration remains limited and
does not increase considerably as utilization grows. This
behavior confirms that bounding the amount of compulsory
compaction work on the critical path is sufficient to prevent
catastrophic write stalls, even when intermediate levels are
full.

6.3 Write amplification

Figure 4 compares write amplification for RocksDB and Rab-
bit. In our experiment, Rabbit does not increase write am-
plification relative to the default leveled compaction policy
of RocksDB. This result suggests that low amplification key
ranges appear in the same levels as they would under the
default policy. Although Rabbit may perform additional com-
pactions to unblock memtable flushes, these compactions do
not increase overall write amplification in our workloads.

7 Conclusion

This paper shows that long write stalls in LSM-based key-
value stores are caused by unbounded compulsory com-
paction work on the write path’s critical chain, not by insuf-
ficient throughput or poor scheduling. Existing techniques
shift compaction work in time but do not reduce the amount
of work required to unblock writes.

Rabbit eliminates long write stalls by bounding critical-
path compaction size while preserving write amplification
and memory usage. By decoupling compaction granularity
from global amplification, Rabbit delivers predictable write
performance even at low overall utilization, providing a prac-
tical path toward stall-free LSM engines.
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