
How Much Can RocksDB Chew? Achieving Near-Zero Write
Stalls with Sustainable RocksDB

Hojin Shin
Dankook University

Yongin, Republic of Korea
hojin03s@dankook.ac.kr

Yongmin Lee
Dankook University

Yongin, Republic of Korea
ym.lee@dankook.ac.kr

Seehwan Yoo∗

Dankook University
Yongin, Republic of Korea

seehwan.yoo@dankook.ac.kr

Jongmoo Choi∗

Dankook University
Yongin, Republic of Korea
choijm@dankook.ac.kr

ABSTRACT

Modern data-intensive applications, from microservices to real-
time AI serving, demand consistently low tail latency from back-
end storage. However, log-structured merge-tree-based key-value
stores like RocksDB are structurally prone to unpredictable write
stalls. These stalls stem from a fundamental architectural decou-
pling of foreground write ingress and background data reorgani-
zation. By design, the system absorbs foreground writes at maxi-
mum speed without monitoring its actual time-varying compaction
capacity. As a result, it accumulates internal pressure until rigid
capacity thresholds are breached, triggering reactive safeguards
that abruptly freeze all foreground writes. Relying on this reactive
“stop-and-go” approach induces a persistent limit-cycle behavior,
undermining long-run predictability and strict latency guarantees.

We reframe write stalls as a continuous control problem. S-
RocksDB is a sustainable admission controller that regulates fore-
ground ingress to match the system’s time-varying compaction
capacity. Since this capacity varies at runtime, S-RocksDB employs
online reinforcement learning to discover a sustainable admission
rate. To ensure safe learning, a three-state operational model (SAFE,
SEMI-SAFE, UNSAFE) con�nes exploration to stable conditions and
deploys deterministic guardrails before stalls can occur. In 24-hour
evaluations, S-RocksDB reduces over 64.3M stalled writes to just 69,
bounds P99.99 tail latency to sub-0.11 ms, and delivers predictable
throughput with the lowest resource footprint among all compared
systems.
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1 INTRODUCTION

In the era of modern cloud infrastructure, data-intensive work-
loads have imposed unprecedented demands on backend storage
systems. Examples include large language model serving, personal-
ized recommendations [27], real-time analytics, and microservices
architectures [25]. These applications require not only high ag-
gregate throughput but, more critically, strict guarantees on tail
latency. Even millisecond-level delays at the 99th or 99.9th per-
centile can cascade through distributed call chains, severely degrad-
ing user experience and Service Level Agreements (SLAs) [21, 25].
As the foundational storage engine for many of these hyper-scale
services, Log-Structured Merge-tree (LSM) [44]-based Key-Value
Stores (KVSs) like RocksDB [24] face the heavy burden of provid-
ing consistently low latency under relentlessly high, time-varying
write pressure.

However, satisfying this demand is structurally challenging due
to the inherent decoupling of foreground write ingestion and back-
ground data reorganization (�ush and compaction) in LSM-KVSs.
When the incoming write rate persistently outpaces the system’s
background processing capacity, internal pressure accumulates.
This pressure manifests as proliferating Level-0 (L0) �les and soar-
ing pending compaction bytes, ultimately culminating inwrite stalls.
To prevent unbounded resource exhaustion and out-of-memory
crashes, reactive safeguards abruptly halt or throttle foreground
tra�c, trading latency consistency for temporary self-preservation.
Consequently, this reactive paradigm induces a persistent limit-
cycle behavior, shattering the predictable tail-latency required by
modern real-time applications.

Historically, storage systems and research communities have
attempted to mitigate these stall-induced oscillations through vari-
ous architectural and tuning interventions. Earlier solutions like
SILK [5] and MatrixKV [57] alleviate �ush/compaction bottlenecks
by introducing dedicated I/O schedulers or segregating NVM tiers.
Similarly, automated tuning frameworks (e.g., Endure [30], CDB-
Tune [60]) leverage machine learning to optimize internal con�gu-
rations. More recently, state-of-the-art approaches (e.g., ADOC [58],
RBC [55], RaKV [61]) dynamically adjust internal resources or uti-
lize bandwidth-aware controllers to smooth internal data�ow.

Yet, these advancements predominantly focus on maximizing
background capacity or managing I/O contention, rather than dis-
covering a strictly sustainable admission limit. Consequently, they
still rely on a fundamentally reactive, threshold-triggered binary
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lens for control: utilizing static rate limiting or forcibly throttling
incoming tra�c only after safe operating margins vanish. This re-
active paradigm fails to recognize the multi-dimensional, pre-stall
accumulation of pressure. Essentially, treating a write stall as an
emergency stop precludes modern KVSs from being sustainable and
predictable. Instead, KVSs should navigate the continuous pressure
dynamics to avoid stalls and guide it to a balanced, stable state.

In this paper, we present S-RocksDB (Sustainable RocksDB), a
continuous, sustainable admission controller designed to dynami-
cally discover and sustain the optimal ingestion rate. S-RocksDB
achieves this by continuously regulating write admission so that
admitted foreground ingress matches the system’s time-varying
background processing capacity (�int (C)), ensuring that ingestion
never persistently exceeds what the system can digest.

Tracking a sustainable ingestion rate is inherently complex, as
foreground writes, Level-0 growth, and compaction debt interact in
nonlinear and multi-dimensional ways that render rigid heuristics
andmanual tuning ine�ective. To address this challenge, S-RocksDB
employs a lightweight reinforcement learning (Q-learning) [52, 56]
controller that continuously adjusts the admission multiplier based
on observed system state. To ensure stability during exploration,
the Q-learning agent optimizes admission exclusively when the
system is in a stable, stall-free state (SAFE), while deterministic
guardrails at the SEMI-SAFE boundary preemptively absorb sudden
pressure surges, preventing the learning process from escalating
into catastrophic stalls. This encapsulation of learning within the
SAFE region and deterministic guardrails at the SEMI-SAFE bound-
ary enables sustainable admission control with negligible runtime
overhead.

The main contributions of this paper are as follows:

• We systematically analyze the multi-dimensional causes of
write stalls in RocksDB, demonstrating the limitations of
conventional limit-cycle controls and motivating the need
to track time-varying background capacity �int (C).

• We design a Q-learning-based admission controller that
learns the nonlinear relationship between ingress tra�c
and compaction debt online, operating out-of-process at
1-second epochs with negligible overhead.

• We introduce a hierarchical safety model (SAFE, SEMI-
SAFE, UNSAFE) that con�nes Q-learning optimization to
the SAFE region while enforcing deterministic guardrails
near critical boundaries.

• We conduct extensive 24-hour microbenchmarks and YCSB
evaluations, showing near-elimination of stalled writes and
sub-0.11 ms P99.99 write latency, whereas prior baselines
exhibit millisecond-level tail spikes.

2 BACKGROUND

This section reviews RocksDB’s write path and its built-in stall
safeguards. We focus on factual system behavior and terminology
needed for our later formulation and control design.

2.1 Write Path in RocksDB

RocksDB is an LSM-KVS that strictly decouples foreground write in-
gestion from background data reorganization. As shown in Figure 1,

Figure 1: Write processing pipeline in RocksDB.

incoming writes are initially bu�ered in memory as memtables and
subsequently persisted to storage via �ush.

When a mutable memtable becomes full, it is converted to an im-
mutable memtable, which is subsequently �ushed to disk as a Sorted
String Table (SST), initially placed in Level-0 (L0) [12]. Depending
on the con�guration, writes may also be logged to a write-ahead
log (WAL). In this paper, however, our focus is strictly on stall be-
haviors primarily driven by �ush and compaction backlogs, as well
as their related pressure signals.

Compaction merges and reorganizes SSTs across levels (e.g.,
L0→L1 and below), discards obsolete data, and minimizes key range
overlaps. Because compaction depends on the existing on-disk lay-
out (e.g., overlap, level sizes, and scheduling), its e�ective process-
ing rate inherently �uctuates over time. Crucially, this cascading
reorganization creates a �uid-like asynchronous delay between fore-
ground write throttling and actual background pressure relief. Even
if incoming writes are abruptly halted, data already accumulated
in memory bu�ers and L0 continues to cascade downward; there-
fore, internal pressure cannot be neutralized instantly. While this
architecture a�ords high write throughput, it renders runtime sta-
bility highly sensitive to the balance between write ingress and
background processing capacity.

2.2 Write Stall and Threshold-Based Safeguards

To prevent unbounded accumulation of internal backlog when
background processing fails to keep pace with foreground writes,
RocksDB incorporates threshold-based safeguardmechanisms.When
internal pressure grows beyond con�gured thresholds, RocksDB
exerts backpressure on the write path, delaying or temporarily
blocking foreground writes.

Operationally, two stall-related interventions are commonly ob-
served: write slowdown, where incoming writes are intentionally
delayed to constrain the ingestion rate, and write stop, where writes
are blocked until internal conditions recover. These protective ac-
tions are triggered and released based on strict threshold checks
against internal pressure signals.

Typical signals related to stall safeguards include: (i) L0 pressure
(e.g., too many L0 SST �les), (ii) compaction backlog (e.g., pending
compaction bytes indicating accumulated compaction debt), and (iii)
memory/�ush pressure (e.g., accumulation of immutable memtables
or �ush backlog risking memory exhaustion). A de�ning charac-
teristic of these safeguards is their reactive, threshold-triggered
nature: they activate only after speci�c metrics breach con�gured
limits, and deactivate once those signals retreat below safe thresh-
olds. Because these safeguards are purely threshold-triggered, they
intervene only after internal pressure escalates, often resulting in os-
cillatory, stop-and-go behavior under continuous write workloads.
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This limitation highlights the need for a proactive control mecha-
nism that regulates ingestion smoothly before critical thresholds
are breached.

2.3 Rate Limiting Mechanisms

Beyond reactive stall protections, RocksDB provides rate-limiting
mechanisms to cap I/O throughput, thereby indirectly in�uenc-
ing the pace of background work and write ingestion. In practice,
static rate caps are often employed as a workaround to reduce per-
formance variability and lower the likelihood of triggering stall
safeguards under continuous write-intensive workloads.

However, static rate limiting remains fundamentally a rigid con-
�guration mechanism: it caps overall throughput but neither ex-
plicitly models the system’s operating states nor adapts to its time-
varying background capacity. Consequently, the “optimal” limit is
highly dependent on evolving workloads. A static limit may thus
either underutilize available system resources or ultimately fail to
prevent stalls as background performance drifts.

The next section empirically characterizes how write stalls arise
in RocksDB and highlights limitations of purely threshold-triggered
safeguards and static rate control.

3 MOTIVATIONS

Write stalls appear as threshold-triggered events, but they usually
re�ect accumulated imbalance between foreground write ingress
and background �ush/compaction capacity. This imbalance is due
to the structural instability of LSM-KVSs: writes are admitted in the
foreground, while data reorganization is deferred to background
�ush and compaction. Thus, reacting after a stall can temporarily re-
lieve existing pressure, but it cannot prevent internal pressure from
accumulating again under sustained writes. We therefore motivate
S-RocksDB from two limitations of existing admission behavior:
reactive threshold safeguards and static write-rate control.

3.1 Motivation 1: Structural Instability of
Threshold-Triggered Safeguards

The write pipeline of an LSM-KVS can be viewed as a delayed
�ow system. Let G0 (C) denote accumulated L0 pressure, D (C) the
foreground write ingress, and 20 (C) the e�ective background com-
paction rate draining L0. The pressure dynamics can be expressed
as:

3G0 (C)

3C
= D (C) − 20 (C) (1)

Because �ush and compaction are asynchronous, 20 (C) cannot react
instantaneously to changes in D (C). Thus, the system must continu-
ously balance foreground input against a time-varying and delayed
background service rate.

RocksDB’s built-in stall mechanisms regulate this imbalance
through threshold-triggered safeguards. When accumulated pres-
sure G0 (C) crosses a con�gured limit GCℎ , foreground writes are
slowed or stopped. Abstractly, this stop-and-go behavior resembles
a multi-step bang-bang controller :

D (C) =

{

D<0G if G0 (C) < GCℎ

0 if G0 (C) ≥ GCℎ
(2)

Figure 2: Throughput oscillation under RocksDB.

Although RocksDB also applies write slowdown before a hard stop,
the control structure remains discontinuous: the system reacts after
pressure approaches con�gured boundaries instead of explicitly
tracking a stable operating point where D (C) ≈ 20 (C). In delayed
systems, such discontinuous control is prone to limit-cycle behav-
ior [4]: the system admits writes aggressively, overshoots because
background work cannot drain pressure immediately, stalls to re-
cover, and then re-enters aggressive admission.

Figure 2 illustrates this behavior under a 12-hour �llrandom
workload, zoomed into a representative 30-minute window starting
at the 6-hour mark. RocksDB repeatedly alternates between high in-
gestion and reactive stall intervention, producing sharp throughput
oscillations and 1.36M stalled writes in this window. This behavior
is not only a matter of poorly chosen thresholds. LSM pressure is
multi-dimensional: L0 �les, compaction debt, and memtable/�ush
pressure evolve at di�erent rates. Since RocksDB’s default safe-
guards react to threshold breaches of these signals, they do not
explicitly model the continuous pre-stall region where pressure is
already accumulating. Therefore, threshold tuning may change the
frequency or amplitude of oscillations, but it cannot by itself pro-
vide smooth and proactive admission control under time-varying
background capacity.

3.2 Motivation 2: Limitations of Static Write
Rate Control

A common workaround for reducing stalls is to impose a �xed
upper bound on the admitted write rate. To evaluate this approach,
we ran a RocksDB �llrandom experiment inserting 100M key–value
pairs under static write-rate limits from 400 MB/s down to 30 MB/s,
and compared them with the default con�guration without a static
limit. We measure stall impact using cumulative stalled writes, i.e.,
the number of foreground writes forced to wait due to RocksDB’s
stall mechanisms.

Figure 3a shows that static throttling reduces stalls only when the
cap becomes highly conservative. Without a static limit, RocksDB
accumulates 1.25M stalled writes. Moderate caps still leave substan-
tial stall impact: even a 100 MB/s cap leaves 0.85M stalled writes,
or 68.06% of the default. Only the most conservative 30 MB/s cap
eliminates stalled writes within the observed window. However,
Figure 3b shows that this comes by suppressing throughput peaks
rather than by adapting to the actual time-varying background
capacity. Moreover, a rate that is safe in one �nite run may not
remain safe as compaction dynamics, data distribution, workload
mix, or device behavior change over time.

Static write-rate control therefore exposes a fundamental uti-
lization and stability trade-o�. Moderate throttling sacri�ces peak
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(a) Cumulative stalled writes under di�erent static write rate limits
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Figure 3: Stalled writes and throughput under static rates.

throughput while still allowing many writes to be delayed by stalls,
whereas eliminating stalls requires an overly conservative cap that
underutilizes available capacity. These results motivate a dynamic
admission mechanism that continuously adapts to internal pressure
instead of committing to a �xed rate.
Takeaway. The two motivations point to the same conclusion. Re-
active threshold safeguards are prone to stop-and-go oscillations in
delayed LSM pipelines, while static rate limits cannot track runtime
capacity drift. Write stall management should therefore be treated
not as an emergency reaction after thresholds are crossed, but as
a continuous admission-control problem that proactively tracks a
sustainable ingestion rate.

4 SYSTEM DYNAMICS AND ADMISSION
PROBLEM

Building upon the takeaways from Section 3, this section formalizes
write admission as a dynamic tracking problem to stabilize internal
pressure. Rather than treating a stall as an isolated event to detect
and react to, we model it as the visible outcome of an accumulated
imbalance between foreground write ingress and time-varying back-
ground processing capacity (�ush and compaction). Our objective
is to sustain stable long-run write admission while structurally
breaking the limit cycles that cause stalls.

To reason about sustainability over long executions, we abstract
the system using the bandwidth/pressure dynamics in Figure 4.
This abstraction highlights where admission control intervenes (at
the ingress) and why time-varying background service rates make
static admission fragile.

4.1 Bandwidth Model

To begin with, we discretize time into control epochs. For each
epoch C , we de�ne:

Figure 4: Bandwidth and pressure dynamics framework: ad-

mitted ingress (�D ) versus time-varying background capacity

(�8=C ) and resulting pressure.

• �
A4@
D (C): requested foreground write ingress,

• �D (C): admitted foreground write ingress,
• �5 (C): e�ective �ush bandwidth (memory→ storage),
• �2 (C): e�ective compaction bandwidth (on-disk reorganiza-

tion).

We aggregate the instantaneous internal service capacity as:

�int (C) = �5 (C) + �2 (C) . (3)

Building upon the continuous �uid system established in Equa-
tion 1, if admitted ingress persistently exceeds internal service,
backlog accumulates. The discrete-time pressure dynamics model
is expressed as:

% (C+1) =max{0, % (C) + �D (C) − �int (C)}, (4)

where % (C) is an abstract internal pressure/backlog proxy (e.g., com-
paction debt). Importantly, �5 (C) and �2 (C) are highly time-varying

due to evolving data distribution, level organization, compaction
scheduling, and device behavior. This mathematical variability for-
malizes the inescapable empirical drift observed in Motivation 2,
proving why a static admission rate �D is fundamentally fragile and
cannot guarantee long-run stability.

In S-RocksDB, we do not require direct estimation of �5 (C) or
�2 (C). Instead, we treat runtime pressure signals as partial obser-
vations of accumulated imbalance; signals such as pending com-
paction bytes and L0 growth re�ect the integral e�ect of �D (C) −
�int (C) and are thus suitable for continuous �ow control.

4.2 Observable Pressure Signals and Stall Impact

Write stall manifests as foreground writes being delayed or blocked,
but the underlying causes are heterogeneous. In practice, we sum-
marize internal pressure using runtime-observable signals that are
also closely related to RocksDB’s safeguards:

• L0 pressure (e.g., L0 �le count),
• compaction pressure (e.g., pending compaction bytes),
• memtable/�ush pressure (e.g., immutable memtable accu-

mulation or �ush backlog).

Although L0 �le count is discrete, it serves as an excellent proxy for
the accumulated data volume since individual SST �les naturally
fall within a bounded size range.
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Figure 5: Three operational states in S-RocksDB.

For evaluation and controller-side stall detection, we distinguish
between (i) whether stall protection is engaged and (ii) how much
it a�ects foreground requests. We use stalled writes to quantify stall
impact: the cumulative number of write operations that were forced
to wait due to stall mechanisms (stop/delay).

4.3 Operational State Model of S-RocksDB

To explicitly represent pre-stall dynamics, S-RocksDB uses three
operational states, f (C), in Figure 5. SAFE denotes stall-free execu-
tion with su�ciently low internal pressure, where admission can be
cautiously increased. SEMI-SAFE denotes a near-stall state where
stall is not yet observed but pressure approaches critical levels;
admission should be conservative to avoid entering stall. UNSAFE
denotes a stall-active condition (writes are delayed/blocked) or a
short recovery window immediately after stall, where draining
backlog is prioritized. The states are inferred by a controller from
runtime signals and stall observations.

4.4 Admission Control Objective: Limit Cycle
Breaking

S-RocksDB regulates write admission through a scalar multiplier
<C applied to requested ingress:

�D (C) =<C · �
A4@
D (C) . (5)

The multiplier is constrained to a safe range:

<C ∈ [<min,<max], (6)

and is updated incrementally to avoid oscillation:

<C+1 = clip(<C + Δ<C , <min, <max) , (7)

where clip(G, 0, 1) =max(0,min(G, 1)).
The control objective is to break the destructive limit cycles

proven in Motivation 1 and proactively converge to a continuous,
sustainable operating equilibrium (�D (C) ≈ �int (C)). Concretely, we
aim to (i) proactively adapt to capacity drift over long runs rather
than reacting to emergencies, (ii) maintain stable, high admission
without large throughput oscillations, and (iii) minimize time spent
in the UNSAFE recovery state.

To achieve this convergence safely, Section 5 introduces a proac-
tive control architecture that infers the operational state f (C) and
applies state-dependent admission policies, including safe-region
reinforcement learning.

Figure 6: S-RocksDB with in-process poller/actuator and out-

of-process controller.

5 CONTROL DESIGN OF S-ROCKSDB

This section presents the control architecture of S-RocksDB, a light-
weight control-plane extension to RocksDB that regulates admitted
write ingress by adjusting the runtime multiplier<C . The design
strictly follows three principles: (1) Stall-�rst safety: once a stall is
observed, immediately prioritize aggressive recovery; (2) Explicit
pre-stall modeling (i.e., proactive braking): treat the near-stall condi-
tion as a distinct, actionable state (SEMI-SAFE) rather than folding
it into the SAFE region; and (3) Safe-region learning encapsulation:
utilize reinforcement learning exclusively in stable regions where
exploratory actions cannot trigger systemic collapse.

Operationally, S-RocksDB implements a hierarchical controller: a
safety shield for stall-active recovery (UNSAFE), a stability bu�er for
near-stall regulation with hysteresis (SEMI-SAFE), and a learning-
based tuner that optimizes admission only in stable regions (SAFE).

Figure 6 provides a system-level view of S-RocksDB. Foreground
writes follow the standard RocksDB data plane (memtable, �ush,
compaction), while S-RocksDB continuously regulates admitted

write ingress using the multiplier<C (Eq. 5–7). To keep overhead
o� RocksDB’s critical path and support long executions, S-RocksDB
separates (i) an in-process poller/actuator (C++) colocated with
RocksDB and (ii) an out-of-process controller (Python) that per-
forms state inference and policy decisions.

5.1 Controller Overview

Figure 7 summarizes the S-RocksDB controller work�ow. S-RocksDB
runs with a periodic control loop, called an epoch. In an epoch, the
controller performs:

(1) Observe. It reads a metrics vector that captures internal
pressure and stall impact (e.g., L0 pressure, compaction backlog,
delayed write rate, stall �ags, and tail latency), forming the state
observation for control and learning.

(2) Classify. It infers the operational states, f (C), using a stall-
�rst rule and near-stall hysteresis. UNSAFE is triggered by direct
stall signals; SEMI-SAFE captures the pre-stall state where pressure
approaches critical levels without stall; SAFE denotes stable stall-
free operation.

(3) Act. It computes the next admission multiplier using a state-
dependent policy: in UNSAFE state, it enforces minimal admission
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Figure 7: Control loop overview: pressure observation, state

classi�cation (f), and multiplier actuation (<C ).

for recovery, in SEMI-SAFE state, it applies restricted admission to
avoid entering stall, and in SAFE state, it uses a Q-learning agent
to select an incremental update Δ<C .

(4) Apply and con�rm. The controller sends the updated<C to
the actuator, which regulates the e�ective write rate in S-RocksDB.

(5) Learn (only when in SAFE).When the system is in SAFE
state, the controller updates the Q-learning policy based on the
observed reward and the next state.

We use a one-second epoch because key pressure signals (e.g.,
L0 growth and compaction backlog) evolve meaningfully at this
granularity, while shorter intervals can amplify oscillation and
increase control-plane overhead.

5.2 Control Knob and Update Constraint

S-RocksDB uses the admission multiplier de�ned in Eq. (5)–(7). We
set<min = 0.01 and treat<max as a tunable upper bound, and use
<max = 0.5 as the default to restrict aggressive admission during
long-run training. In our hardware setup, a multiplier of<C ≈ 0.1 ∼

0.15 naturally balances the ongoing background compaction rate
under the �llrandom workload without triggering limits. Therefore,
capping it at 0.5 safely trims extreme spikes while covering the
entire range of sustainable equilibrium. We test with smaller and
larger bounds (i.e.,<max ∈ 0.2, 1.0) in Section 6.7. We use<min > 0

to avoid full write stoppage by the controller itself; even in recovery,
the system continues to make progress while draining backlog.

Further, the upper bound of the per-epoch change is capped by
Δ<max. i.e.,

|Δ<C | ≤ Δ<max , (8)

where Δ<max = 0.02 by default.

5.3 State Estimation

5.3.1 UNSAFE: Stall-first detection and post-stall hold. S-RocksDB
treats UNSAFE as a stall-active or immediate post-stall recovery
condition. The controller enters UNSAFE using direct stall evidence:
a write-stop �ag, a positive delayed-write rate, or an increase in
stall-related counters. Once a stall is observed, S-RocksDB temporar-
ily keeps<C =<min for a short post-stall hold window ()hold = 10 s).
This hold is not a tuning knob for performance; it is a safety de-
bounce that prevents the controller from immediately returning to
aggressive admission while previously accumulated backlog is still
draining.

5.3.2 SEMI-SAFE: Near-stall trigger with hysteresis. SEMI-SAFE
represents the pre-stall region where foreground writes are not
yet blocked, but internal pressure is approaching RocksDB’s native
stall margins. S-RocksDB primarily uses two pressure dimensions
for this classi�cation: pending compaction backlog 1 (C) and L0 �le
pressure L0(C). By default, SEMI-SAFE is entered when compaction
backlog becomes high (e.g., 1 (C) ≥ 32GB), backlog rises rapidly,
or L0 �le pressure indicates an early stall risk (e.g., L0(C) ≥ 16).
These thresholds are placed conservatively below RocksDB’s native
slowdown/stop margins (e.g., L0 slowdown around 20 �les and
backlog entry around 64GB), so that S-RocksDB reacts before built-
in stall mechanisms are triggered.

These thresholds de�ne the safety envelope for state classi�-
cation, not the �ne-grained admission rate. The actual admission
adjustment is determined by the SEMI-SAFE step-down policy
(Eq. 10) and by the SAFE-region learner after recovery. To avoid
state �apping, S-RocksDB also uses hysteresis for SEMI-SAFE en-
try/release and a hard-lock rule under extreme backlog. These
auxiliary constants are debouncing safeguards, not primary policy
knobs. Section 6.7 evaluates the dominant threshold parameters and
shows that they move the system along predictable throughput–
stall trade-o�s rather than causing brittle behavior.

5.3.3 Startup guard. At system start, runtime metrics and back-
ground throughput can be temporarily unstable due to warm-up
and initial compaction. S-RocksDB therefore applies a short startup
guard (default: 10 s) that forces<C =<min. Like the post-stall hold,
this guard is a safety debounce rather than a workload-speci�c
tuning parameter.

5.4 State-Dependent Admission Policies

5.4.1 UNSAFE policy: minimal admission for recovery. When in
UNSAFE (including the post-stall hold window), the controller
prioritizes draining internal pressure:

<C+1 ←<min . (9)

5.4.2 SEMI-SAFE policy: restricted admission with cap/floor. In
SEMI-SAFE, exploration is disabled and the controller applies a
conservative step-down rule:

<C+1 =min
(

<cap, max(<�oor, <C − Xsemi)
)

. (10)

Equation 10 acts as a proactive brakingmechanism: it reduces the
admission multiplier by a bounded step while keeping it within a
safe �oor–cap range. The �oor prevents the controller frommimick-
ing a full stall, whereas the cap prevents admission from remaining
too aggressive near the stall boundary. Thus, SEMI-SAFE serves
as a stability bu�er between SAFE-region learning and UNSAFE
recovery.

5.4.3 SAFE policy: learning-based incremental tuning. In SAFE, the
system is stall-free and pressure is low enough to allow cautious
performance recovery. S-RocksDB uses an online Q-learning agent
to select Δ<C from a small discrete action set:

Δ<C ∈ A = {−0.02, −0.01, 0, +0.01, +0.02}, (11)

followed by clipping to [<min,<max] (Eq. 7) and enforcing |Δ<C | ≤

Δ<max (Eq. 8). This ensures SAFE-region learning cannot make
abrupt admission jumps that skip over the near-stall bu�er.
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5.5 Safe-Region Q-learning

S-RocksDB does not attempt to explicitly “predict” stalls using rigid
manual heuristics. The relationship between multi-dimensional
ingress tra�c, accumulating L0 �les, and compounding compaction
debt is mathematically non-stationary, highly non-linear, and in-
herently di�cult to model with closed-form convergence guaran-
tees. Under such non-stationary drift, static thresholds or purely
theoretical control models inherently fail. Instead of relying on
unprovable mathematical assumptions about background capac-
ity, S-RocksDB embraces an empirical and structured approach:
the Q-learning agent dynamically discovers and tunes admission
in the SAFE region, while physical bounds (Δ<max) and hystere-
sis guardrails (SEMI-SAFE) prevent the exploration process from
triggering systemic collapse. Crucially, by running strictly out-of-
process and evaluating decisions at coarse 1-second epochs, the
computational overhead of this continuous learning is negligible
and fundamentally separated from RocksDB’s critical I/O paths.

5.5.1 State representation. The Q-learning agent observes a com-
pact continuous state vector BC (12 dimensions). To ensure the agent
captures all facets of S-RocksDB’s health, these features are catego-
rized into three operational domains:

BC =
〈

L0, 1 (C), . . .
︸        ︷︷        ︸

Internal Pressures

, %99(C), 3 (C), . . .
︸             ︷︷             ︸

QoS / Throughput

, <C , Csafe
︸  ︷︷  ︸

Control Context

〉

(12)

Speci�cally, the vector includes: current multiplier (<C ), L0 �le
count, pending compaction and �ush backlog (1 (C)), write ingress,
delayed-write rate (3 (C)), P99 write latency (%99(C)), and time since
the last UNSAFE episode (Csafe). All features are normalized by �xed
reference scales and clipped to a bounded range.

5.5.2 Learning and training gate. We use linear function approxi-
mation Q-learning:

& (B, 0) = w
⊤
0 B, (13)

XC = AC +W max
0′

& (BC+1, 0
′) −& (BC , 0C ), w0C ← w0C +U XC BC , (14)

with default U = 0.05, W = 0.95, and n-greedy exploration (default
n = 0.25; optionally decayed after warm-up). Since the controller
operates continuously without terminal states (a continuing task),
we use a discount factor W < 1 to ensure convergence.

S-RocksDB updates the Q-learning policy only when the ob-
served reward can be reliably attributed to the action selected by
the learning agent. This is not true in SEMI-SAFE or UNSAFE,
where deterministic guardrails override the learned action, nor dur-
ing stall recovery, where the next state is dominated by backlog
accumulated before the current action. In addition, because the
controller and actuator are decoupled, the measured response may
correspond to a previously applied multiplier. These cases can lead
to invalid credit assignment if they are used for learning.

To prevent invalid credit assignment, S-RocksDB uses a SAFE-
only, actuation-synchronized training gate. The policy is updated
only when the system is in SAFE, no stall or post-stall hold is active,
SEMI-SAFE is not latched, and the applied multiplier matches the
commanded multiplier within a small tolerance. This ensures that
each training transition re�ects the action actually selected by the
learning agent and applied to RocksDB.

5.6 Reward Shaping

The reward prioritizes sustainable long-run admission rather than
transient peak throughput. A stall, including delayed-write events
detected by the controller, receives a large negative reward. Oth-
erwise, the agent is rewarded for maintaining stall-free execution
and higher admitted intensity, while being penalized for abrupt
admission changes and rising risk signals. We de�ne:

AC =

{

−�, if a stall is observed,

ÂC , otherwise,
(15)

ÂC = 1 + _perf ·<perf (C) − [ |Δ<C |

− n1 min

(

1,
1 (C)

�ref

)

− nℓ min

(

1,
Δ%99(C)

?ref

)

.
(16)

The non-stall reward combines four objectives: surviving an
epoch without a stall, encouraging higher admitted intensity in
SAFE regions, suppressing oscillatory multiplier changes, and dis-
couraging pressure or latency growth before explicit stalls occur.
We set � = 200, _perf = 1.8, [ = 0.18, n1 = 0.18, nℓ = 0.15, �ref = 1

GB, and ?ref = 1000 `s. The large stall penalty enforces the intended
hierarchy: stall avoidance is primary, pressure stabilization is sec-
ondary, and throughput maximization is allowed only within safe
operating regions.

5.7 Parameter Roles and Default Selection

S-RocksDB uses several parameters, but they serve di�erent roles.
First, safety-envelope parameters, such as SEMI-SAFE backlog/L0
thresholds,<max, and Δ<max, bound admission aggressiveness and
prevent the learner from skipping over the near-stall bu�er. Second,
learning-adaptation parameters, such as U , W , and n , determine how
quickly the Q-learning agent adapts within SAFE. Third, reward-
shaping parameters, such as _perf and the pressure/latency penal-
ties, express the desired throughput–stability preference once the
system is already operating in SAFE.

The defaults are selected as conservative operating points rather
than hardware-speci�c optima. SEMI-SAFE thresholds are placed
below RocksDB’s native slowdown/stop margins so that the con-
troller reacts before built-in stall mechanisms are triggered, while
the bounded action set and Δ<max limit abrupt admission changes.

6 EVALUATION

6.1 Experimental Setup

All experiments were conducted on a single server equipped with
two Intel(R) Xeon Gold 6338 CPUs (2.00 GHz), 504 GB of main mem-
ory, and a Samsung 870 EVO 1TB/2TB SATA SSD as the primary
storage device.

To evaluate, we compare �ve RocksDB variants: vanilla RocksDB,
SILK, ADOC, and two variants of S-RocksDB that di�er in back-
ground resources and memtable size. S-RocksDB(R) uses the same
resource con�guration as vanilla RocksDB, with 2 background
threads and a 64MB memtable. This resource-matched setting en-
ables a direct comparison of control behavior under the same system
capacity as RocksDB. In contrast, S-RocksDB(S) uses the same
resource con�guration as SILK, with 4 background threads and a

3208



128MB memtable. This SILK-matched setting evaluates whether S-
RocksDB remains e�ective when additional background resources
are provisioned.

All systems use their corresponding upstream versions and run
with the same workload generator and dataset settings. Table 1
summarizes the versions and key con�guration parameters used in
our evaluation. In all con�gurations, BG threads denote the number
of background workers used for �ush and compaction processing.

Table 1: Con�gurations used for evaluation.

System Ver. Key con�guration

RocksDB 10.6.0 2 BG threads; 64MB memtable

S-RocksDB(R) 10.6.0 2 BG threads; 64MB memtable;<<0G = 0.2

SILK 5.7.0 4 BG threads; 128MB memtable

S-RocksDB(S) 10.6.0 4 BG threads; 128MB memtable;<<0G = 0.5

ADOC 7.7.0 Dynamic control enabled

Workloads and data.We use a write-intensive key-value work-
load with 16 B keys and 1KB values. This con�guration is chosen
to continuously generate �ush/compaction pressure and to expose
long-run drift e�ects in the write path.

Metrics.We report (i) write throughput, (ii) stall impact using
stalled writes (the cumulative number of foreground writes delayed
by RocksDB stall mechanisms), and (iii) tail latency (P99 and higher)
to capture user-visible stability under continuous ingestion.

6.2 Microbenchmark

In this section, we conduct a long-running microbenchmark to
examine system behavior under continuous write pressure. All sys-
tems are subjected to a continuous 24-hour �llrandom workload to
expose long-run drift and stall emergence under accumulated �ush
and compaction pressure. We �rst show the full 24-hour through-
put trend, then analyze the stabilized 12–24 hour interval to reveal
�ne-grained throughput variance. We also evaluate throughput,
stall behavior, tail latency (P99–P99.999), and resource usage to
assess both performance and stability.

Figure 8 shows throughput over the entire 0–24 hour execution
using 10-minute intervals. After the initial 1–2 hour transient phase,
the systems form a consistent ordering: RocksDB and S-RocksDB(R)
remain in the lower throughput range, SILK and S-RocksDB(S) oc-
cupy the middle range, and ADOC stays in the highest range while
exhibiting large oscillations. The oscillations are more apparent
in Figure 9. The �gure shows the �ne-grained throughput during
the 12–24 hour interval using a 30-second moving average, along
with a zoomed-in window. This �ne-grained view exposes short-
term throughput variance under sustained compaction pressure.
Although ADOC achieves the highest average throughput in this
interval, 32.38 MB/s, it exhibits the largest �uctuation, with a stan-
dard deviation of 62.34 MB/s. Its throughput repeatedly alternates
between large bursts and near-zero periods, reaching a peak of 205
MB/s but also dropping to 0 MB/s. RocksDB and SILK show similar
instability: they reach peaks of 191 MB/s and 145 MB/s, respectively,
but also collapse to 0 MB/s, with average throughputs of 9.48 MB/s
and 13.35 MB/s.

In contrast, S-RocksDB provides a smoother throughput trajec-
tory. S-RocksDB(R) achieves 9.66 MB/s with a much lower standard

Figure 8: Throughput per 10-minute interval.

Figure 9: 30-second moving-average throughput during the

stabilized 12–24 hour interval, with a zoomed-in view of the

16–17 hour window.

deviation of 4.69 MB/s, while S-RocksDB(S) achieves 14.2 MB/s
with a standard deviation of 12.84 MB/s. Although S-RocksDB
reaches lower peak throughput than the baselines (98 MB/s for
R and 129 MB/s for S), it maintains non-zero minimum throughput
throughout the stabilized interval (4.45 MB/s and 4.63 MB/s). These
results show that S-RocksDB trades transient throughput peaks for
smoother long-run admission and near-zero stalls under sustained
write pressure.

Figure 10 reports the stall time in each 1-minute bucket over
the full 24-hour execution. This �gure provides three observations.
First, RocksDB and SILK exhibit high stall time, averaging 49.3s
and 45.5s per bucket, respectively. This means that foreground
writes are frequently throttled or blocked. Second, ADOC shows a
bursty stall pattern. Some 1-minute buckets contain only short stalls,
whereas others are fully stalled for the entire 60 seconds. Third,
ADOC experiences a prolonged write-stop state lasting 1056.3s.
This long stall indicates that foreground Put() requests have been
blocked for more than 17 minutes. A reason is that ADOC has
no admission policy. Instead, it keeps admitting Put() requests,
accumulating compaction pressure. In the longest stall cycle, we
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Figure 10: Stall time per 1-minute bucket.

Figure 11: Put() tail latency (P99–P99.999).

observed more than 400 GB pending compaction size. Thus, its high
average throughput can still coexist with long intervals in which
foreground Put() operations are blocked.

S-RocksDB nearly eliminates such stall behavior. S-RocksDB(R)
averages only 0.013s of stall time per bucket, and S-RocksDB(S) fur-
ther reduces this to 0.007s per bucket. The cumulative stalled-write
counts over the full 24-hour run show the same trend. RocksDB,
SILK, and ADOC accumulate 64.3M, 555.3M, and 142.9M stalled
writes, respectively, whereas S-RocksDB(R) reduces this count to
10,206 and S-RocksDB(S) to only 69. These results demonstrate that
S-RocksDB suppresses both persistent and bursty stalls by several
orders of magnitude.

Figure 11 reports write tail latency from P99 to P99.999 over the
full 24-hour execution. ADOC maintains a low P99 latency, but,
as shown in the �gure, its P99.999 latency reaches a maximum of
54.54 ms. RocksDB and SILK also remain in the millisecond range
at higher percentiles. In contrast, both S-RocksDB con�gurations
keep P99.99 below 0.1 ms and bound the extreme tail to 2.3 ms
for S-RocksDB(S) and 3 ms for S-RocksDB(R). As discussed in the
previous stall-time analysis, ADOC experiences long write-stop
periods; these prolonged stalls appear in the extreme tail and explain
its large P99.999 latency.

Figure 12 compares CPU and memory usage over the 24-hour
run. Under equal-resource settings, S-RocksDB improves stabil-
ity without adding background capacity: S-RocksDB(R) uses the
same memtable size and background thread count as RocksDB, yet
slightly improves stabilized throughput (9.66 MB/s vs. 9.48 MB/s)
while reducing stalled writes from 64.3M to 10,206 and lowering av-
erage resource usage (98.8% CPU / 2.80 GB to 79.1% CPU / 2.37 GB).

Figure 12: CPU and memory consumption.

(a) TD error convergence. (b) m value over time.

Figure 13: Learning convergence and control trajectory of

S-RocksDB(S).

Similarly, S-RocksDB(S) uses the same resource setting as SILK, but
improves stabilized throughput (14.2 MB/s vs. 13.35 MB/s), reduces
stalled writes from 555.3M to 69, and uses substantially less mem-
ory (3.52 GB vs. 10.86 GB). SILK’s high memory usage is mainly
due to accumulated pending-compaction backlog, which leads to
large compaction jobs and increases memory consumption. ADOC
di�ers from these equal-resource comparisons because it dynam-
ically scales internal resources, up to 512 MB memtables and 20
background threads. This aggressive scaling helps explain ADOC’s
high average throughput, but it still does not prevent long stall
episodes and incurs higher resource usage (246.98% CPU and 8.52
GB memory) than S-RocksDB(S) (126.85% CPU and 3.52 GB). Thus,
S-RocksDB’s stability comes from regulating write ingress before
compaction pressure reaches stall-triggering conditions, rather than
from simply increasing background capacity.

6.3 Learning Behavior and Policy Convergence

A core requirement of S-RocksDB is that online learning remains
stable and lightweight. Figure 13a shows that the absolute Temporal-
Di�erence (TD) error [53] is initially elevated due to exploration
and nonlinear pressure dynamics, but quickly becomes bounded
and remains stable during the rest of the 24-hour run. The Q-gap
(&max − &selected) is also small on average (mean 0.056, standard
deviation 2.43), indicating that action selection does not su�er from
persistent numerical uncertainty.

Figure 13b shows that the admission multiplier settles into a
narrow operating band, predominantly between 0.01 and 0.2 and
remaining below 0.4, continuously �ne-tuning admission to match
e�ective compaction capacity. The controller overhead is negligible:
the Q-learning agent consumes only 0.4% CPU on average over the
24-hour execution. These results support that lightweight linear
Q-learning is su�cient for this compact admission-control problem
and can run o� the critical path with minimal overhead.
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(a) Pending compaction bytes during the loading phase.

(b) Throughput (Kops/sec).

Figure 14: YCSB benchmark results.

6.4 YCSB Benchmarks

We evaluate S-RocksDB using the standard YCSB [16] workloads A–
F, which cover diverse access patterns: A and F include substantial
write components, B and C are read-dominant, D emphasizes read-
latest behavior, and E introduces short scans. For each workload,
we �rst run the YCSB load phase to populate the database and
then execute the corresponding run phase. This setup allows us to
evaluate both ingestion stability during loading and the e�ect of
residual compaction pressure on later workload performance.

Load-phase behavior. Figure 14a shows that RocksDB, SILK,
and ADOC retain substantial internal pressure after loading, with
33.99 GB, 33.78 GB, and 32.95 GB of pending compaction, respec-
tively, along with non-trivial L0 �le counts. In contrast, both S-
RocksDB(S) and S-RocksDB(R) complete the load phase with zero
pending compaction bytes and zero L0 �les. This indicates that
S-RocksDB digests accumulated compaction work before the run
phase begins, reducing the residual L0/backlog pressure that can
later increase read ampli�cation and metadata traversal.

Read-intensive workloads (B, C, D, E). This lower residual
pressure directly bene�ts read-dominant workloads. In B–E, S-
RocksDB delivers comparable or superior throughput to the base-
lines. In particular, S-RocksDB(R/S) achieves 209K/208K ops/s in
workload C and 206K/202K ops/s in workload D, substantially out-
performing RocksDB (68K and 73K). Even in scan-heavy work-
load E, S-RocksDB maintains higher throughput than the baselines.
These results show that eliminating load-phase backlog reduces
read ampli�cation and stabilizes query performance.

Write-heavy workloads (A and F). For workloads A and F,
which contain substantial write or read-modify-write operations,
S-RocksDB shows comparable or slightly lower throughput than
the most aggressive baselines. This behavior is expected: early in
execution, the controller adopts conservative admission to avoid
rapid write ampli�cation and unresolved compaction debt. Thus, S-
RocksDB may sacri�ce short-term write peaks, but it prevents pres-
sure accumulation that later appears as stalls, tail-latency spikes,
or degraded read-side performance.

Figure 15: Throughput and cumulative stalled writes under

a time-varying workload.

Table 2: Performance comparison across hardware.

HW. Method Thr. Stalls P99 P99.9 P99.99 P99.999

A
RocksDB 13.8 MB/s 31M 1227 `s 2020 `s 2824 `s 3559 `s
S-RocksDB 18.6 MB/s 50 29 `s 44 `s 64 `s 688 `s

B
RocksDB 18.4 MB/s 30M 1135 `s 1292 `s 2724 `s 2895 `s
S-RocksDB 21.6 MB/s 41 24 `s 34 `s 75 `s 469 `s

C
RocksDB 19.5 MB/s 32M 1137 `s 2468 `s 2860 `s 3906 `s
S-RocksDB 19.5 MB/s 17 36 `s 52 `s 117 `s 444 `s

Overall, the YCSB results show that sustainable admission con-
trol not only stabilizes ingestion but also preserves read perfor-
mance by eliminating residual compaction pressure before the run
phase. This con�rms that S-RocksDB improves predictability while
remaining competitive across diverse workload mixes.

6.5 Robustness across Workloads and Hardware

We next evaluate whether S-RocksDB remains stable beyond a
single static workload and a single hardware con�guration. Since
S-RocksDB(S) shows the strongest overall stability and throughput
in the preceding results, we use it as the default S-RocksDB con-
�guration for the remaining experiments unless explicitly stated
otherwise. First, we run a time-varying workload with four consec-
utive phases: load, write-heavy (A10F90), read-heavy (A90F10), and
mixed (A50F50). Second, we run 12-hour �llrandom experiments on
three hardware setups: HW-A uses an Intel Xeon Gold 6338 CPU
with a Samsung SATA 870 EVO SSD, HW-B uses the same CPU
with a Samsung NVMe 970 EVO Plus SSD, and HW-C uses an Intel
i9-9900K CPU with the same NVMe SSD. Across the hardware ex-
periments, all S-RocksDB control parameters are unchanged. Only
the bandwidth normalization reference, write_mb_per_sec, is set
to 500 for SATA SSDs and 3000 for NVMe SSDs; this normalization
does not alter the controller logic, safety rules, or learning policy.

Figure 15 shows that S-RocksDB adapts to workload changes
while suppressing stall accumulation. RocksDB achieves higher
throughput during the initial load phase because it admits writes
aggressively, but this creates substantial pressure and leads to 3.6M
stalled writes in the write-heavy phase and another 0.8M in the
mixed phase. In contrast, S-RocksDB incurs only 103 stalled writes
across the entire run. Although S-RocksDB is conservative during
load, it achieves higher throughput in all subsequent phases and
improves the overall average throughput from 44.6 Kops/s to 52.5
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Table 3: Comparison of S-RocksDB with heuristic admission

controllers.

Method Thr. Stalls P99 P99.9 P99.99 P99.999

Q-Learning* 18.6 MB/s 50 28.6 `s 43.6 `s 64.6 `s 688.2 `s
PID 14.5 MB/s 105 31.6 `s 49 `s 101 `s 720 `s
AIMD 18.3 MB/s 0.63M 30.3 `s 75.3 `s 1251.4 `s 1298.9 `s
RocksDB 13.8 MB/s 31M 1227 `s 2020 `s 2824 `s 3559 `s

Note: Q-Learning* denotes the proposed S-RocksDB policy.

Table 4: S-RocksDB(R) with and without SEMI-SAFE.

Setting Thr. Stalls P99 P99.9 P99.99

SEMI On 14.55 MB/s 1 25.2 `s 42.7 `s 81.3 `s
SEMI O� 16.31 MB/s 69,828 28.7 `s 46.5 `s 1,194.6 `s

Kops/s. These results show that regulating admission before pres-
sure reaches the stall region prevents transient write-heavy periods
from becoming long-lived stall episodes.

Table 2 further shows that S-RocksDB is not narrowly tuned to
one hardware setting. Across all three hardware setups, S-RocksDB
reduces stalled writes from tens of millions to only tens of events
while matching or improving throughput. Comparing HW-A and
HW-B, which use the same CPU but di�erent storage devices, shows
that faster NVMe storage increases the sustainable admission rate
that S-RocksDB can exploit. Comparing HW-B and HW-C, which
use the same NVMe SSD but di�erent CPUs, shows that CPU-side
processing capacity can a�ect background compaction and tail
latency. Even so, S-RocksDB consistently lowers P99.99 latency
from 2824–2860 `s to 64–117 `s and P99.999 latency from 2895–
3906 `s to 444–688 `s. Overall, the same control structure remains
e�ective across di�erent workload phases, storage devices, and
CPUs because the online controller adapts the admission multiplier
to observed runtime pressure.

6.6 Controller Baselines and Ablation

We next examine two controller-design questions: whether simpler
feedback controllers are su�cient for sustainable write admission,
and whether the SEMI-SAFE guardrail is necessary for safe on-
line learning. For the �rst question, we compare S-RocksDB with
two heuristic admission controllers: PID (Proportional-Integral-
Derivative) [3, 62] and AIMD (Additive-Increase Multiplicative-
Decrease) [14, 31]. PID adjusts the admission rate according to the
error between observed internal pressure and a target pressure
level, whereas AIMD additively increases admission during stable
periods and multiplicatively decreases it when pressure approaches
a risky region. Both controllers use the same internal pressure sig-
nals as S-RocksDB, but they do not use the SAFE-region Q-learning
policy or the full SAFE/SEMI-SAFE/UNSAFE control structure.

Table 3 shows the results from 12-hour experiments, indicating
that feedback-based admission control is indeed useful, but that
the heuristic controllers expose di�erent limitations. PID reduces
stalled writes from 31M in RocksDB to 105 and keeps P99.99 latency
at 101 `s, but this stability comes from conservative admission,
yielding only 14.5 MB/s throughput. AIMD shows the opposite
behavior: it achieves 18.3 MB/s, close to Q-learning’s 18.6 MB/s,
but still accumulates 0.63M stalled writes and increases P99.99
latency to 1251.4 `s. This occurs because AIMD remains reactive: it

Figure 16: Pareto analysis of control parameters on the aver-

age throughput and stalled writes.

increases admission until pressure becomes risky and then reduces
the rate only after pressure has already accumulated. In contrast, Q-
learning achieves the best balance, reaching the highest throughput
(18.6 MB/s) while keeping stalled writes to 50 and maintaining low
tail latency.

We then isolate the role of the SEMI-SAFE state, which acts as the
pre-stall guardrail between unconstrained SAFE-region learning
and stall-active UNSAFE recovery. Table 4 compares S-RocksDB(R)
with SEMI-SAFE enabled (SEMI On) against a con�guration where
the SEMI-SAFE entry logic is disabled (SEMI O�) under a 3-hour
�llrandom workload. Without SEMI-SAFE, the Q-learning agent
continues to explore even as internal pressure approaches critical
thresholds. This yields a slightly higher throughput of 16.31 MB/s,
but it accumulates 69,828 stalled writes and increases P99.99 latency
to 1,194.6 `s.With SEMI-SAFE enabled, S-RocksDB(R) reduces stalls
to a single event and keeps P99.99 latency at 81.3 `s, at the cost of
a moderate throughput reduction to 14.55 MB/s.

Together, these results show that S-RocksDB’s bene�t does not
come from feedback control alone or from unguarded reinforce-
ment learning. PID is stable but underutilizes the system, AIMD
is aggressive but stall-prone, and removing SEMI-SAFE allows the
learned policy to overshoot near stall boundaries. The proposed
controller avoids these failure modes by combining online learning
in SAFE states with deterministic guardrails in SEMI-SAFE and
UNSAFE states.

6.7 Sensitivity Analysis of Control Parameters

Overall, S-RocksDB is not brittle to a single parameter setting; the
parameters move the system along predictable throughput–stall
trade-o�s. Figure 16 shows that<max and the SEMI-SAFE backlog
threshold are the dominant deployment knobs. Increasing <max

from 0.2 to 0.5 improves throughput from 14.5 MB/s to 19.3 MB/s
with only 26 stalled writes, while increasing it to 1.0 yields little
additional throughput (19.5MB/s) but more stalls. Similarly, raising
the backlog threshold from 12 GB to 32 GB improves throughput
from 16.6MB/s to 20.1MB/s, whereas raising it further to 52 GB
gives only marginal gain. The remaining parameters behave inter-
pretably: the L0 threshold has limited impact because SEMI-SAFE
uses multiple signals and hysteresis; larger U or _perf makes the con-
troller more aggressive; and n is less sensitive because exploration is
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con�ned to SAFE. Thus, the defaults are chosen from stable middle
regions of the trade-o� curves rather than hardware-speci�c op-
tima, with<max serving as the primary throughput–stability policy
knob.

6.8 Applicability Beyond RocksDB

S-RocksDB is implemented on RocksDB, but its control structure
only requires three interfaces from an LSM-tree-based system: ob-
servable pressure signals (e.g., SSTable/store-�le counts, pending
compaction work, �ush backlog, or write latency), stall or overload
indicators (e.g., blocked writes, backpressure, overload exceptions,
or queue saturation), and an admission actuator (e.g., server-side
rate limiter, client/proxy-side token bucket, or adjustable write-
admission knob). Under this abstraction, RocksDB-speci�c met-
rics are one instantiation of the SAFE/SEMI-SAFE/UNSAFE model.
Production LSM-tree systems such as Cassandra, HBase, and Scyl-
laDB expose analogous signals, including SSTable or store-�le pres-
sure, pending �ush/compactionwork, write latency, blocked-update
time, compaction backlog, or queue saturation [8, 37, 40, 49, 51].
S-RocksDB could therefore run per node or per shard, with admis-
sion enforced at the coordinator, storage node, client driver, rate
limiter, or proxy layer. Thus, porting S-RocksDB mainly requires
a thin adapter that maps the target system’s pressure metrics and
actuation mechanism to the proposed control interface.

7 RELATED WORKS

LSM compaction, write stalls, and runtime control. Prior work
mitigates LSM write stalls mainly by improving background ex-
ecution, reducing interference, or regulating resources. SILK [5]
mitigates foreground/background I/O interference, Luo and Carey
analyze LSM performance stability under merge policies and I/O
budgets [39], and DownForce improves multi-threaded compaction
through pipelining [9]. Other systems adapt runtime resources or
bandwidth: ADOC harmonizes data�ow using threads and batch
sizes [58], RBC controls SSD bandwidth contention [55], RaKV
applies token-bucket-style admission for SLA-aware cloud stor-
age [61], and K2/LPNS use scheduling or feedback control at lower
system layers [45, 46]. S-RocksDB is complementary to these ap-
proaches: rather than redesigning compaction, increasing back-
ground resources, or treating the storage engine as a black box, it
regulates foreground admission using internal pressure signals and
separates SAFE, SEMI-SAFE, and UNSAFE states so that learning
is con�ned to stable regions while risky regions are handled by
deterministic guardrails.

Learning-based database and system control. Learning has
beenwidely used in storage and database systems, including learned
data structures such as Bourbon, RMI, ALEX, and SageDB [17,
22, 33, 34], SSD tail-latency prediction such as LinnOS [29], and
automatic database tuning such as OtterTune [54]. More directly
related to LSM-KVSs, RusKey uses reinforcement learning to adjust
LSM-tree structures and policies under dynamic workloads [42],
while CDBTune and QTune apply Deep Reinforcement Learning
(DRL) to database con�guration tuning [36, 60]. These systems
demonstrate the usefulness of learning for complex system tuning,
but they typically target con�guration or structural optimization
rather than direct, second-scale write admission control.

S-RocksDB deliberately uses lightweight Q-learning instead of a
more expressive DRL model [28, 41, 50]. Its admission problem has
a compact state representation and a small discrete action space,
namely incremental changes to the admission multiplier. In this
setting, DRL would introduce neural-network training/inference
overhead, additional hyperparameters, higher sample complexity,
and less transparent exploration behavior, which are undesirable
for an online storage controller that must remain safe and o� the
critical path. Thus, the novelty of S-RocksDB is not Q-learning
alone, but its integration with a storage-speci�c admission-control
abstraction and a safety structure that con�nes learning to SAFE
states while deterministic policies handle SEMI-SAFE and UNSAFE
states.

Structural, hardware-aware, and distributed storage. Other
work reduces stall risk indirectly by lowering LSM cost or adapt-
ing the engine to new hardware. Monkey and Dostoevsky model
LSM space–time trade-o�s [18, 19]; WiscKey, HashKV, PebblesDB,
SlimDB, and LSM-bush reduce write ampli�cation or change LSM
organization [11, 20, 38, 47, 48]; and SplinterDB, KVell, SpanDB, Ma-
trixKV, NoveLSM, and ZenFS specialize KV stores for fast or hybrid
media [7, 13, 15, 32, 35, 57]. These techniques improve raw service
capacity or baseline I/O cost, whereas S-RocksDB controls the time-
varying imbalance between foreground ingress and background
reorganization without modifying the LSM layout or compaction al-
gorithm. Real-time and distributed KVSs such as In-ConcReTeS and
BFT-KVS focus on consistency, deadlines, and fault tolerance [2, 26];
distributed or sharded storage systems [6, 10, 23, 59] can reduce
average pressure per shard, but they do not eliminate local LSM im-
balance under skewed or hot-shard workloads [1, 43]. S-RocksDB is
therefore complementary as a per-node or per-shard admission con-
troller that makes each storage-engine instance more predictable.

8 CONCLUSIONS

This paper reframes write stalls in LSM-KVSs as a continuous
admission-control problem rather than a threshold-triggered emer-
gency. S-RocksDB regulates foreground ingestion according to
observed internal pressure and uses lightweight Q-learning to
track sustainable admission only during stable operation. When
the system approaches near-stall or recovery states, deterministic
guardrails override learning to prevent exploratory actions from
amplifying compaction pressure. Across 24-hour microbenchmarks
and workload/hardware robustness studies, S-RocksDB eliminates
millions of stall events, compresses extreme tail latency, and sus-
tains predictable throughput without modifying the compaction
engine. These results show that write stall instability is not an
inevitable cost of high throughput, but a controllable runtime phe-
nomenon.
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