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Abstract

Storage disaggregation is widely adopted in today’s datacen-
ters to improve disk utilization. However, efficiently disag-
gregating SSDs remains a challenge because of their high
performance variability. This is due to differences in flash
characteristics, such as wear and model version; read/write
interference; and SSD-internal operations like garbage col-
lection. Existing systems can only manage these types of
variability in isolation. We propose Sandook, a rack-scale
block storage system that instead holistically manages them
together to unlock higher performance. Sandook achieves this
through a logically centralized architecture that can integrate
multiple scheduling policies and respond effectively at both
short and long timescales. It adaptively steers I/O to the best
available SSDs, using techniques that enable greater routing
flexibility for both reads and writes. Sandook does not re-
quire any special storage or network hardware. Our evaluation
demonstrates that Sandook is capable of delivering the full
performance potential of SSDs. It achieves a 30%—-82% raw
I/O throughput improvement over existing systems that tackle
a single source of performance variability while maintaining
sub-millisecond tail latency. For unmodified applications shar-
ing a pool of SSDs, Sandook achieves a 12-94% improvement
in end-to-end performance.

1 Introduction

Storage disaggregation—where a pool of disks are exposed
over the network—is a key technique used in datacenters to
drive up utilization [4,37,52,56,72,74]. Solid-state drives
(SSDs), however, are more difficult to pool than hard disk
drives (HDDs) because of their high performance variabil-
ity. As a result, the worst performing SSD can often limit
overall performance. For example, in the common scenario
where 1/Os are statically striped across SSDs, Figure | re-
veals that half the potential performance of the underlying
pool is left untapped. This variability is difficult to manage
because it takes many forms including heterogeneity from
model version, wear, and capacity [24]; sensitivity to load
characteristics like the ratio between reads and writes [69];
and transient events like garbage collection (GC) [73].
Several existing systems have mitigated these sources of
variability, but they each specialize in handling a specific type.
For example, Gimbal [52], RackBlox [61] and LinnOS [23]
can detect and route around transient events in individual
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SSDs, but lack awareness of their heterogeneity and load
characteristics. On the other hand, Rails [69] and SWAN [34]
segregate reads and writes to improve throughput, but cannot
react to transient events. Unfortunately, because they each
manage only one form of variability, they all leave significant
performance on the table. However, combining these disparate
approaches is difficult because they often place contradictory
constraints on how to direct I/O to SSDs (§4). For example,
normally isolating reads and writes to separate SSDs improves
their throughput, but it can also harm it if one SSD is slower
than normal due to wear. Moreover, if an SSD is designated
to handle only writes, load must still be shifted away from it
if it becomes congested due to GC.

To address these challenges, we present Sandook!, a new
approach to SSD disaggregation that provides distributed
block storage while dynamically steering I/O across disks.
To the best of our knowledge, it is the first system that can
holistically manage multiple forms of variability. Sandook’s
main insight is that different forms of SSD variability occur at
different timescales, and a different approach is needed to tar-
get each timescale. For longer timescales, a centralized design
is best because it enables higher quality routing decisions. For
shorter timescales, local decisions made closer to the SSDs
are more effective because they enable faster reactions.

To reconcile this tension between decision quality and
speed, Sandook includes a novel two-tier architecture that
provides logically centralized scheduling. A global scheduler
optimizes load distribution at a slower pace with a holistic
view. Meanwhile, faster schedulers run on each client and
execute the global plan while reacting to urgent events, such as
shifting load away from congested SSDs. This design enables
both high-quality and microsecond-scale I/O steering.

Another challenge Sandook had to overcome is maximizing
flexibility in I/O steering—after all, the ability to steer I/O
would have little benefit if most accesses must be directed to
specific disks. Sandook uses different strategies for reads and
writes to unlock greater flexibility in each. For reads, Sandook
builds upon block replication, which it already uses for fault
tolerance, to provide flexibility in routing read requests among
replicas on different SSDs. For writes, Sandook adopts a log-
structured design, allowing writes to be directed to any SSD
regardless of current block locations. This high degree of
freedom guarantees that scheduling policies can be acted

! An Urdu/Persian word (8 92) meaning “box” or “chest” (for storage).



upon without restriction. For example, a congested SSD does
not limit the options for reading/writing blocks, and an SSD in
read-only mode need not experience interference from writes
since they can be sent to other SSDs.

The combination of logically centralized scheduling and
flexible I/O steering allows Sandook to mitigate multiple
forms of SSD performance variability simultaneously. We
demonstrate this by combining three existing scheduling poli-
cies that could previously target only one form of variabil-
ity (§7). First, Sandook performs profile-driven load steering
to adaptively align load with heterogeneity across SSDs. Sec-
ond, Sandook segregates reads and writes, designating SSDs
into distinct groups that predominantly serve either read or
write requests. Finally, Sandook employs storage congestion
control to reactively shift load away from congested SSDs
and minimize their impact on overall performance.

To enable real-time performance monitoring, Sandook runs
a storage agent with the SSDs on each machine. The agent
automatically profiles its SSDs’ performance to build a model
that it periodically updates to account for dynamism in SSD
behavior due to capacity and wear-level changes.

Sandook is able to manage performance variability and
deliver significant performance improvements without any
specialized hardware such as Open-Channel [5], SDN [38],
NVM [53] etc. Additionally, Sandook simplifies the imple-
mentation of custom storage scheduling policies by delegating
I/0O scheduling to user-space. This allows Sandook to easily
express a wide range of policies tailored to meet diverse rack-
scale requirements (§7.4). It also provides a standard Linux
block device interface so that existing applications can take
advantage of its benefits transparently (§8), or applications
can use a more efficient kernel-bypass interface when they de-
mand higher performance. Finally, Sandook allows multiple
tenants to safely share the same pool of SSDs by maintaining
strict data isolation between them.

We evaluate Sandook with four common unmodified data-
center applications (an OLTP database, an ML training sys-
tem, an image compression workload, and a block store ser-
vice) on a testbed of ten NVMe SSDs (§9). The results show
that Sandook improves application throughput by 12-94%,
latency by 71-88%, and GPU utilization by 23%.

Sandook codebase is open-source [66].

2 Background and Motivation

2.1 SSD-Based Disaggregated Storage Systems

SSD-based disaggregated storage is becoming a key compo-
nent in modern datacenters [4,17,36,37,39,51,52,56,72,74,
78]. It offers better performance, fault tolerance, and scalabil-
ity relative to locally attached SSDs. For users, this translates
into significant benefits for data-intensive workloads such as
data analytics, machine learning inference, and training. From
the provider’s perspective, pooling and sharing SSDs across
applications and tenants improves SSD utilization, thereby
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Figure 1: Disaggregated storage systems that perform static routing
(e.g., FDS [56]) only harness about 50% of the potential perfor-
mance of the underlying SSDs, falling short of their intended goal
to enhance storage efficiency. We introduce Sandook to bridge this
performance gap.

reducing operating costs in the datacenter.

To minimize request steering overhead and to scale with
increasing numbers of SSDs, many existing systems employ
static steering. This approach distributes storage blocks and
requests to remote SSDs via sharding [50, 56, 72]. For its
simplicity and effectiveness it is a de facto choice for many
disaggregated storage systems such as flat datacenter storage
(FDS), which utilizes hashing to map blocks across disks [56].

2.2 Problem: Substantial Untapped Performance

While these systems offer good scalability, their performance
efficiency—how effectively they utilize the capabilities of
the SSDs—is often overlooked. To investigate this, we con-
ducted an experiment with ten datacenter grade SSDs (seven
Samsung PM 1725 and three Western Digital DC SN200).

We implemented a prototype disaggregated system with
static routing (replication factor of 2), similar to FDS [56]. We
benchmarked it using a synthetic open-loop load generator
with a 90% read ratio and Poisson arrival pattern, mirroring
typical datacenter workloads [55,77]. We measured its max-
imum 4K block IOPS achievable while maintaining a 1ms
90th-percentile latency target. We compare against the ideal
performance potential of underlying SSDs, calculated by sum-
ming the maximum IOPS of each SSD under the same read
ratio, without considering latency.

Figure 1 shows that static routing achieves only 2.5 mil-
lion IOPS (MOPS), a mere half of the all SSDs’ combined
potential. This highlights that static request steering leaves
a significant portion of SSD performance untapped. Such
underutilization offsets the resource efficiency benefits of
disaggregated storage, diminishing its practical value.

2.3 Root Cause: Performance Variability of SSDs

We investigated the root cause of the significant performance
gap between static routing and ideal performance. Our analy-
sis reveals that the fundamental issue lies in the performance
variability of datacenter SSDs. This variability stems from
several factors, including device heterogeneity (differences
in models, wear levels, etc.), workload behavior (the fact that
SSD performance changes based on read/write ratio), and
background SSD activities (such as garbage collection).
Existing systems, with their static request steering, overlook
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Figure 2: The performance variability of SSDs stems from three key factors: a) Device heterogeneity: performance varies due to differences in
models, wear levels, fragmentation levels, etc.; b) Workload behavior: performance heavily depends on the workload’s read/write ratio; c)
Background SSD activity: internal operations such as garbage collection cause temporary but severe performance disruptions.

this variability and treat all SSDs as uniformly performant.
This results in hotspots and straggler SSDs that limit perfor-
mance, preventing the system from realizing the full potential
of SSDs and resulting in data stalls in expensive compute
resources [9, 76]. Next, we will examine these sources of
performance variability in datacenter SSDs in more detail.

2.3.1 Device Heterogeneity.

Datacenter SSDs exhibit significant performance variabil-
ity due to device heterogeneity arising from two primary
sources. First, SSDs from different vendors, or even differ-
ent models from the same vendor, vary in their flash con-
trollers, flash chips, and firmware, leading to performance
discrepancies. For example, cloud providers such as Meta and
Alibaba have reported many different SSDs active in their
clusters [20, 24,30,45] — this is a common trend because of
staged hardware rollout and correlated failure mitigation in
datacenters. Second, even identical SSD models experience
performance divergence over time due to differences in wear
levels [10] and internal fragmentation [12]. These factors
are heavily influenced by the specific workloads and usage
patterns experienced by individual SSDs.

To illustrate this phenomenon, we measured the 4K block
access performance of three SSDs in our testbed (two Sam-
sung PM 1725 and one Western Digital DC SN200) with a
90% read ratio. Figure 2a presents this significant variation.
The Western Digital SSD outperforms the Samsung SSDs
by 2.7-3.5 %, achieving 0.99 MOPS under a one-millisecond
90th-percentile latency target, due to its faster flash chip. Im-
portantly, even the Samsung SSDs exhibit performance dif-
ferences. They achieve 0.28 and 0.36 MOPS respectively,
representing a variability of 28%. This variation stems from
their difference in wear levels and internal fragmentation.

This variability poses a significant challenge, requiring
systems to be adaptive to the performance characteristics of
each individual SSD to maximize overall performance.

2.3.2 Workload Behavior.

Flash SSDs exhibit significant performance variation depend-
ing on the workload’s read/write ratio [43,72,75]. This asym-
metry arises from NAND flash requiring block-level erases
before writes, adding overhead not present in reads [33].
Figure 2b demonstrates this phenomenon. We measured

SSD 1’s maximum achievable IOPS under different read/write
ratios and observed a drastic variation as the read/write ratio
changes. With a read-only workload, the SSD delivers ap-
proximately 2x the IOPS compared to a write-only scenario.
Notably, even a small percentage of writes, only 2%, degrades
performance by 15% compared to a purely read workload.
This sensitivity intensifies with increasing write percentages;
a 10% write mix leading to a 30% IOPS decrease and a 20%
write mix almost reducing the IOPS to 50%.

This sensitivity to the read/write mix exacerbates perfor-
mance unpredictability, further complicating load steering
decisions in disaggregated storage systems.

2.3.3 Background SSD Activities.

Activities such as garbage collection (GC) introduce perfor-
mance fluctuations in SSDs [22,29,34,35,73]. NAND flash
requires writing new data to fresh pages. GC reclaims space
by identifying blocks containing outdated data, copying active
data to new locations, and erasing the original blocks. These
additional read/write/erase operations compete with regular
user requests, temporarily degrading performance.

We demonstrate this with a write-only workload that trig-
gers GC on SSD 1. As shown in Figure 2c, during active
GC cycles (0.85-0.90 seconds), write latencies increase by
more than 20 x. This significantly degrades the SSD’s ability
to meet performance targets. The challenge lies in the fine-
grained timescale at which these disruptions manifest. Even
short GC bursts severely disrupt performance, making them
extremely difficult to predict, detect, and react to.

3 Related Work

SSD disaggregation offers a potential solution to improving
the low storage resource utilization in datacenters [36, 58, 60].
Notable examples include LeaplO [41], IODA [42], and sys-
tems utilizing NVMe-oF [18], which require hardware sup-
port, as well as FDS [56] and DLFS [78], which necessitate ap-
plication code changes. Unfortunately, many of these systems
overlook the performance variability inherent in SSDs [56],
resulting in suboptimal performance that undermines the ef-
ficiency of disaggregation [9]. Below we elaborate on why
existing systems fail to deliver close to ideal performance.
Table | summarizes this comparison.

SSD Performance Variability. Several systems specialize



System Congestion Control | R/W Segregation | Weighted Routing | Hardware Changes

FDS [56] (static), Decibel [54] X X X None

RackBlox [61], IODA [42], TTFlash [73] v X X SDN, SDF, SSD firmware
LinnOS [23], MittOS [21] v X X None

Gimbal [52] v X X SmartNIC

Rails [69], SWAN [34] X v X Extra memory (e.g., NVM)
Gecko [68] X v X None

ReFlex [37], zQoS [48] X X v None

Sandook v v v None

Table 1: Sandook is the only storage system that transparently handles multiple sources of performance variability without changing hardware.

in managing a single form of SSD performance variability
(§9.5). For example, Rails [69], SWAN [34] and Gecko [68]
segregate reads and writes onto different SSDs, but they are
not aware of when SSDs are congested. Others like Rack-
Blox [61] rely on SDN [38] and SDF [58] to coordinate
garbage collection, but cannot do this with commodity stor-
age and network hardware. On the other hand, MittOS [21],
LinnOS [23], and Gimbal [52] can detect congestion in SSDs,
but they do not segregate reads and writes. All these systems
also lack accurate performance profiles of the SSDs, so they
waste resources by not avoiding congestion proactively. This
lack of a holistic approach to performance variability ends up
leaving substantial untapped performance.

In response, Sandook provides a novel two-tier architecture
that enables it to achieve a) routing flexibility (through its log-
structured design); b) global, data-driven decision-making
(via its logically centralized controller); and c) rapid respon-
siveness to short-term variability (enabled by decentralized
Sandook clients). This combination of capabilities enables
the integration of multiple policies that can manage multiple
forms of performance variability cohesively.

SSD Performance Modeling. One approach to mitigating
the challenge of performance variability is through SSD per-
formance modeling [2,23,28]. Approaches range from analyt-
ical models in systems like ReFlex [37] to machine learning
techniques employed by systems such as LinnOS [23] and
GrayBox [28]. Sandook employs offline profiling with con-
tinuous online monitoring to capture SSD performance and
can be extended to incorporate other SSD metrics [44].

4 Challenges

Naively composing these techniques—profile-driven
weighted routing [37], read/write (R/W) segregation [34,69],
and storage congestion control [23, 52]—does not yield a
robust rack-scale SSD disaggregation solution. In practice
these mechanisms operate on different timescales, impose
contradictory constraints, and often assume specialized
hardware. Below we make these composition pitfalls explicit.

4.1 Mismatched Timescales

Profile-driven load steering must evolve slowly to reflect de-
vice heterogeneity and wear, whereas congestion control must
react at sub-millisecond timescales to transient slowdowns
(e.g., GC spikes). If both policies independently adjust routing

without a contract, they fight each other: a global reweighting
can immediately be undone by local backoff (and vice versa),
causing oscillations and tail latency inflation. The challenge
is to separate concerns by timescale while keeping the fast
path safe and the slow path effective.

4.2 Conflicting Objectives

R/W segregation improves throughput by reducing interfer-
ence, but it shrinks the candidate set for each operation (reads
prefer R-mode SSDs; writes target W-mode SSDs). Weighted
routing wants to concentrate load on faster devices, while
congestion control wants to diffuse load away from SSDs
that become temporarily slow. With static mappings (e.g.,
sharding/FDS-style placement), these constraints collide: (i)
a write-only SSD in GC must still accept writes, (ii) a fast
read SSD may be inaccessible if replicas are unlucky, and (iii)
replication factor k couples read flexibility and write amplifi-
cation. A correct composition needs more degrees of freedom
than static placement provides, yet must preserve consistency,
wear fairness, and capacity limits.

4.3 Metadata Management

Static mappings simplify systems but preclude adaptive rout-
ing. Log-structured placement restores routing flexibility (e.g.,
append-anywhere writes) but introduces new systems prob-
lems: scalable logical-physical mapping, timely trimming/-
cleaning without synchronized stalls, crash-consistent meta-
data, and reconstruction after failures—all while preserving
block device semantics and multi-tenant isolation.

4.4 Specialized Hardware

Prior systems often rely on specialized hardware or firmware
support (e.g., SmartNIC JBOFs, NVM, SDN/SDF [38, 58], or
open-channel SSDs [5]) to obtain fine-grained signals or to
coordinate GC [34,52,61]. Assuming unmodified commodity
hardware means: (i) limited on-device telemetry, (ii) no con-
trol over the FTL, and (iii) microsecond-scale reactions must
be achieved in software. The challenge is to detect disrup-
tions using end-to-end signals and to actuate routing changes
without bespoke dataplanes or firmware hooks.

4.5 Our Approach

Sandook overcomes these composition challenges through
two key design decisions: (1) Routing flexibility: A log-
structured placement layer for writes and replica choice for



reads decouples scheduling decisions from data placement,
allowing R/W segregation, weighted routing, and congestion
control to coexist without conflicts. (2) Timescale separation:
A two-tier architecture cleanly divides responsibilities—the
controller handles slow-changing decisions (modes, weights)
while clients handle fast reactions (congestion backoff)—
preventing oscillations between global and local adjustments.
These principles enable Sandook to compose previously in-
compatible policies into a coherent system (§5).

5 Sandook Overview

Sandook addresses these composition challenges with two
design principles. First, it exposes routing flexibility through
a log-structured placement layer for writes and exploits repli-
cation for reads, so schedules are not blocked by immutable
mappings. Second, it separates control by timescale via a
logically centralized controller that computes a slow-moving
per-SSD plan—a mode (read-mode or write-mode) and a rout-
ing weight—from global demand and learned performance
profiles. Client-side schedulers execute that plan and may tem-
porarily down-weight congested SSDs based on end-to-end
signals to protect tail latency. This architecture composes R/'W
segregation, profile-driven weighted routing, and congestion
control on commodity SSDs and network hardware.

Routing Flexibility. To guarantee freedom at dispatch time,
Sandook uses a log-structured placement layer for writes
(append-anywhere) and leverages replication to provide per-
read replica choice (already a common practice in disag-
gregated storage systems for providing fault-tolerance). The
system can steer writes to any suitable SSD and route reads
to any of a block’s replicas, independent of prior placements.
This decoupling is what allows higher-level policies (R/W
segregation, weighted routing, and congestion control) to act
without tripping over one another.

Timescale Separation. Sandook employs logically central-
ized scheduling that produces a slow-moving plan and client-
side execution that applies rapid corrections. The controller
computes, per SSD, a mode (read-mode or write-mode) and
a routing weight from global demand and SSD performance
profiles. Clients then enforce this plan but may temporarily
down-weight specific SSDs upon receiving end-to-end con-
gestion signals from storage agents, protecting tail latency
during short GC bursts or other transients. This division of
labor avoids oscillations between global reweighting and local
backoff while keeping the controller off the data path.

Architecture. Figure 3 illustrates the components that re-
alize these principles. SSD Agents (§6.1) colocated with
disks provide hardware-agnostic observability (periodic pro-
filing and real-time signals) and serve 1/O. Sandook Con-
troller (§6.2) plans by aggregating signals and emitting per-
SSD modes and routing weights. Sandook Clients (§6.3)
execute the plan on the fast path, applying local, signal-
driven down-weighting when needed, and issuing reads/writes

against a log-structured, replicated block space.

Composable Policies. Within this substrate, Sandook inte-
grates three policies that previously targeted disjoint axes of
variability, now made composable by routing flexibility and
timescale separation (§7): (i) read/write segregation (§7.1)
assigns SSDs to read-mode or write-mode and steers requests
accordingly, (ii) profile-driven weighted routing (§7.2) uses
SSD performance profiles to assign per-SSD routing weights
that align load with device heterogeneity, and (iii) storage
congestion control (§7.3) performs fast, client-side down-
weighting in response to agent congestion signals, shifting
load away from transient stragglers without involving the
controller. Table 2 summarizes how signals, decisions, and
actions flow across agents, the controller, and clients.

Outcome. By pairing a flexible placement substrate with a
two-tier control plane, Sandook composes existing ideas into
a stable, hardware-agnostic solution for rack-scale SSD dis-
aggregation: slow, globally consistent modes+weights unlock
throughput, while fast, local down-weighting preserves tail
latency—without modifying SSDs or the network stack.

6 Sandook Design

Next, we discuss the key design components in Sandook—
SSD agent, Sandook controller, and Sandook client—and their
interactions that enable adaptive I/O steering.

6.1 SSD Agent

Sandook employs an SSD agent on each storage server to
manage attached SSDs. The SSD agent serves two core func-
tions. First, it continuously monitors the load and performance
metrics of attached SSDs, sharing this information with the
Sandook controller to facilitate its decision making. Second,
it handles block read and write requests issued by Sandook
clients, forwarding them to the corresponding SSD. The mem-
ory and CPU overhead of monitoring the performance of (typ-
ically tens of) SSDs on a single storage server is negligible.

Profiling SSDs: The SSD agent registers new SSDs on the
server with Sandook. It begins by generating a detailed per-
formance profile, denoted as 2 (load, rw_ratio), by measuring
the SSD’s load-latency curves across various read/write ratios.
To create these curves, the agent increases the load (in 1%
increments) and measures the latency at each point. This pro-
file captures performance information, including 50th, 9Qth,
and 99" percentile latencies, providing a granular view of the
SSD’s expected behavior under different workloads.

Since SSD performance can change over time due to factors
like wear and fragmentation [8], the agent periodically re-
profiles SSDs. This occurs during periods of low system load
(e.g., at night) to minimize disruption. Any updates to the
performance profile are shared with the Sandook controller
to maintain its accurate system-wide view.

The agent shares the performance profile and capacity in-
formation with the Sandook controller. At this point, the new
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Figure 3: An overview of Sandook’s architecture, highlighting the interaction between SSD agents (which monitor load and performance
signals), the Sandook controller (which makes centralized decisions based on signals), and Sandook clients (which execute these decisions).

Policy SSD Agents (Signal)

Sandook Controller (Decision)

Sandook Client (Action)

Read/Write

Segregation (§7.1) Gather read/write load information

Designate SSDs as read- (R) or write-mode (W)

Steer I/Os to dedicated R/W SSDs

Profile-Driven

Load Steering (§7.2) Profile and monitor SSD performance

Assign routing weights to SSDs

Route I/Os based on weights

Storage Congestion
Control (§7.3)

Detect SSD performance disruptions

Bypassed for rapid response

Adaptively reduce traffic to
congested SSDs

Table 2: An overview of Sandook’s three key policies, which work in tandem to manage the performance variability of SSDs holistically.

SSD is made available for use to clients.

Detecting Congestion: The agent actively monitors SSDs
for real-time load and short-term performance fluctuations.
It tracks the load (number of read and write requests) and
the latency of each request, aggregating these metrics over a
10ms window. Using Exponentially Weighted Moving Aver-
age (EWMA), it calculates average and tail latencies, captur-
ing a reliable view of the SSD’s current performance.
Detecting potential performance disruption (often caused
by background activities such as garbage collection) is remark-
ably simple for the agent. It directly compares the real-time
metrics against the established performance profile — devia-
tions (exceeding a configurable threshold, 10% by default)
signal likely congestion. In this case, the agent immediately
informs Sandook clients, enabling them to take action.

Handling I/O: Another key responsibility of the SSD agent is
to directly handle block read and write requests from Sandook
clients. For read requests, each includes both the SSD’s unique
ID and the desired block offset within that SSD. If a valid
block is being requested, the agent retrieves the data from
the appropriate local SSD. It then returns the response to the
client, optionally including a congestion signal if necessary.

Write requests, however, are handled differently due to
Sandook’s log-structured design. Each write request only in-
cludes the SSD ID. The agent dynamically allocates a new,
unused block on the specified SSD to accommodate the write.
Upon successful write completion, the agent returns the newly
assigned block ID to the client so it can be used to refer to
this block at the time of reading it.

We provide pseudo-code for I/O operations in §A.1.
6.2 Sandook Controller

We intentionally designed the Sandook controller to be
lightweight and focused solely on the control plane. Its core
responsibilities include gathering load and performance infor-
mation from SSD agents, making centralized scheduling deci-
sions, and sharing these decisions with Sandook clients. Addi-
tionally, the controller maintains a list of available SSD agents
and SSDs, enabling simple discovery by Sandook clients. By
keeping the controller thin and off the critical data path, we
avoid potential performance bottlenecks and allow for easy
replication, ensuring high availability and scalability.

Scheduling: The controller periodically queries all SSD
agents to gather the latest load and performance information
for each SSD in the system. We utilize a pull-based approach
to ensure that the collected information reflects a synchro-
nized snapshot in time. The controller aggregates the load
data to calculate global read and write demand by summing
the respective MOPS across all SSDs. Next, the controller
leverages the aggregated load information and individual SSD
performance profiles as input to the scheduling policies (§7).
The output of the scheduling process is a list of per-SSD rout-
ing weights and their designated modes (read or write). This
scheduling decision is then broadcast to all Sandook clients.

The controller iteratively performs this process every 200
milliseconds, carefully balancing the need for timely schedul-
ing decisions with the importance of control system stability.
Too frequently updating scheduling decisions can lead to sys-
tem oscillation if there is not sufficient time for the system to



react and for the controller to observe its impact.

Trimming SSDs: The controller also coordinates the trim-
ming of individual SSDs [32] ensuring minimal performance
impact on the overall system. Due to Sandook’s log-structured
block layout, each write allocates a new block and invalidates
the previous one. Trimming the invalidated blocks is crucial
to maintain high write performance and prevent capacity ex-
haustion. To avoid disruption caused by simultaneous trims
across SSDs, the controller employs a token-ring approach,
rotating the token among SSDs to coordinate trim operations.

We provide pseudo-code for the trim operation in §A.2.

We intentionally keep the controller design simple and
stateless. Scheduling policies are purely functional, and SSD
load and performance information are just temporal states.
The only persistent state maintained by the controller is the
registry of SSDs and SSD agents within the system. While
this registry could also be rebuilt by having SSD agents re-
establish contact with the controller, we opt for a classic
primary-backup replication approach to ensure high avail-
ability. This allows for rapid failover with minimal downtime
in the event of primary controller failure.

6.3 Sandook Client

The Sandook client resides on user machines, bridging ap-
plications and the disaggregated SSDs within the Sandook
system. It presents a familiar block device interface, trans-
parently routing storage requests to the most suitable remote
SSDs based on the Sandook controller’s scheduling decisions.

Dispatching Requests: The Sandook client intercepts storage
block requests made by applications (§8) and splits them into
granular 4K blocks. In Sandook, we expose remote SSDs
at this 4K block level, a choice that simplifies design by
eliminating the internal fragmentation issues common in log-
structured systems [62]. This approach forgoes the need for
compaction and remains efficient due to the fast 4K random
access speeds offered by modern SSDs, which are close to
the sequential performance [65]. The client routes these 4K
block requests independently and out-of-order to appropriate
remote SSDs, exploiting the parallelism across remote SSDs.

Block Mapping: The Sandook client maintains a logical-to-
physical mapping to translate logical block addresses visible
to the user into their corresponding physical locations on
remote SSDs. This mapping is implemented as a four-level
nested table, mirroring the classical design of four-level page
table [14]. This enables lazy metadata allocation for efficient
memory usage, while allowing concurrent accesses with fine-
grained locking at the leaf level. A key distinction arises from
block replication: in Sandook, a single logical block maps to
multiple physical blocks across different SSDs.

Crucially, this mapping mechanism enables strict data isola-
tion. Each user has a distinct mapping, ensuring access only to
their own allocated blocks. Sandook does not support shar-
ing a single logical volume across multiple clients; each
client maintains its own independent logical address space.

This design avoids the complexity and performance overhead
of cross-client synchronization for concurrent writes to shared
blocks, while also eliminating potential security concerns and
side-channels in multi-tenant settings. For enhanced security,
we isolate each Sandook client from applications as a separate
Linux process, inspired by microkernel approaches.

To process a 4K block request, the client first determines
the potential remote SSD candidates. For read requests, the
client consults the mapping table to identify the locations
of all replicas. For write requests, any SSD can serve as a
candidate due to the log-structured design.

Load Balancing: Next, the client applies the controller’s
scheduling decisions to these candidates, selecting the specific
SSDs to be used (§7). Read requests target one location, while
write requests require k locations, where k is the system’s
replication factor. For writes, the client updates the mapping
with the new physical block locations returned by SSD agents.
Old physical block locations are marked for recycling, and
clients periodically push this information to SSD agents so
that these blocks can be released.

Sandook can be configured to support different block sizes
based on the workload requirements (e.g., 512B etc.) For
requests smaller than the block size, Sandook adds an ampli-
fication overhead similar to existing file systems.

6.4 Fault Tolerance and Crash Recovery

Sandook is carefully designed for fault tolerance and crash
consistency, ensuring its reliability in disaggregating SSDs at
rack-scale. We examine how each component handles failures
and reconstructs lost state.

Controller Failure: The controller maintains two types of
state: (1) persistent state, consisting solely of the SSD and
agent registry, which is replicated across primary and backup
controllers; and (2) soft state, comprising the current schedul-
ing decisions (per-SSD modes and routing weights) and
cached SSD performance profiles. Soft state is derived from
SSD agent reports and can be fully reconstructed after a restart
by re-querying agents. Upon primary controller failure, the
backup seamlessly takes over; scheduling decisions are recom-
puted within one scheduling epoch (200 ms). A distributed
coordination framework (e.g., Zookeeper [27]) prevents split-
brain issues.

SSD Client Failure: The client maintains three types of
in-memory state: (1) the controller’s scheduling decisions,
(2) the logical-to-physical block mapping, and (3) discarded
blocks awaiting release. After a cold restart, recovery pro-
ceeds as follows: scheduling decisions are re-requested from
the controller; the logical-to-physical mapping is recovered
from local write-ahead logs (persisted on f£sync or timeout);
and lost discard information is reconstructed via the SSD
agent reconstruction process described below. Sandook can
optionally persist client-side mappings to shared storage for
recovery from a different machine.



SSD Agent Failure: Existing systems rely on replica-
tion [1,56,71] and erasure coding [25, 67] for fault tolerance.
Replication is widely used in performance-oriented storage
systems because independent replicas provide flexible read
routing, simplify writes by avoiding cross-device encoding,
and preserve low-latency access by eliminating decoding on
the read path. In contrast, erasure coding improves space effi-
ciency but requires stripe-level coordination and incurs parity
computation and decoding overhead. Sandook adopts replica-
tion rather than erasure coding. Our target environment—rack-
scale SSD deployments—prioritizes performance, tail-latency
control, and routing flexibility over raw capacity efficiency.

This choice also simplifies failure handling. Block replica-
tion ensures continued availability during agent failure; clients
steer requests to other SSDs. Upon agent restart, the only state
requiring reconstruction is the free block bitmap for attached
SSDs. The agent broadcasts a reconstruction request to all
Sandook clients, which respond with lists of physical blocks
currently in use (obtained by scanning their mapping tables).
The agent computes the complement to rebuild free block
information. This process completes in seconds for typical
deployments and does not block ongoing I/O to other SSDs.

Overall, Sandook provides persistence guarantees compa-
rable to locally attached cloud storage, with higher perfor-
mance.

7 Sandook Policies

Sandook’s flexible architecture enables the simultaneous inte-
gration of various scheduling policies. In this section, we will
discuss three specific policies that work in tandem to manage
the performance variability of disaggregated SSDs.

7.1 Read/Write Segregation

Sandook employs a read/write segregation policy to mitigate
read/write interference within individual SSDs, preventing
the performance degradation it can cause (§2.3.2). This pol-
icy uses a dynamic sliding window mechanism to designate
a subset of SSDs within the pool as write-mode, while the
remaining SSDs become read-mode.

The Sandook controller dynamically calculates the size of
the write-mode window based on the system’s current work-
load. It begins by aggregating the read and write loads of each
SSD, reported by SSD agents, to determine the system-wide
read demand R and write demand W. Next, using performance
profiles 2 of each SSD, the controller calculates the minimal
number of SSDs required to meet the global write demand W.
These SSDs form the write-mode window.

To ensure fairness and balance wear, the sliding window of
write-mode SSDs periodically shifts across a logical ordering
of the SSDs. This shift happens on every scheduling epoch
of the controller, providing all SSDs with the opportunity to
switch between read and write modes.

Sandook clients aim to strictly enforce the segregation pol-
icy by directing read requests exclusively to read-mode SSDs

and write requests exclusively to write-mode SSDs. How-
ever, in rare cases where all replicas of a read request reside
on write-mode SSDs, Sandook makes an exception. Rather
than stalling the read request, which would disrupt applica-
tion performance, clients are allowed to read the block from
write-mode SSDs. This is acceptable since such situations are
infrequent, as evidenced in our evaluation (§9.5.2).

7.2 Profile-Driven Load Steering

Sandook employs performance-profile-driven load steering
to manage SSD performance variability caused by device
heterogeneity (§2.3.1). This policy optimizes load distribution
by incorporating performance capabilities of each SSD.

The Sandook controller determines the optimal load dis-
tribution for both read and write requests. It focuses on two
primary objectives: meeting the system’s global read demand
(R) and write demand (W), and minimizing the overall latency.

The controller leverages linear programming (LP) to
achieve this optimization. Focusing on read requests (with
the write optimization following a dual structure), the con-
troller first gathers performance profiles %; of each SSD; from
SSD agents. It then derives a latency metric (by default 90™-
percentile latency), represented as L;(r;), for each SSD; based
on its current read load r;. The LP formulation aims to find
the optimal read load distribution:

Minimize: rrllaxN{Li(ri)}, where N is the # of read SSDs
=1,...

N
Constraints: Z ri =R (ensuring read demand is met)
i=1

ri >0,V read SSD; (non-negative load)

To obtain a good solution within a reasonable timeframe,
Sandook employs a hill-climbing algorithm [64]. Initially,
reads are evenly distributed across read-mode SSDs. The
algorithm then iteratively identifies the SSD with the highest
L and the one with the lowest L. It then transfers a small
portion of load (1% by default) from the worst-performing
SSD to the best-performing SSD. The process continues until
the overall latency objective no longer improves.

7.3 Storage Congestion Control

Sandook employs a storage congestion control policy to
rapidly mitigate the performance impact of transient disrup-
tions on individual SSDs, usually caused by the SSD’s internal
background activities such as garbage collection (§2.3.3).
SSD agents are capable of identifying transient disruptions
by comparing real-time performance metrics of each SSD
against their performance profile 2 (§6.1). To enable fast re-
action, this policy bypasses the central controller; the SSD
agent immediately notifies impacted Sandook clients by pig-
gybacking a congestion signal with the I/O response.
Reacting to this signal, Sandook clients employ a conges-
tion control algorithm inspired by rate-based TCP congestion
control algorithms [6,7, 16]. For each storage round trip time



(RTT) where a congestion signal is received, the client re-
duces its routing weight to that specific SSD by half, easing
the load on the congested device.

Once congestion signals cease, the client initiates a gradual
recovery process. For each RTT, the routing weight is incre-
mentally increased by a small percentage (1% by default) of
the original weight. This probing approach allows the client
to safely discover the available throughput of the SSD with-
out overloading it. The process continues until the routing
weight fully returns to its original value, ensuring optimal
performance once the SSD has stabilized.

7.4 Extensible Policy Engine

Sandook performs I/O scheduling in user-space, similar to
prior work for CPU scheduling [15, 26]. It is designed to
be extensible in implementing, deploying and testing cus-
tom scheduling policies for achieving different efficiency
objectives. Sandook focuses on improving utilization while
minimizing tail latency, though other policies can be easily
expressed. For instance, Sandook can factor in capacity man-
agement by accounting for the used capacity on each SSD
or perform wear-management by considering erase cycles of
each SSD when assigning routing weights. Sandook’s policy
engine can also prioritize storage requests based on user-
defined application requirements, maintaining separate sets
of routing weights for different users to ensure Quality-of-
Service (QoS).

8 Implementation

Sandook is implemented in approximately 9,000 lines of C++-
23 code. Its modular implementation comprises three user-
space binaries (the SSD agent, Sandook controller, and San-
dook client), ensuring ease of deployment. We built them
upon Caladan’s threading and networking runtime [15] for
high TCP performance, and SPDK [70] for fast, low-overhead
storage access. Our careful optimization of Sandook’s core
runtime allows it to easily saturate our 100 GbE NIC and
achieve 2.6 million 4K IOPS for remote storage.

Sandook provides a standard Linux block device interface,
leveraging the recent Linux ublk [31] feature for seamless
integration with existing applications. It intercepts all Linux
I/O system calls (such as open, read, and write) made to
the exposed block device and forwards them to the user-space
Sandook client using io_uring [46]. To improve scalability,
we employ multiple i0_uring queues.

For applications seeking optimal performance with mini-
mal overhead, Sandook provides a kernel-bypass interface.
This offers direct access to Sandook functionality, eliminating
the need for Linux system calls. We provide C, C++, and Rust
bindings that mirror a familiar block API, including func-
tions such as Read (block_id), with both synchronous and
asynchronous options for flexible integration.

To ensure efficient interaction between Sandook’s compo-
nents, we developed a custom, high-performance RPC stack.

It maintains per-core TCP flows for scalability, employs adap-
tive batching to amortize overhead [3], and performs locality-
aware flow steering to optimize cache footprint. As a result,
it can deliver more than 1 MOPS RPC throughput per CPU
core—ample performance for rack-scale SSD disaggregation.

We carefully optimized Sandook’s business logic to over-
come potential scalability bottlenecks. Key optimizations
include sharding data structures into per-core components
(e.g., the SSD agent’s performance metric counters, which are
sharded and later aggregated); employing fine-grained locking
for fast concurrent updates (e.g., the block mapping in San-
dook clients, which requires update on every write request);
and utilizing Read-Copy Update (RCU) for lockless access
to read-mostly data structures (e.g., the Sandook controller’s
scheduling decisions stored in Sandook clients).

Routing Overhead: Compared to static routing, Sandook
introduces minimal additional overhead. On the client side,
static routing computes a hash to select an SSD, while San-
dook performs a weighted random selection among cached
replica locations—both are O(1) operations requiring no syn-
chronization or network round-trips. The additional client
memory overhead is limited to per-SSD routing weights and
mode designations (a few bytes per SSD), as the logical-to-
physical mapping table is comparable in size to metadata
maintained by any block-level storage system. On the con-
troller side, the scheduling computation (hill-climbing over
SSD profiles) runs only once per scheduling epoch and scales
linearly with the number of SSDs—negligible for rack-scale
deployments. Congestion signals are piggybacked on existing
I/O responses, adding no extra network messages compared
to baseline storage RPCs.

9 Evaluation

9.1 Setup.

We used a pool of ten NVMe SSDs, seven Samsung (PM1725)
and three Western Digital (DC SN200). They exhibited vary-
ing performance, with read and write throughput ranging from
0.38-1.05 MOPS and 0.32-0.49 MOPS, respectively, due to
model differences and usage wear. Figure 2a illustrates the
performance profiles of three representative SSDs.

The testbed consists of ten machines: four client machines
running storage applications, five storage machines (two SSDs
each), and one machine hosting Sandook’s centralized con-
troller. Each machine ran Ubuntu 23.04 with Linux kernel
v6.5, equipped with an Intel Xeon E5-2680 v4 CPU, 64 GB
DDR4 memory, interconnected via a 100 GbE network.

We trimmed all SSDs and flushed the Linux page cache on
all machines before launching experiments. Unless otherwise
specified, we configured Sandook with a replication factor of
2. Section 9.6 presents the results of other replication factors.

9.2 Comparison with Other Systems

To understand the importance of Sandook’s holistic approach
to manage SSD performance variability, we compared it to ex-
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Figure 4: Existing systems address only one type of SSD perfor-
mance variability leaving significant performance potential untapped:
the baseline FDS achieves 52% of ideal IOPS, Gimbal’s conges-
tion control policy reaches 54%, SWAN’s R/W segregation policy
achieves 62%, and ReFlex’s policy of static weighted routing reaches
73%. In contrast, Sandook enables 95% of the ideal IOPS.

isting systems that address only one source of variability. Our
comparisons include: a baseline FDS [56] with hash-based I/O
steering that overlooks SSD performance variability; Gim-
bal [52] that reacts to short-term variability by employing
storage congestion control on the baseline; SWAN [34] that
focuses on mitigating read/write interference by applying
segregation on the baseline; and ReFlex [37] that responds
to device heterogeneity by performing static weighted rout-
ing, with weights based on peak SSD IOPS, on the baseline.
We faithfully emulate the core policies of these systems atop
Sandook, without using any specialized hardware.

Figure 4 shows the results. In a 90% read workload, FDS
achieved 2.6 MOPS, Gimbal [52] 2.7 MOPS, SWAN [34] 3.1
MOPS, and ReFlex [37] 3.6 MOPS, underutilizing SSDs as
compared to the ideal potential of SSDs (5 MOPS).

In contrast, Sandook’s holistic approach enables it to de-
liver 4.75 MOPS, closely approaching ideal performance.
This translates to 76%, 53.2%, and 31.9% higher IOPS than
storage congestion control, read/write segregation, and static
weighted routing, respectively.

9.3 Performance of Colocated Storage Applications

We evaluated Sandook with four common unmodified data-
center storage applications.

LeanStore [40] is a high-performance storage engine for on-
line transaction processing, optimized for multi-core CPUs
and NVMe SSDs [19]; we run YCSB-B [13] (Zipfian distri-
bution with 95% reads and 5% updates) for object lookups.
Machine learning training involves training a Unet3D CNN
model [11] using PyTorch [59] on a 180GB dataset. We use
MLPerf [49] to simulate an NVIDIA A100 GPU [57].

LZ4 image compression compresses ImageNet
ILSVRC2015 dataset images [63] using LZ4 [47].

Storage server is a high-performance open-source block
storage server [15], a latency-critical application. We use an
open-loop load generator with Poisson arrivals and Zipfian
block address distribution, in line with prior work [15].

9.3.1 Methodology.

We compared Sandook with two representative baseline con-
figurations. The first is static routing (as used in FDS [56]),
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Figure 5: Sandook outperforms existing approaches in a realistic
scenario of colocating four storage applications. Compared to static
routing and static provisioning, Sandook unlocks a 27% increase
in peak bandwidth (top figure), boosts application performance by
12-94% (figures 2—4), and ensures sub-millisecond tail latency even
under peak load (bottom figure).

that statically steers storage requests via address hashing.

Our second baseline is static provisioning, where the same
total number of SSDs are partitioned and assigned to individ-
ual applications. Applications exclusively used their allocated
SSDs via static routing. This ensured strict SSD performance
isolation among applications, representing today’s practice
for achieving the best storage performance [60]. We allocated
the number of SSDs to applications in proportion to their peak
storage throughput demand, resulting in four SSDs to storage
server (the most storage-intensive application) and two SSDs
each to the other three applications.

We examined Sandook’s performance in a realistic rack-
scale setup in order to compare to existing approaches. We
colocated four typical storage applications on our pool of
ten NVMe SSDs. Three throughput-focused applications—
LeanStore, ML training, and image compression—are initi-
ated sequentially at r = 0,10, 20 s, respectively, running to
completion. For these, higher throughput and a lower comple-
tion time is better. The latency-critical storage server started



att = 10 s, with its load gradually increasing from 0.1 MOPS
to 2.0 MOPS until r = 62 s before reducing at the same rate.
For this, lower latency is better.

We measured the total storage bandwidth usage and the
end-to-end performance of the applications with Sandook as
the storage backend, comparing it to static routing and static
provisioning. Ideal results would indicate both a higher total
storage throughput and improved application performance.

Figure 5 depicts the results. As shown in the top figure,
the total bandwidth increased until # = 62 s as more applica-
tions were started and the storage server’s load ramped up.
Sandook reached a peak bandwidth of 19 GB/s, 27% higher
than the 15 GB/s achieved by both static routing and static
provisioning. This resulted from Sandook’s flexible request
steering, unlocking SSDs’ performance potential untapped by
static routing and static provisioning. Bandwidth decreased
post t = 63 s as we scaled down the storage server’s load.

In LeanStore, static provisioning showed the lowest per-
formance (1.1 million transactions/s) being restricted to two
statically assigned SSDs. Both Sandook and static routing ini-
tially achieved 2 million transactions/s by taking advantage of
more SSDs. As we increased the storage server’s load, static
routing started to falter due to straggler SSDs (that are slower
than others) and heightened read/write interference (due to
colocated applications). Sandook maintains stable, high per-
formance throughout, showing a 12% and 94% end-to-end
performance improvement over static routing and static pro-
visioning, respectively. It is able to complete the required
number of transactions sooner than both baselines.

In ML training, static routing lagged with an average of 8
samples/s and 80% GPU utilization. This slowdown and GPU
underutilization primarily resulted from data stalls during
the loading stage—periods where the GPU sits idle wait-
ing for training data from storage. These stalls are a direct
consequence of read/write interference and straggler SSDs
under static routing. Static provisioning achieved better per-
formance, an average of 10 samples/s and 98.5% GPU utiliza-
tion, avoiding interference via strict SSD isolation. Sandook
achieved similar high performance even with multiplexed
SSDs, as it mitigated interference through read/write segrega-
tion and avoided stragglers via adaptive routing. This demon-
strates that Sandook’s storage optimizations translate directly
into improved utilization of expensive compute resources
(GPUgs), reducing costly idle time. Sandook completes the
training job at par with static provisioning and faster than
static routing.

Static routing also underperformed in image compression
(an average of 3751 images/s), again due to read/write inter-
ference, whereas static provisioning, with its isolated SSDs,
achieved an average of 5135 images/s. Sandook, mitigating
interference and leveraging additional SSDs as needed, out-
performed both with an average of 5520 images/s. It is able
to complete the compression job faster than both baselines.

For the latency-critical storage server, static routing initially

exhibited the worst 90" -percentile latency (2 ms), primarily
due to transient storage congestion (caused by GC) and read-
/write interference. As load intensified beyond ¢ = 30 s, static
provisioning struggled and fell behind; the overwhelming
load (exceeding 1.5 MOPS and triggering 6 GB/s bandwidth
demand) saturated its four SSDs, resulting in serious per-
formance disruption. At peak load around ¢t = 60 s, static
routing and static provisioning exhibited significant tail laten-
cies of 3.5 ms and 9 ms, respectively. In contrast, Sandook
maintained sub-millisecond tail latency throughout by effec-
tively managing storage congestion and read/write interfer-
ence, achieving latency reductions of 71-88% compared to
static routing and static provisioning, respectively.

Overall, these results demonstrate that in a realistic rack-
scale environment, Sandook successfully unlocks an addi-
tional 27% of SSD performance. This translates to an im-
provement in application throughput by 12—94%;, a reduction
in application latency by 71-88%, and an increase in GPU
utilization for ML training up to 23%, over the baselines.

9.4 Raw Storage Performance

We evaluated Sandook’s ability to unleash the performance of
heterogeneous SSDs. We focused on raw storage performance
rather than end-to-end application performance.

We used a synthetic microbenchmark to measure 4K block
RW performance under different RW ratios. We compared
Sandook’s results to both the ideal baseline and static routing.
The ideal throughput represents what could be achieved with
an optimal load distribution across SSDs, exhaustively calcu-
lated based on workload and each SSD’s performance profile.
We omit the static provisioning baseline as this experiment
only involves one application. A successful outcome for San-
dook would show performance significantly exceeding static
routing and closely approaching the ideal.

Figure 6 presents the results. In a read-heavy workload
(10% writes, Figure 6a), the ideal throughput under a one-
millisecond 90"-percentile latency target was 5.0 MOPS.
However, static routing achieved 2.6 MOPS, underutilizing
performance by 48%. Sandook significantly narrowed this
gap, reaching 4.75 MOPS, only 5% away from the ideal.

For a balanced workload (50% writes, Figure 6b), San-
dook achieved 2.7 MOPS, only 13% below the ideal and 50%
higher than static routing. Likewise, in a write-heavy scenario
(70% writes, Figure 6¢), Sandook delivered 2.1 MOPS, close
to the ideal (within 19%), surpassing static routing by 22%.

These results demonstrate Sandook’s ability to unlock the
potential of SSDs, delivering performance significantly ex-
ceeding the baseline and close to theoretical optimal.

9.5 Drill-Down Experiments

We evaluated the performance impact of each design choice in
Sandook using the same experimental setup described in §9.4.
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(b) Sandook balances write-mode SSD allocation in response to increasing write loads, ensuring a low mixed request ratio to mitigate R/'W
interference, thereby achieving sub-millisecond latency. Conversely, static routing lacking such a mechanism, faces latency spikes.

(¢) When GC occurs (shown in gray), static routing experiences disruptions, due to its inability to detect and respond. In contrast, Sandook
dynamically decreases the load on affected SSD and gradually increases it post-GC, maintaining sub-millisecond 90"-ile latency.

9.5.1 Profile-Driven Load Steering.

We investigated Sandook’s ability to harness performance het-
erogeneity across different SSDs. We used four SSDs (for sim-
plicity in illustration) with varying performance levels, ranked
from the most worn (lowest performance) to the least worn
(highest performance). To assess Sandook’s performance, we
conducted the synthetic microbenchmark comparing it against
static routing. Ideally, Sandook should demonstrate the ability
to adaptively distribute storage load across SSDs according
to their performance profiles, maintaining stable tail latency.

Figure 7a shows the result. The first part of the figure
illustrates the 90™-percentile latency for Sandook and static
routing under increasing loads. Subsequent parts present the
load distribution among the SSDs in both systems. Static
routing results in an even distribution of load across all SSDs
initially. Atz =7.2 s, when the total load reaches 1.85 MOPS,
the first SSD became saturated, causing significant latency
spikes in static routing (over 5 ms).

Conversely, Sandook’s adaptive weighted routing success-
fully redistributed the load, effectively managing the perfor-
mance differences and maintaining sub-millisecond latency.

This result demonstrates that Sandook can effectively man-
age performance heterogeneity of SSDs.

9.5.2 Read/Write Segregation.

We examined Sandook’s ability to mitigate SSD’s read/write
interference by segregating requests. We ran the synthetic
microbenchmark on ten SSDs, using a write ratio of 10%,
with progressively increasing load. A desirable outcome for
Sandook would demonstrate dynamic allocation of an appro-
priate number of write-mode SSDs to handle the load while
effectively isolating read from write requests.

Figure 7b presents the results. Initially, with a low write
load of 0.01 MOPS, Sandook designated only two SSDs for
write-mode (aligning with the replication factor) and used
the remaining SSDs for read-mode. As the load increased,
Sandook adaptively allocated more SSDs for writes; specifi-
cally, three write SSDs at 0.50 MOPS (write), and four at 0.75
MOPS (write). By segregating requests, Sandook consistently
maintained a low read/write mix ratio, defined as the propor-
tion of requests landing in SSDs operating in the opposite
mode. This ratio remained within 4%-16% during the exper-
iment, enabling Sandook to effectively mitigate read/write
interference and achieve sub-millisecond 90th-percentile la-
tency. Conversely, static routing, which collocates read and
write requests without managing interference, encountered
higher latency, reaching 1 ms at# =3.5s,and 2 ms att =4.5s.
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Figure 8: Performance impact of varying replication factors in Sandook, measured under different read/write ratios.

This result shows that Sandook’s read/write segregation
technique successfully mitigates interference.

9.5.3 Storage Congestion Control.

We assessed Sandook’s capability to manage transient storage
congestion, such as that induced by SSD’s garbage collection
(GC). We simplified our illustration with a three-SSD setup,
where one SSD was pre-filled to near capacity to ensure that
subsequent writes would quickly trigger GC. We offered a
constant load of 0.9 MOPS to benchmark Sandook’s perfor-
mance under congestion and compared it with static routing.
A good result would show that Sandook is able to quickly
redistribute the load from the congested SSD to others, mini-
mizing performance impact.

Figure 7c shows the result. The pre-filled SSD initiated
GC atr = 4.5 s. Unlike static routing, which failed to identify
the congestion and suffered a noticeable increase in its 90"-
percentile latency (approaching 15 ms), Sandook promptly
detected and responded to congestion. Specifically, between
t=5sandt = 5.3 s, Sandook reduced the load on the con-
gested SSD from 0.45 MOPS to 0.19 MOPS. It kept the new
load distribution while the GC was ongoing. After the com-
pletion of GC at ¢t = 6.8 s, Sandook gradually increased the
load back on the previously affected SSD. A similar pattern
was observed starting at t = 7.5 s with another GC event oc-
curring. Remarkably, throughout the experiment, Sandook’s
proactive approach in congestion management maintained a
low, sub-millisecond 90™-percentile latency.

This result illustrates Sandook’s capability to effectively
mitigate transient storage congestion.

9.6 Impact of Replication Factor

We assessed Sandook’s performance with various replication
factors k—1 (no replication), 2 (the default in other experi-
ments), and 3—using the synthetic microbenchmark.

Figure 8 summarizes the results. In a read-heavy work-
load (10% writes, Figure 8a), k = 3 showed the least per-
formance (3.2 MOPS at a one-millisecond 90™-percentile
latency target) due to the overhead of tripling writes and as-
signing proportionally more write-mode SSDs, thus reducing
the performance of reads. kK = 1 enhanced performance (3.45
MOPS under the same latency target), allowing more SSDs
to be in read-mode because of a reduction in writes. k =2
achieved the highest performance of 4.75 MOPS by balancing
the amount of writes and high flexibility for reads.

100+
S
5 201 — Sandook
© — FDS
0 . . . ;
0 1 2 3 4 5

Latency (ms)

Figure 9: Sandook drastically reduces storage block access latency
across a broad range of percentiles, outperforming FDS in a synthetic
workload with 10% writes and 3 MOPS offered load.

The impact of write replication grew as writes became more
prevalent. In a balanced read-write condition (50% writes,
Figure 8b), k = 1 emerged as the top performer, benefiting
from the absence of replicated writes, and achieving 3.75
MOPS under the sub-millisecond target. k = 2 followed, with
2.7 MOPS, outperforming k = 3, which reaches 1.9 MOPS.

Similarly, in a write-heavy scenario (70% writes, Figure
8c), higher replication yielded lower performance, with k =
1,2,3 achieving 3.1, 2.1, and 1.4 MOPS, respectively.

These results show that k = 2, our default setting, offers the
best performance in typical read-heavy scenarios in datacen-
ters. Meanwhile, for write-intensive scenarios, k = 1 delivers
better performance but sacrifices fault tolerance.

9.7 Latency Results of Other Percentiles

While previous results focused on 90th-percentile latency, we
investigated performance at other percentiles for a comprehen-
sive view. We repeated the synthetic microbenchmark (§9.4)
with 10% writes at a constant 3 MOPS load.

Figure 9 compares the latency CDFs for Sandook and FDS.
At the 501 percentile, Sandook and FDS achieved 0.11 ms.
However, at 95" and 99" percentiles, Sandook maintained
sub-millisecond latencies of 0.19 ms and 0.90 ms respectively,
significantly better than FDS’s 2.27 ms and 3.6 ms.

10 Conclusion

Existing SSD disaggregation systems often neglect SSD per-
formance variability, causing underutilization and inefficiency.
Sandook addresses this by using real-time performance mon-
itoring to adaptively steer I/O requests, unlocking full SSD
potential. Compared to prior systems, it delivers 1.7 stor-
age throughput, 1.12-1.94 x application throughput, 71-88%
lower latency, and 23% higher GPU utilization—without spe-
cialized hardware or application code changes.
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A Appendix
A.1 Handling I/O

We list the steps taken by the Sandook Client when handling
read and write I/O operations in Algorithms | and 2.

Algorithm 1 Read I/0 Path

Require: Logical block b;
Ensure: Data from physical block
1: P < MappingTable[b,]
. if P =0 then
return error
: end if
* Dselected < SelectReplica(P,weights)
: data < ReadFromRemoteSSD(pserecrea)
. return data

NoUA W

Algorithm 2 Write I/0 Path

Require: Logical block b;, data d, replication factor k
Ensure: Data written to k physical blocks

1: P+0 > Set of physical blocks
2: fori=1tokdo
3:  pi « SelectFromFreeList(weights)

4: P+ PU{p;}

5: end for

6: old_map < MappingTable|b,]|
7: if old_map # null then

8: Invalidate(old_map)

: end if

10: MappingTable[b,] < P

11: for each p; € P do

12: WriteToRemoteSSD(p;, d)
13: end for

N

A2 Trim

We list the steps taken by the Sandook Controller when coor-
dinating trim operation across SSDs in Algorithm 3.

Algorithm 3 Trim Coordination (Controller)

Require: Set of SSDs S, token ring order R
Ensure: coordinated trim operations across SSDs

1: token <0 > Token position in ring
2: while true do
InvalidatedBlocks < PollClients() > Gather invalidated blocks

4 current_ssd < R|token]

5: blocks_to_trim < FilterBlocks(InvalidatedBlocks, current_ssd)
6: if |blocks_to_trim| > 0 then

7: Wola < weights[current_ssd)

8
9

weights|current _ssd| < Woiq X O, > Reduce weight, o0 < 1
BroadcastWeights(weights) > Notify clients
10: IssueTrim(current_ssd, blocks_to_trim)
11: WaitForCompletion(current_ssd)
12: weights(current_ssd) < Woia > Restore weight
13: BroadcastWeights(weights)
14: end if
15: token < (token+1) mod |R| > Move token to next SSD
16: Sleep(Tintervat) > Wait before next iteration

17: end while
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