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Abstract

Heterogeneous storage and memory systems combine multiple device types
to balance performance, capacity, and cost, typically pairing a faster, smaller
performance device with a slower, larger capacity device. For decades, these
systems have been hierarchical: the performance device is orders ofmagnitude
faster, so the capacity device’s performance can be safely ignored. Modern
devices break this assumption. The emergence of low-latency SSDs, persistent
memory, and CXL memory has greatly narrowed the performance gap
between neighboring devices, producing non-hierarchical storage andmemory
systems in which the capacity tier offers comparable bandwidth and, under
contention, can even be faster than the performance tier. Both classic and
state-of-the-art methods fall short on non-hierarchical architectures. For
example, caching, which replicates hot data in the performance device, and
tiering, which migrates hot data to it, both optimize for the performance tier;
once that tier saturates, the capacity tier remains underutilized and overall
performance is bounded by a single device. This dissertation addresses this
challenge in three parts, each identifying the limitations of classic and state-
of-the-art approaches in non-hierarchical storage and memory systems and
proposing new designs that aim to dynamically utilize all devices optimally.

The first part revisits caching for modern storage hierarchies. We intro-
duce Non-Hierarchical Caching (NHC), an approach that layers a lightweight,
feedback-driven scheduler on top of an existing cache controller. The key
insight is that a cache hit need not be served from the performance device:
when that device saturates, NHC redirects a fraction of hits to the copy on the
capacity device, exploiting its unused bandwidth. We implement NHC as
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Orthus-CAS, a kernel module within the open-source Open CAS framework,
with configurable optimization targets including throughput, average latency,
and tail latency. Compared to classic caching, Orthus-CAS achieves up to
2× higher throughput when the performance device is saturated, and it
substantially outperforms prior cache-bypass approaches under dynamic
workloads.

The second part redesigns tiering, which avoids caching’s duplicated
capacity but keeps a single copy of each block and must migrate data to
shift load. We introduce Mirror-Optimized Storage Tiering (MOST), a tier-
based approach that mirrors a small amount of hot data across devices and
balances load by routing requests among the copies instead of migrating
data. A simple, self-adjusting optimization mechanism controls the routing
ratio online, requiring no prior knowledge of the workload or devices. We
implementMOST as Cerberus, a storagemanagement layer within the widely
used flash cache library CacheLib. Across two storage hierarchies, Cerberus
achieves up to 2.34× higher throughput and reduces P99 latency by up to
75% compared to state-of-the-art systems on static workloads, improves
throughput by up to 1.86× across four production cache workloads, and
reduces device writes by up to 84% under dynamic workloads.

The third part extends load balancing to heterogeneous memory, where
local DRAM is paired with second-level memory such as CXL devices and
memory-interconnect contention can invert the latency relationship between
tiers. Existing contention-aware systems rebalance by migrating pages,
but migration adds traffic to the already contended memory subsystem,
slows convergence, interferes with foreground requests, and repeats data
movement under bursty load. We introduce Hecaton, a heterogeneous
memory management system built on mapping-based load balancing: Hecaton
maintainsmirrored copies of read-mostly pages across tiers and balances load
through page table remapping without data copying under contention. A
lightweight latency-feedback controller, low-overhead reactive and proactive
mirroring, and a write-recency test for selecting pages worth mirroring make
this approach practical. Across microbenchmarks, bursty workloads, and
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realistic applications, Hecaton outperforms contention-oblivious tiering by
up to 2.60× and the best migration-based baseline by 1.64×, converges up to
32.8× faster than the lowest-interference migration variant, and migrates up
to 34× less data.

Together, these three systems introduce new designs that make better use
of all devices in non-hierarchical storage and memory systems.
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Chapter 1

Introduction

“Ideally one would desire an indefinitely large memory capacity . . . It does not
seem possible physically . . . We are therefore forced to recognize the possibility
of constructing a hierarchy of memories, each of which has greater capacity
than the preceding but which is less quickly accessible.”

– Burks, Goldstine, and von Neumann, 1946 [27]

Heterogeneous systems have been central to computer system design
since its inception [27]. A heterogeneous system refers to an architecture
that combines multiple, distinct types of devices to balance performance,
capacity, and cost. In storage systems, such heterogeneous architectures
are commonplace. For example, DRAM has long served as a cache above
hard drives (e.g., the Linux page cache [33]), and SSDs have been widely
deployed as a caching layer above harddrives since they became commercially
available [2]. More recently, advances in memory technology and growing
demand for memory capacity and bandwidth have driven memory systems
from a single-tier DRAM architecture to a heterogeneous one, pairing DRAM
with newer technologies such as CXL memory and persistent memory to
deliver higher capacity and bandwidth at lower cost.

To understand how these systems are managed, consider a simplified two-
device system: a faster, smaller performance device and a slower, larger capacity
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device. We refer to the position each device occupies in the hierarchy as the
performance tier and the capacity tier, and we use these terms throughout this
dissertation. For decades, such heterogeneous storage and memory systems
have been managed with two classic approaches: caching [23, 89], which
replicates frequently accessed data in the performance device, and tiering [64,
77, 96, 137], which periodically migrates hot data to the performance device.
These classic methods all make an assumption that the performance device is
orders of magnitude faster than the capacity device, so the capacity device’s
performance can be ignored. An example is DRAM caching above hard
drives: HDD performance is so low that it can be safely ignored, so caching
research has focused on replacement algorithms that maximize the cache
hit rate [80, 89] for decades. We call such an architecture, in which the
performance gap between tiers is large enough that the capacity tier can be
safely ignored, a hierarchical architecture.

However, this assumption is breaking down as modern heterogeneous
storage and memory systems evolve from a hierarchical architecture toward
a non-hierarchical one, in which the performance gap between the two devices
is small enough that the capacity device’s performance can no longer be
ignored. This evolution is driven by the emergence of new devices, including
low-latency SSDs [8, 10], persistent memory [7], and CXL devices [35]. As we
show in Chapter 2, these new devices have performance close to that of their
neighboring tiers in the device pyramid. For example, a low-latency SSD
is a block storage device with much lower latency than a traditional flash
SSD. These devices offer significantly lower latency than traditional flash
SSDs, but their bandwidth is comparable. Pairing a low-latency SSD with a
traditional NAND SSD therefore yields a heterogeneous storage system that
delivers ultra-low latency and large capacity for latency-sensitiveworkloads—
and because the bandwidth of the two tiers is comparable, the traditional
SSD’s bandwidth cannot be ignored. We observe a similar phenomenon
in heterogeneous memory systems, where local DRAM is paired with a
second-level memory device such as CXL memory—a byte-addressable,
cache-coherent device attached over PCIe that delivers large capacity with
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DRAM-like access latency. CXL memory offers comparable bandwidth to
DRAM and is only 2–3× slower in latency, and under contention it can even
become faster than DRAM [117].

We call these two classes of systems non-hierarchical storage and non-
hierarchical memory. A non-hierarchical storage system is a heterogeneous
storage system whose tiers have close performance: for example, a low-
latency SSD paired with a flash SSD, where the two tiers deliver comparable
bandwidth. Similarly, a non-hierarchical memory system is a heterogeneous
memory system whose tiers have close performance: for example, local
DRAM paired with CXL memory, where the capacity tier matches the
performance tier’s bandwidth and trails its latency by only a small factor. In
both classes, the capacity tier contributes a substantial fraction of the system’s
aggregate performance and can no longer be treated as a slow backing tier.
We use these two terms throughout this dissertation to distinguish such
systems from classic hierarchical architectures.

As we show in this dissertation, classic caching and tiering, both designed
under the hierarchical assumption, fall short in non-hierarchical storage and
memory systems. Classic caching [23, 89] keeps copies of hot data in the
performance tier and serves all cache hits from there; it has no mechanism
to redirect hits to the capacity tier. Once the performance tier saturates, the
capacity tier remains underutilized while the majority of traffic continues to
queue on the overloaded performance tier. Classic tiering [64, 77, 96] keeps
only a single copy of each block and periodically migrates hot data onto the
performance tier. Because the hot copy resides only in the performance tier
and serves the majority of requests, classic tiering faces the same capacity-
underutilization problem as classic caching. Non-hierarchical storage and
memory systems thus raise a new challenge: systems can no longer optimize
for the performance tier alone; they must utilize all tiers effectively.

This dissertation takes a step toward addressing this challenge. Specifi-
cally, this dissertation has three parts. First, we rethink how caching should
be done on modern heterogeneous storage systems (Chapter 3). Second,
we revisit tiering and show how to optimize it for modern heterogeneous
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storage systems (Chapter 4). Third, we study how load balancing can be
performed more efficiently and quickly on modern heterogeneous memory
systems (Chapter 5). In each project, we identify how classic approaches
and state-of-the-art systems fall short under non-hierarchical architectures,
and propose new designs that address these shortcomings and efficiently
utilize all devices in the heterogeneous system. In the following sections, we
expand on each of the three parts, summarize the full list of contributions,
and outline the remaining chapters of this dissertation.

1.1 Optimizing Caching for Modern
Non-Hierarchical Storage

We start by revisiting caching, the dominant approach for managing storage
hierarchies for decades. Classic caching is built on a simple principle:
maximize the fraction of accesses served by the performance device. As
a result, classic caching has focused on designing increasingly advanced
replacement and promotion algorithms (e.g., LRU [89], 2Q [55], ARC [80],
and FIFO [22]) that maximize the cache hit rate under different workloads.
These designs work well in traditional hierarchies that pair devices with
order-of-magnitude performance differences, such as DRAM and disk. In
such hierarchies, the capacity device is so much slower than the performance
device that its performance can be safely ignored.

Modern storage hierarchies, however, are non-hierarchical, as discussed
at the start of this chapter: the capacity device’s bandwidth approaches or
even exceeds that of the performance device. Classic caching cannot exploit
this. Under heavy load, it saturates the performance device while leaving
the capacity device’s bandwidth largely unused, so aggregate throughput is
bounded by the performance device alone.

Prior work has addressed some of these limitations by offloading excess
writes from SSDs to the underlying hard drives [20, 59]. As we show later
in the evaluation, however, these approaches share two critical limits: they
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do not redirect cache hits to the capacity device, and they do not adapt to
changing workloads and concurrency levels, which is critical for modern
devices.

We introduce Non-Hierarchical Caching (NHC), a caching approach that
layers a lightweight, feedback-driven scheduler on top of an existing cache
controller. The key idea behind NHC is simple but efficient. When a request
hits the cache, it does not always need to be served from the copy on the
performance tier; it can also be served from the copy on the capacity tier.
When the performance device saturates, NHC therefore redirects a fraction
of clean cache hits to the capacity device, exploiting its unused bandwidth
and reducing load on the performance device.

To achieve this, NHC deploys a scheduler that continuously monitors
the end-to-end performance of both devices and adjusts a load admit ratio
that determines what fraction of read hits are redirected to the capacity
device. Under light load, NHC behaves like classic caching and serves all
hits from the performance device; once the performance device saturates,
NHC offloads excess hits to the capacity device to exploit its bandwidth.

This work was done jointly with colleagues. My primary contributions
were the implementation of NHC as Orthus-CAS (a kernel module within
the open-source Open CAS framework [6]), the implementation of config-
urable target metrics (average latency, and P99 tail latency) on top of NHC’s
scheduler, the re-implementation of two prior cache-bypass systems within
the same framework as baselines, and the experimental comparison between
Orthus-CAS and these baselines. Compared to classic caching, Orthus-CAS
achieves up to 2× higher throughput by exploiting the capacity device’s
bandwidth when the performance device is saturated. Compared to pre-
vious state-of-the-art approaches, Orthus-CAS substantially outperforms
all baselines under dynamic workloads. This work is based on the paper
The Storage Hierarchy is Not a Hierarchy: Optimizing Caching on Modern Storage
Devices with Orthus published in FAST 2021 [123].
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1.2 Getting the MOST with Mirror-Optimized
Storage Tiering

While NHC addresses the challenge of read load balancing in a caching
model, it has two major drawbacks. The first is that NHC cannot balance
writes and performs poorly under write-intensive workloads. The second is
more fundamental: a limitation of the cachingmodel itself—the performance
tier is used solely for duplication, wasting its capacity. The second part of
this dissertation addresses these two limitations through an architectural
redesign: we explore multiple classic designs and propose a new hybrid
architecture that achieves efficient load balancing under the tiering model
with a small amount of mirroring.

Storage hierarchies have been essential to computer system design since
its inception [27]. In persistent storage systems, such hierarchies are com-
monplace; for example, SSDs are commonly used as a caching layer above
hard drives [86]; AutoRAID uses a mirrored set of disks for performance on
top of a log-structured RAID-5 layout for capacity [120].

However, as recent work has shown [50, 123], new device types pose
challenges in the construction of storage hierarchies. Specifically, new non-
volatile memories [7] and low-latency SSDs [8, 10] have performance and
capacity profiles that overlap. As such, arranging devices into a strict
hierarchy is difficult [50, 123]; doing so ensures that the peak potential of the
storage system is not realized.

We are thus left with a significant challenge: how should we manage a
collection of modern devices so as to maximize performance while minimiz-
ing space overheads? As we discuss in the second part of this dissertation,
classic techniques fall short.

To understand the issues better, consider a simplified two-device system,
with a faster/smaller “performance” device and a slower/larger “capacity”
device. The first family of approaches we call “single copy”, as they keep
only a single copy of each data block in storage. One well-known single-copy
approach is tiering [18, 37, 46, 63, 64, 77, 94, 96, 105, 108, 116, 121, 128,



7

131, 137, 139], which (slowly) migrates blocks between tiers based on the
hotness or some other optimization goal. Tiering is space-efficient, as there
is one copy of each block; however, a tiering-based system cannot efficiently
adapt to changes in load because data needs to be migrated around the tiers.
Striping [30, 101] is another single-copy approach that statically allocates
blocks across devices but struggles to manage heterogeneous hierarchies or
changes in workload [34].

The second family of approacheswe call “multiple copy”, as they replicate
some (or all) blocks. A well-known multiple-copy approach is caching [6,
23, 40, 79, 88, 89, 93, 123, 129], which makes copies of popular blocks in the
performance device. As a result, caching wastes capacity (as all copy-based
approaches do); in addition, caching does not utilize the bandwidth of the
capacity layer, thus falling short of peak performance. Mirroring [25, 30], a
technique that replicates data across two devices, effectively balances the
load for read requests by directing them to either device, yet also incurs a
significant capacity cost.

The state-of-the-art approaches for handling heterogeneous memory and
storage devices focus on tiering [32, 116]; at a high level, these previous
works attempt to maximize the total throughput delivered by all devices by
dynamically placing and migrating data across devices such that accesses to
each device are proportional to their bandwidth or equalize access latency.
In the second part of this dissertation, we introduce Mirror-Optimized Storage
Tiering (MOST) and show that mirroring a small amount of hot data across
devices, in combination with tiering, greatly improves performance and
reduces device writes. Given these mirrored data, the host can dynamically
route requests to different devices to effectively balance load instead of
performing costly data migrations across devices like other approaches.

We find that adding a small amount of mirroring is advantageous to
pure tiering for three primary reasons. First, mirrors enable the system
to quickly react to workload changes by adjusting routing; pure tiering,
on the other hand, must slowly migrate a significant amount of data to
adjust load distribution. Second, mirrors reduce overall device writes
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when handling dynamic workloads; migration-based approaches require
extensive device writes to move data across tiers. Third, mirroring is more
robust to fluctuations in device performance and prevents overreacting with
unnecessary migrations. This effect is particularly pronounced for storage
devices that suffer from poor tail latency or write-heavy workloads that
frequently trigger background activity inside the SSD.

MOST is a novel approach optimized for the modern storage hierarchy.
MOST mirrors a small amount of hot data within the classic tiering system,
enabling flexible load distribution control. Under low load, MOST functions
similarly to a classic tiering system, routing requests for mirrored data
to the performance device to maximize its utilization. Under high load,
MOST dynamically routes a portion of requests to the capacity copy of
the mirrored data, thereby utilizing the bandwidth of the capacity device
more effectively. Key to the success of MOST are the algorithms that
manage its behavior. MOST is based on a simple, robust, and self-adjusting
optimization mechanism that requires no prior workload knowledge and
is capable of handling the varied performance characteristics of different
storage hierarchies.

We implement MOST as a storage management layer named Cerberus
within the widely-used flash cache library, CacheLib [2, 23, 79]. Our experi-
ments are conducted on two storage hierarchies using three different real
device types [5, 8, 13–15]. For static cache workloads, MOST achieves up to
2.34× higher throughput and reduces P99 latency by up to 75% compared
to state-of-the-art systems (Colloid [116], HeMem [96], and Orthus [123]).
Across four production cache workloads, MOST increases throughput by
up to 1.86× and reduces P99 GET latency by up to 90% compared to these
systems. Overall, Cerberus enhances throughput under intensive workloads
and reduces writes by up to 84% compared to Colloid under dynamic work-
loads through its judicious use of mirroring across storage tiers. This work
is based on the paper Getting the MOST out of your Storage Hierarchy with
Mirror-Optimized Storage Tiering published in FAST 2026 [114].
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1.3 Mapping-Based Balancing in
Non-Hierarchical Memory

The first two parts of this dissertation address non-hierarchical storage
systems by rethinking caching and tiering. The same phenomenon, however,
arises in non-hierarchical memory systems, where local DRAM is pairedwith
second-level memory such as CXL-attached memory: under interconnect
contention, the loaded latency of the performance tier can rise above that of
the capacity tier. The third part of this dissertation focuses on load balancing
in non-hierarchical memory systems. We demonstrate the limitations of
existing state-of-the-art memory tiering systems and propose an alternative
approach that achieves faster and more efficient load balancing.

Driven by the growing capacity and bandwidth demands of memory-
intensive workloads, heterogeneous memory has received significant atten-
tion and has been widely deployed in data centers [77, 138]. By integrating
multiple memory technologies into a single system, it scales memory ca-
pacity and bandwidth beyond what DIMM-attached DRAM alone can
provide [35, 54]. In such systems, a small, fast local DRAM serves as the
performance tier, while a larger, slower memory device serves as the capacity
tier, such as a CXL device [85, 103, 106, 133]. Classic tiered memory systems
focus on efficiently utilizing the performance tier so that workloads benefit
from the speed of DRAM while exploiting the larger capacity of the second
tier [18, 56, 58, 64, 68, 77, 96, 98, 107, 126–128, 138].

These classic systems are built on an implicit assumption: the access
latency of the performance tier is lower than that of the capacity tier, so
hot pages should be retained in the performance tier as much as possible.
For example, Nomad [126] mitigates thrashing by retaining a hot page’s
capacity-tier copy during and after its promotion to the performance tier.
However, recent work has shown that this assumption breaks under memory
interconnect contention [54, 116, 117]: the loaded latency of the performance
tier can rise to several times that of the capacity tier, even when bandwidth is
far from saturated. We call this latency inversion. In this regime, a contention-
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oblivious placement that maximizes performance-tier utilization becomes
suboptimal: since the capacity tier is now faster, shifting load to the capacity
tier can improve overall performance [32, 116].

State-of-the-art systems such as BATMAN [32] and Colloid [116] address
this problem by dynamically migrating pages across tiers, either to maximize
aggregate bandwidth or to equalize the loaded access latency of the two tiers.
However, these systems perform poorly under bursty contention, which is
common in real workloads [41]: they adapt too slowly, interfere with the
foreground workload, and incur excessive data copying. The key problem is
that data copying sits on the load-balancing critical path under contention:
copying becomes slow under the increased memory latency and disrupts the
foreground workload by competing for bandwidth. This raises a question:
how can we achieve fast and efficient load balancing in tiered memory while
minimizing migration?

In the last part of this dissertation, we introduce mapping-based load
balancing, a fast and low-cost alternative to migration-based load balancing
for tiered memory. When the system is not contended, mapping-based
load balancing creates mirrored copies of read-mostly pages across tiers;
under contention, it balances load by updating page-table mappings without
copying data.

Mapping-based load balancing is advantageous over migration-based
load balancing for three primary reasons. Fast convergence. Mapping-
based load balancing reacts to load changes only by remapping page-table
entries; a migration-based approach must additionally copy data across tiers
besides page-table remapping, which is slow under a contended memory
interconnect. Minimal foreground interference. Remapping adds no traffic to
the contended tier; in contrast, migration must inject additional traffic onto
the already-contended tier, which increases access latency and interferes
with the foreground workload. No repeated data movement. Mirrored copies
persist across load shifts, so pages remapped to the capacity tier during a
load burst can be remapped back when the burst ends, while migration must
move the same data back and forth each time the load changes.
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We build Hecaton, a tiered memory system that implements mapping-
based load balancing on top of Colloid, the state-of-the-art contention-aware
memory system, addressing three challenges. First, mapping-based load
balancing can balance a large amount of load in a short time, so the controller
algorithm itself can become the bottleneck; Hecaton addresses this with
a simple but fast feedback controller that reacts to latency signals quickly.
Second, mapping-based load balancing requires extra memory bandwidth
to create mirrors; Hecaton hides this overhead with reactive mirroring,
which creates mirrors from existing migrations at no extra cost, and proactive
mirroring, which creates mirrors when the system has spare resources. Third,
mirrors of frequently written pages are quickly invalidated; Hecaton uses a
read-set identification algorithm with a write-recency test to find the right
pages to mirror.

We evaluate Hecaton against HeMem [96] (classic tiering, no balancing)
and three Colloid configurations (migration-based balancing) on dynamic
workloads, burstyworkloads, and realisticmemory-intensive applications [21,
39, 64, 81, 110, 113, 115]. Across all the experiments, Hecaton achieves up to
2.60×HeMem’s performance when the performance tier is contended. Under
contention, Hecaton converges up to 32.8× faster than the lowest-interference
Colloid variant. Across bursty workloads and realistic memory-intensive
applications, Hecaton achieves up to 1.64× the throughput of the best-
performing Colloid variant. Compared to Colloid with a dynamic migration
limit, Hecaton migrates up to 34× less data.

1.4 Contributions and Highlights

We list the main contributions of this dissertation, organized by project.

Optimizing Caching for Modern Non-Hierarchical Storage.

• We propose Non-Hierarchical Caching (NHC), which augments any
classic cache controller with a lightweight, feedback-driven scheduler



12

that redirects a fraction of read hits to the capacity device under
saturation, requiring no prior workload or device knowledge.

• We implement NHC as Orthus-CAS in the open-source Open CAS
framework [6], and implement two previous state-of-the-art systems—
SIB [59] and LBICA [20]—as baselines within the same framework for
comparison.

• We evaluate NHC against state-of-the-art baselines across both static
anddynamicworkloads. Orthus-CAS achieves up to 2× higher through-
put than classic caching and substantially outperforms state-of-the-art
baselines under dynamic workloads.

Getting the MOST with Mirror-Optimized Storage Tiering.

• We classify classic storage-management approaches into single-copy
(tiering, striping) and multiple-copy (caching, mirroring) families, and
show that no classic approach offers tiering’s space efficiency together
with mirroring’s load-balancing flexibility.

• We design Mirror-Optimized Storage Tiering (MOST), a hybrid ap-
proach that mirrors only a small subset of hot data within a classic
tiering system. Under low load, MOST behaves like classic tiering;
under high load, it routes requests across mirrored copies to balance
load through routing rather than migration. A simple feedback-driven
optimizer adjusts the routing ratio online.

• We implement MOST as Cerberus within the widely used flash cache
library CacheLib [2, 23, 79], and evaluate it on two storage hierarchies.
Cerberus achieves up to 2.34× higher throughput, up to 75% lower P99
latency, and up to 84% fewer device writes than the state of the art
(Colloid [116], HeMem [96], and Orthus [123]).

Mapping-Based Balancing in Non-Hierarchical Memory.
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• We classify tiered memory systems into two classes: contention-oblivious
systems (e.g., HeMem [96]) that perform poorly under interconnect con-
tention, and contention-aware systems (e.g., BATMAN [32], Colloid [116])
that handle contention through migration. We show that contention-
oblivious systems leave the capacity tier unused once the performance
tier is contended, and that state-of-the-art contention-aware systems
cannot adapt to bursty workloads without significantly interfering with
the foreground workload.

• We introducemapping-based load balancing, an alternative that maintains
mirrored copies across tiers and rebalances load by updating page-table
mappings, requiring no data movement on the contended interconnect.
Mirrored copies persist across load shifts, eliminating the repeated
data movement that migration-based systems incur.

• Wedesign and build Hecaton, a tieredmemory system that implements
mapping-based load balancing on top of Colloid [116], addressing three
challenges: a fast feedback controller that reacts to latency signals on
millisecond timescales; reactive and proactive mirroring that hide
the bandwidth cost of creating mirrors; and a read-set identification
algorithmwith a write-recency test that selects the right pages to mirror.

• We evaluate Hecaton against HeMem [96] (classic tiering, no balanc-
ing) and three Colloid configurations (migration-based balancing) on
dynamic workloads, bursty workloads, and realistic memory-intensive
applications. Hecaton achieves up to 2.60×HeMem’s throughput when
the performance tier is contended, converges up to 32.8× faster than
the lowest-interference Colloid variant, and migrates up to 34× less
data than Colloid.

1.5 Outline of Chapters

We briefly describe the contents of the remaining chapters of this dissertation.
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• Heterogeneous Storage and Memory Systems. Chapter 2 intro-
duces the new device classes driving the shift toward non-hierarchical
systems—CXL memory, persistent memory, and low-latency SSDs—
and showshoweachnarrows theperformance gapbetweenneighboring
tiers, breaking the traditional hierarchical assumption.

• Optimizing Caching forModernNon-Hierarchical Storage. Chapter 3
presents Non-Hierarchical Caching (NHC) and its implementation
in Orthus-CAS. We first show that the classic caching principle of
maximizing hit rate breaks down once the performance device saturates.
We then describe NHC’s lightweight, feedback-driven scheduler, its
implementation as a kernel module within the Open CAS framework,
and an experimental comparison against prior cache-bypass schemes.

• Getting theMOSTwithMirror-OptimizedStorageTiering. Chapter 4
presents Mirror-Optimized Storage Tiering (MOST) and its implemen-
tation in Cerberus. We first show that pure migration-based tiering
converges too slowly to track dynamic workloads and incurs a signifi-
cant amount of write traffic. We then describeMOST’s hybrid design, in
which only a small subset of hot data ismirrored, and evaluate Cerberus
on two storage hierarchies across static and dynamic workloads.

• Mapping-Based Balancing in Non-Hierarchical Memory. Chapter 5
presents Hecaton, a tiered memory system that introduces mapping-
based load balancing on top of Colloid. We first show that under
memory interconnect contention, migration-based balancing cannot
adapt to bursty workloads without significant interference with the
foreground workload. We then describe Hecaton’s design—its fast
feedback controller, reactive and proactive mirroring, and read-set se-
lection algorithm—and evaluate it across dynamic, bursty, and realistic
memory-intensive workloads.

• Related Work. Chapter 6 discusses prior work on caching, tiering,
and load balancing across both storage and memory hierarchies, and



15

positions the three projects of this dissertation within that landscape.

• Conclusion and Future Work. Chapter 7 summarizes the dissertation,
outlines the future directions our work suggests, and reflects on the
lessons learned.
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Chapter 2

Heterogeneous Storage and
Memory Systems

The modern storage and memory hierarchy has evolved significantly with
the emergence of new device classes over the past decade, as illustrated
in Figure 2.1. As we describe in this chapter, these new devices have
narrowed the performance gap between neighboring tiers to within a small
constant factor. Table 2.1 summarizes the latency, maximum bandwidth, and
capacity of representative devices across the modern hierarchy. This chapter
introduces the three device classes driving this change—CXL devices (§2.1),
persistent memory (§2.2), and low-latency SSDs (§2.3)—and provides the
background shared across the three research chapters of this dissertation.



17

DRAM

CXL Memory

PM DIMM

Low-latency SSD
(e.g. Intel Optane SSD)

SATA/NVMe Flash SSD

Hard Disk Drive (HDD)

New Layers

Figure 2.1: Modern Heterogeneous Storage and Memory Architecture.
Three new device classes—CXL memory, persistent memory (PM) DIMM, and
low-latency SSD—bridge the performance gap between DRAM and SATA/NVMe
flash SSD, narrowing the gap between neighboring tiers in the modern hierarchy.

2.1 CXL Devices

The Compute Express Link (CXL) is an open industry standard that defines
a family of interconnect protocols between CPUs and devices over the PCIe
physical layer. CXL 1.0/1.1 introduces three protocols: CXL.io defines the
basic semantics for device discovery, configuration, and non-coherent DMA,
and is mandatory on every CXL device; CXL.cache lets a device coherently
cache host memory; and CXL.mem lets the host access device-attached
memory as cacheable memory in its own physical address space, so reads
and writes to the device’s memory can be cached in the CPU’s caches exactly
as accesses to local DRAM are.

Based on these protocols, the CXL 1.0/1.1 specification defines three
device types that capture different usage models. Type 1 devices implement
CXL.io and CXL.cache; they are accelerators such as smart NICs that cache
host memory but expose no local memory to the host. Type 2 devices
implement all three protocols; they are accelerators such as GPUs and FPGAs
whose local memory is mapped into the host’s address space. Type 3 devices
implement CXL.io and CXL.mem and are used for memory bandwidth and
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Device type Interface Latency Max.
Bandwidth

Capacity

DRAM DDR5 123 ns 64 GB/s 16–128 GB

CXL memory CXL.mem 239 ns 52 GB/s 768 GB

PM DDR 305 ns 8.10 GB/s 128–512 GB

CXL SSD CXL.mem 0.6 − 10 �s 4.5 GB/s 1–2 TB

Low-latency
SSD

PCIe 4.0 NVMe 3.5 �s 7.2 GB/s 0.4–3.2 TB

Flash SSD
PCIe 5.0 NVMe 60 �s 14.0 GB/s 3.2–30.72 TB
PCIe 4.0 NVMe 45.5 �s 7.45 GB/s 1–4 TB
PCIe 3.0 NVMe 86 �s 3.5 GB/s 3.2–15.36 TB

SATA SSD SATA 120 �s 560 MB/s 0.48–7.68 TB

Hard disk SATA 4.16 ms 269 MB/s 30–32 TB

Table 2.1: Performance of Representative Devices. DRAM, Micron DDR5-
8000 RDIMM [83]; CXL memory, CXL-D Type 3 DRAM memory expander (CXL
1.1, PCIe 5.0 ×16, 4×DDR5); Persistent memory, Intel Optane PMem 200 [51];
CXL.mem + SSD, Samsung CMM-H prototype; Low-latency SSD, Intel Optane
SSD P5800X [52]; Flash SSD (PCIe 3.0), Micron 9300 PRO/MAX [82]; Flash
SSD (PCIe 4.0), Samsung 990 PRO [102]; Flash SSD (PCIe 5.0), Micron 9550
PRO/MAX [84]; SATA SSD, Samsung PM893 [104]; Hard disk, WD Ultrastar
DC HC690 (7200 RPM) [119]. Throughput is per device/module unless otherwise
stated.

capacity expansion. Because they attach over PCIe rather than the DDR
bus, they scale memory beyond the limited number of DDR channels a CPU
can support, at lower cost and power. This dissertation focuses on Type 3
devices, which connect to the host through PCIe and expose their memory
through CXL.mem as a CPU-less NUMA node. CXL Type 3 devices are now
commercially available [85, 103, 106] and deliver latency within an order of
magnitude of local DRAM (2–3× higher [67]), making them attractive as a
second-tier memory alongside DRAM. A more recent development is the
CXL-SSD [133, 134], a research-prototype Type 3 device that combines a
small DRAM cache (e.g., 48GB) with a NAND flash backend. It exposes a
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byte-addressable, cache-coherent memory interface, but its access latency is
hybrid—memory-class on a DRAM-cache hit and Flash-class on a miss.

Recent progress in CXL has attracted significant attention from indus-
try [77] and academia [17, 64, 68, 116] as a response to the memory wall [43]
challenge: DRAM capacity and bandwidth cannot scale to keep up with the
growing memory demands of memory-intensive workloads. This advances
the single-DRAMmodel into a multi-tier heterogeneous memory architec-
ture, in which devices with memory-like semantics deliver cost-efficient
scaling of memory bandwidth and capacity. Efficiently managing such an
architecture, however, becomes a new challenge. Table 2.1 summarizes the
performance characteristics of representative commercial CXL devices. The
key observation is that they deliver performance comparable to DRAM, so
pairing CXL memory with local DRAM yields a non-hierarchical memory
system, on which classic approaches that optimize only for the performance
tier fall short. Among the challenges that arise in a non-hierarchical memory
system, the system’s ability to balance load across the two memory tiers is
one of the most critical to realizing the full performance of all devices. This
problem does not exist in classic hierarchical systems, where the capacity
tier’s performance is low enough to be ignored. The last part of this disserta-
tion addresses this gap with load-balancing techniques for heterogeneous
memory systems.

2.2 Persistent Memory

Persistent memory (PM) refers to a class of technologies that provide byte-
addressable storage with two defining characteristics: memory-like access
through ordinary load and store instructions, and persistence of stored data
across power loss. Table 2.1 reports the performance of Intel Optane DC
PM, the first commercial PM product, based on 3D XPoint. Because of these
characteristics, PM has been explored along two distinct paths. First, as a
cheaper alternative to DRAM, where its persistence is ignored and it is used
solely as a slow memory tier [96]. In this role, PM serves as the second
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tier of a heterogeneous memory system: as shown in Table 2.1, its latency
is roughly 2.5× that of DRAM, and its bandwidth, though lower, remains
substantial. Second, PM can be paired with flash SSD as the performance
tier of a heterogeneous storage system, exploiting its low latency and byte-
addressable persistence. Compared with flash SSD, PM offers significantly
lower latency but bandwidth that is comparable to, and in some cases lower
than, high-end Gen 5 flash SSDs. In both cases—whether PM serves as the
performance tier in storage or the capacity tier in memory—the two tiers
deliver comparable performance, and neither can be ignored. Therefore,
in a PM-involved heterogeneous architecture, how to efficiently use both
devices becomes the critical challenge. Although the commercial release
of PM drew significant attention from both academia and industry, Intel
discontinued the Optane product line in 2022. Nevertheless, we believe our
designs for non-hierarchical storage and memory systems remain applicable
and generalize to future byte-addressable persistent devices.

2.3 Low-latency SSDs

Low-latency SSDs are a class of block storage devices that deliver latency
below10�s, an order ofmagnitude lower than the∼80�s typical of traditional
flash SSDs based on TLC or QLCNAND. Commercial devices are built either
on persistent memory technology (3D XPoint [8]) or on latency-optimized
SLC NAND (XL-FLASH [10]). Their capacity, however, remains modest
relative to mainstream flash. Pairing them with capacity-efficient flash
SSDs yields a heterogeneous storage architecture that combines low latency
with large capacity. Table 2.1 reports the performance of Intel Optane SSD
P5800X, the first commercial low-latency SSD. Its latency is far below that of
traditional flash SSDs, but its bandwidth is comparable when both use the
same PCIe interface. As a result, pairing it with a flash SSD as the capacity
tier produces a non-hierarchical storage system, with the same characteristics
we observe in CXL memory and persistent memory.
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2.4 Conclusion

For decades, heterogeneous systems have been managed around a single
goal: maximizing utilization of the performance tier. However, as shown
in this chapter, this assumption no longer holds: the new device classes
have narrowed the performance gap between neighboring tiers to within
a small constant factor, turning modern storage and memory systems into
non-hierarchical ones. The classic problem of utilizing the performance tier
remains, but the capacity tier can no longer be ignored. The three parts of
this dissertation examine this problem and rethink how non-hierarchical
storage and memory systems should be managed.
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Chapter 3

Optimizing Caching for Modern
Non-Hierarchical Storage

In this chapter, we examine how the classic caching principle—maximize
hit rate, serve all hits from the performance device—falls short on non-
hierarchical storage systems, and introduce Non-Hierarchical Caching (NHC),
a novel caching approach that dynamically offloads excess traffic from the
performance device to the capacity device when doing so improves the
chosen performance metric.

This work was done jointly with colleagues; my primary contributions
were (i) implementing NHC as Orthus-CAS on top of the Open CAS frame-
work, (ii) extending NHC’s scheduler to support latency-based target metrics
(average latency, and P99 tail latency), (iii) implementing SIB and LBICA as
baselines within the same framework, and (iv) running the experimental
comparison presented in this chapter. The rest of this chapter is organized
as follows. §3.1 provides background and presents the design of NHC. §3.2
describes our implementation of Orthus-CAS and the baselines within the
Open CAS framework. §3.3 evaluates Orthus-CAS against the baselines
under static and dynamicworkloads and across different performance targets.
§3.4 concludes.



23

3.1 Background

We first motivate why classic caching falls short on non-hierarchical storage
systems (§3.1.1). We then present the design of Non-Hierarchical Caching
(NHC, §3.1.2) and describe the two previous state-of-the-art systems, SIB and
LBICA, that we compare against (§3.1.3). The Open CAS framework onwhich
Orthus-CAS and our baselines are built is introduced in the implementation
section (§3.2.1).

3.1.1 Motivation

A storage hierarchy combines multiple heterogeneous devices with policies
for moving data among them. For simplicity, we assume a two-device
hierarchy with a performance device �ℎ8 and a capacity device �;> : �ℎ8 is
typically smaller, faster, and more expensive per byte, while �;> is larger,
slower, and cheaper. Two classic approaches are used to manage such a
hierarchy: caching and tiering (Figure 3.1).

Caching and tiering. With caching, popular (hot) data is copied from�;> into
�ℎ8 on eachmiss; the cache evicts less popular (cold) data using a replacement
policy such as LRU, ARC, or LFU. The granularity of data movement is small,
usually 4-KB blocks, and the cache reacts quickly to workload changes.
Tiering also keeps hot data in �ℎ8 but, unlike caching, does not necessarily
promote on misses: data is served directly from whichever tier it lives on,
and migrations are performed periodically on longer time scales (hours or
days). Both approaches share the same assumption: maximize the fraction
of accesses served from �ℎ8 .

Storage devices are no longer hierarchical. Storage systems are undergoing
a rapid transformation. Persistent memory, low-latency SSDs, NVMe Flash
SSDs, and SATA Flash SSDs now span a range of latency, bandwidth, and cost,
but their performance is not strictly ordered. Table 3.1 lists representative
device characteristics. Latency is strictly ordered, but bandwidth differences
between adjacent rows are within a small factor, and write performance can
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Figure 3.1: Caching, Tiering, and Non-Hierarchical Caching. (a) Caching
copies hot data to the performance device �ℎ8 on miss and serves all hits from �ℎ8 ,
with replacement traffic flowing �ℎ8 → �;> . (b) Tiering splits access between �ℎ8

and �;> and migrates data between them in the background on long time scales. (c)
Non-hierarchical caching keeps �ℎ8 populated like classic caching but, when �ℎ8

saturates, redirects a tunable fraction of hits to �;> via the load_admit switch
(dashed).

Device Latency Read Write Cost
(GB/s) (GB/s) ($/GB)

DRAM 80ns 15 15 ∼7
NVDIMM 300ns 6.8 2.3 ∼5
Low-latency SSD 10�s 2.5 2.3 1
NVMe Flash SSD 80�s ∼3.0 ∼2.0 0.3
SATA Flash SSD 180�s 0.5 0.5 0.15

Table 3.1: Diversified Storage Devices. Representative latency, bandwidth, and
cost for modern storage and memory devices. Data taken from SK Hynix DRAM
(DDR4, 16GB), Intel Optane DCPM, low-latency SSDs (Intel Optane SSD 905P,
Micron X100), NVMe Flash SSD (Samsung 970 Pro), and SATA Flash SSD (Intel
520 SSD); low-latency and NVMe Flash SSDs assume PCIe 3.0. Bandwidth and
latency differences between adjacent rows are now within an order of magnitude,
breaking the assumption that the hierarchy is strict.

even invert under concurrency: a heavily loaded NVDIMM, for example, can
deliver less write throughput than a low-latency SSD. The performance of
new devices also depends on the workload, including read/write ratio, level
of concurrency, and access pattern. As a result, a placement that maximizes
use of �ℎ8 no longer maximizes overall throughput on these hierarchies:
when �ℎ8 saturates, its loaded performance may be no better, or even worse,
than �;> , and �;>’s bandwidth is left unused.

Implication. We make two key observations from Table 3.1. First, the storage
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hierarchy is no longer a hierarchy in the traditional sense: adjacent layers can
have comparable or overlapping performance. Second, caching and tiering
policies that target only �ℎ8 utilization leave aggregate bandwidth unused.
A different approach is needed: one that delivers classic caching’s behavior
under light load but exploits �;>’s bandwidth when �ℎ8 saturates, without
requiring static knowledge of device characteristics or workload parameters.
This motivates Non-Hierarchical Caching.

3.1.2 Non-Hierarchical Caching

We now present the design of Non-Hierarchical Caching (NHC). NHC’s
central mechanism is simple: when the performance device is saturated, the
system probabilistically redirects a fraction of read hits to the capacity device,
choosing that fraction online from end-to-end performance feedback. The
rest of this subsection formalizes NHC’s setting (§3.1.2.1), enumerates its
design goals (§3.1.2.2), describes its architecture (§3.1.2.3), and presents the
scheduler algorithm (§3.1.2.4).

3.1.2.1 Formal Definitions

We assume a two-device hierarchy with �ℎ8 and �;> . Caching performance
depends on how the workload is distributed across these devices. Let,
denote the total workload over a time period 3C, modeled as a finite set of
accesses to data items. Let F ⊆ , be the subset served by �ℎ8 , with the
complement , \ F served by �;> . We write total performance over the
period as

%(,,F) = ?ℎ8(F) + ?;>(, \ F),

where ?ℎ8 and ?;> are the per-device performance functions. We make three
assumptions:

Assumption 1: Devices have a performance upper bound. Each device has
a maximum delivered performance for the current workload, denoted !ℎ8
and !;> . We write F0 for the smallest subset of F such that ?ℎ8(F0) = !ℎ8 .
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Assumption 2: More workload does not reduce performance. ?ℎ8 and
?;> are monotonically non-decreasing in the size of their input. (HDD
performance can drop under random load, but this assumption holds for
high-performance devices such as DRAM, NVM, and SSDs.)

Assumption 3: Before reaching the upper bound, ?ℎ8 has a larger gradient
than ?;> . Adding workload to �ℎ8 yields more performance per unit work
than adding the same to �;> , until �ℎ8 saturates.

Classic caching is then an approach that maximizes ?ℎ8(F) alone, i.e., it
searches for the working set F<0G that maximizes ?ℎ8(F) (equivalently, �ℎ8’s
hit rate under standard cache models). NHC’s key insight is that whenever
F0 < F<0G (i.e., the working set on �ℎ8 is larger than what is needed to
saturate it), the fraction F<0G −F0 can be redirected to �;> without reducing
?ℎ8 , and �;> can deliver additional performance for those redirected accesses.
This is why NHC can always match or exceed classic caching.

3.1.2.2 Design Goals

NHC is guided by three design goals.

Perform as well as or better than classic caching. Classic caching optimizes
for hit rate by finding the best data to place on the performance device; this
strategy maximizes hit rate but degrades throughput once the performance
device saturates. NHC must match classic caching under light load (where
the hit-rate strategy is correct) and exceed it under heavy load by exploiting
the capacity device’s bandwidth.

Require no special knowledge or configuration. NHC should make no
assumptions about device characteristics (e.g., bandwidth ratios, latency
profiles) or workload parameters (e.g., read/write ratios, working set size).
Because modern devices have workload-dependent performance, any ap-
proach based on preconfigured thresholds becomes stale as conditions
change. NHC should instead learn the right behavior online from end-to-end
performance feedback.
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User / Application
Insert(item) Get(item)

Classic Cache Controller
(replacement policy, write allocation)

Non-Hierarchical Cache Scheduler

data_admit load_admit

Optimizer:
-∗ = arg max 5 (-)

Monitor 5 (-)

�ℎ8

Performance
�;>

Capacity

redirected hit

Figure 3.2: Non-Hierarchical Caching Architecture. NHC adds two decision
points to a classic cache controller: data_admit controls whether a read miss
promotes a block to �ℎ8 , and load_admit controls the fraction of read hits served
from �ℎ8 versus redirected to �;> . The scheduler monitors a target metric 5 (-)
and tunes both knobs in feedback. NHC is transparent to users; any classic caching
implementation can be upgraded to be an NHC one.

Be robust to dynamic workloads. Workloads vary: load changes over the
day, the hit rate shifts as working sets move, and read/write ratios fluctuate.
NHC must adapt quickly to these changes.

3.1.2.3 Architecture

At a high level, NHC layers an NHC scheduler on top of an existing classic
cache controller (e.g., Open CAS), as shown in Figure 3.2. The classic
controller manages which data blocks reside on the performance device—
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its replacement policy (LRU, ARC, etc.) remains unchanged. The NHC
scheduler sits above it and decides two things:

• data_admit: whether the classic cache controller is permitted to admit
and replace data on the performance device at all.

• load_admit: a scalar in [0, 1] giving the fraction of clean read hits to
redirect from the performance device to the capacity device.

When load_admit=0, every hit is served from the performance device
(classic caching). When load_admit=A, an incoming clean read hit is routed
to the capacity device with probability A and to the performance device with
probability 1 − A. The scheduler’s job is to find the value of load_admit that
maximizes a user-specified target metric (e.g. throughput, average latency,
or tail latency) without requiring any knowledge of the underlying devices.

3.1.2.4 Cache Scheduler Algorithm

The NHC scheduler operates in two states that alternate depending on
workload conditions, summarized in Algorithm 1.

State 1: Improve hit rate. The scheduler lets the classic cache controller
warm up. It sets data_admit=TRUE (so the controller can promote new
data) and load_admit=0. The scheduler monitors the hit rate and remains
in this state until the hit rate has stabilized. Intuitively, there is no point
offloading hits to the capacity device while the cache itself is still not warmed
up. Therefore, NHC first lets the controller find the right working set and
then balances load if necessary.

State 2: Adjust load between devices. Once the hit rate has stabilized,
the scheduler freezes the cache admission (data_admit=FALSE) to prevent
promotion/eviction traffic from interfering with load-balancing decisions,
and begins tuning load_admit. It uses a simple gradient-based search: at
each interval, it increases anddecreases load_admit by a small step, measures
the change in the target metric, and moves in the direction that gives the best
performance. If the current value is the optimal, it holds steady. If the hit
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Algorithm 1: Non-Hierarchical Cache Scheduler
Inputs: cache: classic cache controller; step: adjustment step for

load_admit; 5 (G): function that measures the target metric
when load_admit = G over one interval

1 while true do
// State 1: Improve hit rate

2 data_admit← true; load_admit← 0.0
3 while cache.hit_rate is not stable do
4 sleep_a_while()
5 end
6 data_admit← false; start_hit_rate← cache.hit_rate

// State 2: Adjust load_admit
7 while true do
8 A ← load_admit

// Measure target metric at A − step, A, and A + step
9 max_f← max

(
5 (A−step), 5 (A), 5 (A+step)

)
10 if 5 (A−step) = max_f then
11 load_admit← A − step
12 else if 5 (A+step) = max_f then
13 load_admit← A + step
14 else
15 load_admit← A

16 end
17 if load_admit = 0.0 then
18 break // Quit tuning when F < F0
19 end
20 if cache.hit_rate < (1 − 
) start_hit_rate then
21 break // Workload locality changed
22 end
23 end
24 end

rate later changes significantly, indicating that the workload has shifted, the
scheduler falls back to State 1 to let the cache re-warm.

NHC is compatible with all common cache write policies, though each
interacts differently with read redirection. With write-through, both copies
of a block stay clean, so read hits can always be redirected to either device;
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Figure 3.3: SIB Architecture. The SIB module in the kernel block layer routes each
process’s reads either through the SSD write-through cache (regular path) or directly
to an HDD (bypass). A saturation detector monitors SSD bandwidth (BW) and
average await time ()F); when the bandwidth z-score exceeds 4 and )F is above its
observed minimum, the SSD is declared saturated. SIB then selects entire processes
from its LRU list of large, sequential I/O streams (here %4 and %6) and redirects their
reads to idle HDDs. Selection is per-process: once a process is in the bypass set, all
of its reads avoid the SSD until the process terminates.

write-through, however, limits write throughput to that of the slower device,
since each write must complete on both. With write-back and write-around,
only the performance device holds the latest copy of a dirty block, which
breaks the two-clean-copy condition that NHC relies on to redirect reads.

3.1.3 Previous Cache-Bypass Approaches

In this section, we describe the two previous state-of-the-art cache-bypass
systems we use as baselines: SIB and LBICA.

SIB. SIB (Selective I/O Bypass) [59] was designed for HDFS clusters con-
taining many SSDs and HDDs, where the aggregate HDD throughput is
non-trivial. SIB configures SSDs as a write-through cache and proposes
directing additional read traffic to the idleHDDswhen the SSDs are saturated.
The major challenge is detecting SSD saturation: because of internal paral-
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lelism, the standard Linux disk utilization metric does not accurately reflect
SSD load. SIB therefore estimates saturation by jointly tracking the SSD’s
bandwidth and average I/O await time across a sliding window, filtering
out short-lived fluctuations caused by background activity (e.g., garbage
collection). SIB operates in two phases: a training phase, in which it measures
the SSD’s peak bandwidth and corresponding await time for the current
workload, and an inference phase, in which it compares live metrics against
the learned peak and, if the SSD is saturated, redirects reads to the HDDs.
SIB makes this redirection decision at per-process granularity: once saturation
is detected, entire processes (chosen by SIB) are excluded from the SSD cache
and send all of their I/O directly to the HDDs.

Figure 3.3 shows the high-level design of SIB. The SIB module sits in the
kernel block layer between processes (%1–%6) and the storage stack and routes
each process’s reads either through the SSD write-through cache (regular
path) or directly to an HDD (bypass). The control panel on the right captures
SIB’s offline-trained logic: the saturation detector ingests SSD bandwidth
and average await time and flags saturation when the bandwidth z-score
exceeds 4 and the await time exceeds its observedminimum. When saturated,
SIB consults its LRU list of large, sequential I/O streams and selects whole
processes for bypass (here %4 and %6, shaded gray); their reads (the bold
arrows) flow directly from SIB to the HDDs, while every other process’s
reads continue through the SSD cache. A process stays in the bypass set until
it terminates.

As we show later in §3.3, SIB has three key limitations. First, its train-
ing target is inherently unstable: the peak performance of modern devices
depends on many workload parameters, such as the read/write ratio, con-
currency, and access pattern. Any shift in the workload therefore forces
SIB to either retrain or operate with a stale threshold, causing throughput
to degrade sharply on dynamic workloads. Second, its per-process bypass
granularity is too coarse for general-purpose caching: entire processes are
excluded from the SSD cache rather than individual requests being routed,
which wastes cache capacity when only a subset of a process’s I/O is cold.
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Figure 3.4: LBICA Operation. LBICA periodically samples the cache and disk
queues, then runs a three-stage pipeline. Stage 1 detects whether the SSD cache
is the bottleneck by comparing the queue time of the cache against that of the disk;
queue time is defined as the number of pending requests in the queue multiplied by
the device’s average request latency, and the cache is declared the bottleneck when
its queue time is larger than the disk’s. Stage 2 classifies the in-queue requests by
their mix of read (R), write (W), promote (P), and evict (E) operations into one
of four groups. Stage 3 switches the cache write policy accordingly: Write-Only
for random-read workloads, Read-Only for mixed read/write, Write-Back with tail
bypass for write-intensive workloads, and plain Write-Back for sequential reads
where the cache has no impact. LBICA does not redirect any read hits.

Third, SIB does not admit read misses into the cache, further limiting its
applicability outside the HDFS setting for which it was originally designed.

LBICA. LBICA (Load-Balancing I/O Cache Architecture) [20] takes a
different approach: rather than redirecting individual requests, LBICA
adaptively switches the cache’s write policy in response to burst load. LBICA
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monitors the SSD cache queue and, when it detects that the cache has become
the performance bottleneck (burst detection), it adjusts the write policy. For
example, it may switch from write-back to read-only or write-only to reduce
the load imposed by promotion and eviction traffic. The intuition is that
under burst conditions the promote/evict traffic inflates the cache queue far
beyond what the hit-rate benefit justifies, so suppressing these background
writes improves performance.

Figure 3.4 describes LBICA’s three-stage pipeline. Stage 1 samples the
queue size and average latency of both the SSD cache and theHDD, computes
themaximumqueue time of each (|& | ·!), and declares the cache as bottleneck
when its queue time exceeds the disk’s. When the cache is the bottleneck,
Stage 2 uses blktrace to classify the in-queue requests by their mix of read
(R), write (W), promote (P), and evict (E) operations into one of four workload
groups: random read (R+P),mixed read/write (R+W),write-intensive (W+E),
and sequential read (P only). Stage 3 then switches the cache’s write policy
accordingly: Write-Only for random reads (admit no reads), Read-Only for
mixed read/write (bypass writes to disk), Write-Back with tail bypass for
write-intensive workloads, and plain Write-Back for sequential reads where
the cache plays no role.

As we show later in §3.3, LBICA has two key limitations. First, it does not
redirect read hits to the capacity device: when the cache saturates, LBICA
only stops admitting new data, so requests that already hit in the cache
continue to queue on an overloaded SSD and the capacity device’s bandwidth
is left unused. Second, its fixed bottleneck threshold does not adapt to the
workload-dependent behavior of modern devices; the right threshold differs
across read/write ratios and concurrency levels, so a single static value either
misses real bursts or triggers spuriously.

Summary. Both SIB and LBICA have their own limitations: SIB has a
stationary algorithm that is hard to adapt to dynamic workloads and does not
admit read misses into the cache, while LBICA only controls write admission
and does not redirect read hits to the capacity device. NHC, as described
above, addresses both issues through a lightweight, continuous feedback
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mechanism that redirects read hits at per-request granularity.

3.2 Implementation

We implement NHC as Orthus-CAS, a kernel module within the Open CAS
block-layer caching framework [6]. We also re-implement the two previous
state-of-the-art cache-bypass systems (SIB and LBICA) as baselines within
the same framework, and extend Orthus-CAS to support two additional
optimization targets: average latency and P99 tail latency. The rest of this
section first introduces Open CAS andwalks through howOrthus-CAS plugs
into it (§3.2.1), then describes our baseline implementations and the target
metrics (§3.2.2).

3.2.1 Open CAS and Orthus-CAS

Open CAS [6] is an open-source, block-layer caching framework developed
by Intel. It sits between an application and one or more block devices and
uses a configured cache device (typically a faster SSD) to accelerate accesses
to a larger capacity device (typically a slower SSD or HDD). Figure 3.5 shows
its architecture. A user application issues I/O through the VFS and a chosen
logical file system (e.g., ext3 or XFS); the Open CAS Top adapter receives the
resulting block requests and forwards them to the Open CAS Framework
(OCF), which looks up each request’s address in its cache metadata and
decides whether to serve it from the cache or forward it to the capacity device.
OCF then dispatches through the Bottom adapter to the standard Linux
block layer and device driver layer, which split traffic between the backend
(capacity) device and the caching device. Cached blocks are managed by a
configurable replacement policy (LRU by default), and Open CAS supports
the three common write-allocation policies: write-through (writes go to both
devices and the cache copy is always clean), write-around (writes bypass the
cache entirely and go to the capacity device, so cached copies are invalidated),
and write-back (writes are absorbed by the cache and lazily flushed, so cached
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Figure 3.5: Open CAS Architecture. Open CAS is a kernel block-layer caching
framework. User applications issue I/O through the VFS and a chosen logical file
system. The Top adapter forwards block requests into the Open CAS Framework
(OCF), which decides whether each request hits the cache, then dispatches to the
Bottom adapter. The Bottom adapter splits I/O into two paths through the standard
Linux block and device-driver layers: backend (blue) reaches the slower capacity
device, and caching (orange) reaches the faster cache device. NHC’s routing hook
and scheduler live inside OCF.

copies become dirty). Open CAS also exposes per-device utilization counters
(bandwidth, queue depth, I/O wait time) that bandwidth-aware schedulers
can read to estimate device load.

Orthus-CAS. We implement NHC as Orthus-CAS, a kernel module that lives
inside OCF. We extend Open CAS in two ways. First, we add an NHC cache
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scheduler that exposes the data_admit and load_admit knobs described in
§3.1.2.3 and runs the two-stage algorithm from §3.1.2.4. Second, we insert
a routing hook on the cache read path so that a hit can be dynamically
redirected to the capacity device according to load_admit. No changes
are required to Open CAS’s replacement policy or metadata management.
Orthus-CAS adds 460 lines of code on top ofOpenCAS excluding cache-mode
registration code.

Write-allocation policies. Open CAS supports write-around, write-back,
and write-through; NHC works with all three.

Detecting hit-rate stability. The scheduler treats the hit rate as stable
(Algorithm 1, §3.1.2.4) when it changes by less than 0.1% over the last 100ms.
This simple heuristic is sufficient because NHC does not require precise
stability detection: under heavy load, a higher measured hit rate just lets
NHC redirect more hits, and under light load NHC quickly reverts to classic
caching.

Tuning parameters. The scheduler measures the target metric on a 5ms
interval, the smallest interval at which the Linux block-layer counters are
accurate, and adjusts load_admit by 2% per step. Smaller intervals do not
improve convergence noticeably; larger step sizes converge faster but settle
on slightly worse operating points.

3.2.2 Baseline Implementations

To enable a fair comparison, we implement both previous state-of-the-art
systems within the same Open CAS framework. All baselines share Orthus-
CAS’s routing hook, write-allocation defaults, replacement policy (LRU),
and per-device utilization counters; they differ only in the scheduler that
decides where each request goes. Because SIB was originally designed for
distributed storage at per-process granularity, we adapt it in two ways: SIB+
moves bypass decisions to per-request granularity, and SIB++ additionally
admits read misses to the cache. We describe each baseline below.
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SIB+. We faithfully implement SIB in Open CAS following the original paper.
SIB+ is an optimized version that bypasses traffic at per-request granularity
instead of per-process.

SIB++. SIB++ is an optimized version of SIB+ that additionally admits read
misses into the cache.

LBICA. We faithfully implement LBICA in Open CAS following the orig-
inal paper. LBICA has two key characteristics. First, it detects when the
performance device is under “burst load” and stops allocating new data to it.
Second, it does not redirect any read hits.

3.3 Evaluation

We evaluate Orthus-CAS against the two previous state-of-the-art systems
(SIB+/SIB++ and LBICA) described in §3.1. Our goal is to answer two
questions: (i) How does NHC compare against the state-of-the-art baselines
under static and dynamic workloads? (§3.3.1) (ii) Can NHC optimize for
different performance targets, such as throughput, average latency, and tail
latency? (§3.3.2)
Experimental Setup All experiments run on a single server with an Intel
Xeon Gold 5218 CPU (16 cores) at 2.3GHz and 64GB of DRAM, running
Ubuntu 18.04. The storage hierarchy consists of two devices: an Intel Optane
SSD as the performance tier and a Samsung NVMe Flash SSD as the capacity
tier.

3.3.1 Comparison to Previous Systems

On the Optane+Flash hierarchy, we begin with a read-only workload (Fig-
ure 3.6(a)). SIB+ performs poorly because it does not admit read misses
into the Optane cache, so a meaningful fraction of requests miss and are
served by the slower Flash device even when the cache has free capacity.
SIB++ admits read misses and performs much better, approaching NHC
under these stable conditions. SIB++ suffers, however, when the workload
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Figure 12: Orthus-KV with Dynamic Workloads. This figure shows the throughput of Orthus-KV and classic caching (top graphs), as well as
load/data admit ratio over time in Orthus-KV (bottom graphs). Because data admit is 0 or 1, we show a fractional windowed sum of its value over 5 time steps
for readability. In (a), we replay the ZippyDB benchmark on a single machine. The average value size is 16KB; the number of key ranges is 6. We use 32 threads
for the maximum load and adjust the number of threads dynamically according to the diurnal load model. We speed up the two-day workload by 1000⇥. In (b),
the workload is similar to YCSB-C 16KB value, 32 threads, but with two different working sets before and after 10s. In (c), we use YCSB-D with 16B keys, 1KB
values, 32 threads. We also show throughput of a modified Orthus-KV that always performs data admit in (c).

always performs better than classic caching but its peak per-
formance does not reach that of the default Orthus-KV. Our
results illustrate the interesting tradeoff between avoiding un-
necessary data movement and maintaining a stable hit rate for
dynamically changing workloads.

6.4 Comparisons with Prior Approaches
We now show that NHC significantly outperforms two other
approaches that have been suggested for utilizing the perfor-
mance of a capacity device: SIB [56] and LBICA [19]. SIB
targets HDFS clusters with many SSDs and HDDs, in which
case the aggregate HDD throughput is non-trivial: SIB uses
SSDs as a write buffer (does not admit any read miss), and pro-
poses using the HDDs for handling extra read traffic. LBICA
determines when a performance layer is under “burst load” at
which point it will not allocate new data to the performance
layer; unlike NHC, LBICA does not redirect any read hits.

To compare NHC against SIB and LBICA, we have imple-
mented these approaches in Open CAS. To make SIB suitable
for general-purpose caching environments, we have improved
it in two ways. First, SIB operates on a per-process granular-
ity instead of per-request: the traffic from some processes is
not allowed to use the SSD cache; we altered SIB so that it
adjusts load per-request (SIB+). Second, we modified SIB so
that it admits read misses into the cache (SIB++).

Using the experimental setup from §6.1 on Optane+Flash,
we start with a read-only workload in Figure 13.a. SIB+ does
not perform well because it does not admit read misses into
Optane. SIB++ performs better, but suffers when the workload
changes as in Figure 13.b; in these workloads, the amount
of write traffic is changed every period, for periods between
10 and 0.5 seconds. SIB cannot handle dynamic workloads
because SIB has two phases; in its training phase, SIB learns
the maximum performance of the caching device for the cur-
rent workload; in the inference phase, SIB judges whether
the caching device is saturated and, if it is, bypasses some

(a) Static Workload (b) Dynamic Workloads

Figure 13: NHC vs. SIB and LBICA. (a) uses a static read-only
workload. (b) uses dynamic workloads; the write-ratio is fixed in each period
(e.g., 10s), but changes (randomly between 0% to 50%) across periods. We
use workloads with parallelism/concurrency 16, 95% hits, runtime 100s on
Optane+Flash hierarchy.

processes (requests). As we have shown, the maximum per-
formance of modern devices depends on many workload pa-
rameters: read-write ratios, load, and access patterns. Thus, if
the workload changes in any way, SIB must either relearn the
target maximum performance or use an inaccurate target. In
our experiments, as the duration of each phase decreases, the
performance of SIB decreases dramatically. Unlike SIB, NHC
uses a simple, continuous feedback-based tuning approach
and thus converges rapidly and adapts to dynamic workloads
well. Finally, LBICA performs poorly because it does not
redirect any read hits to use the capacity device; it simply
does not allocate more data to the performance device when
it is overloaded.

7 Related Work
Algorithms and Policies in Hybrid Storage Systems: Al-
gorithms and policies for managing traditional hierarchy have
been studied extensively [65, 67, 68, 70, 78, 89, 91, 96, 104].
Techniques have been introduced to optimize data alloca-
tion [3,49,80,84,89,90], address translation [25,82], identify
hot data [4, 51, 53, 71, 73, 75, 79, 88, 91, 95] and perform data
migration [26, 33, 40, 43, 70, 87, 91, 100]. Most previous work
improves performance by focusing on workload access lo-
cality. In contrast, NHC improves by taking all devices and
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Figure 12: Orthus-KV with Dynamic Workloads. This figure shows the throughput of Orthus-KV and classic caching (top graphs), as well as
load/data admit ratio over time in Orthus-KV (bottom graphs). Because data admit is 0 or 1, we show a fractional windowed sum of its value over 5 time steps
for readability. In (a), we replay the ZippyDB benchmark on a single machine. The average value size is 16KB; the number of key ranges is 6. We use 32 threads
for the maximum load and adjust the number of threads dynamically according to the diurnal load model. We speed up the two-day workload by 1000⇥. In (b),
the workload is similar to YCSB-C 16KB value, 32 threads, but with two different working sets before and after 10s. In (c), we use YCSB-D with 16B keys, 1KB
values, 32 threads. We also show throughput of a modified Orthus-KV that always performs data admit in (c).

always performs better than classic caching but its peak per-
formance does not reach that of the default Orthus-KV. Our
results illustrate the interesting tradeoff between avoiding un-
necessary data movement and maintaining a stable hit rate for
dynamically changing workloads.

6.4 Comparisons with Prior Approaches
We now show that NHC significantly outperforms two other
approaches that have been suggested for utilizing the perfor-
mance of a capacity device: SIB [56] and LBICA [19]. SIB
targets HDFS clusters with many SSDs and HDDs, in which
case the aggregate HDD throughput is non-trivial: SIB uses
SSDs as a write buffer (does not admit any read miss), and pro-
poses using the HDDs for handling extra read traffic. LBICA
determines when a performance layer is under “burst load” at
which point it will not allocate new data to the performance
layer; unlike NHC, LBICA does not redirect any read hits.

To compare NHC against SIB and LBICA, we have imple-
mented these approaches in Open CAS. To make SIB suitable
for general-purpose caching environments, we have improved
it in two ways. First, SIB operates on a per-process granular-
ity instead of per-request: the traffic from some processes is
not allowed to use the SSD cache; we altered SIB so that it
adjusts load per-request (SIB+). Second, we modified SIB so
that it admits read misses into the cache (SIB++).

Using the experimental setup from §6.1 on Optane+Flash,
we start with a read-only workload in Figure 13.a. SIB+ does
not perform well because it does not admit read misses into
Optane. SIB++ performs better, but suffers when the workload
changes as in Figure 13.b; in these workloads, the amount
of write traffic is changed every period, for periods between
10 and 0.5 seconds. SIB cannot handle dynamic workloads
because SIB has two phases; in its training phase, SIB learns
the maximum performance of the caching device for the cur-
rent workload; in the inference phase, SIB judges whether
the caching device is saturated and, if it is, bypasses some

(a) Static Workload (b) Dynamic Workloads

Figure 13: NHC vs. SIB and LBICA. (a) uses a static read-only
workload. (b) uses dynamic workloads; the write-ratio is fixed in each period
(e.g., 10s), but changes (randomly between 0% to 50%) across periods. We
use workloads with parallelism/concurrency 16, 95% hits, runtime 100s on
Optane+Flash hierarchy.

processes (requests). As we have shown, the maximum per-
formance of modern devices depends on many workload pa-
rameters: read-write ratios, load, and access patterns. Thus, if
the workload changes in any way, SIB must either relearn the
target maximum performance or use an inaccurate target. In
our experiments, as the duration of each phase decreases, the
performance of SIB decreases dramatically. Unlike SIB, NHC
uses a simple, continuous feedback-based tuning approach
and thus converges rapidly and adapts to dynamic workloads
well. Finally, LBICA performs poorly because it does not
redirect any read hits to use the capacity device; it simply
does not allocate more data to the performance device when
it is overloaded.

7 Related Work
Algorithms and Policies in Hybrid Storage Systems: Al-
gorithms and policies for managing traditional hierarchy have
been studied extensively [65, 67, 68, 70, 78, 89, 91, 96, 104].
Techniques have been introduced to optimize data alloca-
tion [3,49,80,84,89,90], address translation [25,82], identify
hot data [4, 51, 53, 71, 73, 75, 79, 88, 91, 95] and perform data
migration [26, 33, 40, 43, 70, 87, 91, 100]. Most previous work
improves performance by focusing on workload access lo-
cality. In contrast, NHC improves by taking all devices and
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(b) Dynamic Workloads

Figure 3.6: NHC vs. SIB and LBICA. (a) Static read-only workload. (b) Dynamic
workloads where the write ratio changes periodically (e.g., 10 s), varying randomly
between 0% and 5%.

changes (Figure 3.6(b)); in these workloads the write traffic changes every
period, for periods between 10 s and 0.5 s. SIB cannot handle dynamic
workloads because of its two-phase design: in the training phase, SIB learns
the maximum performance of the caching device for the current workload,
and in the inference phase, it judges whether the caching device is saturated
and, if so, bypasses part of the load. As discussed in §3.1.1, the maximum
performance of modern devices depends on many workload parameters,
such as the read/write ratio, load, and access pattern. Thus, whenever the
workload changes, SIB must either relearn its target performance or operate
with an inaccurate one; in our experiments, as the duration of each phase
decreases, SIB’s performance drops sharply. Unlike SIB, NHC uses a simple,
continuous feedback-based tuning approach, so it converges rapidly and
adapts well to dynamic workloads. Finally, LBICA performs poorly because
it never redirects read hits to the capacity device; it simply stops allocating
new data to the performance device when it is overloaded.

3.3.2 Target Performance Metrics

In this section, we show that NHC can optimize for different performance
targets. We make three observations from Table 3.2. First, the throughput
and average-latency targets converge to nearly the same operating point:
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Optane + Flash NVM + Optane SSD

Target Thru. Avg lat. P99 lat. Thru. Avg lat. P99 lat.
(GB/s) (�s) (�s) (GB/s) (�s) (�s)

Classic 6.7 77 115 2.3 227 269
NHC, throughput 8.0 64 147 3.9 132 289
NHC, avg. latency 8.0 64 143 3.9 132 285
NHC, P99 latency 6.9 75 106 3.3 155 245

Table 3.2: Different Target Metrics. Orthus-CAS performance when configured
with throughput, average latency, or P99 tail latency as the target metric. Bold marks
the best Orthus-CAS result for each metric in each hierarchy.

both raise throughput from 6.7 to 8.0 GB/s and drop average latency from
77 to 64 �s on Optane+Flash, with similar gains on NVM+Optane. Second,
optimizing for throughput or average latency increases tail latency (from 115
to 147 �s on Optane+Flash, from 269 to 289 �s on NVM+Optane); routing
more hits to the capacity device exploits its bandwidth but pushes those
requests onto a device with worse P99 latency. Third, when configured
with P99 latency as the target, Orthus-CAS reduces tail latency relative to
Open CAS—from 115 to 106 �s on Optane+Flash, and from 269 to 245 �s on
NVM+Optane—bydeliberately routing fewerhits away from theperformance
device. These experiments show that NHC behaves as expected under each
target metric.

3.4 Conclusion

In this chapter, we revisited caching in modern storage hierarchies and
proposed Non-Hierarchical Caching (NHC), an approach that dynamically
offloads traffic from the performance device to the capacity device when
beneficial. NHC is guided by a lightweight feedback scheduler that adapts
online. Through practical experiments, we show that NHC outperforms state-
of-the-art cache-bypass systems under both static and dynamic workloads,
and can be configured to optimize for different performance targets, such as
throughput, average latency, and tail latency.
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Chapter 4

Getting the MOST with
Mirror-Optimized Storage Tiering

Chapter 3 showed how caching can be extended to exploit the capacity
device’s bandwidth once the performance device saturates. That approach,
however, preserves caching’s core limitation: it duplicates every hot block
across tiers, wasting the performance device’s capacity. In this chapter, we
turn to tiering, the standard alternative, and ask how tiering can be made
to balance load across non-hierarchical storage systems without the costly
data migrations that migration-based tiering requires. We introduce Mirror-
Optimized Storage Tiering (MOST), a new tier-based approach that mirrors
a small amount of hot data across tiers to enable load balancing through
routing rather than migration. This chapter is based on the paper Getting
the MOST out of your Storage Hierarchy with Mirror-Optimized Storage Tiering,
published in FAST 2026.

In the first part of this chapter, we show that migration-based tiering—the
dominant strategy for managing heterogeneous memory and storage—fails
to adapt to dynamic workloads. State-of-the-art systems such as Colloid
migrate data across tiers to equalize access latency, but migration is both slow
and costly: convergence can take hundreds of seconds on storage hierarchies,
and thewrite traffic incurred significantly shortens device lifetime. Mirroring-
based approaches (e.g., caching and RAID-1) avoid these migration costs
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but either waste capacity or fail on write-intensive workloads. A different
approach is required.

Thus, in the second part of this chapter, we propose MOST. MOST
combines tiering’s space efficiency with mirroring’s load-balancing flexibility
by mirroring only a small amount of hot data. Under low load, MOST
behaves like classic tiering; under high load, it dynamically routes requests
among the mirrored copies to offload excess traffic to the capacity device. A
simple feedback-driven optimizer adjusts the routing ratio online, requiring
no prior workload or device knowledge. We implement MOST as Cerberus,
a storage management layer within the widely-used flash cache library
CacheLib [2, 23, 79]. Across static and dynamic workloads on two storage
hierarchies, Cerberus achieves up to 2.34× higher throughput, up to 75%
lower P99 latency, and up to 84% fewer device writes compared to the state
of the art.

In the following, we first present background and motivation related to
modern storage hierarchies and prior approaches (§4.1). We then describe
the design of MOST and its implementation in Cerberus (§4.2). Next, we
present our evaluation (§4.3). We discuss extensions (§4.4) and conclude
(§4.5).

4.1 Motivation and Background

In this section, we discuss some of the trends in modern memory and storage
hierarchies containing multiple heterogeneous devices. We then describe
existing management techniques—such as striping, tiering, mirroring, and
caching—and analyze their limitations. We conclude by discussing some of
the extra challenges of managing storage hierarchies, as opposed to memory
hierarchies.
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Storage Device Latency (�s) Read (GB/s) Write (GB/s)
4K 16K 4K 16K 4K 16K

Optane SSD 11 18 2.2 2.4 2.2 2.2
PCIe 4.0 NVMe Flash SSD 66 86 1.5 3.3 1.9 2.3
PCIe 3.0 NVMe Flash SSD 82 90 1.0 1.6 1.5 1.6
PCIe 4.0 NVMe Flash SSD over RDMA 88 114 1.2 2.7 1.7 2.3
SATA Flash SSD 104 146 0.38 0.5 0.38 0.5

Table 4.1: Device Performance. Latency measured for a single-thread read
workload; bandwidth for a 32-thread workload. Remote device is connected via a 25
Gbps link.

4.1.1 Multi-Device Hierarchies

Multiple devices [32, 64, 96, 100, 116, 123, 137] are commonly used to serve
memory and storage load. Since new devices may be added incrementally
over time to increase capacity or performance, these new devices are likely
to exhibit different performance characteristics compared to older devices in
the system. One natural approach has been to organize memory or storage
devices into a hierarchy of tiers, with newer, faster devices placed as a cache
above slower, possibly larger devices; such hierarchies have been essential to
systems since their inception [27].

However, as recent work has shown [50, 123], new device types pose
challenges to ordered hierarchies. To simplify our discussion, we focus on a
two-layered hierarchy containing two types of devices: a performance device
and a capacity device, where the performance device is more expensive,
smaller in capacity, and faster, whereas the capacity device is cheaper, larger,
and slower. In a traditional hierarchy (e.g., DRAMonHDD), the performance
gap between the two devices is substantial and the performance of the
capacity device can be ignored. However, with emerging technologies such
as non-volatile memory [7], low-latency SSDs [8], NVMe Flash SSDs [5, 15],
SATA Flash SSDs [14], and remote storage with NVMeoF [13], disaggregated
SSDs [60, 61], and EBS [1, 136], the performance and capacity devices have
overlapping characteristics. As such, arranging these devices into a strict
hierarchy [50, 123] limits their potential.

Table 4.1 shows that latency and bandwidth can be similar for the
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performance and capacity devices given current technology. Memory and
storage systems can be composed of any pair of these devices. Importantly,
the performance ratio across the two tiers may be close: the bandwidth ratio
for 16KB reads is only 1.5:1 between Optane and PCIe 3.0 NVMe devices and
only 1.25:1 between local and remote PCIe 4.0 NVMe devices. More subtly,
the performance ratios are not static and strongly depend on workload; for
example, given 4KB reads, the ratio between Optane and PCIe 3.0 NVMe
devices increases to approximately 2.2:1. These performance ratios depend
on access sizes, percentage of writes, and concurrency [122].

4.1.2 Existing Approaches

At a high level, classic approaches for managing multi-device memory and
storage can be grouped into two categories: approaches that maintain a
single copy of each block (i.e., striping, tiering, and exclusive caching), and
approaches that may maintain multiple copies of each block (i.e., mirroring,
caching). We describe these approaches and highlight their inefficiencies, as
summarized in Table 4.2.

Single Copy Striping [30, 34, 42, 91, 92, 101] allocates a single copy of
each block in a predetermined static pattern across devices. Striping does
not handle heterogeneous devices well: if data is striped evenly across
devices, throughput is bottlenecked by the slowest device; if data is striped
in a weighted pattern with more data on faster devices, the appropriate
weight depends on the workload; furthermore, the ideal striping ratio for
performance is unlikely to match the ratio of the devices’ capacity (i.e.,
faster devices are usually smaller). Thus, striping is not a good match for
heterogeneous storage.

Tiering [18, 37, 63, 77, 94, 105, 108, 121, 128, 137, 139] also allocates a single
copy of each block; however, instead of allocating blocks in a static pattern,
tiering dynamically places data blocks based on their hotness [18, 63, 76, 94,
108, 128, 137, 139] or some other optimization goal [32, 46, 131]. Table 4.2
summarizes the characteristics of three tiering approaches.
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First, classic hotness-based tiering is exemplified by HeMem [96], which
manages a memory system containing DRAM and NVM. HeMem promotes
hot data into the performance tier and serves hot data exclusively from
the performance tier, leading to inefficient utilization of the capacity tier’s
bandwidth; thus, HeMem delivers low bandwidth for intensive workloads
due to not effectively utilizing NVM (as shown later in §4.3). Second,
BATMAN [32] balances tier bandwidth by migrating data, but its fixed
bandwidth ratio prevents it from adapting to hierarchies whose performance
ratios vary with workload or evolve over time. Third, Colloid [116] also
dynamically migrates data between memory tiers to utilize the bandwidth
of the capacity device; however, Colloid does not handle dynamic and time-
varying workloads because costly data migrations are required to adjust the
load distribution when the workload changes (§4.3.2).

Other tiering systems, such as AutoTiering [131] and EDT-DTM [46], also
balance data placement to utilize the bandwidth of all tiers, but since they
rely solely on data migration to adjust load distribution, their adaptability
and responsiveness to workload changes are limited. Exclusive caching [44]
maintains only a single copy of data within the hierarchy: when hot data is
promoted or demoted between tiers, the original copy is discarded. At a high
level, exclusive caching is similar to hotness-based tiering but moves data
at smaller time intervals; consequently, it behaves similarly. In summary,
as shown in Table 4.2, single-copy approaches may partially utilize the
bandwidth of the capacity device by migrating data across tiers. However,
this migration-based strategy struggles to adapt to dynamic workloads, as
migration is both costly and slow. In addition to limited responsiveness,
migration-based approaches also suffer from excessive device writes and
performance degradation due to migration-induced traffic (see §4.1.3 for
further discussion).

Multiple Copies To utilize both devices, other approaches maintain two
copies of at least some data blocks across both the performance and capac-
ity devices. Mirroring [25, 30] simply replicates all data on both devices.
Mirroring delivers high read bandwidth since reads can be dynamically
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load balanced across both devices to account for performance differences;
however, mirroring delivers low write bandwidth since both copies must be
updated and bandwidth is limited by the slower device. Mirroring also has
low capacity utilization since each block is stored on both devices.

Inclusive caching allocates all items on the capacity device, but replicates
only frequently-accessed items on the performance device [6, 23, 40, 79,
88, 89, 93, 123, 129]; inclusive caching inherently wastes the capacity of
the performance device and fails to exploit the performance of the capacity
device [20, 59]. To utilize the performance of the capacity device, Orthus [123]
introduces Non-Hierarchical Caching (NHC). Orthus dynamically redirects
read traffic from the performance device to the capacity device when the
performance device is overloaded. However, Orthus is built on a traditional
caching model, which introduces two fundamental limitations. First, it is
space-inefficient—NHC uses the entire capacity of the performance device
to store duplicate copies of data from the capacity tier, wasting the perfor-
mance tier’s storage capacity. Second, Orthus struggles with write-intensive
workloads, requiring clean copies for routing read requests: writes that hit
in the cache can be handled with write-through or write-back/write-around.
With write-through, both copies remain clean, but additional writes are
incurred, and performance is constrained by the write bandwidth of the
capacity device. With write-back/write-around to only one of the block’s
copies, Orthus can only route subsequent reads to the dirty block. Thus,
Orthus performs poorly with writes (§4.3.1).

Nomad [126] proposes a variant to hotness-based tiering that maintains
temporary copies of data during migration; specifically, the original copy on
the capacity device can still be accessed while the data is being migrated to
the performance device. While Nomad improves the performance penalty of
migration, it does not maximize the bandwidth of the underlying devices in
the common case.

Summary. Existing approaches for handling heterogeneous memory and
storage fail along important metrics (Table 4.2). Approaches that maintain a
single copy of data, such as striping, tiering (e.g., HeMem, BATMAN, Colloid,
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Figure 4.1: MOST Data Layout. Data are logically grouped but not physically
placed together on the device.

AutoTiering, and EDT-DTM), and exclusive caching, fall short in handling
dynamic workloads. Current approaches, such as mirroring, inclusive
caching, and non-hierarchical caching, that maintain multiple copies of data
items suffer from low capacity utilization and struggle with write-intensive
workloads. We will show that MOST delivers high bandwidth and reduces
device writes across a wide range of static and dynamic workloads with only
a small amount of mirrored data.

4.1.3 Storage vs. Memory Hierarchies

The approaches that handle data placement in memory hierarchies [32, 64, 96,
116] versus storage hierarchies [120, 131, 137] have many similarities. In both
the memory and the storage domain, strategies for data placement optimize
for many of the same metrics, such as high performance (bandwidth and
latency) and high capacity. In both domains, solutions share many of the
same high-level approaches (e.g., striping, tiering, caching), as well as similar
low-level techniques (e.g., attempting to balance load across heterogeneous
devices by reacting to observed performance whether for memory [32, 116]
or for storage [123]).

However, storage hierarchies have characteristics that require special
attention and introduce additional opportunities.
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Larger Capacity and Datasets Storage devices manage significantly larger
datasets than memory. Thus, if migration is used as the primary technique
for balancing load across tiers, more data will need to be migrated, leading
to larger convergence times when adjusting to workload changes.

Limited Write Bandwidth Storage devices have lower write bandwidth
than memory; combined with the previous point, this further increases
convergence time if migration is used to adjust to dynamic workloads.

Read/Write Interference Some storage devices [122, 124] have complex
performance characteristics such thatwrite operations significantly impact the
performance of read operations. Migratingdata in the background introduces
write traffic that can significantly degrade foreground performance.

Device Endurance Frequent migrations accelerate device wear, reducing the
lifespan of storage devices such as SSDs [78, 79].

Software-based Indirection Since storagedevices have slower access time (10–
500�s) thanmemory (50–100 ns), software is used to determine the location of
blocks on different devices instead of hardware. As a result, techniques such
as dynamic and selective mirroring are more straightforward to implement
for the storage stack.

Thus, while dynamic tiering with data migration has been shown to
work well for heterogeneous memory hierarchies [96, 116], heterogeneous
storage hierarchies need additional techniques that do not rely as heavily on
migration.

4.2 Mirror-Optimized Storage Tiering

We presentMirror-Optimized Storage Tiering (MOST), a combination of mirror-
ing and tiering that enables flexible load balancing across tiers by mirroring
a small amount of data. MOST is based on three design goals:

Maximized Bandwidth Utilization MOST should dynamically balance load
across all storage tiers based on workload.
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Quick Response to Dynamic Workloads MOST should dynamically and
quickly adapt to varying workloads, including fluctuations in load and
working set size.

Independence from Device and Workload CharacteristicsMOST should
operate effectively across any storage hierarchy without requiring prior
knowledge of device characteristics or workload patterns.

4.2.1 Basic Design

The key idea of MOST is to combine the load-balancing advantages of mir-
roring with the capacity benefits of classic tiering. MOST uses a hybrid data
layout with two classes: the mirrored class and the tiered class (Figure 4.1).
Data in the mirrored class is replicated across two devices to enable fast load
balancing; data in the tiered class is stored as a single copy to maximize the
space efficiency. In MOST, hot data, which is accessed most frequently, is
moved to the mirrored class and the remaining data is stored in the tiered
class. Within the tiered class, warm data is migrated to the performance
device; the remaining cold data is migrated to the capacity device.

As desired, the performance device stores the most-accessed data: hot
data in the mirrored class and warm data in the tiered class. Under light
workloads, this layout maximizes the likelihood that a request can be served
from the performance device. Under intense workloads, MOST dynamically
increases the size of the mirrored class and routes some requests in the
mirrored class to the capacity copy to balance the load across both devices.

4.2.2 Design Details

Figure 4.2 shows the basic architecture of MOST. Blocks are placed in the
mirrored or tiered class depending on their frequency of access: the goal is
to place the hottest data in the mirrored class, warm data in the tiered class
on the performance device, and cold data in the tiered class on the capacity
device. When handling a request, MOST first determines if the request is to
the tiered or mirrored class. Requests to tiered data are straightforward since
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Figure 4.2: MOST Architecture.

the data resides strictly in either the performance or capacity device; those
reads and writes are simply forwarded to the appropriate location. Requests
to mirrored data involve more complexity: a load switch (or balancer) sends
some percentage of these requests to each device, where the percentage
depends upon the current workload performance and whether the request
is a read or write. Other components of the architecture calculate this
percentage (i.e., Optimizer) andmigrate data between the classes and devices
(i.e., Migrator).

We address the key questions of MOST’s design. For reads to the hottest
data, which data copy in the mirrored class should be read to balance traffic
across devices? On which device should newly written data be allocated?
What data should be migrated between mirrored and tiered classes, and
betweendevices? Forwrites tomirroreddata, which copy should be updated?
At what granularity should clean copies be tracked? When should copies be
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Algorithm 2:MOST Optimizer
1 while true do
2 sleep(tuningInterval); Measure end-to-end latency
3 if !% > (1 + �) · !� then
4 if offloadRatio = offloadRatioMax then
5 ifMirrored class is not maximized then
6 Enlarge the mirrored class
7 else
8 Improve hotness of the mirrored class
9 end
10 Only migrate to capacity device
11 offloadRatio += ratioStep
12 else if !% < (1 − �) · !� then
13 if offloadRatio = 0 then
14 Only migrate to performance device
15 else
16 offloadRatio −= ratioStep
17 end
18 else
19 Stop all migration
20 end
21 end

cleaned? How can the tail latency of mirrored data be protected?

4.2.2.1 Balancing Read Traffic in the Mirrored Class

For simplicity, we begin by focusing on reads that are to the hottest data and
thus in the mirrored class. We later show howMOST allocates data, moves
data to and from the mirrored class, and handles writes. The full algorithm
is shown in Algorithm 2.

At a high level, reads to mirrored data should be routed to the device that
delivers the best performance. To achieve this, MOST employs probability-
based routing to determine which copy to read [123]. Specifically, MOST
routes an incoming read with probability offloadRatio to the capacity device,
and otherwise, to the performance device. OffloadRatio is the key variable con-
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trolling load distribution, as well as write traffic and allocation. OffloadRatio
is tuned by a simple yet efficient feedback-driven dynamic optimization algo-
rithm within the Optimizer; offloadRatio is adjusted such that the measured
end-to-end latency of the devices is equalized.

Specifically, assuming !% is the latency of the performance device and !�
is the latency of the capacity device, then

• When !% < !� , accessing the performance device is faster than access-
ing the capacity device, and so more traffic should be routed to the
performance device; thus, offloadRatio is decreased.

• When !% > !� , accessing the capacity device is faster than accessing
the performance device, and so more traffic should be routed to the
capacity device; thus, offloadRatio is increased.

• When !% = !� , the two access latencies are approximately equal, and
therefore, no further action is required.

MOST efficiently adapts to both high-load and low-load scenarios. Under
low load, the latency of accessing the performance device is lower than that
of the capacity device, and so traffic is routed to the performance device;
in these conditions, MOST operates like classic tiering, directing as many
requests as possible to the performance device. In contrast, under high load,
all hot and warm data reside on the performance device, causing its access
latency to increase—due to queuing and internal resource contention—and
eventually exceed that of the capacity device; consequently, MOST offloads
requests to the capacity device, which improves throughput. Under high
load, MOST offloads traffic from the performance device to the capacity
device until the end-to-end latency between the two devices is equalized.

4.2.2.2 Dynamic Write Allocation

When a data block is first written, MOST allocates its location. MOST divides
both mirrored and tiered storage into fixed-size segments (e.g., 2MB) and
maintains in-memory data structures to track the metadata for the segment.
All data are initially allocated into the tiered class. In classic tiering, the
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allocation policy is load-unaware, meaning that it always allocates newly-
created blocks on the performance device, even when that device is saturated.
MOST introduces a probability-based write allocation policy: similar to
load balancing within the mirrored class, the newly allocated data is placed
on the capacity device with offloadRatio probability. As a result, when the
performance device is under high load (higher latency), more data is allocated
on the capacity device; when the performance device is under light load
(lower latency), all data is allocated on the performance device, as desired
and as in classic tiering [96, 116]. After a block has been allocated to the
tiered class, it may later be promoted to the mirrored class, as described next.

4.2.2.3 Mirror-Class Migration

To meet the basic goal of placing the hottest data in the mirrored class,
MOST migrates data between classes such that it minimizes the amount of
movement between devices. To identify hot/warm/cold data, MOST tracks
read and write counters for each segment, similar to HeMem [96]; thus,
hotness is based on access frequency.

When the amount of mirrored data is insufficient to effectively balance
traffic, MOST increases the size of the mirrored class up to a configured
maximum. Our experiments (§4.3) show that devoting 20% of the total
capacity to the mirrored class is sufficient for our workloads. To migrate
data into the mirrored class, MOST selects the hottest segment from the
tiered class on the performance device; this hottest data is simply duplicated
onto the mirrored class on the capacity device. If the mirrored class reaches
its maximum size and the hottest segment in the tiered class has a higher
access frequency than the coldest segment in the mirrored class, MOST
swaps those segments. Space within the mirrored class is reclaimed when
the available system capacity drops below a predefined watermark (2.5%
of the total capacity). During reclamation, MOST reclaims the coldest
segment in the mirrored class: if a valid copy of this segment exists on the
performance device, the capacity copy is discarded; otherwise, the copy on
the performance device is discarded.
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Migration Regulation. In classic tiering, hot data is always migrated to
the performance device and cold data to the capacity device; however, with
MOST and its mirrored class, hot segments may be migrated to the capacity
device. MOST dynamically manages this bidirectional migration, adhering
to a principle of migrating exclusively away from the device experiencing
higher end-to-end latency. Precisely, when the performance device has higher
latency, migration to the performance device is stopped and migration to the
capacity device is enabled; when the capacity device exhibits higher latency,
the opposite is performed; if the latencies of both devices are approximately
equal, all migration is stopped.

4.2.2.4 Balancing Writes and Tracking Clean Subpages

Our previous discussion focused on reads; writes need special consideration.
Writes to the tiered class remain straightforward since there is only one copy
to update. However, writes to the mirrored class have a new property: if
the write is performed to both copies, then the system is not performing any
write load balancing; however, if the write updates only one copy, then future
reads must be directed only to that clean, valid copy. In order to perform
load balancing of writes, MOST updates only one copy and carefully tracks
which portions of each segment are valid.

Writes to the mirrored class are balanced as follows. If both copies of the
mirrored data are valid, the write request is probabilistically sent to either the
capacity or performance device based on offloadRatio. However, if only one
copy in the mirror is valid, a naive implementation based only on segments
must direct later write traffic only to the valid segment (or overwrite the
entire invalid segment, making it valid).

Mirrored Data Subpages. To enable better load balancing of writes, MOST
manages segments in the mirrored class at a finer granularity: an invalid bit
and a location bit are tracked for each subpage corresponding to the device’s
unit of access (e.g., 4KB). Each subpage exists in one of three states: clean
(both copies are valid), invalid on the performance device, or invalid on the
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capacity device. Thus, given an aligned subpage write to the mirrored class,
MOST can route the write to either device without having to update the
entire segment; that is, a 4KB-aligned write can be load balanced through
simple routing, similar to reads. Subpages in the mirrored class slightly
increase metadata overhead (2 bits of metadata), but since the mirrored class
is relatively small, the overall overhead remains minimal; for instance, in
a 2TB hierarchy in the extreme case where all performance device data is
mirrored (50% mirroring), the metadata overhead is only 128MB, which is
negligible.

Selective Cleaning in the Mirrored Class. Data blocks with only one valid
copy are selectively cleaned by a background thread. This cleaning thread
selects blocks with a large rewrite distance, the average number of reads
between two writes for a given block. We have observed that when a block
has a small rewrite distance, it is likely to be rewritten soon, making cleaning
ineffectual.

4.2.2.5 Tail Latency Protection

The description thus far has focused onmaximizing total bandwidth from the
performance and capacity devices; however, MOST allows users to protect
the tail latency of mirrored (hot) data by setting a maximum offloadRatio
which limits the traffic offloaded to the capacity device in the mirrored class
when the capacity device shows significantly worse tail latency than the
performance device.

4.2.3 Implementation: Cerberus

We introduce Cerberus, a user-level storage management system that inte-
grates MOST into CacheLib. CacheLib is a generic flash cache library used
extensively in data center infrastructures [12, 23, 38, 79, 109, 111]. As shown
in Figure 4.3, CacheLib consists of three layers: a DRAM cache layer, a flash
cache layer, and a storage management layer. CacheLib provides two default
flash cache layers: a Large Object Cache (LOC) employs a log with a DRAM
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Figure 4.3: CacheLibArchitecture. This figure shows CacheLib’s architecture and
the lookup workflow. A lookup first checks the DRAM cache ( 1 ) and immediately
returns the object on a hit ( 2 ). On a miss, it checks the flash cache ( 3 ), issuing
a read to the underlying storage devices ( 4a ); if the object is found, it returns the
result ( 4b ). A flash cache hit promotes the item to DRAM and may evict an existing
DRAM entry ( 5a , 5b ). A miss in the flash cache ( 6 ) leads to a back-end access ( 7 ).

index for items 2KB or larger; a Small Object Cache (SOC) stores key-value
pairs in a 4KB bucket hash table. Users can also implement custom flash
caches in this flash cache layer (e.g., Kangaroo [79] and Fairy-WREN [78]).

By default, the storage management layer in CacheLib only provides
striping across devices. Cerberus is our storage management layer between
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the flash cache engine and the storage hierarchy employing MOST; Cerberus
transparently manages the underlying performance and capacity devices,
providing a block interface and a large address space. In addition to MOST,
we have implemented other tiering and caching approaches within the
CacheLib storage management layer.

Striping The default implementation in CacheLib.

OrthusThenon-hierarchical caching implementationdescribed andprovided
by Wu et al. [123] in 0.6K lines of code.

HeMem Our implementation of the classic tiering and migration algo-
rithm [96] in about 0.7K lines of code. The original HeMem uses a quantum
of 10ms, which is appropriate for memory latency but not storage; we use
200ms, the smallest interval that accurately reacts to our storage device
latency.

BATMAN Our implementation of BATMAN heterogeneous tiering [32],
requiring about 0.4K lines of code.

Colloid Our implementation of Colloid [116] is built on HeMem (with a
200ms quantum) in about 0.4K lines of code. Since Colloid only balances
reads, we implement Colloid+ to incorporate write latency into decisions.
Additionally, sinceColloid is sensitive to parameters, we implementColloid++
with � = 0.2 and 
 = 0.01, which improves robustness given storage device
performance fluctuations.

Metadata Management. MOST divides storage into 2MB segments, where
each segment requires 76 bytes of metadata as shown in Table 4.3. Smaller
segments would result in larger metadata overhead (e.g., 4KB segments
require 512 times more metadata) and degrade performance since they
obtain lower device bandwidth (Table 4.1). Conversely, larger segments
would lead to inefficient utilization of the performance tier, as only a small
fraction of subpages might be frequently accessed. We have found that 2MB
segments balance the metadata footprint while minimizing space waste on
the performance tier, matching the choice of many other systems [64, 96, 116].
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Member Variable Size (bytes)

id (uint64_t) 8
addr[2] (uint64_t[ ]) 16
invalid (bitset<512>*) 8
location (bitset<512>*) 8
clock (uint64_t) 8
readCounter (uint8_t) 1
writeCounter (uint8_t) 1
rewriteReadCounter (uint64_t) 8
rewriteCounter (uint64_t) 8
flags (uint8_t) 1
storageClass (enum class) 1
mutex (SharedMutex) 8

Total 76

Table 4.3: In-Memory Metadata per Segment.

Implementation Details. The MOST optimizer runs on a single pinned
thread during each 200ms interval. At each interval, the optimizer estimates
the access latency of each device by comparing counters from the Linux
block layer [11] to measurements from the previous interval. Similar to prior
systems [116], we apply Exponentially Weighted Moving Average (EWMA)
to measured latency to smooth out short-term fluctuations and maintain
long-term stability. The optimizer leverages this smoothed latency signal to
guide migration decisions and adjust routing accordingly. We set � = 0.05, a
commonly used tolerance in tuning-based systems [116], to treat values as
approximately equal, striking a balance between stability and responsiveness.
MOST demonstrates robust performance across diverse workloads without
requiring fine-tuning, indicating low sensitivity to the specific choice of �.
We also adopt ratioStep = 0.02, following guidance from similar systems
(e.g., Orthus [123]), which works well across different workloads. Cerberus
introduces approximately 1.5K LOC to CacheLib, leveraging and extending
the core HeMem tiering logic.
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4.3 Evaluation

We evaluate Cerberus to answer the following questions.
• How does Cerberus compare to striping, caching (Orthus), and tiering
(HeMem, BATMAN, and Colloid) for static workloads with different
intensity levels and patterns? (§4.3.1)

• How quickly does Cerberus adapt to dynamic workloads? How does
the number of writes performed by MOST compare to migration-based
tiering approaches with load-balancing capabilities? (§4.3.2)

• How effective are Cerberus’s techniques for mirrored class sizing,
subpage management, and selective cleaning? (§4.3.3)

• How does CacheLib with Cerberus perform on static workloads? How
does it perform on dynamic workloads? (§4.3.4)

Storage Configurations. We evaluate two storage hierarchies: Optane (per-
formance) / NVMe (capacity), and NVMe (performance) / SATA (capacity).
The latency and bandwidth of these three storage devices (750GB Intel
Optane SSD P4800X, 1 TB Samsung 960 NVMe SSD, 1 TB Samsung 870 SATA
SSD) are shown in Table 4.1. The server has a 40-core Intel Xeon Gold 5218R
CPU @ 2.1GHz (Ubuntu 20.04) and 64GB DRAM.

4.3.1 Comparison to Previous Approaches

We begin with a high-level comparison of Cerberus to other approaches for
handling heterogeneous devices: striping, Orthus (caching), HeMem (classic
tiering), BATMAN (with a static ratio matching the read bandwidth of the
devices), and three versions of Colloid (a state-of-the-art tiering approach).
To focus on the basic performance of these algorithms, we isolate the storage
management layer from CacheLib and exercise that layer with controlled
workloads; we beginwith a staticmicro-benchmark inwhichmultiple threads
perform synchronous randomreads andwrites, given a skewed access pattern
where a 20% hotset is accessed with 90% probability. Figure 4.4 compares
steady-state throughput for read-only, write-only, sequential write, and read-



60

(a) Random Read-only (b) RandomWrite-only

(c) Sequential Writes (d) Read Latest

Figure 4.4: Static Workload. The workload is running on the Optane/NVMe
hierarchy with 750GB working set. In (a), under intensity 2.0×, Colloid, Colloid+,
Colloid++, and Cerberus migrate 134GB, 122GB, 62GB, and 50GB of data in total.
In (b), under intensity 2.0×, Colloid, Colloid+, Colloid++, and Cerberus migrate
0GB, 93GB, 80GB, and 65GB of data in total.

latest workloads with varying intensities; 1.0× represents the minimum load
at which the bandwidth of the performance device is saturated. We show
that on static workloads Cerberus performs as well as or better than all other
approaches.

Random Read-only. Even on this simple static workload, the other ap-
proaches do not match Cerberus. Striping delivers suboptimal performance,
since it is bottlenecked by the slower device. Orthus delivers similar through-
put to Cerberus, but Orthus achieves this by mirroring 690GB of data
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compared to only 50GB in Cerberus. HeMem (classic tiering) reaches its
performance limit when the load intensity is 1.0× because HeMem does not
offload traffic to the capacity device once the performance device’s bandwidth
is saturated; consequently, further load increases do not improve throughput.
For BATMAN, no static allocation ratio works well for all load levels: BAT-
MAN performs relatively well under high load because its allocation ratio
is configured to match this bandwidth ratio for the hierarchy; however, at
low load, this ratio causes traffic to be sent to the capacity device, reducing
throughput. Colloid experiences significant performance degradation at
intensity 2.0× due to migrations triggered by latency spikes arising from
background activity; Colloid++ improves this throughput, showing that
Colloid is sensitive to parameter choice. As a result, Colloid and Colloid++
incur 2.68× and 1.24× more migration traffic than Cerberus (as shown in
the caption). In summary, Cerberus delivers high throughput at both low
and high load and also reduces device writes compared to migration-based
approaches that attempt to balance the load.

RandomWrite-only. We focus on those results that are noticeably different
for writes versus reads. Orthus has a static write-back policy, and so does not
balance write traffic or scale under high load. BATMAN no longer performs
well at high load because a different allocation ratio is required to match
the performance of write traffic versus read traffic across the two devices.
Colloid does not performwrite balancing and therefore exhibits performance
similar to HeMem; Colloid+ balances write traffic but suffers from migration
overhead triggered by latency spikes, resulting in suboptimal throughput;
Colloid++ demonstrates improved performance, but still incurs migration
overhead. For write-intensive workloads, Cerberus performs significantly
better than other approaches, since it balances writes in the mirrored class
and is robust to latency spikes.

Sequential Write. Sequential writes emulate popular applications with
log-structured data (e.g., flash caches, file systems, and databases). As
with random writes, Orthus cannot efficiently balance write traffic. Colloid
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behaves similarly toHeMembecause it doesn’t takewrite latency into account
when balancing. Interestingly, Colloid+ and Colloid++ perform worse due
to additional interfering migrations when balancing write latency; in a
sequential workload, demoted blocks are not re-accessed, which makes these
migrations ineffective. As desired, Cerberus dynamically allocates new
writes proportionally across devices: when the performance device becomes
saturated, writes are allocated directly on the capacity device.

Read Latest. This workload uses a 50% write ratio, where 20% of the newly-
written blocks have a 90% probability of being read. Colloid performs worse
than HeMem at intensities higher than 1.0× due to migration traffic; these
migrations are ineffectual since the migrated blocks soon become cold as new
blocks are written into the system. Colloid+ and Colloid++ perform more
migration, resulting in worse performance. Cerberus efficiently balances the
workload by dynamically allocating a portion of new writes to the capacity
device when the performance device is saturated; as a result, Cerberus
effectively uses the bandwidth of each device as the intensity increases.

Summary. For a variety of static workloads, Cerberus achieves better
throughput than striping, Orthus, BATMAN, HeMem, and Colloid. We omit
BATMAN in subsequent experiments since it performs worse than Colloid
or its variants.

4.3.2 Dynamic Workloads

Dynamic time-varying workloads are challenging for previous approaches.
To compareCerberus toHeMemandColloid++, we create amicro-benchmark
modeling a bursty workload similar to those in practice [23]. After pre-
warming the system with intensive load for 1000 seconds, the benchmark
transitions to generating a 2-minute burst every 15 minutes. Figures 4.5
and 4.6 show the delivered throughput and amount of data promoted and
demoted as a function of load (i.e., thread count) for read-only, write-only,
and read-write workloads.

Read-only workload. Before 1000 seconds, the systems operate under
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Figure 4.5: DynamicBurstyWorkload: Read-only. Running onOptane/NVMe
hierarchy with 1.2 TB working set and same skewness as §4.3.1. Under the read-only
workload, Colloid++ migrates 282GB to the performance device and 262GB to the
capacity device. In comparison, Cerberus migrates 87GB of data to the capacity
device.

high load; in this warm-up period, Colloid demotes and Cerberus mirrors
approximately 7% of the hot data to the capacity device. At 1000 seconds,
when workload intensity drops, Colloid promotes the hotset back to the
performance device, causing intensive promotion traffic, which negatively
impacts throughput. In contrast, within 10 seconds Cerberus efficiently
rebalances trafficby routing requests tomirroreddata back to theperformance
device. When the 2-minute load burst occurs after about 1000 seconds, the
performance device is saturated, causing its latency to surpass that of the
capacity device. Colloid again demotes the hotset back to the capacity device.
Consequently, Colloid performs worse than HeMem, which simply keeps
hot data on the performance device and does not conduct any load balancing.
Again, during the load burst, Cerberus efficiently offloads excess traffic by
redirecting requests for mirrored data back to the capacity device. Cerberus
matches HeMem’s performance under low load and achieves 1.53× higher
throughput during workload bursts since Cerberus also utilizes the capacity
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(a) Write-only (b) RW-mixed

Figure 4.6: Dynamic Bursty Workload: Write-only and RW-mixed. Same
setup as Figure 4.5. Colloid++ migrates 214GB and 260GB to the performance
device and 186GB and 239GB to the capacity device under workloads (a) and (b),
respectively. In comparison, Cerberus migrates 107GB and 64GB of data to the
capacity device.

device.

Write-only and Read-Write Workloads. The other workloads in Figure 4.6(a)
and Figure 4.6(b) demonstrate similar behavior. Cerberus is able to load
balance aligned 4KB writes by using subpages that track the valid versus
invalid portions of each 2MB segment. For thewrite-onlyworkload, Cerberus
achieves 1.48× higher throughput than HeMem under high load conditions.

Disadvantages of Migrating Data. Colloid’s reliance on migrating data
has a number of disadvantages: not only does migration interfere with
foreground traffic, but it also increases device writes and the time required
for convergence. As shown in the captions of Figures 4.5 and 4.6, Colloid
migrates on average 252GB to the performance tier and 229GB to the capacity
tier across three representative workloads. In contrast, Cerberus only mirrors
on average 86GB of data to the capacity tier. For instance, under a read-only
workload, Colloid issues 282GB to the performance tier and 262GB to the
capacity tier, while Cerberus writes just 87GB. Running this workload for
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(a) Migration Limit (b) Hotset Size

Figure 4.7: Limitation of Migration-based Approach. The same workload as
Figure 4.5.

one day results in 6.6DWPD and 3.1DWPD on the performance and capacity
tiers, respectively. With a warranted endurance of 30DWPD over 5 years [8],
the performance-tier device lasts 5.0 years with Cerberus. Colloid reduces
the lifespan to 4.1 years, an 18% drop. For the 1 TB capacity-tier device rated
for 0.37DWPD over 3 years [15], Colloid introduces 3.1DWPD of migration
writes, shortening the lifespan from 3.0 years to 129 days, an 88% reduction.

While Colloid’s migration overhead can be controlled, limiting the rate of
migration increases Colloid’s convergence time, which is already significantly
longer than that of Cerberus. Figure 4.7(a) shows Colloid’s convergence time
on the read-only workload when transitioning from low to high load given
migration limits between 100MB/s (5 DWPD) to 600MB/s (30 DWPD). With
a limit of 100MB/s, Colloid requires more than 800 seconds to adapt to a
load increase, making it ineffective for workloads containing shorter burst
intervals. In contrast, Cerberus requires less than 10 seconds to adapt to load
changes.

Relying exclusively on migration to adapt to workload changes also
causes convergence time to increase as the size of the hotset increases.
Figure 4.7(b) shows that Colloid’s convergence time increases with a larger
(read-only) hotset since more data must be demoted to offload traffic from
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the performance device to the capacity device. In contrast, Cerberus’s
convergence time is independent of the hotset size, since no migration is
performed once the data is mirrored.

Summary. Cerberus integrates mirroring into classic tiering, allowing
load adjustments without frequent migrations; this significantly enhances
adaptability to bursty workloads and reduces overall write traffic. In contrast,
Colloid and other tiering approaches lack intra-tier redundancy and rely
exclusively on migration for load balancing, since data can only be accessed
from one location; under bursty workloads, Colloid incurs extensive writes
for migration, greatly reducing device lifespan and resulting in performance
worse than HeMem.

4.3.3 Cerberus In-depth Analysis

We now perform an in-depth analysis of Cerberus’s techniques for determin-
ing the size of the mirrored class, tracking the state of subpages in mirrored
data, and selective cleaning.

Mirrored Class Size. Cerberus performs efficient load balancing with a
relatively small mirrored class. Figure 4.8(a) shows the amount of space
needed for Cerberus’s mirrored class as a function of the workload’s working
set size. Even when the working set size reaches 95% of the total system
capacity, Cerberus only mirrors 1.8% of the total data. Figure 4.8(b) shows
the corresponding throughput of Colloid+ and Cerberus. The throughput
of Colloid+ is highly unstable due to interference from frequent migrations;
Cerberus consistently demonstrates higher and more stable throughput due
to its effective use of a small amount of mirrored data.

Mirrored Data Subpages. The use of subpages within the mirrored class
enables Cerberus to efficiently handle write requests. Figure 4.8(c) compares
the behavior of Cerberus with subpages to Cerberus without subpages
on a 4KB write-only workload undergoing a sudden load drop (from
128 to 8 threads) at 400 seconds. After the load drop, Cerberus with
subpages immediately redirects writes back to the performance device,
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(a) Working set vs. Mirrored (b) Working set vs. Throughput

(c) Subpage Management (d) Selective Cleaning

Figure 4.8: In-depth Analysis. In (a), workload is random read/write mixed (50%
writes) at a high load (128 threads), varying the working set size, which is shown
as a fraction of the total storage system capacity. The hotset is 20% of the working
set with 90% access probability. In (d), the workload is a 256-thread workload with
occasional write spikes every 0.1, 1, and 30 seconds.

quickly adapting to light load without requiring any data migrations. In
contrast, Cerberus without subpages must migrate entire segments back to
the performance device, as each write request is smaller than the segment
size (2MB). Cerberus without subpages incurs additional migrations and
significantly longer convergence times.

Selective Cleaning. Cleaning of mirrored data is rarely needed in Cerberus:
cleaning is needed only for workloads containing a relatively small percent-
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Name Get Set LoneGet LoneSet Key Size (B) Avg Value Size (B)
A (flat-kvcache) 0.98 0 0.02 0 16-255 335
B (graph-leader) 0.82 0 0.18 0 8-16 860
C (kvcache-reg) 0.87 0.12 1.04e-05 0.003 8-16 33112
D (kvcache-wc) 0.6 0 8.2e-06 0.21 8-16 92422

Table 4.4: Production Trace Distributions from CacheBench. Flat-kvcache
and graph-leader are from an application cache with small value sizes, resulting in
mostly random traffic; kvcache-reg and kvcache-wc are from a storage cache with
large value sizes, leading to log-structured traffic. LoneGet and LoneSet are requests
for a key not present in the cache.

age of writes that invalidate a mirrored copy of data that is then frequently
read (e.g., caching for ML models where write spikes occur when model
parameters are refreshed [129]). Figure 4.8(d) shows the efficiency of Cer-
berus’s selective cleaning under a read-intensive workload with occasional
write spikes. The number atop each bar represents the clean data percentage.
We make two key observations. First, non-selective cleaning results in a
25% decrease in cache throughput, but only a 5% increase in the clean block
percentage, because it wastes effort cleaning frequently written data. Second,
Cerberus’s selective cleaning policy effectively filters out data subject to
high-frequency writing while cleaning data written at long intervals (every
30 s).

4.3.4 CacheLib

We now compare the end-to-end performance of CacheLib using Cerberus
for its storage management layer, as compared to striping (CacheLib’s de-
fault), caching (Orthus), and tiering (HeMem, Colloid, and Colloid++). For
workloads, we use CacheBench [3], a highly configurable benchmarking
tool bundled with CacheLib that can model real-world production cache
workloads [4]. We also extend CacheBench to support Zipfian distributions
and dynamic workloads.
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Figure 4.9: Lookaside Cache Workload: Small Object Cache. The DRAM
cache is restricted to 200MB to stress the SOC in CacheLib. The workloads are 256
threads get/set-mixed Zipfian with 25M keys and 1KB value. SOC is set to 100GB,
one third of the total capacity (100GB/200GB hierarchy).

Figure 4.10: Lookaside Cache Workload: Large Object Cache. Same setup as
Figure 4.9, but the workloads are 256 threads get/set-mixed Zipfian with 5M keys
and 16KB value to stress the LOC.
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4.3.4.1 Static Workloads

We examine workloads that stress CacheLib’s Small Object Cache (SOC) as
well as its Large Object Cache (LOC).

Small Object Cache. We begin with 1KB lookaside cache workloads varying
the Get/Set ratio across the two storage hierarchies. Figure 4.9 shows that
striping, Orthus, and HeMem continue to deliver suboptimal performance.
Colloid and Colloid++ perform worse than Cerberus due to migration
overhead caused by latency spikes, especially on the NVMe/SATA Flash
capacity layer where NVMe and SATA exhibit more severe read/write
interference than the Optane device.

Large Object Cache. The 16KB lookaside cache workload stresses the
Large Object Cache, which stores large key-value pairs in a sequential log
and an in-memory index; this results in sequential writes to the storage
management layer and reads primarily to the most-recently-written blocks
(i.e., the log head). Figure 4.10 shows that HeMem and Colloid cannot
utilize the capacity device bandwidth once the performance device becomes
saturated. Cerberus performs optimally across all workloads, achieving
up to 1.36× higher throughput on Optane/NVMe and up to 1.54× higher
throughput on NVMe/SATA.

CPUOverhead. Under the 4KB randomworkload that stresses themirroring
mechanism most (Figure 4.9), Cerberus slightly increases CPU utilization
(0–1.5%) at 256 threads compared to the best-performing baseline, Colloid++,
due to mirrored-page tracking and routing logic.

4.3.4.2 Production Cache Workloads

We evaluate four long-running production cache workloads provided by
Meta [4], as detailed in Table 4.4. Figure 4.11 summarizes the results. For
Workload A (lookaside cache workload) and Workload B (graph leader
workload), Cerberus performs slightly better than Colloid and Colloid++, as
these workloads involve small key-value pairs and stress the Small Object
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Figure 4.11: ProductionWorkloads. DRAM cache is set to 1GB. For flat-kvcache
and graph-leader, the SOC is set to one third of the total hierarchy capacity. We
use 256 threads for flat-kvcache, graph-leader, and kvcache-wc and 80 threads for
kvcache-reg. The cache throughput is normalized to HeMem’s performance.

Cache. On Workloads C and D, Cerberus significantly outperforms others,
as these stress the Large Object Cache (LOC); Cerberus effectively distributes
writes through its dynamic write allocation. Cerberus demonstrates bet-
ter performance across all four production workloads due to its efficient
mirroring-based load balancing and dynamic allocation. Compared to Col-
loid, Cerberus achieves an average throughput improvement of 1.24× on the
Optane/NVMe hierarchy and 1.17× on the NVMe/SATA hierarchy.

Latency. Table 4.5 shows that Cerberus reduces average latency by 14% and
P99 latency by 19% on average compared to the best-performing baseline.
Striping performs worst on workloads A and B due to bottlenecks from the
slower device, while Orthus performs worst on log-heavy workloads C and
D, consistent with Figures 4.4(c) and 4.4(d). Performance gains are more
substantial on the Optane/NVMe hierarchy, with 20% lower average latency
and 26% lower P99 latency compared to the best-performing baseline. In
comparison, the NVMe/SATA hierarchy shows smaller improvements, with
6.6% and 12% reductions respectively.
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Device Workload Metric StripingOrthusHeMemColloid Colloid++ Cerberus

Optane
NVMe

A Avg (ms) 0.81 0.67 0.71 0.56 0.52 0.50
P99 (ms) 15.76 18.18 19.24 9.59 9.00 7.33

B Avg (ms) 0.73 0.61 0.59 0.45 0.44 0.43
P99 (ms) 7.00 14.28 12.83 4.12 4.12 3.65

C Avg (ms) 0.76 0.86 0.59 0.67 0.88 0.47
P99 (ms) 9.53 10.69 6.50 7.78 8.85 5.43

D Avg (ms) 9.67 12.38 8.26 7.15 8.32 3.16
P99 (ms) 67.68 272.00 73.63 72.93 86.32 27.76

NVMe
SATA

A Avg (ms) 2.30 1.76 1.58 1.35 1.21 1.15
P99 (ms) 46.43 27.96 22.98 25.98 21.31 20.40

B Avg (ms) 1.90 1.41 1.54 1.48 1.17 1.10
P99 (ms) 23.40 16.84 11.59 14.15 9.34 8.54

C Avg (ms) 1.95 2.00 1.49 1.40 1.62 1.23
P99 (ms) 18.18 18.42 12.35 16.50 18.50 12.31

D Avg (ms) 27.55 32.15 26.69 19.98 16.68 16.09
P99 (ms) 239.86 364.20 160.10 158.07 170.29 101.85

Table 4.5: Average and P99 GET Latency (ms) of Production Workloads.

4.3.4.3 Dynamic Workload

We compare how well Colloid and Cerberus handle load changes using the
CacheBench benchmark [4]. The bursts happen every 180 seconds and last
for 60 seconds, matching those studied in [23] for data center workloads.
Figure 4.12 shows that Colloid struggles to adapt to these bursty workloads,
generating significant migration traffic. In contrast, Cerberus efficiently
adapts to bursty workloads without incurring any migration overhead.

4.3.4.4 YCSB

We compare Cerberus to striping, tiering (HeMem), and caching (Orthus)
under the YCSB benchmark across two local hierarchies shown in Figure 4.13.
Since YCSB does not natively handle cache misses, we extend it to implement
a lookaside caching pattern [23], where cache misses trigger a fetch from the
backing store (simulated with a 1.5ms delay) and re-insertion into the cache.
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Figure 4.12: Dynamic Cache Workload. Read-heavy workload with 95% GET
and 5% SET operations on Optane/NVMe hierarchy, where 20% of keys belong
to the hotset; the hotset is accessed uniformly at random with a 90% probability.
25 million key-value pairs, with value sizes ranging from 2KB to 4KB; 1 billion
operations. Size of SOC is 450GB.

Cerberus shows up to 1.43× higher throughput and 30% lower P99 latency
compared to the best-performing system.
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Figure 4.13: YCSB. CacheLib uses the default parameters from CacheBench with
4GB DRAM cache. All the workloads are Zipfian (� = 0.8) with 1KB values and
16-byte keys running under 256 threads with 20M records. The cache throughput is
normalized to the throughput of the default (striping) system and the number above
each bar is P99 latency in microseconds. Workload E is excluded due to CacheLib’s
lack of support for range queries.

4.4 Discussion

Multi-tier Extensions. MOST’s mechanism naturally extends beyond the
two-tier scenario. For example, data can be mirrored across multiple tiers,
allowing requests to be dynamically routed to the tier with the lowest latency.
This generalization calls for a more sophisticated optimization policy, which
we leave as future work.

Consistency. MOST can be extended to provide stronger consistency guar-
antees. One possible approach is to maintain a write-ahead log for mapping
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updates, such as those triggered by data migration. We leave a full study as
future work.

Performance Isolation. Currently, MOST transparently manages the under-
lying storage devices at the block level and is unaware of which tenant a
given request belongs to. One potential solution is to use hints to associate
each request with its corresponding tenant. With this additional metadata,
MOST can be extended to support and enforce performance isolation policies,
such as fairness and quality of service (QoS), across multiple tenants.

4.5 Conclusion

We introduced Mirror-Optimized Storage Tiering, a new tier-based approach
optimized for modern heterogeneous storage hierarchies. We demonstrate
that with a small amount of mirrored data, MOST improves throughput, re-
duces latency, enhances adaptability, and decreasesmigration-inducedwrites
under dynamic workloads. In the future, hybrid approaches that integrate
elements of caching, tiering, and RAID may offer further benefits, potentially
leading toward a “unified theory” of storage hierarchy management.
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Chapter 5

Mapping-Based Balancing in
Non-Hierarchical Memory

Chapters 3 and 4 addressed non-hierarchical storage systems by rethinking
caching and tiering. The same phenomenon arises in non-hierarchical
memory systems, where local DRAM is paired with second-level memory
such as CXL-attached memory: under interconnect contention, the loaded
latency of the performance tier can rise above that of the capacity tier. In
this chapter, we focus on load balancing in heterogeneous memory and
propose Hecaton, a tiered-memory system that introduces mapping-based
load balancing as an alternative to migration-based balancing. This chapter
is based on the paper Hecaton: Mapping-Based Load Balancing for Contended
Heterogeneous Memory.

In the following, we first motivate mapping-based load balancing against
migration-based contention-aware systems (§5.1). We then present the
design of Hecaton (§5.2) and evaluate it against HeMem and three Col-
loid configurations on dynamic workloads, bursty workloads, and realistic
memory-intensive applications (§5.3). Finally, we conclude (§5.4).
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5.1 Motivation and Background

This section motivates low-cost load balancing in heterogeneous memory.
We first review how contention-oblivious systems place data across tiers,
implicitly assuming that the performance tier is always faster. We then
describe contention-aware systems, which react when memory-interconnect
contention undermines this hierarchy, and show why migration-based bal-
ancing can be too slow and disruptive for bursty contention. Finally, we
discuss how read-mostly workloads and mirrored data create an opportunity
to balance load through page table remapping without data copying under
contention.

5.1.1 Load Balancing in Heterogeneous Memory

A heterogeneous memory systemmanages multiple memory technologies as
a single largememory transparently to the application. These systems usually
pair a fast, smaller local DRAM tier with a slower, larger capacity tier, such as
CXL devices [35, 66, 85, 103], or persistent memory [96]. We use performance
tier and capacity tier to describe the intended roles of these tiers, even though
their loaded latencies can change at runtime. These heterogeneous memory
systems are non-hierarchical [123]: under unloaded conditions, capacity
devices have only 2–3× higher latency than local DRAM [67]. Therefore,
under contention, the performance tier’s loaded latency can exceed the
capacity tier’s [19, 54, 116, 117], which we call latency inversion, breaking the
usual assumption that the performance tier is always faster.

Existing systems respond to latency inversion in twobroadways. Contention-
oblivious systems do not react and therefore perform suboptimally under
contention [18, 56, 58, 64, 68, 68, 77, 96, 98, 107, 126–128, 138]. For example,
HeMem [96] addresses the high overhead ofmemory access tracking by using
PEBS to efficiently identify hot pages for promotion to the performance tier.
Nomad [126] retains the capacity-tier copy during and after page promotion
to mitigate memory thrashing. However, both systems place hot data on the
performance tier and serve the majority of accesses from there. Therefore,
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they fail to utilize the capacity tier when the performance tier is contended.
Contention-aware systems react to contention by adjusting load distribution

across the two tiers so that both can be utilized. These systems can be
categorized at a high level by their load-balancing mechanism: migration-
based and routing-based. Migration-based load balancing (Figure 5.1a) keeps
a single copy of each page and physically moves data across tiers when
load shifts. For example, Chou et al. propose BATMAN [32], which shrinks
the performance tier by demoting pages until the access ratio between the
two tiers matches a predefined bandwidth ratio. Vuppalapati et al. propose
Colloid [116], a system with a dynamic load balancer that equalizes the
loaded access latency of the two tiers instead of using a predefined threshold.
Routing-based load balancing (Figure 5.1b) maintains two copies and routes
each request to one of them proportionally. For example, Tu et al. propose
MOST [114] for storage tiering, which mirrors a subset of data across tiers
and routes each request to either tier to adjust the load distribution.

Both approaches have limitations in heterogeneous memory systems.
Routing-based load balancing is not directly applicable because memory
accesses are issued by CPU instructions and resolved by hardware through
page table lookups, leaving no software layer that can intercept and route
individual accesses. Migration-based load balancing is applicable, but re-
quires copying data under contention. This slows convergence and interferes
with the foreground workload by adding traffic to an already contended
memory subsystem, as shown in prior work [68, 116, 126]. To balance load
without significantly interfering with foreground traffic, a migration-based
system must limit its migration rate and may converge over tens of seconds
to minutes [116].

Table 5.1 summarizes this design space. Existing contention-oblivious
systems optimize mechanisms for access tracking, page migration, dynamic
page size determination, and thrashing mitigation, but do not balance load
when contention changes the relative latency of the two tiers. For example,
Nomad retains a capacity-tier copy to mitigate memory thrashing under
memory pressure, but does not use the retained copy for load balancing.
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Performance Capacity

Request A

A

Migrate

(a) Migration-based

Request

Router

A

A

1 −
A

A

(b) Routing-based

Request

Mapping
A

A
Remap

(c) Mapping-based
Figure 5.1: Three approaches to load balancing. Migration-based balancing
keeps a single copy and moves data when load shifts; it is applicable to both memory
and storage systems. Routing-based balancing maintains two copies and routes
each request to one of them; it is not applicable to memory systems. Mapping-based
balancing maintains two copies and switches the page table mapping to redirect
future accesses.

Existing contention-aware memory systems do rebalance load, but use
migration as the balancing mechanism. Hecaton fills the remaining design
point: contention-aware load balancing that balances load through page
remapping without copying data under contention.

5.1.2 Why Migration-Based Balancing is Insufficient

Real-world workloads often change their memory-bandwidth demand on
timescales of only a few seconds [41, 53]. Graph analytics workloads [21], for
example, keep a graph resident in memory and trigger short analytics jobs
on demand: in our experiment, PageRank on a web graph runs for around
5 seconds, while BFS runs for 1 to 5 seconds depending on concurrency
and graph structure. These jobs can consume a large fraction of available
memory bandwidth (up to 90% in our measurement). Contention can also
come from peripheral devices such as NICs and storage [117]; datacenter
network traffic and scientific I/O are both highly bursty, often lasting only
a few seconds [71, 75]. Such short-lived contention is a poor match for
migration-based balancing: the system must shift load before the burst ends,
but copying pages adds traffic to the same memory subsystem that is already
contended.
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Figure 5.2: Load Burst. A 4-thread multichase workload under a 5-second burst
from an 8-thread antagonist, which raises performance-tier latency to 1.5× that of
the capacity tier (grey region).

To understand how existing systems behave under bursty contention, we
run a multichase workload [45] whose 32 GB working set is initially placed
in the performance tier. In the middle of the run, we co-run an antagonist
workload that creates a 5-second burst of contention on the performance
tier. We compare HeMem, a contention-oblivious system, with Colloid, a
state-of-the-art migration-based contention-aware system. Figure 5.2 shows
throughput, migration traffic, and performance-tier latency over time. We
include Hecaton as a preview of the opportunity enabled by mapping-based
balancing; Section 5.3 evaluates it in detail. We make four key observations
from this experiment.
Contention-oblivious systems perform suboptimally under contention.
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As shown in Figure 5.2, HeMem does not react when the performance tier
becomes contended. It therefore continues to serve the workload from the
performance tier, even though the capacity tier has lower loaded latency
during the burst. A contention-aware system can improve throughput by
shifting load to the capacity tier; for example, Hecaton achieves 1.45× higher
throughput than HeMem during the burst.
Migration-based balancing may not converge before the load changes.
Colloid has the right high-level goal: it attempts to balance load during
the burst by demoting pages to the capacity tier. However, because each
demotion requires copying page contents, the burst ends before Colloid
converges. When the burst ends, the demoted pages are now misplaced
and must be promoted back to the performance tier. During this recovery
period, Colloid performs worse than HeMem because some pages remain on
the slower capacity tier until they are migrated back. As a result, Colloid
delivers on average 11.4% and 15.1% lower throughput during burst and
recovery, respectively.
Migration interferes with the foreground workload. Colloid also causes
significant foreground interference during convergence. As shown in the
bottom graph of Figure 5.2, Colloid raises performance-tier latency by 1.28×
on average. This interference occurs because migration injects additional traf-
fic into the already-contended performance tier, increasing request queuing.
Increasing the migration rate would reduce convergence time but further
increase interference; reducing interference requires lowering the migration
rate, which makes the system even less able to adapt to short bursts.
Migration causes repeated data movement. The middle graph in Figure 5.2
shows that, to react to a single load burst, Colloid migrates 48 GB of data:
20GBof demotions during the burst and 28GBof promotions during recovery.
This cost is paid on every burst. When contention occurs periodically,
migration-based systems can generate excessive background traffic and affect
the lifetime of write-limited devices such as CXL-attached SSDs [130].

The root cause is that, with a single active copy of each page, changing
the load distribution requires moving data. If pages had useful copies in
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both tiers, the system could instead redirect future accesses without copying
page contents. As shown in Figure 5.1, routing-based balancing routes each
request to one of two copies through a load balancer, but this approach
is not directly applicable to memory systems because memory accesses
are resolved by hardware page table lookups, leaving no software layer to
intercept individual accesses. An alternative is to use existing virtual-memory
hardware to redirect future accesses by changing page table mappings. We
call this approach mapping-based load balancing (Figure 5.1c). We next
describe why memory-intensive workloads create an opportunity for this
mechanism.

5.1.3 Opportunity: Mapping-Based Load Balancing

Migration-based balancing is limited by its single-copy layout: shifting load
requires moving page contents. If useful copies already exist in both tiers, a
system can instead redirect accesses without copying data. Storage systems
can do this by routing individual requests to different copies, but memory
systems do not have software between CPU loads/stores and the data.
Instead, the available control point is the page table. We call this approach
mapping-based load balancing: the system maintains copies of selected pages
in both tiers and shifts future accesses by changing page table mappings.

Mapping-based load balancing is a good fit for memory-intensive work-
loads because they are often dominated by read-intensive data. Many
workloads, including graph analytics, tree indexes, ML, and HPC, pre-
allocate large objects such as graphs, indexes, embedding tables, and training
datasets that are read-only after initialization [64, 96, 110, 116]. To quantify
this opportunity, we profile representative memory-intensive workloads
used in tiered-memory evaluation, including database indexes [64, 115], ML
kernels [39, 81, 110], graph analytics [21], and HPC benchmarks [113]. These
workloads span a range of working-set sizes, access skews, memory-level
parallelism, and access patterns, allowing us to test whether the read-mostly
property holds beyond a single application style. We build a tool on Intel
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PIN [97] that records per-page load/store patterns. As shown in Table 5.2,
over 95% of each working set is read-only. This implies that, for these
memory-intensive workloads, most memory can be mirrored and balanced
through mapping-based load balancing.

This observation does not require every page to be read-only or every
page to have a mirror. Frequently written pages can be handled through
conventional migration, and when no spare capacity remains for mirroring,
the system can fall back to migration-based balancing.

5.2 Hecaton Design

We propose Hecaton, a heterogeneous memory management system that
introduces mapping-based load balancing as a fast and low-cost alternative
to migration-based load balancing. The key idea is to eliminate expensive
data copying under contention by maintaining mirrored copies of hot, read-
intensive pages across tiers and balancing load through page table remapping.
When clean mirrors are unavailable, Hecaton falls back to migration-based
balancing, allowing it to degrade gracefully to a conventional contention-
aware system. Realizing this idea in a tiered memory system raises three
challenges:

• How can the system balance load fast enough to react to second-scale
load changes? (§5.2.2)

• How can the system create and maintain mirrored copies with minimal
overhead, while safely handling writes that make mirrors stale? (§5.2.3)

• How can the system accurately identify read-mostly pages worth
mirroring? (§5.2.4)

Hecaton requires no prior knowledge of the workload or hardware. We
begin with an overview of the basic design before addressing each challenge.
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Figure 5.3: Hecaton Balancing Paths. (a) Clean mirrored: remap only. (b) Dirty
mirrored: overwrite the stale copy, then remap. (c) Single-copy into free space: write
to an empty slot, then remap.

5.2.1 Overview

Hecaton extends a conventional tiered memory system by allowing selected
pages to maintain mirrored copies on both tiers. As shown in Figure 5.3, each
page is in one of three states: clean mirrored (both copies are consistent), dirty
mirrored (the active copy has been written since the last mirror), or single-copy
(no mirror exists). At any time, only one copy of a mirrored page is active:
the copy named by the page table mapping.

Hecaton operates in two complementary modes. During idle periods, it
selectively mirrors hot, read-intensive pages from the performance tier to the
capacity tier. During contention, it balances load using the cheapest available
action: remapping clean mirrored pages first, repairing or migrating dirty
mirrored pages when needed, and migrating single-copy pages as a fallback.
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Algorithm 3: Load Balancer
1 Function LoadBalance():
2 (!? , !2) ←measure latency of each tier
3 if !? < (1 − �) !2 then
4 Rebalance(perf)
5 else if !? > (1 + �) !2 then
6 Rebalance(cap)
7 else
8 No Balancing
9 end

10

11 Function Rebalance(C84A):
12 ; ← 0; < ← 0
13 foreach clean mirrored page ? do
14 if ; ≥ !<0G then return
15 remap ? to C84A
16 ; ← ; + load(?);
17 end
18 foreach dirty mirrored page ? do
19 if ; ≥ !<0G or < ≥ "<0G then return
20 migrate ? to C84A
21 ; ← ; + load(?); < ← < + |? |;
22 end
23 foreach single-copy page ? do
24 if ; ≥ !<0G or < ≥ "<0G then return
25 swap ? to C84A
26 ; ← ; + load(?); < ← < + |? |;
27 end

5.2.2 Fast Load Balancing

Given mirrored pages, Hecaton must decide when to shift load, how much
load to shift, and which pages can be shifted without copying data. Hecaton
uses a lightweight feedback controller that runs once per epoch and compares
the measured latency of the performance tier (!?) and capacity tier (!2).
If !? < (1 − �)!2 , Hecaton shifts load back to the performance tier; if
!? > (1+�)!2 , it shifts load to the capacity tier; otherwise, it leaves the system
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unchanged. Algorithm 3 summarizes the controller and the rebalancing
procedure.

The Hecaton controller must be lightweight because mapping-based load
balancing makes page movement much cheaper than in migration-based
systems. We measure that, in Colloid [116], controller logic takes 200 �s per
page, comparable to the 264 �s spent moving data. In Hecaton, remapping a
page takes only 49 �s, so Colloid’s controller would become the bottleneck.
Hecaton therefore avoids expensive per-page selection and binary search,
reducing controller overhead by 8× to 24 �s per page.

Once the controller decides to rebalance, Hecaton selects pages for
rebalancing in order of their cost, as shown in Figure 5.3.
1 Page Remapping (fast path). For a clean mirrored page, Hecaton balances
load by updating the page table entry to point to the copy on the target tier.
This is the core mechanism of mapping-based load balancing and requires
no data movement. Its cost is one remap: a PTE update and TLB shootdown.
2 Mirror Repair and Remapping. For a dirty mirrored page, the active copy
has been written and the inactive copy is stale. Hecaton copies the up-to-date
version over the stale copy on the target tier and then updates the mapping.
This action both restores consistency and shifts future accesses to the target
tier. Because space for the copy already exists on both tiers, no swapping is
needed. Its cost is one remap, one read, and one write.
3 Promotion/Demotion. For a page without a mirror, Hecaton falls back to
standard migration-based balancing by promoting or demoting the page to
the target tier. If the target tier has free space, this costs one read, one write,
and one remap. When the target tier is full, Hecaton swaps out another page
on the target tier to make room, increasing the cost to two reads, two writes,
and two remaps.

Paths 2 and 3 both generate background traffic, so Hecaton bounds
their use with the per-epoch migration limit configured by the underlying
system. Path 1 generates no data movement, but Hecaton still bounds
remapping with a per-epoch load step size to avoid overshooting the target
load distribution. In each epoch, Hecaton applies paths in increasing order of
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cost until it has shifted the target load step (2%) or exhausted the migration
budget.

This three-path design lets Hecaton react quickly through the fast path
while degrading gracefully to migration-based balancing when needed.
When all pages are clean mirrored, load balancing is entirely through
remapping. When pages are dirty or unmirrored, Hecaton falls back to
migration for those pages while still remapping the clean mirrored pages.

5.2.3 Mirror Maintenance

Mapping-based load balancing requires mirrored copies, but maintaining
them poses two challenges. First, creating a mirror requires copying data
across tiers, which consumes memory bandwidth. Hecaton must hide this
cost to avoid interfering with the foreground workload, especially during
contention. Second, writes to a mirrored page make the inactive copy stale,
turning a clean mirrored page into a dirty one. Hecaton must therefore track
writes efficiently without requiring eager coherence between the two copies.
Hecaton addresses these challenges with reactive and proactive mirroring,
dirty-bit write tracking with lazy repair, and capacity-aware reclaim.
Reactive and proactive mirroring. Hecaton creates mirrored copies through
two complementary mechanisms: reactive mirroring and proactive mirroring.
With reactive mirroring, whenever a single-copy page is promoted or de-
moted, Hecaton retains the original copy on the source tier, so the page
becomes mirrored at no additional copy cost. With proactive mirroring,
Hecaton copies pages from the performance tier to the capacity tier during
idle periods. Proactive mirroring runs only when two conditions hold: the
capacity tier has spare capacity above the low watermark, and the current
performance-tier latency is lower than that of the capacity tier. If either
condition fails, proactive mirroring is skipped for that epoch, ensuring it
does not compete with the foreground workload for bandwidth or capacity.
Among eligible pages (§5.2.4), Hecaton mirrors the most heavily loaded
pages first, maximizing the load that can later be balanced through the fast



89

(a)
Read-only

Write

�A

Mirror Remains mirrored

(b)
)write ≤ �A �A �A

)write

Fails write-recency test

(c)
)write > �A

)write

�A

? += 1

2�A 2�A

Self-correct with penalty

C

C

C

Figure 5.4: Read Set Identification. Three cases: (a) read-only, (b) )write ≤ �A ,
(c) )write > �A with exponential penalty.

path.
Hecaton’s mirrors differ from retained copies in Nomad [126] in both pur-

pose andmaintenance. Nomad retains a capacity-tier copy after promotion to
mitigate thrashing under memory pressure. In contrast, Hecaton maintains
mirrors so that clean mirrored pages can be used for fast load balancing
under memory-interconnect contention. This difference in purpose leads
to different maintenance policies. Nomad creates retained copies only as a
byproduct of promotion, while Hecaton proactively and selectively creates
mirrors for pages on the performance tier. Nomad also write-protects the
retained copy and discards it on a write, while Hecaton tracks writes lazily,
allowing pages written during initialization to become useful mirrors later.
Handling writes with lazy repair. Writes to a mirrored page break con-
sistency between the two copies, but Hecaton does not need to repair the
inactive copy immediately. At any time, only one copy is active: the copy
named by the page table mapping. Writes update this active copy and make
the inactive copy stale. Rather than synchronously writing through to the
inactive copy or trapping on every write as in previous systems [26, 126],
Hecaton trackswrites using the hardware dirty bit. Whenever a page becomes
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clean mirrored, Hecaton clears its dirty bit; if the page is later written, the
MMU sets the dirty bit, and Hecaton marks the page as dirty mirrored. The
stale copy is repaired only when doing so is useful: when spare bandwidth
is available for re-mirroring or when the page must be moved to the tier
holding the stale copy. This lazy repair avoids foreground write overhead
while preserving correctness, because Hecaton never remaps to a stale copy
without first repairing it.
Capacity-aware page reclaim. Because mirroring consumes capacity that a
conventional tiered system would not use, Hecaton must reclaim mirrored
pages when space pressure arises to prevent out-of-memory conditions.
Reclaim is triggered when capacity-tier free space drops below the low
watermark, the same threshold used by the Linux kernel [112]. Hecaton
reclaims pages in the reverse order of mirroring priority, evicting the least-
hot copies first. This keeps mirrored capacity focused on the hottest pages,
maximizing the load that can be rebalanced through the fast path. For a clean
mirrored page, the inactive copy is simply dropped. For a dirtymirrored page,
the stale inactive copy is dropped while the active copy remains authoritative.
In both cases, reclamation requires no data movement. When all mirrors are
reclaimed, Hecaton falls back to conventional migration-based tiering with
no performance penalty beyond losing the fast-path opportunity.

5.2.4 Identifying Useful Mirrors

Not all pages benefit equally from mirroring. A frequently written page
quickly makes its inactive copy stale, wasting both mirror capacity and
the bandwidth spent creating the mirror. Hecaton must therefore identify
pages whose mirrors are likely to remain clean long enough to be useful for
mapping-based load balancing.

Hecaton relies on two observations from thememory-intensiveworkloads
we evaluate. First, most of the working set is read-intensive: pages are either
never written or written a few times during initialization, accounting for
over 95% of the working set across the workloads we profiled (§5.1). Second,
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the remaining pages, such as stacks and mutable data structures, tend to
be written frequently or periodically. These patterns make write recency a
useful signal: a page that has remained unwritten for long enough is likely to
be read-mostly, while a page that repeatedly dirties its mirror should become
harder to mirror again.

Based on these observations, Hecaton uses a lightweight write-recency
test with a self-correcting penalty for pages that dirty their mirrors. For
page 8, let Δ8 denote the time since its last write (or since allocation if never
written), and let �A denote the read-set threshold. Hecaton classifies page 8 as
a mirroring candidate only if Δ8 > �A · 2?8 , where ?8 is a penalty counter that
tracks how often page 8 has been dirtied after mirroring. Each time a freshly
mirrored page becomes dirty, ?8 is incremented once; subsequent writes to
the same dirty copy do not further increase ?8 until the page is mirrored again.
Thus, a page must remain unwritten for a threshold interval before mirroring,
and each failed mirroring attempt doubles the clean interval required before
the page is considered again.

Figure 5.4 illustrates how the test keeps useful mirrors and filters out
unstable ones. Initialization-only pages eventually pass the threshold and
remain mirrored, while frequently written pages never stay clean long
enough to pass. Periodically written pages may have write intervals longer
than the threshold, but the penalty mechanism allows the algorithm to
self-correct: when such a page dirties its mirror, the penalty doubles the
required clean interval, preventing repeated mirroring of pages likely to
become stale frequently.

5.2.5 Implementation

Base system. We implement Hecaton on top of Colloid [116], which itself
is implemented on HeMem [96]. HeMem is a user-level, per-application
tiered memory manager that provides PEBS-based hotness tracking, 2 MB
page management, and an existing policy thread that runs every 10 ms.
Colloid adds contention-aware, migration-based load balancing on top of
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HeMem. Hecaton reuses this stack and adds mapping-based balancing as
a fast path for clean mirrored pages, while retaining Colloid’s migration
mechanism as the fallback for dirty mirrored and single-copy pages. This
structure lets Hecaton compare directly against the strongest migration-
based implementation available. Because Hecaton inherits HeMem’s 2 MB
page granularity, all hotness tracking, mirroring decisions, dirty tracking,
remapping, and migration operate on 2 MB pages. This granularity provides
a fair comparison with HeMem and Colloid and keeps metadata, page table
updates, TLB shootdowns, and controller overhead low. The tradeoff is
precision: a write to any location in a 2 MB page makes that page’s mirror
dirty, even if most of the page is read-only. For example, in the BFS workload
we observe 2.9× write-set amplification when managing pages at 2 MB
granularity compared to 4 KB. Smaller pages could reduce this false dirtying
and provide finer-grained load balancing, but would increase metadata and
remapping overhead. We leave a full exploration of page-size tradeoffs and
mixed page sizes to future work.
On-line latency estimation. Previous systems measure per-tier latency
using hardware performance counters [116], which we find are inaccurate
under low contention, insensitive to write traffic, and vendor-specific. We
instead use an online latency-estimation approach: once per epoch, a 1 ms
pointer-chase is run on each tier over a buffer sized to the aggregate CPU
cache to avoid cache effects. We empirically found 1 ms to be the minimum
for stable measurements. The probe uses negligible capacity and bandwidth
(<0.5% each) and runs on HeMem’s existing policy thread, so it requires no
additional core. The latency signal is smoothed using EWMA, following
prior work [114, 116].
Parameters. Hecaton exposes a small set of control parameters. The load-
balancing step size is 2% of the load, and the latency tolerance � is 5% as in
other systems [114, 123]. Hecaton’s read-set identification is insensitive to �A
because the self-correcting penalty fixes misclassifications at runtime when a
frequently written page has a write interval longer than the threshold. We
set �A to 500ms based on profiling: write-set pages in our workloads have
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write intervals shorter than this threshold.
Metadata. Hecaton adds 32 bytes of metadata per 2 MB page: the address
of the mirror, the last write timestamp, the penalty counter for read-set
identification, and a dirty bit. For a systemwith a 32 GB performance tier and
a 64 GB capacity tier, this is approximately 1.75 MB, or 0.003% of memory.

5.3 Evaluation

We evaluate Hecaton against contention-oblivious and migration-based
contention-aware systems using controlled micro-benchmarks and realistic
memory-intensive applications to answer four questions:

• Does mapping-based load balancing reduce convergence time and
foreground interference under performance-tier contention? (§5.3.1)

• How does Hecaton behave as migration rate, working-set size, mirror
capacity, and write intensity vary? Does it degrade gracefully when
fewer pages can use the remapping fast path? (§5.3.2)

• CanHecaton track short-lived andperiodic contentionwithout repeated
data movement? (§5.3.3)

• Do Hecaton’s benefits carry over to realistic memory-intensive applica-
tions? (§5.3.4)

Experimental setup. All experiments run on a two-socket Intel Xeon Gold
5218R platform with 40 physical cores and 80 hardware threads. Following
prior work [116], we emulate a two-tier memory hierarchy with a 32 GB
performance tier and a remote-NUMA capacity tier. Unless stated otherwise,
the performance tier is local memory on NUMA node 1 and the capacity tier
is remote memory on NUMA node 0.
Baselines. We evaluate Hecaton against three baselines:

• HeMem [96]: classic hotness-based tiering with no load balancing.
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• Colloid [116]: contention-aware migration-based load balancing on
top of HeMem.

• Colloid-s [116]: Colloid with an optimized controller that has a static
migration limit, used to study the tradeoff between convergence speed
and interference. We write Colloid-s-# for Colloid-s configured with
an # GB/s migration limit (e.g., Colloid-s-1).

We use the HeMem-based implementation of Colloid because it provides
the fastest migration; Colloid can also be built on TPP or Memtis, but their
kernel migration causes Colloid to converge 2.5× and 25× more slowly,
respectively [116]. We use HeMem as the representative contention-oblivious
baseline; we do not separately evaluate Nomad [126] because it does not
rebalance load when contention changes the relative latency of the tiers and
thus would not exercise the situations that Hecaton is designed to improve.
We use the same latency-measurement approach across all systems to ensure
a fair comparison.

5.3.1 Convergence and Interference Under Contention

This section shows that Hecaton solves the convergence speed vs. inter-
ference tradeoff of migration-based load balancing under performance-tier
contention. We compare Hecaton with HeMem, a contention-oblivious tier-
ing system, and Colloid, a migration-based contention-aware system, under a
burst of contention on the performance tier. We report workload throughput,
migration traffic, and performance-tier latency; higher performance-tier
latency indicates greater interference with foreground requests.
Read-only workload. Figure 5.5 shows a read-only workload whose working
set fits entirely in the performance tier. Before the burst, all systems perform
similarly. At C = 60 s, an antagonist increases performance-tier latency to
1.33× that of the capacity tier. The results show both why load balancing is
necessary and why migration is costly. HeMem performs no load balancing,
so throughput drops to 2.75 GB/s under contention. Colloid demotes
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Figure 5.5: Performance tier contention: read-only workload. A stream-like
workload that uniformly randomly accesses a 32 GB read-only working set runs
on the performance tier. At 60s, an 8-thread antagonist begins generating 30 GB/s
of traffic (75% of performance tier bandwidth). Subplots show throughput (top),
migration traffic (middle), and performance tier latency (bottom).

pages to the capacity tier and eventually achieves 1.44× higher throughput
than HeMem, but aggressive migration interferes with foreground requests:
Colloid raises performance-tier latency by 1.28×. Reducing the migration
rate avoids this interference but slows convergence: Colloid-s-1 keeps latency
increase under 1%, but takes 33.5 s to converge. In contrast, Hecaton converges
in 1.02 s, 32.8× faster than Colloid-s-1, while adding minimal foreground
interference.
Read/write mixed workload. Figure 5.6 shows a 95/5 read/write workload,
matching the read-heavy behavior of common applications summarized
in Table 5.2. We configure Colloid-s and Hecaton with the same 1 GB/s
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Figure 5.6: Performance tier contention: 95/5 read/write workload. Same
antagonist setup as Figure 5.5, but the workload mixes 95% reads and 5% writes
over a 32 GB working set with a 5% write set. Subplots show throughput (top),
migration traffic (middle), and performance tier latency (bottom).

migration limit to isolate the benefit of remapping. The results show
that Hecaton retains its advantage even when some pages cannot use the
remapping fast path. After contention begins, both Colloid-s and Hecaton
eventually outperform HeMem by 1.43×, but Hecaton reacts much faster: it
remaps the read set first, improving throughput within 0.80 s, and migrates
only the remaining 3.36 GB write set. As a result, Hecaton converges 8.2×
faster than Colloid-s.
Summary. These results show that load balancing is necessary under
memory-interconnect contention, but migration-based balancing faces a
convergence/interference tradeoff. Hecaton avoids this tradeoff by remap-
ping clean mirrored pages: it converges 32.8× and 8.2× faster than the
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least-interfering Colloid variant on the read-only and read/write-mixed
workloads, respectively, while adding minimal foreground interference.

5.3.2 Sensitivity and Graceful Degradation

This section shows where Hecaton’s benefits come from and how it behaves
when fewer pages can use the remapping fast path. We vary migration rate,
working-set size, mirror capacity, write intensity, and read-set identification
while using the same setup as Figure 5.5. Figures 5.7(a) and 5.8 summarize
the results: lower-left is better, indicating faster convergence with either
lower performance-tier latency during convergence (Figure 5.7(a)) or less
migrated data (Figure 5.8). We define convergence time as the time from a
load change until the balancer reaches equilibrium, meaning that no further
rebalancing is needed.
Migration limit. Figure 5.7(a) shows the convergence time vs. interference
tradeoff for migration-based balancing. Increasing Colloid-s’s migration
limit improves convergence time but raises performance-tier latency; the
most aggressive setting still converges 4.5× slower thanHecatonwhile raising
latency by 1.58×. In contrast, Hecaton shiftsmost load through remapping, so
it converges quickly with minimal interference. Overall, Hecaton converges
32.8× faster than the lowest-interference Colloid variant.
Read set size. Figure 5.8(a) shows how convergence time scales with read-
set size. Colloid-s-1 must copy the working set, so its convergence time
grows 8.1×, from 4.13 s at 4 GB to 33.5 s at 32 GB. Hecaton instead shifts
load primarily through remapping, so its convergence time stays nearly flat,
increasing only from 0.42 s to 1.02 s over the same range. As a result, Hecaton
is 9.8× faster at 4 GB and 32.8× faster at 32 GB, with the gap widening as the
read set grows.
Mirror capacity. Figure 5.8(b) shows that Hecaton degrades gracefully as
mirror capacity decreases. Colloid-s-1 must migrate the entire working
set regardless of available mirror space. In contrast, Hecaton remaps the
mirrored portion and migrates only the unmirrored portion, so its migration
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Figure 5.7: Sensitivity study: convergence vs. interference and read-set
identification. Same experiment setup as Figure 5.5. x-axis: convergence time. (a)
y-axis: performance-tier latency during convergence; sweeps Colloid-s’s migration
limit (1–10 GB/s). (b) y-axis: migration volume; Hecaton with vs. without read-set
identification at 50% write set and 50% mirroring space.

volume grows with the fraction of the read set that has not been mirrored.
When no mirror remains, Hecaton falls back to full migration and matches
Colloid-s-1.
Write set percentage. Figure 5.8(c) shows that Hecaton also degrades
gracefully as the write set grows. Colloid-s migrates all pages regardless of
write behavior, so its convergence time remains 33.2 s. Hecaton remaps the
read-only portion and migrates only the write set, so its migration volume
grows with the write-set fraction. At a 10% write set, Hecaton converges in
4.2 s, 7.9× faster than Colloid-s; at a 100% write set, Hecaton migrates the
full working set and matches Colloid-s.
Read-set identification. Figure 5.7(b) shows that Hecaton’s write-recency
test selects useful mirrors under limited mirror capacity. We use a workload
with a 50% write set and restrict mirror capacity to 50% of the working
set, so an ideal policy would mirror the read-only half and leave the write
set for migration. We compare against a variant of Hecaton that chooses
mirroring candidates randomly instead of using write-recency-based read-
set identification. Hecaton approaches the ideal: it converges in 17.0 s and
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Figure 5.8: Sensitivity study: migration volume. Same experiment setup as
Figure 5.5. x-axis: convergence time; y-axis: migration volume during convergence.
(a) varies working set (4–32 GB). (b) varies Hecaton’s mirroring space (1.0×–0×
WS). (c) varies write-set percentage (0–1.0).

migrates only the write set. The random variant wastes about half of its
mirror space on pages that are quickly dirtied, so those pages cannot use the
remapping fast path when contention occurs; as a result, it migrates more
data and converges more slowly.
Summary. These experiments show that Hecaton’s advantage comes from
the remapping fast path and that it degrades gracefully when that fast
path is limited. Unlike migration-based balancing, Hecaton can improve
convergence time without adding foreground interference. Its convergence
time stays nearly flat as the read set grows, and its migration volume scales
with the portion of the workload that cannot be remapped: unmirrored
pages when mirror capacity is limited, and written pages as the write set
grows. When no pages can use the fast path, Hecaton falls back to Colloid-
s-1 behavior. Finally, the read-set identification algorithm identifies useful
mirrors under space constraints, approaching the ideal and outperforming
random mirror selection.

5.3.3 Tracking Bursty Contention

WenowevaluatewhetherHecaton can track short-lived and repeated changes
in contention. These workloads stress a key weakness of migration-based
balancing: pages demoted during a burst may be promoted back after the
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Figure 5.11: Dynamic workload throughput. Steady-state throughput of the
multichase workload under periodic bursts as Figure 5.10. (a) Varies burst intensity
from 2/4 to 2/16 (low-load/high-load threads) with fixed burst frequency (5s burst /
5s idle). (b) Varies burst frequency from 5s burst / 2.5s idle to 5s burst / 15s idle
with fixed intensity at 2/16. Across all settings, Hecaton migrates 19–21 GB in total,
while Colloid-s-1, Colloid-s-10, and Colloid migrate up to 131, 540, and 138 GB,
respectively.

Single burst. Figure 5.9 shows that Hecaton adapts to a short burst while
migration-based systems do not. Both Colloid-s and Colloid converge more
slowly than the burst lasts, delivering 10.3% and 11.3% lower throughput than
HeMem during the burst. They also create recovery work: pages demoted
during the burst must be promoted back after it ends, causing Colloid-s and
Colloid to deliver 8.1% and 15.1% lower throughput than HeMem during
recovery. In contrast, Hecaton adapts within 1.02 s and delivers 1.45× higher
throughput than HeMem, or 1.64× higher than the best-performing Colloid
variant, during the burst. Because Hecaton remaps mirrored pages rather
than migrating them, it avoids the demote-then-promote pattern and adds
little foreground interference.
Periodic bursts. Figure 5.10 shows thatHecaton continues to track contention
when bursts repeat. Migration-based systems pay a recovery cost after
each burst, because pages demoted during the burst must be promoted
back afterward; as a result, Colloid-s and Colloid achieve only 0.73–0.84×
HeMem’s throughput during idle periods. Hecaton instead remaps mirrored
pages across phases, achieving 2.60×HeMem’s throughput during bursts and
0.98× HeMem during idle periods. It also migrates 25.7× less data than the
best-performing Colloid variant (21 GB vs. 540 GB for Colloid-s-10), because
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remapped pages can be remapped back rather than physically moved again.
Dynamic-workload throughput. Figure 5.11 shows how Hecaton performs
across a range of burst intensities and frequencies. We compare against
an idealized upper bound with instantaneous, cost-free placement: pages
are placed on the capacity tier during bursts, when the performance tier is
slower, and on the performance tier during idle periods. We compute ideal
throughput by measuring each placement separately and combining the
results in proportion to the burst and idle durations.

Figure 5.11(a) varies burst intensity. Hecaton stays close to the ideal, while
both HeMem and Colloid degrade as bursts intensify. HeMem performs no
load balancing, so it falls to 0.74× the ideal at the highest intensity. Colloid
and its variants do balance, but slow convergence is penalized more under
stronger contention; even the best Colloid variant reaches only 0.76× the
ideal. Hecaton, in contrast, reaches 0.96× the ideal at the highest intensity
because mapping-based load balancing converges fast enough to keep up
with load changes.

Figure 5.11(b) varies burst frequency. Hecaton stays close to the ideal
across all settings, reaching 0.90× the ideal even when bursts arrive every
2.5 s and 0.98× the ideal at the lowest frequency. HeMem improves as bursts
become less frequent, from 0.59× to 0.88× the ideal, because more time
is spent in the unloaded phase. Colloid variants remain limited by slow
convergence, interference, and recovery traffic: even at the lowest frequency,
the best Colloid-s variant reaches only 0.79× the ideal, while Colloid drops
to 0.71× as longer idle periods trigger extra promotion before the next burst.
Summary. Across all burst-intensity and burst-frequency settings, Hecaton
stays within 0.90–0.99× the ideal, while HeMem and the Colloid variants
drop as low as 0.58×. Hecaton outperforms the best baseline by 1.10–1.29×
in seven of eight settings and matches it in the low-contention case, where
all systems run near the ideal. Hecaton also migrates 6–26× less data than
any Colloid variant.
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Category Workload WS (GB) Read % Skew MLP Access pattern

DB Btree Index [64] 16.7 99.9 High Low Pointer chase
Silo [115] 14.1 99.6 High Low Pointer chase

ML
FBGEMM [81] 17.2 99.8 Med High JIT + prefetch
CHM [110] 19.6 99.6 Low Low Hash chain

Liblinear [39] 32.6 96.9 Low Med Sequential scan

Graph PageRank [21] 16.7 95.3 High High Vectorized
BFS [21] 19.0 96.1 Low High Vectorized

HPC XSBench [113] 16.7 99.9 High Med Random lookup

Table 5.2: Realistic workload characteristics. All workloads use 4 application
threads except btree, which is single-threaded. Stack and other small, bounded-size
kernel data structures are not managed by HeMem and are allocated in DRAM;
their footprint is negligible.

5.3.4 Realistic Memory-Intensive Workloads

Hecaton’s benefits apply to realistic memory-intensive workloads. We
evaluate eight representative workloads widely used in tiered-memory
evaluation [64, 96], including ML workloads from the DCPerf datacenter
benchmark suite [110]. As shown in Table 5.2, these workloads span database
indexes, ML kernels, graph analytics, and HPC, with different working-set
sizes, read fractions, access skews, memory-level parallelism, and access
patterns. Eachworkload runs against the sameperiodic-burst antagonist used
in Section 5.3.3. Figure 5.12(a) reports throughput normalized to HeMem,
and Figure 5.12(b) reports total migrated data normalized to Hecaton.

Hecaton improves throughput across all eight workloads, outperforming
HeMem by up to 1.33× and the best Colloid variant by up to 1.30×. Across
categories, Hecaton improves overHeMemby1.22–1.25×ondatabase indexes,
1.12–1.31× on ML workloads, 1.15–1.33× on graph workloads, and 1.27× on
XSBench. Against the best Colloid variant, the corresponding improvements
are up to 1.23×, 1.30×, 1.20×, and 1.10×. Hecaton also reduces datamovement
substantially, migrating 26 GB on average compared to 358 GB for Colloid,
and up to 34× less in the Liblinear experiment.
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Figure 5.12: Realistic workloads under periodic bursts. Same burst setup
as Figure 5.10. (a) Steady-state throughput normalized to HeMem. (b) Total data
migrated during the experiments normalized to Hecaton.

Hecaton benefits most when workloads have large read-mostly working
sets that are costly for migration-based systems to move quickly. Liblinear
illustrates this case: it has the largest working set in our suite (32.6 GB), and a
large portion of its dataset is scanned uniformly during each training iteration.
As a result, migration-based systems struggle to rebalance it quickly, while
Hecaton can remap the read-mostly portion and migrate only pages that
cannot use the fast path. BFS shows a similar effect: it runs on a uniform
random graph whose 19.0 GB working set is essentially all hot, so Hecaton’s
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advantage grows with hot-set size, as in Figure 5.8(a).
The gains are smaller when migration-based systems already have an

easier balancing problem or when the workload tolerates memory latency.
For highly skewed workloads, such as PageRank and XSBench, much of the
access load is concentrated on a smaller hot set, so Colloid can adapt with less
migration. XSBench also has high memory-level parallelism, which helps
mask higher memory latency under contention. FBGEMM similarly exposes
highmemory-level parallelism through JIT-compiled kernels and prefetching;
even when Colloid leaves much of the working set on the capacity tier, this
parallelism hides some of the slowdown and narrows Hecaton’s relative gain.
Summary. Across realistic workloads, Hecaton’s advantage follows the same
principles as the controlled experiments: remapping helps most when the
read-mostly working set is large and difficult to migrate quickly, and helps
less when access skew or memory-level parallelism reduces sensitivity to
placement. Even in the less favorable cases, Hecaton matches or outperforms
the best migration-based baseline while migrating far less data.

5.4 Conclusion

We introduced Hecaton, a contention-aware heterogeneous memory man-
agement system designed for contended memory. Hecaton introduces
mapping-based load balancing, a low-cost alternative to migration that shifts
load by updating page table mappings rather than copying data. Under
memory-interconnect contention, Hecaton outperforms contention-oblivious
tiering and, compared to migration-based contention-aware systems, adapts
to bursty load with faster convergence, reduces migration writes, and adds
minimal interference to foreground workloads. Across microbenchmarks,
dynamic workloads, and eight realistic applications, Hecaton converges up
to 32.8× faster than the lowest-interference Colloid variant, migrates up to
34× less data, and improves throughput over the best baseline by up to 1.30×.
As memory bandwidth becomes an increasingly critical resource [54], we
believe contention-aware load balancing will become an essential property
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of heterogeneous memory systems.
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Chapter 6

Related Work

In this chapter, we discuss how prior work relates to the three parts of this
dissertation. First, we discuss work related to our Non-Hierarchical Caching
project (Section 6.1): algorithms and policies for hybrid storage systems,
storage optimization, storage-aware caching and tiering, and themanagement
of NVM-based devices. Next, we discuss work related to MOST (Section 6.2):
tiered memory management, tiered storage systems, distributed multi-
tier caching, machine-learning-based tiering, and storage-aware caching
and tiering. Finally, we discuss work related to Hecaton (Section 6.3):
software- and hardware-based heterogeneous memorymanagement, NUMA
management, and the storage-tiering analogs from which Hecaton draws
inspiration.

6.1 Optimizing Caching for Modern
Non-Hierarchical Storage

This section discusses prior work related to Chapter 3, where Orthus in-
troduces Non-Hierarchical Caching (NHC) for storage hierarchies whose
neighboring tiers have overlapping performance characteristics. We organize
the discussion around algorithms and policies for hybrid storage systems,
storage optimization, storage-aware caching and tiering, and themanagement
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of NVM-based devices.

Algorithms and Policies in Hybrid Storage Systems. Algorithms and
policies for managing traditional storage hierarchies have been studied
extensively [62, 63, 118, 120, 121, 135, 137]. Techniques have been introduced
to optimize data allocation [62, 118, 121, 135], identify hot data, and perform
data migration [63, 120, 137]. Most previous work improves performance by
focusing onworkload access locality. In contrast, NHC improves performance
by taking all devices and the current workload into account, redirecting load
to the capacity tier when the performance tier saturates.

Storage Optimization. A long line of pioneering work in storage man-
agement [40, 62, 121] shows how to trace workloads and optimize storage
decisions for improved performance. NHC could fit into such a system,
making short-term decisions to handle more dynamic workload changes
while leaving longer-term optimization to a higher-level system.

Storage-Aware Caching/Tiering. Orthus shares aspects with storage-aware
caching and tiering [20, 32, 59, 88, 93, 124, 125], which considers more factors
than hit rate. For instance, Oh et al. [88] propose over-provisioning in Flash
to avoid the influence of SSD garbage collection. Modern devices such as
NVDIMM and Optane SSD have distinctive characteristics compared to
Flash, and we study the implications of these emerging devices for caching
and tiering. BATMAN [32] shares Orthus’s motivation: classic caching is
ineffective when the bandwidth of the capacity layer is a significant fraction
of overall bandwidth. However, it investigates a much simpler hierarchy with
a fixed performance difference (4:1 between high-bandwidth memory and
DRAM); given this fixed difference, BATMAN splits cache accesses between
HBM and DRAM statically. This does not generalize to modern hierarchies
where performance differences vary dynamically with the amount of writes
or the level of parallelism in the workload. Wu et al. [125] study tiering on
SSDs andHDDs and recognize a similar problem: SSDs, or faster devices, can
become the throughput bottleneck. To mitigate it, they periodically migrate
data from SSDs to HDDs when the SSD response time exceeds that of the
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HDDs. This approach is limited in three aspects. First, due to its tiering
nature, it cannot react to workload changes quickly, its migration traffic can
be significant, and it requires extra metadata to track objects across devices.
Second, like SIB [59], it estimates workload intensity over a period and
migrates data based on the estimate, so it struggles with dynamic workloads.
Third, it is tuned for a specific hierarchy (SSDs and hard drives). Unlike
these approaches, NHC focuses on improving caching, adapts its behavior at
runtime, reacts to complex and dynamic workloads, and works well across a
range of modern devices.

Managing NVM-based Devices. Another line of work integrates NVM-
based devices into the memory–storage hierarchy and proposes file systems
and databases tailored to NVDIMM and low-latency SSDs. Strata [63]
is a cross-media file system that mitigates the limitations of NVM, SSD,
and HDD in a traditional storage hierarchy, and Ziggurat [137] tiers data
across DRAM, NVM, and SSD. Spitfire [139] is a three-tier caching-based
buffer manager that leverages machine learning for data placement. Dulloor
et al. [37] and others [62, 118, 135] propose NVM-aware data placement
strategies that optimize placement over longer periods (offline or periodically);
NHC complements them by handling more dynamic workload changes at
runtime. Orthus is the first to analyze general caching and tiering on modern
hierarchies through modeling and empirical evaluation, and the first to
propose a generic solution, NHC, to realize the full performance benefits of
such a hierarchy.

6.2 Mirror-Optimized Storage Tiering

This section discusses prior work related to Chapter 4, where MOST com-
bines tiering with selective mirroring to enable cross-tier load balancing in
heterogeneous storage hierarchies. We organize the discussion around tiered
memory management, tiered storage systems, distributed multi-tier caching,
machine-learning-based tiering, and storage-aware caching and tiering.



110

Tiered Memory Management. MOST shares scope with research on tiered
memory and storage [16, 37, 48, 62, 64, 77, 94, 96, 108, 118, 121, 135] for
managing heterogeneous hierarchies of different devices, including DRAM,
NVM, CXL-enabled memory, NVMe SSD, SATA SSD, and hard drives.
vTMM [105], a tiered memory management system for virtual machines,
optimizes memory-access tracking through page-modification logging. Nim-
ble [128] is an OS-level system designed to improve page migration through-
put. HeterOS [57] functions as an OS/VMM-level heterogeneous memory
manager, coordinating memory placement and migration with guest OSes.
Thermostat [18] identifies hot memory pages using page table sampling. All
of these systems are orthogonal to MOST, as they focus on memory-access
tracking, hot/cold data identification, and data migration rather than load
balancing across tiers.

Tiered Storage Systems. Strata [63] is a cross-media file system designed
to mitigate the limitations of NVM, SSD, and HDD in a traditional storage
hierarchy. Ziggurat [137] migrates cold data to lower tiers in an NVM–disk
tiered file system. Spitfire [139] is a three-tier caching-based buffer manager
that leverages machine learning for optimal data placement. AutoRAID [120]
integrates mirroring for improved write performance with RAID-5 for cost-
effective capacity. hStorage-DB [73] enforces QoS policies for requests in
hybrid storage systems. However, these systems are load-unaware and not
able to fully utilize lower-tier bandwidth. PolyStore [100] is a meta layer built
on top of storage-medium-optimized file systems that maximizes cumulative
storage bandwidth. However, PolyStore is optimized exclusively for file
systems and does not maintain cross-tier duplication, therefore not able to
efficiently adapt to dynamic workloads.

Distributed Multi-tier Caching. Distributed multi-tier caching systems [72,
95, 99] broadly share a similar problem space with MOST. However, their
approaches differ significantly from MOST in both design and objectives.
For instance, EC-CACHE [95] uses erasure coding instead of mirroring and
is limited to load balancing within a single tier. ELECT [99] replicates
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data within a single tier and lacks support for cross-tier load balancing.
eMRC [72] focuses on multi-tier miss ratio approximation but does not
address the load balancing problem, making its objective orthogonal to ours.
In contrast, MOST introduces a novel data management model that supports
selective mirroring and adaptive load balancing across a heterogeneous
storage hierarchy.

Machine-Learning-based Tiering. Machine learning-based storage and
memory tiering approaches (e.g., IDT [28], RLTiering [70], ArtMem [132],
and autonomous data tiering for hierarchical storage [90]) target a similar
problem space as MOST. These systems typically utilize reinforcement
learning to guide data placement decisions but are built on traditional single-
copy tieringmodels. As shown in our evaluation of Colloid in Chapter 4, such
models struggle with dynamic and time-varying workloads. Like Colloid,
these ML-based approaches are fundamentally constrained by the inherent
limitations of single-copy designs and fail to address the critical challenge of
load balancing across tiers in heterogeneous hierarchies.

Storage-Aware Caching/Tiering. MOST aligns with research on storage-
aware caching and tiering [20, 59, 93, 123–125]. Wu et al. [125] identified a
similar issue, where SSDs become throughput bottlenecks, and proposed
migrating data to HDDs when SSD response times exceed those of HDDs.
However, this migration-only approach reacts slowly to workload changes
and incurs high migration overhead, like Colloid. SIB [59] targets HDFS
clusters with SSDs and HDDs, using SSDs as write buffers and offloading
reads to HDDs. LBICA [20] implements cache load balancing by halting new
allocations to performance devices under burst loads but does not balance
read traffic. Like Orthus, these caching-based systems fail to fully utilize the
capability of modern storage hierarchies.
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6.3 Heterogeneous Memory System

This section discusses prior work related to Chapter 5, where Hecaton in-
troduces a mapping-based mechanism for load balancing in heterogeneous
memory hierarchies. We organize the discussion around software-based het-
erogeneous memory management, hardware-based heterogeneous memory
management, NUMA management, and the storage-tiering analogs from
which Hecaton draws inspiration.

Software-based Heterogeneous Memory Management. Hecaton shares
scope with research on software-based heterogeneous memory manage-
ment [18, 29, 32, 56–58, 64, 68, 69, 77, 96, 98, 107, 116, 126–128]. For ex-
ample, SoarAlto [68] places pages by performance criticality rather than
hotness, based on the observation that memory-level parallelism can mask
latency, so frequently accessed pages are not necessarily performance-critical.
PACT [47] extends the idea of performance criticality to per-page granularity.
Memtis [64] maintains a histogram of page access counts and uses access-
distribution-aware estimation to dynamically classify hot and cold pages,
while also adapting the page size between 4 KB and 2 MB to balance tracking
accuracy and overhead. These systems innovate on mechanisms for access
tracking (e.g., HeMem [96]), page migration (e.g., Nimble [128]), dynamic
page-size determination (e.g., Memtis [64]), and thrashing mitigation (e.g.,
Nomad [126]), but do not optimize load balancing under contention.

Hardware-basedHeterogeneousMemoryManagement. Hardware-managed
tiering moves page-placement decisions into the hardware by treating the
performance tier as a cache for the capacity tier, enabling data placement at
cache-line granularity. Intel’s Memory Mode uses an inclusive cache, while
Intel’s Flat MemoryMode uses an exclusive cache. Zhong et al. [138] build on
this with a software runtime that identifies tiering-sensitive VMs and protects
them from interference in multi-tenant environments. PIPM [49] co-designs
hardware page migration with the multi-host CXL coherence protocol to
enable fine-grained, incremental migration in disaggregated shared memory.
However, these hardware-managed systems make the same assumption as
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their software counterparts: the performance tier is always faster than the
capacity tier. As a result, they cannot react to latency inversion. It would be
interesting to integrate mapping-based load balancing with hardware-based
tiered memory management to balance load through page table remapping
at cache-line granularity.

NUMA Management. Hecaton shares similar scope with NUMA man-
agement [17, 24, 26, 31, 36, 74]. In NUMA systems, pages are duplicated
across NUMA nodes to improve locality but not for load balancing [26]. Car-
refour [36] generalized NUMA placement as traffic management, selecting
among migration, replication, and interleaving based on locality and conges-
tion. StarNUMA [31] introduced a shared memory pool for heavily shared
pages that have no good home on any single socket. MEMPLEX [74] showed
that replication and migration are complementary in multi-chiplet systems
where sharing makes single-copy placement fundamentally insufficient.
These systems replicate pages for locality, while Hecaton uses redundancy
for a new purpose: load balancing.

Heterogeneous Storage Management. Hecaton shares scope with storage
tiering systems [100, 114, 137]. For example, PolyStore [100] exploited
the combined bandwidth of multiple devices in a storage hierarchy with
transparent, fine-grained data placement. MOST [114] mirrors a small hot set
across tiers to balance load through routingwhile keeping the rest single-copy.
However, as we showed in §5.1, this routing-based balancing is not applicable
to memory systems where hardware directly resolves virtual-to-physical
address mappings. These storage-based systems are either single-copy, like
PolyStore, requiring migration to balance load, or routing-based, like MOST,
which cannot be applied to memory systems.
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Chapter 7

Conclusion and Future Work

In this closing chapter, we summarize each part of the dissertation (§7.1), dis-
cuss potential future work directions (§7.2), comment on general experiences
and lessons learned from this research journey (§7.3), and finally conclude
(§7.4).

7.1 Summary

This dissertation identifies the non-hierarchical characteristics of modern
heterogeneous storage and memory systems, where the performance gap
between neighboring devices has narrowed to within a small factor. Based on
this observation, the dissertation comprises three parts that revisit classic and
state-of-the-art approaches for modern heterogeneous storage and memory
systems. In the first part of the dissertation, we revisit classic caching on
modern heterogeneous storage systems, show that classic caching leaves
the capacity device under-utilized, and propose Non-Hierarchical Caching
(NHC), which dynamically redirects a fraction of read hits to the capacity
device under saturation. NHC outperforms prior state-of-the-art approaches
across a range of static and dynamic workloads. In the second part, we step
back and ask how a collection of devices with similar performance should be
managed collectively to deliver both high performance and capacity efficiency.
Revisiting classic approaches such as tiering, striping, and mirroring, we
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find that mirroring a small amount of hot data improves load balancing.
We therefore introduce Mirror-Optimized Storage Tiering (MOST), which
combines the capacity efficiency of tiering with the load-balancing flexibility
of mirroring: MOST mirrors a small amount of hot data across tiers so the
system can balance load by routing rather than by migration. In the third
part, we extend these ideas to heterogeneous memory systems and introduce
mapping-based load balancing, a faster, low-cost alternative to migration.
We implement mapping-based load balancing in Hecaton, a tiered-memory
system that mirrors read-intensive pages across tiers and balances load by
remapping page tables rather than migrating data, achieving much faster
convergence and lower interference when the memory system is contended.
The following sections summarize each part in detail.

7.1.1 Optimizing Caching for Modern Non-Hierarchical
Storage

In the first part of this dissertation, we address the capacity under-utilization
problem of classic caching by introducing Non-Hierarchical Caching (NHC),
which augments any classic cache controller with a lightweight, feedback-
driven scheduler that dynamically adjusts the fraction of read hits redirected
to the capacity device. When the performance device is lightly loaded, NHC
behaves like classic caching, maximizing the hit ratio; when it saturates, NHC
offloads excess traffic to exploit the capacity device’s bandwidth, requiring
no prior workload or device knowledge. We implement NHC as Orthus-CAS,
a kernel module within Open CAS [6], an open-source block-layer caching
framework. We compare NHC with two state-of-the-art approaches, SIB
and LBICA, by faithfully re-implementing both within Open CAS. NHC
outperforms LBICA on both static and dynamic workloads because LBICA
does not redirect any cache hits. NHC also outperforms SIB and its two
variants on dynamic workloads with varying write ratios, demonstrating its
ability to adapt to non-stationary workloads.
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7.1.2 Mirror-Optimized Storage Tiering

In the second part of this dissertation, we revisit several classic approaches
for managing non-hierarchical storage systems—striping, caching, tiering,
and mirroring. We classify these approaches by the number of data copies
they maintain into two families: single-copy and multi-copy. We find that
classic single-copy approaches (e.g., striping and tiering) can adjust load
distribution only by migrating data across tiers. However, migration is
slow, generates extra writes that shorten device lifetime, and interferes
with foreground workloads. Multi-copy approaches such as caching and
mirroring, on the other hand, can adjust load distribution by rerouting
requests to different copies without data migration. However, these methods
are capacity-inefficient because the duplicated copies waste performance-tier
capacity.

To combine the benefit of both, we introduce Mirror-Optimized Storage
Tiering (MOST), which adds a small amount of mirroring on top of classic
tiering. Mirrored copies of hot data give the host the freedom to route requests
dynamically: under low load, MOST behaves like a classic tiering system that
maximizes performance-tier utilization; under high load, it routes a tunable
fraction of requests to the capacity-tier copy to harvest idle bandwidth.
Because routing is cheap and reversible, MOST reacts quickly to workload
changes, reduces device writes by avoiding unnecessary migrations, and is
robust to performance fluctuations within a single device. We implement
MOST as Cerberus, a storage management layer within CacheLib. Across
static cache workloads on two storage hierarchies, Cerberus achieves up to
2.34× higher throughput and up to 75% lower P99 latency than state-of-the-
art systems including Colloid, HeMem, and Orthus; across four production
cache workloads, it improves throughput by up to 1.86×, reduces P99 GET
latency by up to 90%, and reduces device writes by up to 84% under dynamic
workloads.
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7.1.3 Mapping-Based Load Balancing

In the third part of this dissertation, we address load balancing in hetero-
geneous memory systems with a small, fast performance tier and a larger
capacity tier, where memory-interconnect contention can make the perfor-
mance tier slower than the capacity tier. Existing contention-aware systems
respond to this latency inversion by migrating pages across tiers, but mi-
gration is the wrong mechanism under contention: it adds traffic to the
already-contended memory subsystem, slows convergence, interferes with
foreground requests, and repeats data movement under bursty load changes.

To address this, we introduce mapping-based load balancing and build
Hecaton, a tiered-memory system that implements it on top of Colloid.
Hecaton maintains mirrored copies of read-mostly pages across tiers and
shifts load by changing page-table mappings rather than copying data. To
make this practical, Hecaton uses a lightweight latency-feedback controller,
low-overhead reactive and proactive mirroring, and a write-recency test
that identifies pages whose mirrors are likely to remain clean. Hecaton
reacts quickly to dynamic contention while avoiding the data movement and
interference of migration-based systems. Across microbenchmarks, bursty
workloads, and realistic memory-intensive applications, Hecaton delivers up
to 2.60× the throughput of contention-oblivious tiering under performance-
tier contention, converges up to 32.8× faster than the lowest-interference
Colloid configuration, achieves up to 1.64× higher throughput than the
best-performing migration-based baseline, and migrates up to 34× less data.

7.2 Future Work

7.2.1 Sustainability in Heterogeneous Storage System with
High-Capacity SSD

With today’s development of large language models, the amount of context
memory is increasing dramatically. This context memory stresses existing
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storage systems and is increasingly offloaded to SSDs as a cheaper yet fast
alternative toDRAM.High-capacity SSDs are an appealing fit for this scenario.
High-capacity SSDs are a class of drives that pack large capacity onto a single
device by storing more bits per flash cell. However, high-capacity SSDs raise
a sustainability concern, another critical challenge in today’s datacenters.
Datacenters must reduce embodied carbon emissions, particularly from flash,
which accounts for 40% of embodied carbon in servers [78]. As we discuss
below, the limited endurance and large indirection units of high-capacity
SSDs shorten device lifetime, making their carbon footprint particularly
difficult to reduce.

The limited endurance of high-capacity SSDs stems from their underlying
high-density flash cells, which encode multiple bits per cell. A cell encoding
= bits represents 2= distinct voltage states—one bit yields two states, four
bits yield sixteen. Today’s densest commercial flash uses QLC, which stores
four bits per cell, and the latest commercial product [9] offers up to 245TB
of capacity in a single drive. Higher density, however, comes at a cost
in endurance. Each additional bit per cell reduces the number of times a
flash cell can be rewritten before failing by roughly an order of magnitude.
For example, the largest-capacity drive offers only 0.3 drive writes per day
(DWPD), meaning it can sustain writing 0.3 of its full capacity per day over
a 5-year warranty. By comparison, a typical SLC SSD sustains 60 DWPD,
roughly 200× higher. Moreover, high-capacity SSDs use a larger indirection
unit, 16KB on the largest-capacity drive compared to 4KB on conventional
SSDs. For example, a 1KB write incurs 4× higher write amplification on
these drives than on a conventional drive with 4KB indirection units.

As a result, deploying these drives sustainably is challenging given their
limited endurance and large indirection units. One promising approach
is to pair them with high-endurance devices, forming a heterogeneous
storage system that combines high capacity with high endurance. However,
efficiently managing such systems with diverse endurance properties to
maximize sustainability remains an open question.
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7.2.2 Performance Isolation in Heterogeneous Storage and
Memory Systems

In today’s datacenters, servers are commonly shared by multiple tenants
for better resource utilization. Performance isolation is therefore critical:
tenants must share resources according to a sharing policy. One such policy
is quality-of-service (QoS) [124], under which each tenant is given a latency
target (typically P99) and the systemmanages resources to ensure no tenant’s
target is violated. Another is fairness, where each tenant receives a fair share
of resources so no single tenant can monopolize the system.

In the three parts of this dissertation, we optimize for the performance
of heterogeneous storage systems but do not address performance isolation.
For example, MOST (the second part of this dissertation) mirrors a small
amount of data across the two tiers without distinguishing between tenants.
In the worst case, all of one tenant’s data may bemirroredwhile other tenants’
data is not, so when the performance device saturates, the majority of that
tenant’s load is offloaded to the capacity tier. This can violate sharing goals
such as QoS, because the capacity tier typically has worse tail latency than
the performance tier. It also remains unclear how to route requests across
tiers in a multi-tenant setting without violating any tenant’s target. The
current design of MOST lacks the mechanisms to address this: it manages
data transparently to applications and cannot distinguish data or requests
by tenant. Designing such tenant-aware mechanisms remains an open
question. A similar issue arises in the third part of this dissertation: when
load is balanced by routing part of the memory accesses to the capacity tier,
applications whose accesses are offloaded can experience worse tail latency,
since the capacity tier’s tail latency is typically higher [67].

Together, these examples reveal one key insight: the non-hierarchical
characteristics of modern heterogeneous storage and memory systems make
performance isolation harder. In a hierarchical system, only the performance
device must be shared properly; in a non-hierarchical system, the capacity
device must also be shared once it is utilized, and the load-balancing
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mechanism interacts directly with the performance isolation policy. How to
properly share a non-hierarchical heterogeneous system is, to our knowledge,
an open question.

7.2.3 Optimizing the Software Stack for Hybrid Devices

A hybrid device is a device with internal heterogeneity, combining multiple
media within a single device. One example is the CXL-SSD [133], which
pairs a small amount of DRAM with a large amount of NAND flash behind
a CXL controller to provide memory-like semantics. Such devices differ
from existing ones because of their internal heterogeneity. Although they
are not yet commercially available, a recent prototype [133] reveals one key
property: a bimodal latency pattern, with low latency when requests hit
the fast medium (∼800 ns) and high latency when they miss to the slow
medium (∼10�s). Deploying such hybrid devices in practice presents three
challenges. We use in-memory caching (e.g., Redis and Memcached) as a
running example, since it is a natural use case for these devices. First, device
performance improves as the on-device DRAM hit ratio rises, but current
in-memory caching designs are unaware of the underlying bimodal latency.
How to manage data layout to maximize the on-device hit ratio remains
an open question. Second, tail latency must be controlled: when a request
misses in the on-device DRAM, it incurs the much higher flash latency,
inflating overall tail latency. How to mitigate this worst case remains an open
question. Third, the endurance of the flash cells inside the device must also
be carefully managed to maintain sustainability. This requires improving the
on-device hit ratio and reducing write amplification. As this example shows,
adopting such hybrid devices remains challenging and requires rethinking
how the software stack is built.
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7.3 Lessons Learned

In this section, we describe three lessons learned across the three parts
of this dissertation. Specifically, these lessons help us identify the right
research problem, reason about a complex system, and build a new system
systematically.

7.3.1 Measure First, then Build

Always start with measurement: measuring a system is the key to under-
standing its behavior, and the first step toward finding a research problem is
to understand it deeply and demonstrate it clearly. Understand when and
why a system behaves the way it does under a given workload. Understand
why it breaks down on a new setup, such as a new device. Understand
why it performs poorly on a new workload. These measurements lay the
foundation for building something new that addresses the issues they reveal.
This is the most important lesson we learned across the three projects in this
dissertation: measure the real system, and show when and why it falls short.
For example, in the third project, we started by running the state-of-the-art
system under a dynamic, bursty workload not examined in the original
paper. We found that it performed worse than a system that performs no
load balancing at all, which exposed the inefficiency of migration-based
balancing in non-hierarchical memory systems. This finding motivated our
third project, which utilizes unused capacity to enable mapping-based load
balancing that is faster and introduces less interference than migration.

7.3.2 Reason with Mechanisms, then Policies

Whilemeasurement reveals the problems a systemhas under a given scenario,
it does not reveal the reasons behind them. The key to reasoning about the
behavior of a complex system is separating mechanisms from policies, one of
the most important principles we have learned from systems research [65]. A
mechanism defines what a system is capable of doing, while a policy defines
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how the system behaves based on those capabilities. From a system-design
perspective, this decouplingmakes a systemflexible: one can change the high-
level behavior (policy) without rewriting the underlying implementation
(mechanism). From a research perspective, the mechanism is the right lens
for understanding systems: when building a new system or comparing
existing ones, identifying each system’s core mechanism reveals what makes
it novel, how it differs from prior systems, and how it shapes performance.
We learned this lesson while working on the second part of this dissertation.
In our early submissions, we struggled to distinguish our approach from
prior systems and to articulate its key innovation, until we realized that the
mirrored copy was the core mechanism setting it apart. Mirroring allows the
system to change its load distribution freely and at low cost, so its advantage
is greatest under dynamic workloads. Based on this understanding, we
focused the evaluation on demonstrating these benefits. The lesson is to
reason about the mechanism first, then the policy.

7.3.3 Start with Strict Assumptions, then Relax

The last lesson is about how to build a new system: start with strict assump-
tions, and grow the system by relaxing them one at a time. A complex system
is difficult to design in one shot. Strict assumptions shrink the problem to a
core that admits a simple, working design; each relaxation then adds one
capability and exposes a new set of challenges, sometimes extending the
existing design naturally and sometimes forcing part of it to be redesigned.
Using the second part of this dissertation as an example, we began by as-
suming a read-only workload, under which mirroring and request routing
alone are sufficient to balance load. We then relaxed this assumption to allow
writes, which introduced a real challenge: a write invalidates the mirrored
copy, so reads to that data can no longer be routed across mirrors, and in
workloads that mix reads and writes, writes interfere with reads to the same
data. Building on the existing read mechanism, we aligned the management
granularity with the write granularity so that writes can be balanced just
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like reads, and we added a cleaning mechanism to handle dirty copies. Each
relaxation extended a working system to a more general workload. The
lesson is to grow a system incrementally: choose assumptions strict enough
that the initial design is simple, then relax them one at a time, extending the
mechanism at each step.

7.4 Closing Remarks

Heterogeneous storage and memory systems are increasingly deployed at
scale. Hyperscalers deploy CXL memory in production to address the
memory wall [77, 138], and Nvidia advocates GPU-centric storage that treats
high-performance SSDs as a high-bandwidth memory tier alongside HBM
and DRAM, addressing the data starvation problem in modern AI [87]. As
this dissertation shows, software stacks built around legacy devices must be
reexamined to fully embrace these emerging devices.

This dissertation takes a step forward by identifying the non-hierarchical
characteristics of modern heterogeneous systems and revisiting a range of
classic approaches to managing them. We revisit classic caching and propose
Non-Hierarchical Caching (NHC), which redirects a fraction of read hits
to the capacity device when the performance device saturates (Chapter 3).
We then revisit tiering and propose MOST, which mirrors a small set of hot
blocks across tiers and routes requests dynamically to balance load without
migration (Chapter 4). Finally, we study load balancing in heterogeneous
memory and propose Hecaton, which remaps mirrored pages across tiers
instead of moving data, reacting quickly to memory-interconnect contention
(Chapter 5).

We believe the observations and approaches developed here extend
beyond the specific devices and setups studied in this dissertation, and
they will continue to apply as new device classes emerge. Many questions
remain open: sustainability under flash endurance constraints, performance
isolation across tenants, the software stack for hybrid devices with internal
heterogeneity, and heterogeneity in GPU-centric storage systems. We believe
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that the studies and ideas presented in this dissertation will aid in future
research to address some of these challenges.
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